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IntroduCtIon

Gene expression profiling is a technique to measure mRNA levels of thousands of genes 
at the same time. Such expression profiles are different between cell types and tissues, 
and also show changes in a given tissue or cell type in response to stimuli. Cancers almost 
universally show changes in gene expression compared with their cell type of origin, 
resulting from the genetic or epigenetic changes accompanying oncogenesis. Many 
of these changes can influence growth potential and response to treatment. We have 
therefore used this technique in this thesis to find profiles that can predict treatment 
outcome. We have focused on head and neck squamous cell carcinomas treated with 
chemoradiation, the most common treatment modality for most advanced tumors of this 
type. 

epIdemIology

Head and neck (oral cavity, oropharynx, hypopharynx, and larynx) squamous cell carcinoma 
(HNSCC) is a frequent entity with over 500,000 new cases diagnosed worldwide each 
year (1) In the USA there are almost 50,000 new cases each year, making it the 5th most 
common form of cancer (2). In the Netherlands around 2,700 new cases of head and neck 
tumors occur each year, comprising 5 % of all cancers (3). The lifetime risk to develop a 
head and neck carcinoma is between 1.5 and 2% in the Netherlands.

The majority of head and neck cancers are squamous cell carcinomas, arising from the 
mucosal epithelium of the upper aerodigestive tract. The oral cavity is affected most, 
followed by larynx, oropharynx and hypopharynx (3). Many of these patients present with 
advanced stage III or IV disease. Over the last decade there has been a relative increase 
in patients presenting with stage III or IV disease (4). Possible reasons for this are the 
increase in alcohol consumption, better imaging possibilities and the increase in the 
number of elderly patients

etIology

Smoking and alcohol abuse are known risk factors for head and neck cancer (5-9). This 
direct causality has been well documented. Tobacco abuse can increase the chance of 
developing HNSCC 10-fold. This stabilizes when there is cessation of the exposure to 
tobacco. However the risk never reaches the level of a never-smoker (10, 11). Alcohol 
has a synergistic effect with smoking as well as being an independent risk factor. Several 
studies have shown that both increase risk in a dose-dependent way (12, 13). It has 
been estimated that 80-90% of head and neck squamous cell carcinomas are caused by 
smoking and alcohol abuse (14). The age-adjusted incidence of head and neck tumors in 
general has declined in the last years, probably due to a reduction in smoking (15). The 
absolute incidence in Western Europe however is increasing, possibly due to the amount 



9

1

of amount elderly people that is increasing as well. The incidence of head and neck 
tumors in young adults has also increased. This could be attributed to tumors caused 
by human papilloma virus infection. Recent studies have shown that Human Papilloma 
Virus (HPV) is also an important risk factor (16-20). HPV infection is common worldwide, 
being the most frequent sexually transmitted infection (21). More than 130 HPV types 
are known, and are classified as low or high risk based on their oncogenic potential. The 
HPV genome consists of circular double-stranded DNA, approximately 7.9 kilobases in 
size. The genome consists of a noncoding long-control region, six early genes (E1, E2, 
E4-E7), and two late genes that encode the viral capsid (L1 and L2). Two early genes, E1 
and E2, control gene transcription and replication. Other early genes, E6 and E7, have 
pivotal roles in oncogenesis. HPV 16 is the most common and is present in approximately 
90% of all HPV positive oropharyngeal cancers (22-24). The integration of the virus into 
the host genome plays a decisive role in HPV-associated tumors. It disrupts the HPV E2 
gene, which is a transcriptional repressor of the E6 and E7 genes. Once released from 
the control of E2, E6 and E7 oncoproteins alter normal cell growth control, DNA repair 
and apoptosis mechanisms by inactivation of tumor suppressor proteins P53 and the 
retinoblastoma protein. P16 accumulates as part of a feedback loop attempting to apply 
the brakes to cell proliferation. P16 protein can be detected by immunohistochemistry 
and can serve as a surrogate marker for HPV presence (25), as in non-HPV HNSCC the 
INK4a locus and P16 are in general inactivated by mutation of methylation. Given the 
importance of HPV in the etiology of HNSCC, we have also studied its role here in the 
response to treatment of advanced tumors treated with chemoradiation.

treatment optIons for advanCed stage head and neCk tumors

There are several treatment options for advanced stage head and neck tumors and 
optimal treatment is different for each subsite. In general, patients can be operated, they 
can receive radiotherapy alone, or radiation combined with chemotherapy, cetuximab, 
or neo-adjuvant chemotherapy before definitive radiotherapy or chemoradiation. 
Radiotherapy or chemoradiation can also be applied after surgery. Oral cavity tumors 
tend to respond well to surgery and defects can be reconstructed with reasonable 
functional outcome (26, 27). These tumors also have a tendency to be less responsive to 
radiotherapy and radiating the oral cavity with 70 Gy inflicts quite some morbidity and 
risk for osteoradionecrosis (28). Oropharyngeal tumors are more difficult to reconstruct 
with good functional outcome, especially when the base of tongue or soft palate is 
involved since these areas play a key part in the swallowing function. In addition, probably 
because they are more likely to be infected with HPV than other sites, they respond 
well to radiotherapy (17). For hypopharyngeal carcinomas there is a tendency to use 
chemoradiation as these tumors have a poorer outcome and surgery in general implies 
a total laryngectomy. For laryngeal cancer in medium sized tumors (T2-3) most institutes 
use either accelerated radiotherapy or chemoradiation. So far, the difference in outcome 
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between these two modalities has not been proven unequivocally (29, 30). For advanced 
T4 tumors, evidence is increasing that upfront total laryngectomy has a better survival 
than organ preservation using chemoradiation (31-33). 

Over the last few years treatment options have progressed, with new promising agents 
such as cetuximab which can be combined with radiotherapy (34). Radiotherapy combined 
with both an EGFR inhibitor and chemotherapy is also now an option (35). 

There are also new strategies on the horizon. Poly ADP-ribose polymerase (PARP) plays a 
crucial role in DNA repair. Consistent with this, PARP inhibitors have shown to influence 
radiosensitivity and chemotherapy in pre-clinical studies, especially in patients in whom 
the tumors already have deficient DNA repair (e.g. defects in the Fanconi genes). Clinical 
trials need to be conducted to further examine the effectiveness of these new agents. 

An important factor in the treatment choice in advanced tumors is whether surgery 
or chemoradiation is judged by the clinician to preserve function or not (36). In case 
the surgery implies (sub)total resection of the tongue or palate, in general it is scored 
as functionally inoperable. The studies presented in this thesis concern patients with 
advanced tumors who were treated with concurrent cisplatin based chemoradiation for 
these reasons (37).  Rasch’s study showed that there was no difference between intra-
arterial and intravenous administration of cisplatin (37), both of which were therefore 
included in the present studies. With this treatment around 50-70% locoregional control 
is achieved (38), meaning that unfortunately 30-50% of the patients still develop a 
locoregional recurrence, a strong stimulus for further research to improve treatment.

prEdICtIvE And prognostIC fACtors: BIomArkErs

With the availability and application of various treatment modalities, survival amongst 
cancer patients has improved over the past decades (39). In fact, the addition of cisplatin 
over radiotherapy has increased survival by 8-10% (40).  Although this is a very positive 
development, it still means that about 90% who receive this cisplatin do not benefit in 
terms of survival and still experience toxicity. In recent years, a widespread search for 
new, tumor biology driven therapeutics has been initiated. This has raised intense interest 
in the elucidation of corresponding prognostic and predictive biomarkers in order to 
improve outcome by better patient selection for an anticancer treatment. 

A biomarker is defined as a characteristic that is objectively measured and evaluated as 
an indicator of normal biological processes, pathogenic processes or pharmacological 
responses to a specified therapeutic intervention. Biomarkers can be determined in easily 
obtainable body fluids like plasma, serum or urine. However, more invasive techniques 
requiring tumor tissue for immunohistochemistry as well as DNA and RNA analyses are 
also widely used. A prognostic biomarker provides information about the patient’s overall 
outcome, regardless of the therapy. The presence or absence of such a prognostic marker 
can be useful for the selection of patients for a certain treatment but does not predict the 
response to a particular treatment. 
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Prognostic biomarkers can be separated into two groups: biomarkers that give information 
on recurrence in patients who receive curative treatment and biomarkers that correlate 
with the duration of (progression free) survival in patients with metastatic disease. 
According to an NIH Consensus Conference, a clinically useful prognostic marker must 
be a proven independent, significant factor that is easy to determine and to interpret, and 
has therapeutic consequences. A biomarker with predictive value gives information on the 
effect of a particular therapeutic intervention in a patient. A predictive biomarker can also 
be a target for therapy. One can further distinguish between upfront and early predictive 
markers. The first can be used for patient selection for a given treatment before starting 
therapy while the second provides information early during therapy. Early predictive 
markers could also help in the treatment of the patient by providing information whether 
to adjust or add to the present ongoing treatment. Early response on a PET-CT is often 
used as an early predictive marker.

In head and neck cancer several patient-related factors are known to be prognostic, 
such as age, sex and co-morbidity (41, 42). Tumor-related factors are also known 
to have prognostic value. The most widely used are T-stage and N-stage, but also 
histopathological features such as depth of infiltration, growth patters, extranodal tumor 
spread or angioinvasion are tumor related prognostic features (43-48). In addition, tumor 
volume, that in general is related to T-stage, is a known and robust prognostic factor (43, 
44) While useful for assessing prognosis, tumor volume could be regarded as having 
limited value for deciding on specific targeted treatments as it carries no biological 
information on the tumor. 

In addition to clinical factors, many studies have been done to find correlations between 
biological factors and outcome. This can be done using several techniques (49). For 
chemoradiation, multiple studies have been performed using immunohistochemistry 
to find a biomarker for response (50-56). Van de Broek et al (57) tested 18 biomarkers 
based on a literature review of possible genes with effects on chemoradiation response. 
A multivariate analysis showed that MRP2, Rb and P16 were predictive for local control 
in a large series of head and neck cancer patients treated with chemoradiation. The 
predictive effects of MRP2 and RB have yet to be validated, but P16 is generally accepted 
to be a surrogate marker for HPV. Once good prognostication based on a very limited 
amount of Immunohistochemistry markers (IHC) is validated, IHC is an ideal technique 
for categorization. However, immunohistochemistry has some disadvantages. First, it is 
not an optimal technique to test multiple markers as on each tissue section only one or 
a very limited number of markers can be tested. Furthermore, the interpretation of some 
of the stainings is not unequivocal, making it difficult to reproduce the scoring (58). In 
an attempt to overcome these estimations we have concentrated in this thesis on gene 
expression profiling using oligonucleotide arrays to search for outcome correlations.
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gene expressIon profIlIng

In the last decade, microarray technology was developed and refined. Using this 
technology it became possible to study thousands of genes simultaneously in one biopsy, 
and monitor the expression of these genes. Initially, cDNA was spotted onto slides, but 
the technology evolved to provide better sensitivity and reproducibility. At the time of 
the experiments described in this thesis, arrays were available in which all exons of almost 
all known genes could be monitored, providing not only increased accuracy compared 
with previous techniques but also the ability to detect splice variants. At the time this 
represented a revolutionary technology to study gene expression, and had a large impact 
on cell biology and on prediction studies. 

Many biological processes are monitored simultaneously and it makes no prior assumptions 
about which genes are important for a certain process. Two major disadvantages of studies 
involving a single gene or a few genes are thus overcome by genome-wide approaches. 
It should be noted here that expression microarrays have now been largely superseded 
by DNA and RNA next generation sequencing approaches, powerful techniques which 
provide useful mutation, splicing and chromosome rearrangement data in addition to 
expression levels. These were not available at the time of the present experiments. 
Concerning mRNA expression, and thus relevant to this thesis, RNA next generation 
sequencing and expression microarrays have been found to be largely concordant (59).

Another advantage of using genome wide expression approaches is that it should be 
possible not only to predict outcome but to help understand causes of success and failure 
by looking at the underlying molecular processes. These processes then form potential 
targets of therapy. However, to extract these data from the thousands of expression 
levels that are obtained from each sample is very difficult and only possible when many 
hundreds of samples are available. A disadvantage of genome wide assays is that so 
many data are gathered per sample that the chance of false-positive findings is high, so 
that many genes could correlate with outcome without being causative. To address this 
problem, bioinformatics approaches can be employed which include internal validation 
and algorithms to account for multiple testing. However, this remains an important 
consideration, and any promising gene expression profile found should be validated in 
independent series, preferably also by another clinic. 

In the last few years several promising profiles have been found (60-62) Some of these 
are becoming accepted as reliable markers for deciding breast cancer treatment, such as 
the Oncotype DX 21-gene signature (www.genomichealth.com) (63) and the Mammaprint 
70-gene signature (www.agendia.com) (64). Both can assess the benefit of receiving 
chemotherapy. Such signatures have been rigorously tested before being adopted for 
use in the clinic. Some of these potential signatures have been tested in large randomized 
controlled trials such as the MINDACT trial, where the mamma-print 70-gene signature 
is used to predict which patients would benefit from adjuvant chemotherapy in breast 
cancer. The accrual has finished and results are now awaited. To date, no signatures have 
been fully validated which predict outcome after chemoradiation in head and neck cancer. 
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Several gene expression profiles have been published in the last years concerning gene 
expression profiling in head and neck cancer. Roepman et al (65) and Nguyen et al (66) 
found a predictive gene-profile consisting of 102 and 85 genes respectively that could 
predict if patients with head and neck tumors did or did not develop regional metastases. 
The predictive profile by Roepman has recently been validated on an independent 
larger series of head and neck tumors. The authors propose a predictive model which 
incorporates this signature (67).

In addition to regional metastases, some studies have attempted to predict distant 
metastasis in head and neck cancer, although the results have not been very successful 
(68-70). Studies looking at overall outcome have also been performed. Belbin et al (71) 
found a 375 gene profile predicting overall outcome, although non-significant, and Chung 
and colleagues (72) defined a significant ‘high risk’ signature for head and neck cancer for 
treatments which included surgery as well as chemotherapy and radiation therapy. Finally, 
studies have been conducted to find a profile which could predict response to radiation 
or chemoradiation. Ganly et al (73), Dumur et al (74), Yamano et al (75) and Pavon et 
al (76) found predictive profiles, although these have not been validated. There are 
several possible reasons why some of these studies lack consistency. This can partially be 
explained by the use of different array platforms and techniques. In addition, intratumoral 
heterogeneity in mRNA expression could play a role, since it has been described that 
head and neck tumors can be heterogeneous at the genetic level (ploidy, amplifications, 
deletions) (77-79).

Several ‘radiosensitivity signatures’ have been reported which have been derived from 
cell line studies (80-82). These are of potential interest since intrinsic radiosensitivity of 
the tumor cells is likely to be one of the 3 major factors determining treatment outcome 
in addition to factors such as the extent of hypoxia and the repopulation capacity of the 
tumor (83, 84).  Several gene signatures for hypoxia have been defined from cell culture 
studies in which changes in gene expression have been monitored after exposure of 
the cells to different time periods and degrees of hypoxia (85, 86). The in-vitro derived 
hypoxia signature proved to be predictive in breast cancer.(85) In larynx cancer treated with 
radiotherapy alone, it also showed a correlation with local control in a univariate analysis, 
although significance was lost after correcting for multiple testing (87). Several gene 
signatures specific for proliferating cells, which represent repopulation, have also been 
reported, some of which have been tested as predictors in the clinic. In general, a high 
proliferation rate has been a bad prognostic factor in several cancer types (88) However, 
in HNSCC patients treated with combined radiotherapy and cisplatin or with radiotherapy 
alone, proliferation signatures were not predictive (87, 89). The radiosensitivity signature 
by Torres-Roca from 2005 has been successfully validated on several clinical datasets (90). 
These results encourage the continued search and integration of signatures from gene 
expression data with known clinical prognostic factors. 
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AIm And BrIEf outlInE of thIs thEsIs

The goal of this thesis was to find biomarkers through gene expression profiling, using 
microarray techniques, which can predict outcome after concurrent chemoradiation in 
head and neck cancer. The main endpoints for outcome were local control, locoregional 
control and disease free survival.

In Chapter 2 we describe a heterogeneity study, since it has been reported that head 
and neck squamous cell carcinomas are heterogeneous at the genetic level (77-79). In 
our studies correlating gene expression profiles with outcome, we planned to use single 
biopsies per patient for the microarray experiments. Heterogeneity within a single tumor 
could therefore influence the results. The purpose of this first study was therefore to 
measure intratumoral heterogeneity to see whether one biopsy would be representative. 
Such studies have been conducted for other tumor types but not for head and neck 
cancer. 

Chapter 3 describes a gene expression profile study with the purpose to find a profile, 
which could predict outcome after chemoradiation in advanced head and neck cancer 
patients. We therefore included only patients treated with this modality. All patients were 
included in a phase 2/3 trial, making it a well selected homogeneous study group. We 
searched for novel predictive profiles as well as testing published signatures.

In Chapter 4, a gene expression profile developed in vitro is introduced. This profile 
was not previously validated. The purpose of this study was therefore to validate this 
signature in several independent patient groups, including that presented in chapter 3. 
The signature was therefore tested on patients treated with chemoradiation for head and 
neck cancer, esophageal and rectal cancer, this all of epithelial origin. To our knowledge, 
this was one of the first studies to do this. 

In Chapter 5, clinical factors are discussed which are presently used to predict response 
to chemoradiation. In this study we combined well-known and established clinical 
factors with gene expression profiles found in the study described in chapter 3. We also 
investigated if an expression profile associated with HPV infection added predictive 
power. This was one of the first studies to combine clinical factors and gene expression 
profiles for prediction.

The role of HPV within patients treated with chemoradiation is discussed in Chapter 6, since 
HPV status is now recognized as an important factor affecting outcome in head and neck 
cancer. There are several ways to determine HPV status; including immunohistochemistry 
for p16 as a surrogate marker, DNA-PCR, measuring HPV DNA (91), and FISH (fluorescence 
in situ hybridization); looking at integration of the virus in the tumor genome (92). In this 
study we used these techniques to look at the incidence of HPV within this group as a 
whole and in subgroups, and the relationship of HPV status with outcome.

We conclude this thesis with a general discussion in Chapter 7
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ABstrACt

Results of gene expression profiling studies from different institutes often lack 
consistency. This could be due to the use of different microarray platforms and 
protocols, or to intratumoral heterogeneity in mRNA expression. The aim of our study 
was to quantify intratumoral heterogeneity in head and neck cancer.     Methods. 
Forty-four fresh frozen biopsies were taken from 22 patients, 2 per tumor. RNA was 
extracted, tested for quality, amplified, labeled, and hybridized to a 35k oligoarray.                                                                                                           
Results. Unsupervised clustering analyses using all genes, the most variable genes, or 
random gene sets showed that 80% to 90% of biopsy pairs clustered together. A within-
pair- between-pair scatter ratio analysis showed that the similarity between matching 
pairs was significantly greater than that between random pairs (p <.00001). Conclusions. 
Two biopsies from the same tumor show far greater similarity in gene expression than 
biopsies from different tumors, supporting the use of 1 biopsy for expression profiling.
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IntroduCtIon

Head and neck cancer is the fifth most common cancer, with an incidence of 780,000 
new cases a year worldwide (1). For most patients there is a choice between surgery, 
radiotherapy, chemo-radiation or a combination of these modalities. In addition, new 
agents interfering in specific cellular pathways, which can influence sensitivity to therapy, 
are rapidly becoming available. Prediction of tumor behavior, such as metastatic potential 
and response to these different treatments, would enable a more individualized approach 
in the selection of the optimal treatment. To date, the most important factors determining 
treatment choice and predicting outcome are tumor volume and tumor stage (TNM). 
However, the biological behavior of tumors and their response to therapy cannot be fully 
explained by these factors. Thus there remains an urgent need to find better ways to 
predict outcome, and aid treatment choice for individual patients.

Over the last few years, gene expression profiling using microarrays has provided a 
powerful new approach to study biological processes and has led to the discovery of 
differentially expressed prognostic and predictive molecular markers for several tumor 
types (2-4). For squamous cell carcinoma of the head and neck (HNSCC), most studies 
have primarily described global changes in gene transcription that distinguish normal head 
and neck epithelia from carcinoma (5). Several studies have searched for a classifier that 
could predict outcome. Roepman et al (6) discovered a gene expression profile predicting 
neck node metastases correctly in 86% of cases. Chung et al (7) found 4 distinct subtypes 
of HNSCC with different clinical outcomes, including chance of developing metastases. 
Belbin et al (8), Cromer (9) et al, O’Donnell (10) and Schmalbach et al (11) also found 
profiles for predicting metastases. However, these panels of molecular markers, which 
have been found to distinguish tumor subtypes, lack consistency.  This can partly be 
explained by the use of different microarray platforms and technical protocols, although 
another reason could be intra-tumoral heterogeneity in mRNA expression. Furthermore, 
in these studies, resection specimens rather than biopsies were used for RNA extraction. 
Since pretreatment biopsies are more practical, it is crucial to know whether these can be 
used reliably. 

It has been reported that HNSCC is heterogeneous at the genetic level, e.g. ploidy, 
amplifications, deletions (12-14). In our institute, we are interested in finding a profile 
that can predict outcome after radiation and chemoradiation, and have an ongoing 
study using gene expression profiling using biopsies. Heterogeneity within a tumor 
could possibly influence this study, since only one biopsy is taken to measure the gene 
expression profile, for reasons of practicality and economy. Perou and colleagues showed 
that expression patterns of two breast cancer biopsies were similar, taken before and after 
chemotherapy (15). No information is available on head and neck tumors, however. The 
aim of the present study was therefore to measure intra-tumoral heterogeneity of gene 
expression in head and neck cancers in order to see if one sample is representative for 
the whole tumor. 
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materIals and methods

sample collection
Biopsies were obtained from 22 head and neck cancer patients who were undergoing 
pre-treatment examination under general anesthesia. Twelve tumors originated from the 
oropharynx, six from the oral cavity, two from the larynx, and two from the hypopharynx, 
with variable T and N stages (Table 1), Two biopsies were obtained from each patient. The 
biopsies were taken within a distance of 1 to 1.5 cm from each other. The tumor material 
was snap frozen in liquid nitrogen immediately after removal. Frozen 6 μm sections were 
stained with H&E and evaluated by a pathologist. Only samples that contained >50% 
tumor cells were used for further analysis. This cut-off value follows that used previously 
by van ‘t Veer et al (16). The %tumor values ranged from 50 to 95%, with a mean of 75%.

table 1. patient and tumor characteristics

patient/tumor Age, y sex site t classification n classification

1 92 F Oral cavity 2 0

2 65 M Oral cavity 2 1

3 68 F Larynx 4 0

4 65 M Oropharynx 2 0

5 51 M Oropharynx 3 1

6 46 M Oropharynx 3 0

7 78 M Oral cavity 3 0

8 48 M Oropharynx 4 0

9 63 M Oropharynx 4 2

10 54 M Oropharynx 3 0

11 65 M Oral cavity 2 0

12 70 F Oral cavity 4 2

13 66 M Oropharynx 3 1

14 58 M Hypopharynx 3 2

15 47 F Oropharynx 3 1

16 64 M Larynx 2 0

17 85 M Hypopharynx 2 0

18 63 M Oropharynx 3 0

19 51 M Oropharynx 3 0

20 60 M Oropharynx 4 2

21 70 M Oral cavity 2 0

22 62 M Oropharynx 3 0
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rnA isolation and amplification. 
From each biopsy, 30 sections of 30 μm thickness were cut and used for total RNA 
isolation using RNA-Bee (Campro Scientific, Amersfoort, Netherlands). Assessment of 
%tumor cells was done on thin sections taken both before and after this series of thick 
sections. The isolated RNA was DNAse-treated using the Qiagen RNase-free DNase kit 
and RNeasy spin columns (Qiagen, West-Sussex, UK). This was dissolved in RNAse-free 
H2O. RNA quality control was performed using the Agilent 2100 Bioanalyzer (Santa Clara, 
California). Only samples with an RNA integrity number (RIN) above 7 were included. 
Two μg of total RNA was used to generate cDNA, which was then amplified into aRNA 
using the T7-mRNA Superscript Amplification System (Invitrogen, Carlsbad, California). 
Amplification yields were 1000 fold. 

arnA labeling and hybridization. 
One microgram of aRNA from each tumor sample was labeled in a reverse transcriptase 
reaction with Cy3 or Cy5 (ULS-CyeDye, Kreatech Biotechnology, San Diego, California) 
and mixed with the same amount of reverse colour Cy-labeled aRNA from a reference 
pool that consisted of pooled aRNA of equal amounts from 62 head and neck tumors. 
This pool should represent the vast majority of genes that are generally expressed in 
head and neck tumors. For each tumor, two hybridizations were performed, involving a 
dye swap (Cy3-tumor with Cy5-reference pool and vice versa) to account for any dye bias. 
After labeling of the RNA, hybridization was performed at the Central Microarray Facility 
of The Netherlands Cancer Institute (http://microarrays.nki.nl/), using the TECAN HS4800 
Hybridization Station (Männedorf, Switzerland). Arrays were scanned with an Agilent 
microarray scanner (Santa Clara, California).

table 2. Summary of Pearson coefficients for correlations of gene expression between biopsies. 
The total matrix of correlation coefficients (a 44 x 3 x 44 matrix) can be found as supplemental 
information. Gene expression correlations were significantly higher between biopsies from the same 
tumor (“within pairs”) than between biopsies from different tumors (“between pairs”).

Within pairs Between pairs
Mean correlation .54 .16

SD 0.10 .10

N 22 924

Max 0.71 0.50

Min 0.35 -0.15

P < 0.001

abbreviations: SD, standard deviation; N, number. A t test was used to test significance.
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microarray slides. 
Oligo micorarrays were manufactured at the NKI Central Microarray Facility (Amsterdam, 
Netherlands), in which 70 mer sequences, obtained from Operon, v.3.0 (Alameda, 
California) were printed in a 28 x 28 sub array layout on amino-silane coated Corning 
UltraGAPS slides (Acton, Massachusetts) using 48 Biorobotic 10K-microspot pins 
(Cambridge, UK). A total of 34,580 probes represent 24,650 genes and 37,123 gene 
transcripts probes. In addition, 14 different Bacillus subtilus sequences as spike-controls, 
printed in triplicate, are included in every sub array. 

Analysis and statistics.
Fluorescent intensities were measured using Imagene 6.0 software (Biodiscovery, Marina 
Del Rey, California). The raw dataset was normalized and fed into the Rosetta error model 
(17). Gene and tumor clustering were performed with unsupervised average linkage 
hierarchical clustering (Pearson correlation, Euclidean distance) using BRB tools (Biometric 
Research Branch, NIH http://linus.nci.nih.gov/brb-arraytools.htm). 

To measure inter- versus intra-tumoral variations, the within-pair-between-pair scatter 
ratio (WPBPSR), as previously described by Weigelt (18) et al(8), was calculated. Statistical 
significance of the WPBPSR is determined by performing a permutation test. During each 
iteration of this test, the biopsies were randomly paired and the WPBPSR computed for 
this random paring. This procedure was repeated 5000 times. Results were compared 
with the ratio for the correct biopsy pairs.

results

We first looked for similarities within biopsy pairs using unsupervised hierarchical 
clustering, taking into account all 35k genes. This procedure grouped 20 of the 22 biopsy 
pairs together (Figure 1), indicating that their gene expression profiles were more similar 
than those between different tumors. Correlations between all biopsy pairs (a 44x 44 
matrix) are available as supplementary information. A summary is shown in table 2, 
showing that the average correlation between biopsies from the same tumor (n=22) was 
significantly greater than that between unrelated biopsies (n=924).

Since genes that show significantly different expressions between tumors are the ones 
most likely to predict their different biological behavior and treatment response, we 
applied several filters to the gene set to select a progressively higher fraction of these 
variable genes. This was done by varying the threshold for minimum fold change, in either 
direction, of the gene’s median value, between 1.5 and 3.5. With these filtered gene sets 
we repeated the unsupervised clustering, using two distance measures, namely, Pearson 
correlation and Euclidean distance. Figure 2 shows the percentage of biopsy pairs that 
clustered together using the different filters and distance measures. Even when testing 
the most highly significantly different genes, 515 in total, more than 80% of the biopsy 
pairs clustered together.
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2figure 1. Unsupervised hierarchical clustering of 22 matched biopsy pairs, measured over 35k 
genes. Twenty out of 22 biopsy pairs clustered together. Pairs 9 and 17 did not.

figure 2.  Percent of biopsy pairs clustering together when using different gene filters and algorithms. 
Starting with the complete gene set, low variance genes were recursively removed and the remaining 
high variance genes were clustered using average linkage hierarchical clustering with Pearson 
correlation and the Euclidean distance as distance measures, respectively. High variance genes 
appear towards the left. The number of pairs that clustered together did not change significantly 
during this process. The tumor pairs not clustering are shown below each point for both Pearson (P) 
and Euclidean (E).

Next we created 50 random gene sets all containing five hundred genes, and repeated 
the clustering procedure. Figure 3A shows a histogram of how many biopsy pairs clustered 
together using these 50 gene sets. The major peak was around 18-20 of the 22 pairs. We 
then asked if the non-pairing tumors were always the same ones.  Figure 3B shows that 
there were a total of 11 tumors whose pairs did not cluster together one or more times, 
and in three of these, this occurred with high frequency (more than 20%), namely tumors 
9, 17 and 22.
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We looked at the histology and other characteristics of these three tumor pairs. 
Although RNA concentration after isolation, RNA quality and tumor percentage differed 
slightly within these pairs, this could not explain why they did not cluster, since these 
differences were also seen in pairs that always clustered together. Two tumors were well 
differentiated, twelve tumors were moderately differentiated, and eight tumors were 
poorly differentiated. Unsupervised hierarchical clustering did not separate the tumors 
by differentiation grade. Grade was therefore not a factor determining whether biopsies 
did or did not cluster together. To search for genes which were responsible intra-tumoral 
variation, we performed a paired SAM analysis (Significance Analysis of Microarrays) (19). 
For the 11 tumor pairs which always clustered together, 14 genes were found which were 
consistently different between the pairs. For the remaining 11 pairs, 73 genes were found, 
with no overlap in gene sets. As a final check, we analyzed only the 3 tumors showing 
the least tendency to cluster (greatest intra-tumoral variation; tumors 9, 17 and 22). The 
paired SAM analysis found no genes which were consistently and significantly different 
between these pairs. From these analyses, we could find no obvious consistent cause (a 
particular pathway, presence of inflammation, type of tumor, etc) which could have been 
responsible for the intra-tumoral variation.

 

figure 3. Unsupervised hierarchical clustering with 50 random sets of 500 genes each.  
(A) Histogram showing the number biopsies pairs that clustered together with the different gene 
sets. 
B) Histogram showing which biopsy pairs did not cluster together. Three pairs showed incorrect 
cluster paring with a high frequency (tumors 9, 17 and 22). Twelve pairs did not cluster with one or 
more gene sets, while 11 pairs always clustered together.

Further, to ascertain that the similarity we observed between these biopsy pairs did not 
result by chance, a further analysis was performed to establish the within-pair-between-
pair scatter ratio (WPBPSR; see materials and methods). We subsequently determined 
statistical significance of this WPBPSR for the 22 biopsy pairs by a permutation test. During 
this test, we randomized the labels of all the biopsies and the WPBPSR was computed 
for each random pairing. The similarity between matching biopsy pairs was shown to be 
significantly higher than the similarity between random pairs (WPBPSR of 0.55 versus 1.0 
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+/- 0.05 for random pairings; P < 0.00001) (Figure 4, see color section for full colour ). This 
shows that there is a highly significant correlation between expression profiles between 
two biopsies from the same tumor. 

figure 4. Permutation test of the within-pair-between-pair-scatter ratio (WPBSR). The histogram 
shows the distribution after randomly pairing biopsies, repeated 5000 times. The red line represents 
the WPBPSR of the matched biopsy pairs (WPBPSR = 0.55), showing a highly significant difference 
from the random pairings (p < 0.00001). See color section for full colour.

dIsCussIon

Intra-tumoral heterogeneity is often mentioned as a disturbing factor in studies of 
gene expression profiling, protein expression and DNA analyses. It could also be 
one of the reasons that different studies report different sets of potential prognostic 
genes for the same tumor type and site. In addition, attempts to look for expression 
signatures predicting outcome after specific treatments, in which a single sample is 
taken for each tumor, could also be confounded by intra-tumoral heterogeneity. If so, 
a very heterogeneous tumor may preclude the use of these techniques. To address this 
potential problem, we collected 22 pre-treated biopsy pairs and compared their gene 
expression profiles to look at heterogeneity in head and neck cancer, a site reputed to 
be heterogeneous. The various statistical analyses we applied showed that the biopsy 
pairs had generally similar gene expression profiles. In our study, biopsy pairs were taken 
under general anesthetics during pre-treatment examination, and two biopsies was felt 
by the clinicians to be the maximum possible practically and ethically. We did not have 
access to large resection specimens, which would have allowed us to collect multiple 
biopsies from each tumor. For this reason we could not perform an analysis of variance, 
but instead tested similarities using the within-pair-between-pair scatter ratio. This test 
clearly showed a highly significant degree of similarity for the biopsy pairs from the same 
tumor, in comparison to that between different tumors. 
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Despite this reassuring finding, cluster analyses showed that there were a few tumors 
which appeared to be somewhat more heterogeneous, since their biopsy pairs didn’t 
cluster together when using one or more gene sets. Overall, the proportion of tumors 
showing pair clustering was close to 90%. For the non-clustering pairs, these were usually 
still in closely related branches of the dendogram, indicating only a modest degree of 
dissimilarity. It is difficult to quantify exactly how these dissimilarities will confound the 
search for prognostic or predictive profiles in head and neck cancer. In our own parallel 
ongoing study, we are attempting to predict locoregional recurrences after combined 
drug-radiation therapy. If the 10% more heterogeneous tumors are randomly distributed 
between those with and without locoregional recurrences, the chance of preventing the 
discovery of significant profiles is probably small. This is supported by the finding that 
selecting the most variable genes, the ones most likely to contribute to a significant 
classifier, did not reduce the number of clustering biopsy pairs. However, this modest 
degree of heterogeneity might still make it more difficult to find a good classifier and 
could influence the power of a classifier in individual patients.

Previous studies (12-14) have also addressed the problem of intra-tumoral heterogeneity 
within head and neck cancer using other assays. Tremmel et al (12) found an average 
discordance of 24.3 % when comparing two anatomically distinct biopsies form one 
tumor in terms of copy number changes. Jin et al (13) made a similar observation, namely 
that in one HNSCC they found 2 distinct cytogenetically unrelated clones, arguing for 
a multicellular origin of that HNSCC. El-Naggar et al (14) only found a minor degree 
of intra-tumoral heterogeneity These studies indicate that head and neck cancer can 
indeed be heterogeneous at the genome level, although changes in gene expression 
were not studied. The issue of intra-tumoral heterogeneity of expression was recently 
addressed for gastric cancer (20). The study, like the present one, also showed a far 
greater degree of similarity of expression within tumors than between tumors, although 
only six patients were studied. Finally, in a recent study by Bachtiary et al (21) on intra-
tumoral heterogeneity in gene expression in cervix cancer, they concluded that more than 
one biopsy may be necessary to obtain accurate information.

In summary, the findings presented here show that there is indeed intra-tumoral variation 
in gene expression within head and neck cancers. However, they also show that in the 
vast majority of cases, two biopsies from the same tumor show far greater similarity in 
gene expression than biopsies from different tumors. Taking more than one biopsy would 
inevitably increase the reliability of tumor expression profiling studies, although the 
present data indicate that useful information can be obtained from a single biopsy.
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ABstrACt
 
The goal of the present study was to improve prediction of outcome after chemoradiation 
in advanced head and neck cancer using gene expression analysis. Materials and Methods: 
We collected 92 biopsies from untreated head and neck cancer patients subsequently 
given cisplatin-based chemoradiation (RADPLAT) for advanced squamous cell carcinomas 
(HNSCC). After RNA extraction and labeling, we performed dye swap experiments using 
35k oligo-microarrays. Supervised analyses were performed to create classifiers to predict 
locoregional control and disease recurrence. Published gene sets with prognostic value 
in other studies were also tested. Results: Using supervised classification on the whole 
series, gene sets separating good and poor outcome could be found for all end points. 
However, when splitting tumors into training and validation groups, no robust classifiers 
could be found. Using Gene Set Enrichment analysis, several gene sets were found to be 
enriched in locoregional recurrences, although with high false-discovery rates. Previously 
published signatures for radiosensitivity, hypoxia, proliferation, ‘‘wound’’, stem cells, 
and chromosomal instability were not significantly correlated with outcome. However, a 
recently published signature for HNSCC defining a ‘‘high-risk’’ group was shown to be 
predictive for locoregional control in our dataset. Conclusion: Gene sets can be found with 
predictive potential for locoregional control after combined radiation and chemotherapy 
in HNSCC. How treatment-specific these gene sets are needs further study.
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IntroduCtIon

Head and neck cancer is the fifth most common cancer, with an incidence of 780,000 new 
cases a year worldwide (1). For most patients, there are several treatment options such 
as radiotherapy, chemoradiation, radiation with cetuximab, surgery, or a combination of 
these modalities. Prediction of tumor behavior, such as metastatic potential and response 
to different treatments, would enable a more individualized approach by selecting the 
optimal treatment. To date, the most important factors predicting outcome are tumor 
volume (2–4) and stage (TNM classification). However, neither biologic behavior nor 
response to therapy can be fully explained by these factors. Thus there remains an urgent 
need to find better ways to predict outcome and aid treatment choice for individual 
patients.

Over the last few years, gene expression profiling using microarrays has provided 
a powerful new approach to study biologic processes and has led to the discovery of 
predictive markers for several tumor types. (5–7). Choi (8) reviewed many of the head 
and neck cancer studies, most of which focused on genetic differences between HNSCC 
and normal epithelia. Chung et al (9) defined four subtypes of head and neck squamous 
cell carcinomas (HNSCC) based on gene expression patterns associated with different 
clinical outcomes and were also able to predict metastatic cervical lymph node status. 
They subsequently identified high- and low-risk groups for recurrence of mainly surgically 
treated patients with and without postoperative radiotherapy or chemotherapy with a 75-
gene classifier (10). O’Donnell et al. (11), Warner et al. (12), and Roepman et al. (13) also 
found signatures that could predict regional metastases formation in HNSCC. Recently, 
Braakhuis et al. (14) tried to predict distant metastases in HNSCC using gene expression 
profiling, but without success.

Most studies have focused on biologic processes associated with prognosis and have 
not specifically addressed treatment response. Several studies have found signatures 
associated with prognosis in a wide variety of situations; for example, the ‘‘wound’’ 
signature (15), the hypoxia signature (16), a stem cell signature (17), and a chromosome 
instability signature (18). These signatures, however, appear to be general monitors of 
malignancy or aggressive behavior, because they have been found to apply to several 
different cancer types and in patients given a variety of different treatments. They are thus 
neither disease specific nor treatment specific.

In head and neck cancer, combined concurrent chemotherapy and radiotherapy 
(chemoradiation) is the preferred treatment modality for advanced stages, and although 
response to initial treatment is good, almost 30% of patients develop a locoregional 
recurrence (19). The aim of the present study was to find an expression profile that could 
predict outcome after chemoradiation, which would allow better choice of treatments for 
individual patients and improve insights into causes of failure.
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patIents and methods

selection of patients
Patients were treated within Phase II and randomized Phase III trials at The Netherlands 
Cancer Institute. The majority of tumors were oropharynx and hypopharynx, and mostly 
advanced (T3 and T4) stages. More than 70% were clinically node positive at the time 
of treatment. All patients were treated with concurrent radiotherapy and chemotherapy 
(cisplatin) with intention to cure. Lymph nodes were also included in the radiation field. 
One group of patients received a weekly high dose of cisplatin: 100 mg/m2 intravenously 
three times during radiotherapy or 150 mg/m2 given intra-arterially four times during 
radiotherapy, whereas the others received daily low dose of cisplatin (20 x 6 mg/m2). All 
patients were given 70 Gy given in 2 Gy daily fractions, five times per week. Treatment 
outcome in the intravenous and intra-arterial high-dose schedules were insignificantly 
different (20). In addition, there was no significant difference in locoregional control 
between the high-dose and low-dose series (p = 0.71). Recurrences were defined as 
histologically confirmed local recurrences or progressive disease clinically. In the neck, 
a regional recurrence was defined as vital tumor cells in a neck dissection specimen or 
clinically progressive disease. Necrosis in a neck dissection specimen was not considered 
a regional recurrence. 

study design
Fresh frozen pretreated material of 105 patients was included in this study. All biopsies 
were taken during examination under general anesthesia and snap frozen in liquid 
nitrogen immediately after removal. Sufficient follow-up was not available in 4 patients, 
whereas 9 patients were excluded because they did not fulfill RNA quality standards. Thus 
in total, 92 patients were included in the study. Unsupervised and supervised analyses 
were performed on this series.

rnA isolation and amplification
From each biopsy, 30 sections of 30 mm were used for total RNA isolation using RNA-Bee 
(Campro Scientific). Assessment of percent of tumor cells was done on thin sections taken 
both before and after this series of thick sections. These were stained with hematoxylin 
and eosin and evaluated by an experienced pathologist (ML.F.v.V.). Only samples that 
contained more than 50% tumor cells in both the ‘‘before’’ and ‘‘after’’ sections were 
used for further analysis. The isolated RNA was DNAse-treated using the Qiagen RNase-
free DNase kit and RNeasy spin columns (Qiagen) and dissolved in RNAse-free H2O. 
RNA quality was checked using the Agilent 2100 Bioanalyzer. Only samples with an RNA 
integrity number (RIN) higher than seven were included. Two micrograms of total RNA was 
used to generate cDNA and then amplified into aRNA using the T7-mRNA Superscript 
Amplification System (Invitrogen). Amplification yields were approximately 1,000-fold.
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arnA labeling and hybridization
One microgram of aRNA from each tumor sample was labeled in a reverse transcriptase 
reaction with Cy3 or Cy5 (ULS-CyeDye, Kreatech) and mixed with the same amount of 
reverse colour Cy- labeled aRNA from a reference pool consisting of pooled aRNA of 
equal amounts from 62 head-and-neck tumors. This pool maximizes the chance that 
all relevant expressed genes for this tumor type will be present. For each tumor, two 
hybridizations were performed, involving a dye swap (Cy3-tumor with Cy5-reference 
pool and vice versa) to account for any dye bias. After RNA labeling, hybridization was 
performed at the Central Microarray Facility of the Netherlands Cancer Institute (http://
microarrays.nki.nl/) using the TECAN HS4800 Hybridization Station. Arrays were scanned 
with an Agilent microarray scanner.

microarray slides
Oligo microarrays were manufactured at the NKI Central Micro- array Facility, in which 
70-mer sequences, obtained from Operon (v.3.0), were printed in 28 x 28 subarrays on 
amino-silane coated Corning UltraGAPS slides using 48 Biorobotic 10K-microspot pins. 
A total of 34,580 probes represent 24,650 genes and 37,123 gene transcript probes. In 
addition, 14 different Bacillus subtilis sequences as spike controls, printed in triplicate, 
are included in every subarray (see microarrays.nki.nl). Four batches of arrays were used, 
on which we ran quality and reproducibility tests. Little variation in average intensity, 
maximum-minimum differences, or number of outliers was found across the three batches. 
To visually assess quality, unsupervised hierarchical clustering was done for all tumors, 
including all four array batches, for the most variable 1838 genes (cutoff >2.0 SD). Of 
importance is that tumors hybridized to a particular batch did not cluster together.

Analysis and statistics
Fluorescence intensities were measured with an Agilent microarray scanner and analyzed 
using Imagene 6.0 software. The raw dataset was normalized and fed into the Rosetta 
error model (21). Two-dimensional, average linkage hierarchical clustering using Pearson 
correlation as distance measure was performed using BRB tools (Biometric Research 
Branch, NIH, http://linus.nci.nih. gov/brb-arraytools.htm). Supervised analyses to identify 
genes that were differentially expressed in responders and nonresponders (locoregional 
recurrences or disease recurrence at any site including distant metastases) were 
performed using the nearest centroid classifier. Established signatures with prognostic or 
predictive value in other studies were also tested. Finally, Gene Set Enrichment Analysis 
(22) was performed to see whether known gene sets were significantly enriched in either 
recurrences or cures.

For classification of samples according to the wound signature, we used the gene list 
defined by Chang et al. (15), consisting of 573 Image clones (Stanford microarray). Using 
Unigene identifiers (build 188), these mapped to 399 probes on the NKI array. Expressions 
for NKI array probes mapping to the same Unigene cluster were averaged. Patients were 
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classified by calculating the Pearson correlation with the centroid of the Core Serum 
Response, representing the average expression of wound signature genes in the original 
in vitro data. Correlations >0 were classified as ‘‘activated’’ and <0 as ‘‘quiescent.’’ Data 
were mean centered by genes (Cluster Software, Eisen) before classifying samples. 
Kaplan-Meier curves were then generated using activated or quiescent status as grouping 
variable.

A similar approach was taken for the Chung HNSCC high-risk signature (10). Of the 
42 known genes in this signature, 39 could be mapped to the NKI array, and again, 
expression for multiple probes for one gene was averaged. Pearson correlations for each 
tumor were calculated against the Chung score, and the tumors split into two groups 
according to the median Pearson correlation coefficient.

Pearson correlations were employed for these signatures because these classifiers 
included both overexpressed and underexpressed genes. For other signatures, classifier 
genes were either all overexpressed or all underexpressed. The average expression per 
tumor of all signature genes was therefore calculated and the tumors split into two groups 
according to the median of these averages.

results

Ninety-two samples were suitable for microarray analysis. Table 1 shows the characteristics 
of these patients. In total, 26 patients had a locoregional recurrence, and 38 patients had 
a locoregional recurrence or distant metastasis (disease recurrence).

To test reproducibility of the microarray procedures, RNA extracted from four separate 
tumors was amplified three times, separated by more then 1 year, labeled, and hybridized. 
Unsupervised hierarchical clustering showed that the three samples from the same tumor 
clustered together (mean correlation 0.6), and that the four tumors clustered separately, 
indicating good reproducibility.

For the 92 tumors, the genes were first filtered to exclude those showing little variation 
in expression between tumors, using the criterion of >1.5-fold change from the median, 
with a p value of <0.01. In addition, genes were omitted if there were greater than 50% 
missing values across the tumors. Applying this filter, 8,623 genes remained with which all 
further analyses were performed.
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table 1. Patient and tumor characteristics

Characteristic no. of patients %

Age

      Median

      Range

58

29-79

Sex

      Male

      Female

62

30

67

33

Cisplatin schedule

     High dose

     Low dose

58

34

63

37

Tumor site

     Oral cavity

     Oropharynx

     Hypopharynx

     Larynx

14

51

20

7

15

55

22

8

T stage

      T1

      T2

      T3

      T4

1

5

32

54

1

5

35

59

N stage

      N0

      N1

      N2

      N3

24

11

50

7

26

12

54

8

Recurrences

      Locoregional recurrence

      Disease recurrence*

26

38 (including locoregional)

Median time (wk)

      Locoregional recurrence

      Disease recurrence

      Follow-up

27

36

110

*Disease recurrence: locoregional recurrences and distant metastasis
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hierarchical clustering and class prediction
Unsupervised clustering using Pearson correlation as a distance measure did not separate 
patients with and without recurrences for any endpoint (data not shown). We therefore 
carried out supervised analyses to specifically search for genes differentially expressed 
in the recurrence and nonrecurrence groups, using the nearest centroid classifier 
employing a leave-one-out-cross-validation strategy. For locoregional control, there 
were 38 genes that could predict outcome with a sensitivity and specificity of 51% and 
72%, respectively, whereas for disease recurrence (local recurrence, regional recurrence, 
or distant metastasis), a 12-gene classifier emerged with a sensitivity and specificity of 
70% and 91%. The potential classifier genes for each end point are listed in Table 1 of 
the Supplementary data. Kaplan-Meier curves were then generated, using the outcome 
predictions from the leave-one-out-cross-validation procedure for each tumor as the 
group separator. This showed that all classifiers could significantly predict locoregional 
control and disease- free survival (Figure 1). This was unsurprising, because the classifiers 
were tested on the patient population from which they were derived.

 
figure 1. Kaplan-Meier curves, generated using the outcome predictions from the leave-one-out-
cross-validation procedure for each tumor as the group separator, for all 92 tumors. (Top) Locoregional 
control. (Bottom) Disease-free survival. C = predicted cures, R = predicted recurrences.

To test how robust these signatures were, we wished to split the patients into two groups 
for training and validation. However, it was evident that the group was heterogeneous 
regarding outcome, such that locoregional control differed significantly as a function of 
tumor site (p = 1.4 x 10-6, Figure 2). Patients with larynx tumors had a particularly favorable 
outcome, whereas those with oral cavity tumors had a particularly poor outcome. These 
two groups were a minority of the total, and so to make the group more homogeneous, 
larynx and oral cavity patients were omitted. Locoregional control of the remaining tumor 
sites, oropharynx and hypopharynx, were insignificantly different (p = 0.51). We further 
performed a significance analysis of microarrays (SAM) analysis (23), and found 2,406 genes 
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significantly differentially expressed between larynx tumors (best outcome) and oral cavity 
tumors (worst outcome), with a false-discovery rate of 10%. In contrast, no significant 
differentially expressed genes were found between oropharynx and hypopharynx tumors. 
The outcome and gene comparison (significance analysis of microarrays) data thus show 
that oropharynx and hypopharynx represent a homogeneous group of 70 tumors, on 
which all further analyses were therefore done.

 

 
figure 2. Kaplan-Meier curves for locoregional control as a function of tumor site (log–rank p = 1.4 
x 10_6).

 
table 2. Nearest centroid classifier genes for locoregional control and disease free survival for 70 
tumors treated with RadPlat

reporter Id gene

Locoregional recurrence

331889 C14orf78

319083 HK1

313549 PP1201

311356 RAC2

316915 SLC16A2

Disease free survival

330041 -

311356 RAC2
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figure 3. Kaplan-Meier curves generated using the outcome predictions from the leave-one-out-
cross-validation procedure for each tumor as the group separator for the more homogeneous group 
of 70 tumors (hypopharynx and oropharynx only). (Top) Locoregional control. (Bottom) Disease-free 
survival. C = predicted cures, R = predicted recurrences. 

We again performed a supervised analysis using the nearest centroid classifier on the 70 
tumors. For locoregional control, we found five genes with a sensitivity and specificity of 
53% and 87%, whereas for disease recurrence, two genes emerged with a sensitivity and 
specificity of 50% and 76% (Table 2). Both classifiers for locoregional control and disease 
recurrence were able to significantly distinguish the cures from recurrences (Figure 3).

To test the robustness of the classifiers, we split the 70 tumors into a training series and 
a validation series. To do this in an unbiased way, we ranked the tumors according to 
follow-up period or time to recurrence and alternately put one patient in the training and 
one in the validation series, creating two equal groups. This was done for the high- and 
lowdose cisplatin patients separately, and then the two training groups were combined 
and the two validation groups combined, creating two equal groups of 35 patients. In this 
way, the high-dose and low-dose cisplatin schedules were stratified, reducing possible 
bias associated with the two schedules. No significant classifier could be found for 
either locoregional control or disease free survival on the training series (Figure 4). When 
applied to the validation series, neither of the classifiers found in the training series could 
significantly distinguish recurrences from cures.
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figure 4. Kaplan-Meier curves for both training series (35 patients; top) and validation series 
(35 patients; bottom), for locoregional control (left) and disease-free survival (right). Neither of 
the classifiers found on the training series were able to distinguish cures from recurrences in the 
validation series

The latter result could be due to insufficient sample sizes. To perform a power calculation, 
we followed the procedure proposed by Dobbins and Simon (24), taking into account 
both the variability from gene selection and the predictor construction. The models 
employed assume independence between genes, the user specifying only effect size (i.e., 
fold change relative to the variance in the class conditional gene expression). Dobbins 
and Simon concluded that samples sizes in the range of 20–30 per class are adequate 
for building good predictors in many cases. For example, with 10,000 genes, assuming 
a single gene is differentially expressed between two classes with an effect size of 2, and 
requiring that the probability of correct classification be within 5% of the best possible 
performance achievable on the dataset, the required number of samples is 35. This 
corresponds to a probability of correct classification of approximately 80%. Based on 
this model, sufficient samples were present in the dataset to find a classifier if present. 
However, the probability of correct classification may be highly variable depending on the 
specific samples chosen for the training set. An unfortunate sampling could result in no 
classifier being found, or an over-optimistic result.
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It is possible that many biologic differences between tumors exist, not directly related 
to response, and that these could dominate over the fewer and more subtle differences 
affecting chemoradiation response. In an attempt to address this, we stratified the tumors 
according to the Chung signature and then looked for classifiers within the high- and low-
risk groups separately. Using the same approach as above (nearest centroid, leave-one-
out cross validation), we indeed found significant classifiers for each group, such that the 
high-risk group could be further split into good and bad responders; likewise for the low 
risk group. This approach needs validation on separate patient groups.

gene set analyses
It is possible that sets of genes, for example, associated with particular pathways, 
although individually not significant, may collectively produce a significant classifier. We 
therefore applied the Gene Set Enrichment Analysis as described by Subramanian et al. 
(22), concentrating on the functional gene sets from the C2 database available on www.
broad.mit.edu/gsea, rather than those associated with chromosomal locations (C1) or 
specific motifs (C3). We tested these sets on the 70 patients with locoregional control 
as end point. Such an analysis produces a list of gene sets ranked according to their 
enrichment in either the recurrence or nonrecurrence groups. Of the top 20 gene sets 
in the locoregional recurrence groups, 16 had p values <0.05, although all had false 
discovery rates of >25% (see Supplementary data, Table 2). We therefore concluded that 
none of these gene sets were reliable predictive indicators.

We then tested whether several recent signatures reported in the literature were predictive 
for outcome in this patient series. These sets included the ‘‘wound’’ signature (15), the 
‘‘hypoxia’’ signature (16), a chromosomal instability signature (18), and a stem cell–based 
signature (17). All these signatures have found to be prognostic in other studies, usually 
on a range of tumor types. We also tested a radiosensitivity signature (25), because 
intrinsic radiosensitivity is likely to have an impact on radiotherapy outcome. For similar 
reasons, we also tested a proliferation signature, derived by the authors from several 
published proliferation-associated gene sets, which included cyclins, replication licensing 
factors, PCNA, and ki67, all of which are positively associated with proliferation rate. In 
addition, we tested EGFR as a predictive marker, because this has found in some studies 
to correlate with outcome in head and neck cancer (26–29), and also CD44, because a 
recent report shows it is a marker of stem cells in HNSCC (30). Finally, we tested a 42-
gene sig- nature described by Chung et al. (10), which they found to characterize high-
risk patients for recurrence in HNSCC, treated surgically with or without postoperative 
radiotherapy or chemoradiation.

Table 3 shows the significance of these gene sets in predicting locoregional control, which 
was clinically the most relevant end point in the present study, because both primary 
and regional lymph nodes were treated. Most of these signatures were not significantly 
correlated with outcome, although the stem cell and proliferation signatures showed a 
trend (p = 0.08). Of interest was that CD44, a reported stem cell marker for HNSCC, 
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and the Glinsky stem cell signature, derived primarily from hematopoietic and neural 
stem cells, showed trends toward correlations with outcome, indicating a possible role 
for the stem cell fraction in determining response to treatment. In contrast to all other 
signatures and individual genes, the 42-gene signature found by Chung et al. did have 
prognostic significance (p = 0.008). Figure 5 shows that this signature was capable of 
splitting the tumors into groups with good and poor outcome respectively for both end 
points (locoregional control, disease-free survival). There was no overlap between genes 
found from our nearest centroid analysis (Table 2) and those in the Chung et al. signature.

table 3. Predictive value in the 70 HNSCC tumors of gene sets showing correlations with outcome 
in other studies

signature reference original genes genes on nkI array p value

Wound Chang et al. 2005 573 399 0.95

Hypoxia Chi et al. 2006 122 111 0.66

Radiosensitivity Torres-roca et al. 
2006 9 8 0.26

Stemcell Glinsky et al. 2005 11 11 0.08

CIN25 Carter et al. 2006 25 25 0.38

Proliferation Chosen by authors 30 30 0.08

EGFR 1 0.67

CD44 Prince et al. 2007 1 0.11

High Risk HNSCC Chung et al. 2006 42 39 0.008
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figure 5. Predictive value of the Chung et al. high-risk signature. Kaplan-Meier curves of patients 
split up into a good and poor prognosis groups according to expression of theses signature genes 
(see Materials and Methods). L = low-risk group, H = high-risk group.

dIsCussIon

Tumors from the same site and of similar size, stage, and grade show differences in 
response to the same therapy. Understanding the causes of these differences in individual 
tumors is essential to selecting and improving treatment. The underlying cause is likely to 
be dependent on the genetic changes the tumor has undergone during development and 
progression. This should be reflected in gene expression profiles of the tumors. Expression 
microarray studies, including the present one, have indeed shown significant differences 
in expression profiles in different tumors with similar morphologic characteristics. It is not 
unreasonable to expect that some of these differences will affect response to therapy. To 
search for these differences, we first employed a data-driven approach, treating genes 
as independent entities, and employing supervised analyses to look for groups of genes 
characteristic of good and poor outcome. Despite promising results when looking at the 
group as a whole, these could not be validated when splitting the tumors into training 
and validation groups.

A biology-driven approach was then employed, looking at the predictive potential of 
signatures, or groups of related genes, associated with particular pathways or biologic 
processes known or suspected to be involved in treatment response. These included 
the three main factors known to affect radiotherapy outcome, namely, intrinsic 
radiosensitivity, hypoxia, and proliferation. Again, despite observing some trends, none 
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of the signatures proved to have significant predictive potential. One explanation could 
be that the signatures were not adequate or complete. For example, the radiosensitivity 
signature was derived from the National Cancer Institute cell panel that included no 
HNSCC cell lines. The hypoxia signature included genes upregulated at both short and 
long times after hypoxia induction, and it may be that short (acute) hypoxia many affect 
outcome differently than long (chronic) hypoxia. The proliferation signature contained 
cyclins, replication licensing factors, PCNA, and others, but there may be other genes 
that better indicate repopulation potential, such as cytokines and differentiation related 
genes. These need further exploration. EGFR was also not predictive, nor any or all of the 
other Erbb family members (data not shown). Published data on the predictive potential 
of EGFR expression are conflicting, however, with some studies negative (31, 32) and 
others positive (26–29), so the present result cannot be considered surprising. It should 
also be noted that genes present in more than one cell type may have complicated 
expression patterns and could have contributed to the inability of some signatures to 
predict outcome (e.g., proliferation, EGFR). CD44 and the Glinsky stem cell signatures 
showed predictive trends, although not statistically significant. It is therefore interesting 
to speculate that the number of cancer stem cells in a tumor could affect outcome. Again, 
this concept, and the stem cell markers themselves, need further validation.

The only signature producing a significant result was that from Chung et al. (10). This was 
significant in our 70 tumor series, and also separately in the two groups of 35, which we 
created for training and validation of our own signatures (data not shown). It is therefore 
clearly strongly correlated with outcome. The reason why this signature performed 
better than all others tested may be that the Chung signature was the only one derived 
specifically from head and neck cancer data, the same as the test population used in 
the present study. It might be expected that such a signature would have prognostic 
significance for squamous cell cancers in other sites, but this remains to be tested.

This success of the Chung signature here has a few implications. First, the crossplatform 
confirmation indicates that our oligo-micorarrays can provide similar clinically relevant 
data to well used and validated commercial platforms. Second, and more important 
biologically, it can indicate pathways involved in success or failure. The Chung signature 
was derived from tumors given different treatments, including surgery alone, surgery plus 
radiation, surgery plus chemoradiation, and included different end points. The signature 
is therefore unlikely to be specific for the chemoradiation schedule given here. It is 
therefore probably more prognostic (treatment independent) than predictive, and indeed 
a prominent pathway in the signature appears to be that for epithelial- to-mesenchymal 
transition (i.e., more related to general malignancy than a specific response to cytotoxic 
therapy).

The success of the Chung HNSCC high-risk signature in predicting outcome in their series 
and now in our series rep- resents support for the use of such a signature in the clinic, 
although it will need further validation in a larger independent group of patients before 
routine application, including testing its independence of present clinical predictors. If 
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indeed this profile is confirmed as correlating well with outcome, this implies that neither 
surgery nor chemoradiation are suitable alternative options for the majority of patients 
with this profile. The question is therefore of importance as to whether the genes in the 
signature represent potential drug targets. Given the different treatment types included 
in deriving the signature, it is unlikely to be specific for the cytotoxic therapy given here 
(radiation, cisplatin). However, there still may be some signature genes that represent 
targets for increasing radiotherapy effects, such as TP53BP1 which has been linked 
to ATM signaling (33). If so, it may also indicate how to increase response in high-risk 
patients in the future.

If the Chung signature is prognostic rather than predictive, one could ask why no therapy-
specific signatures arose from our study, because there are certainly factors such as 
intrinsic radioresistance that should affect radiotherapy outcome and could be reflected 
in the gene expression profiles. One possible confounding factor is the application of two 
modalities, such that there are at least two possible causes of failure, namely radiation 
resistance and cisplatin resistance. These are likely to be mainly independent, since 
they primarily involve different molecular pathways (e.g., different repair pathways, drug 
uptake and efflux unique for the drug). A radioresistance signature may therefore not 
predict failure of a cisplatin resistant tumor. There are also some common factors, however 
(e.g., hypoxia, homologous recombination), and so the extent of the dual modality as a 
confounding factor is difficult to assess.

In summary, the present study indicates that gene expression predictors of outcome after 
therapy with radiation plus cisplatin can be found, although the one signature found here 
to strongly correlate with outcome was probably not specific for this therapy. Our present 
studies are focusing on patients treated with radiotherapy alone for less advanced cancers, 
reducing heterogeneity of both treatment modalities and biologic variation inherent in 
advanced tumors. From these and other studies, it will be interesting to see whether the 
present signature remains predictive or other signatures can be found which are more 
specific for radiation therapy, which would in principle be more help to the clinician in 
aiding treatment choice.
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supplementary table 1. Gene classifiers trained on 92 tumors

a. Classifier for local control

reporter Id gene reporter Id gene reporter Id gene

300162 LOC81691 311393 FOXP2 323107 KIAA0286

300304 PRSS21 312000 DNMT1 323109 OR4D6

300397 CYB561 312118 COX4I1 323825 MOBP

300498 CNAP1 312123 Pfs2 323865 CMAH

300608 TZFP 312159 RAFTLIN 323884 COG7

300671 DDX11 312314 --- 323943 FEN1

300751 SLC38A5 312315 --- 324292 ---

300916 SEC63 312686 DCAMKL1 325017 K6HF

301061 DEPDC1B 312865 FLJ14966 325265 MBD3L1

301236 CTPS2 312923 CCNB1 325462 KRT16

301346 ARID1B 313357 PRRG4 325463 KRT19

301563 KIFC1 313373 GLS2 325486 KRT13

301936 --- 313755 CSH2 325510 ZBTB26

301955 CGI-111 314269 NUSAP1 326169 LOC348938

302045 HYAL2 314465 ASCC1 326268 C6orf128

302194 SPTB 315092 DNAJA4 326981 HOXB2

302222 RNF126 315137 FLJ10719 327944 MGC24665

302368 SREBF1 315148 DET1 328069 ---

302717 HSPC150 315612 C19orf14 328668 ---

303343 IGSF9 315959 JTB 328777 CLK2

304230 --- 316418 --- 329173 ---

304377 GGT1 316440 SLIT2 329330 ---

304459 C22orf18 317270 SEC24C 329566 CHD9

304565 SYNGR1 317315 DNAJB12 329902 FLJ40448

305647 OIP5 318158 UNG2 330041 ---

307101 NY-REN41 318344 HSCARG 330493 HTR3C

307232 SLC22A18 318769 ZFYVE27 330604 PARD6G

307339 TRPV4 319333 ERG 331290 ---

307452 CDCA3 319439 SSX8 331457 AURKB

307501 DDX12 319956 ZNF235 331820 ---

307531 MCMDC1 320299 ZNF333 331886 ---

307911 PCDHB7 320321 MGAT4B 332202 ---

308332 CENPA 320468 C6orf136 332299 LOC89944

309201 --- 320765 MGC26989 332640 ---

309733 ABCC11 321327 CADPS 332742 LOC160313

310139 OPTN 321521 RFC4 333388 KIAA1967



Chapter 3

54

reporter Id gene reporter Id gene reporter Id gene

310146 KRTHB1 321725 F2RL2 333770 ---

310858 C20orf103 321919 RP9 334113 HERV-FRD

311214 OR7C2 322891 PKD1L2 334210 ---

311367 --- 322914 MCM7 334414 CLDN7

311369 --- 322915 MCM7 334467 FLJ13912

311370 LOC96597

B. Classifier for locoregional control

reporter Id gene
300162 LOC81691

300498 CNAP1

301061 DEPDC1B

301563 KIFC1

302368 SREBF1

302430 MCM2

302717 HSPC150

303343 IGSF9

307101 NY-REN41

307342 FOXM1

307452 CDCA3

307911 PCDHB7

309474 HOXB7

310139 OPTN

311356 RAC2

312123 Pfs2

312865 FLJ14966

312923 CCNB1

315612 C19orf14

319083 HK1

320468 C6orf136

321521 RFC4

321522 RPL39L

321725 F2RL2

322891 PKD1L2

322914 MCM7

322915 MCM7

324292 ---

326268 C6orf128

B. Continued

reporter Id gene
326981 HOXB2

327833 LPL

327944 MGC24665

328069 ---

330041 ---

331290 ---

331457 AURKB

331889 C14orf78

334113 HERV-FRD

C. Classifier for disease free survival

reporter Id gene
300672 DDX11

301563 KIFC1

303343 IGSF9

309756 KCNJ8

311356 RAC2

311999 DNMT1

316498 SET7

316503 SFRP2

319956 ZNF235

321725 F2RL2

326693 NAT5

330041 ---

a. Continued
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supplementary table 2. Top 20 gene sets correlating with locoregional recurrence, from the Gene 

Set Enrichment Analysis.

gene sets genes Enrichment score p-value fdr
1 KET 7 1.86 0.02 0.388

2 notch Pathway 6 1.83 0 0.319

3 Androgen and estrogen metabolism 16 1.75 0 0.483

4 ecm Pathway 21 1.75 0.038 0.379

5 ucalpain Pathway 15 1.71 0 0.389

6 erbb4 Pathway 6 1.7 0 0.36

7 ps1 Pathway 14 1.62 0.021 0.654

8 eryth Pathway 15 1.61 0.038 0.599

9 Andorgen genes 57 1.58 0.018 0.661

10 mrp Pathway 6 1.58 0.021 0.617

11 cell2cell Pathway 13 1.55 0.068 0.668

12 rho Pathway 30 1.54 0.035 0.653

13 Sterol biosynthesis 10 1.5 0.044 0.808

14 nos1 Pathway 18 1.5 0.053 0.761

15 Glycine serine and threonine metabolism 20 1.5 0.05 0.711

16 Insulin receptor Pathway in cardiac myocytes 51 1.49 0.042 0.716

17 ldl Pathway 5 1.48 0.029 0.713

18 Lysine degradation 14 1.45 0.02 0.768

19 eif2 Pathway 9 1.42 0.064 0.883

20 Galactose metabolism 24 1.4 0.063 0.941
 
FDR = false discovery rate
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ABstrACt

Development of a radiosensitivity predictive assay is a central goal of radiation oncology. We 
reasoned a gene expression model could be developed to predict intrinsic radiosensitivity 
and treatment response in patients. Methods and Materials: Radiosensitivity (determined 
by survival fraction at 2 Gy) was modeled as a function of gene expression, tissue of 
origin, ras status (mut/wt), and p53 status (mut/wt) in 48 human cancer cell lines. Ten 
genes were identified and used to build a rank-based linear regression algorithm to 
predict an intrinsic radiosensitivity index (RSI, high index = radioresistance). This model 
was applied to three independent cohorts treated with concurrent chemoradiation: head-
and-neck cancer (HNC, n = 92); rectal cancer (n = 14); and esophageal cancer (n = 12). 
Results: Predicted RSI was significantly different in responders (R) vs. nonresponders 
(NR) in the rectal (RSI R vs. NR 0.32 vs. 0.46, p = 0.03), esophageal (RSI R vs. NR 0.37 
vs. 0.50, p = 0.05) and combined rectal/esophageal (RSI R vs. NR 0.34 vs. 0.48, p = 
0.001511) cohorts. Using a threshold RSI of 0.46, the model has a sensitivity of 80%, 
specificity of 82%, and positive predictive value of 86%. Finally, we evaluated the model 
as a prognostic marker in HNC. There was an improved 2-year locoregional control (LRC) 
in the predicted radiosensitive group (2-year LRC 86% vs. 61%, p = 0.05). Conclusions: 
We validate a robust multigene expression model of intrinsic tumor radiosensitivity in 
three independent cohorts totaling 118 patients. To our knowledge, this is the first time 
that a systems biology-based radiosensitivity model is validated in multiple independent 
clinical datasets. 
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IntroduCtIon

Personalized medicine holds the promise that the diagnosis, prevention, and treatment 
of cancer will be based on individual assessment of risk (1). Significant advances toward 
personalized radiation therapy (RT) have been largely achieved by physical advances in 
radiotherapy treatment planning and delivery (2). In contrast, the efforts in understanding 
the biological parameters that define intrinsic radiosensitivity have not met the same 
success. Thus, RT is prescribed without considering the potential individual differences 
in tumor and patient radiosensitivity. However, there is evidence to suggest that 
differences in intrinsic radiosensitivity exist (3) and understanding their biological basis 
could significantly impact clinical practice. Thus, a successful radiosensitivity predictive 
assay would be central to the development of biologically guided personalized treatment 
strategies in radiation oncology. A number of promising approaches have been developed 
in the past: (1) determination of ex vivo tumor SF2 (4–6); (2) electrodes to measure tumor 
hypoxia (7); and (3) determination of tumor proliferative potential (8, 9). However, none 
has become routine in the clinic.

The advents of high-dimensional and high-throughput technologies have provided an 
opportunity to address the development of biomarkers from a different perspective. 
For example, gene expression signatures have been shown to be prognostic in breast, 
lung, and head-and-neck (HNC) cancer (10–12). Further, recent studies have identified 
biomarkers predictive of patient response to drug treatment (13). Moreover, RT may 
represent a common denominator in cancer therapeutics, because approximately 
60% of cancer patients are treated with RT (14). We have previously shown that gene 
expression can predict cellular intrinsic radiosensitivity (15). In addition, we developed 
a systems biology model of radiation sensitivity that identified 10 hub genes (see page 
497 of this issue). We reasoned a gene expression model could be developed to predict 
radiosensitivity in patients from these hub genes.

In this article, we apply a novel multigene expression model of intrinsic tumor 
radiosensitivity. The model is based on the expression of 10 hub genes identified by the 
systems biology model of radiosensitivity. This model predicts a radiosensitivity index 
(RSI) that is directly proportional to tumor radioresistance. We clinically validate the model 
as a predictive factor of pathological response in two independent cohorts of esophageal 
(n = 12) and rectal (n = 14) cancer patients treated with preoperative concurrent 
chemoradiation in prospective clinical trials at Moffitt Cancer Center. In addition, we find 
RSI is of prognostic value in a third external dataset of HNC cancer patients (HNC, n = 92) 
treated with definitive concurrent chemoradiation within Phase 2 and 3 clinical trials at the 
Netherlands Cancer Institute. In conclusion, we think this model may play a central role in 
individualizing therapy in radiation oncology.
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methods and materIals

rectal cancer cohort
Fourteen patients were enrolled in an institutional review board approved prospective 
Phase 1 trial evaluating escalating doses of oral topotecan as a radiosensitizing agent. 
Informed consent was obtained before enrollment. Eligibility criteria included patients 
with histologically confirmed rectal cancer, a primary tumor ≥3 cm, clinical stage ≥T2, and 
Eastern Cooperative Oncology Group performance status <2. All subjects were treated at 
Moffitt Cancer Center and were clinically staged by endoscopic ultrasound (EUS). Tumor 
biopsies (five core biopsies) were obtained before initiation of therapy and snap frozen in 
liquid nitrogen. No tumor macro- or microdissection was performed.

All subjects were treated with preoperative concurrent radiochemotherapy and underwent 
surgical resection (abdominoperineal resection or low anterior resection in 13/14) within 
8 weeks of completion of preoperative treatment. The starting dose of oral topotecan 
was 0.25 mg/m2 and it was administered at least 3 h before RT on a daily basis. Patients 
were treated to 45 Gy to a standard pelvic field (three- or four-field three-dimensional 
conformal technique). Table 1 shows the clinical characteristics of this cohort.

table 1. clinical characteristics: Rectal Cancer Trial

Sex

 Male 10

 Female 4

Age (y)

 Mean 69.4

 Median (range) 72 50-90

Chemotherapy dose

 0.25 mg/m2/day 3 (21)

 0.5 mg/m2/day 5 (36)

 0.55 mg/m2/day 6 (43)

Ultrasound tumor stage

 T3 14 (100)

Pathologic tumor stage

 T0 2 (14.3)

 Tis 1 (7)

 T1 2 (14.3)

 T2 3 (21.4)

 T3 5 (36)

 T4 1 (7)

Downstaging

 Yes 8 (57)

 No 6 (43)

Values are numbers (percentage) unless otherwise noted
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response definition (rectal cancer)
Pathological response was defined by at least a decrease of one T stage in the primary 
tumor between the pretreatment EUS and the pathological evaluation of the specimen 
(16, 17). Pathological complete response was defined as no evidence of tumor in the 
surgical specimen (primary and nodes). Based on this definition, 57% (8/14) of the patients 
were considered responders.

Esophageal cancer cohort
Twelve patients were enrolled in an institutional review board–approved prospective tissue 
collection trial aimed at defining prognostic molecular signatures in esophageal cancer. 
Clinical management was not dictated by the protocol and left to the clinical judgment 
of the treating physicians. Treatment details are presented in Table 2. Eligibility criteria 
included a histological diagnosis of esophageal cancer, deemed a reasonable candidate 
for preoperative radiochemotherapy or esophagectomy, an Eastern Cooperative 
Oncology Group performance <2, and chemotherapy-naive. Subjects were clinically 
staged by EUS. All tumor biopsies were obtained before treatment and snap frozen in 
liquid nitrogen. No macro- or microdissection was performed.

Subjects were treated with concurrent radiochemotherapy to be followed by planned 
esophagectomy. Nine of 12 underwent planned esophagectomy. Three patients 
completed concurrent radiochemotherapy but were not operated on because of patient 
or physician preference (2 patients) or progressive disease (1 patient). The clinical 
characteristics of this cohort are summarized in Table 2.

response definition (esophageal cancer)

This was defined as a decrease of at least two T stages between the pretreatment EUS 
evaluation and the pathological evaluation of the specimen (18). Three patients did not 
undergo esophagectomy. One had progressive disease during preoperative therapy, and 2 
experienced clinical complete responses (documented by positron emission tomography 
and/or EUS and biopsy) and had no evidence of disease at least 1 year after completion 
of treatment. Because pathologic information was not available, response for these 3 
patients was defined on clinical criteria. The patient with progressive disease was deemed 
a nonresponder, whereas the 2 patients with documented clinical complete responses 
and at least 1 year of follow-up were deemed responders. Based on this definition, 50% 
(6/12) of the patients were considered responders. 
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table 2. clinical characteristics: Esophageal trial

Sex

 Male 7 (58.3)

 Female 5 (41.7)

Age (y)

 Mean 67.08

 Median (range) 66 (51-80)

Chemotherapy regimen

 CDDP + F-FU 4 (33)

 F-FU 2 (16.7)

 Carbo/Tax + F-FU 1 (8.3)

 NA 5 (42)

Radiation dose

 45 1 (8.3)

 50.4 5 (42)

 54 2 (16.7)

 55.8 1 (8.3)

 61.2 1 (8.3)

 NA 2 (16.7)

Clinical tumor stage

 T2N1 1 (8.3)

 T3N0 1 (8.3)

 T3N1 7 (58.4)

 T4N1 3 (25)

Pathologic tumor stage

 T0N0 4 (33.3)

 T0N1 1 (8.3)

 T1aN0 1 (8.3)

 T1N1 2 (16.7)

 T2bN1 1 (8.3)

 T2N1 1 (8.3)

 Progressive diagnosis 2 (16.7)

Downstaging

 Yes 7 (58.3)

 No 5 (41.7)

Values are numbers (percentage) unless otherwise noted
Abbreviations: CDDP = cisplatin; 5-FU = 5-flourouracil; carbo/tax = carboplatin + taxol.
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hnC cohort
Ninety-two patients were treated within prospective randomized Phase II–III trials at The 
Netherlands Cancer Institute (19). Tumors were mostly locally advanced (94% T3 and 
above, 74% N1 and above). The full clinical details of this cohort were previously published 
(19). All patients were treated with concurrent radiochemotherapy with cisplatin-based 
chemotherapy. Radiation dose was 70 Gy in 2-Gy fractions. Three schedules of cisplatin 
were given: 100 mg/m2 intravenously three times during radiotherapy; 150 mg/m2 
given intra-arterially four times during radiotherapy; and 20 x 6 mg/m2 daily. No disease 
outcome differences were found between chemotherapy schedules.

microarrays (rectal and esophageal cohorts)
Total RNA was isolated using the TRIzol Reagent (Invitrogen, Carlsbad, CA) and the 
manufacturer’s protocol and purified using the RNeasy cleanup procedure (Qiagen Inc., 
Valencia, CA). RNA quality was assessed by gel electrophoresis, A260/280 ratio, or the 
Agilent 2100 Bioanalyzer. Five micrograms of total RNA was processed. The poly(A) RNA 
was converted to cDNA, amplified, and labeled with biotin (20). Hybridization with the 
biotin-labeled RNA, staining, and scanning was performed as described (21). Affymetrix 
U133Plus2.0 chips were normalized using the robust multiarray analysis method (22).

microarrays (hnC cohort)
These methods were previously published (19). Briefly, pretreatment biopsies were 
taken during examination under general anesthesia and snap frozen in liquid nitrogen. 
Biopsies containing >50% tumor cells were used. Extracted RNA was quality controlled 
by Bioanalyzer, amplified, labeled, and hybridized to 70-mer oligo microarrays containing 
34,580 probes representing 24,650 genes (Operon v.3.0).

ten gene systems model
The model was developed in 48 cancer cell lines from the National Cancer Institute panel 
of 60. Radiosensitivity measurements (SF2) were either determined in our lab (25 cell 
lines) or obtained from the literature (23 cell lines). Gene expression was from Affymetrix 
HU6800 Genechips from a previous study (23) and were pre- processed using MAS 5.0.

We developed a systems model of radiosensitivity by expanding a previously validated 
model (15) to include biological variables known to influence radiophenotype: tissue of 
origin, ras status (mut vs. wild-type), and p53 status (mut vs. wild-type). This analysis is 
given by the following equation:
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The model consisted of all nonsingular terms (28 terms) including gene expression (yx), 
p53 mutation status, ras mutation status, tissue of origin, and all possible interactions 
among terms. TO, p53 mutation and ras mutation status are categorical variables and 
were coded as dummy variables. This analysis is performed on a gene-by-gene basis, 
totaling 7,168 probe sets. The 500 gene-based models with the smallest sum of squared 
residuals (best linear fit) were selected for further analysis.

The 500 selected genes were uploaded into the GeneGO MetaCore software (GeneGO, 
Encinitas, CA). The primary edges (interconnections) were plotted using literature-based 
annotations and the model was reduced by identifying all genes (network hubs) with more 
than five edges and less than 50% of edges hidden within the network. This resulted in 
the 10 genes described in this article. The Gather program was used to identify significant 
relationships of terms from the 10 genes (threshold p < 0.005).

predictive model development
Gene expressions for the 10 genes were rank-ordered, with lowest expression ranked 
1. Radiosensitivity was modeled using a linear regression model of the 10 genes in the 
48 cell lines using the R software (see Results for equation). This model was applied to 
similarly rank-ordered patient data to generate the RSI.

statistical analyses
A one-sided Mann-Whitney test was used to determine if the predicted RSI was 
significantly higher for nonresponders. Bar charts of patient response were graphed 
using mean and standard error values for each response group. Locoregional recurrence 
was defined previously (19). Locoregional control differences between low and high RSI 
values were calculated using the log–rank test. Because the model does not account 
for the radiosensitizing effect of chemotherapy, we expected the model would be most 
accurate in the most radiosensitive quartile. Thus, the RSI cut point for HNC patients was 
predefined at the 25th percentile.

microarray platform translation—gene mapping
Probes were mapped from the HU6800 platform to the HG-U133 Plus 2.0 platform and 
NKI array format by mapping the probe sequences onto a corresponding NCBI refseq 
ID or genomic region, then identifying the closest probe match on the new microarray 
platform (Table 3).
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table 3. Radiation network hub genes

gene name hu6800 probeset u133plus probeset nkI reporter
Androgen receptor M23263_at 211110_s_at 324293

c-Jun J04111_ay 201466_s_at 329987

STAT1
AFFX-HUMISGF3A/

M97935_MA_at

AFFX-HUMISGF3A/

M97935_MA_at
308421

PKC X06318_at 207957_s_at 322907

RelA (p65) U33838_at 201783_s_at 326475

c-Abl X16416_at 202123_s_at 304192

SUMO-1 U83117_at 208762_at 308596

CDK1 (p34) U24153_at 205962_at 332859

HDAC1 D50405_at 201209_at 308690

IRF1 L05072_s_at 202531_at 310653

The probes used on each platform (Affymetrix HU6800, HGU133Plus2.0, and NKI cDNA arrays) are 
listed. Matches were identified via sequence similarity to the original HU6800 platform.

results

A radiosensitivity systems model captures central regulatory pathways in radiation 
response
Table 3 shows the 10 ‘‘hub’’ genes on which expression the radiosensitivity model is built. 
The selected genes are biologically important and are involved in regulating radiation 
signaling (24–32). In addition, 7/10 (HDAC1, PKC-beta, RelA, c-Abl, STAT1, AR, CDK1) 
have been studied as targets for radiosensitizer development (32–37). Furthermore, the 
Gene Ontology terms captured by the 10 gene systems model include DNA damage 
response, histone deacetylation, cell-cycle regulation, apoptosis, and proliferation, all of 
which play an important role in radiation response (34, 38, 39). In summary, the systems 
model captures central pathways and genes involved in regulating radiosensitivity.

development of a radiosensitivity predictive model based on the systems model
We developed and optimized a linear regression algorithm to predict radiosensitivity, 
using gene expression of the 10 hub genes in the systems model. Translation of the model 
to other datasets was an important requirement; therefore, the hubs were assigned ranks 
by expression and the linear regression model was built from ranks (instead of absolute 
expression) (40). The model predicts a continuous RSI that is based on the survival fraction 
at 2 Gy (SF2), measured for the cell lines in the database. Thus, RSI is directly proportional 
to radioresistance (high index = radioresistance). Because the 10 hubs were selected from 
the cell line data, an estimate of accuracy generated by cross-validation of the model in 
the same cell lines would yield optimistically biased estimates of accuracy. Therefore, we 
used additional datasets for validation (clinical datasets). The rank-based linear regression 
equation is the following:
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the radiosensitivity model predicts pathological response to chemoradiation in 
rectal and esophageal cancer

We applied the predefined model to the prediction of clinical response to concurrent 
radiochemotherapy in two independent prospectively collected pilot cohorts of patients 
with rectal (n = 14) and esophageal cancer (n = 12). Pathological response was defined by 
T stage criteria (see Methods). It should be emphasized that all features in the model were 
predefined, including the 10 genes, the rank-based linear regression approach, and the 
coefficients. The model significantly separated responders (R) from nonresponders (NR) 
in the pilot clinical cohort (Figure 1, see color section for full colour) (all patients, mean 
predicted RSI, R vs. NR 0.34 vs. 0.48, p = 0.002). Importantly, the model was accurate 
in both disease cohorts despite the small number of patients (rectal cancer patients, 
mean predicted RSI, R vs. NR 0.32 vs. 0.46, p = 0.03) (esophageal cancer patients, mean 
predicted RSI, R vs. NR 0.37 vs. 0.50, p = 0.05).

 
figure 1. Radiosensitivity index (RSI) is correlated with clinical response to concurrent 
radiochemotherapy in rectal andesophageal cancer patients. (A) The mean predicted RSI of 
responders is significantly lower than in nonresponders in both clinical cohorts (esophageal: p = 0.05, 
rectal: p = 0.03). (B) Predicted RSI of each individual patient in the cohorts (combined: p = 0.001511). 
See color section for full colour.

We generated a receiver-operating characteristic curve (Figure 2) using the predicted RSI 
to determine the sensitivity and specificity of the predictor. Using a threshold RSI of 0.46, 
the model has a sensitivity and specificity of 80 and 82%, respectively, with a positive 
predictive value of 86%. Although preliminary, these numbers are encouraging because 
the predictor is not developed to account for the radiosensitizing effect of chemotherapy 
and we expected the inclusion of chemotherapy to account for prediction inaccuracies.
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figure 2. Receiver-operating characteristic curve using predicted radiosensitivity index (RSI) for 
radiosensitivity predictions. Using a threshold RSI of 0.4619592, the predictor has an 80% sensitivity 
and 82% specificity, with positive predictive value (PPV) of 86%. The estimated area under the curve 
(AUC) is 0.84.

the radiosensitivity predictive model is of prognostic value in hnC cancer
We further tested the model as a prognostic marker in locally advanced HNC patients 
treated with definitive concurrent radiochemotherapy. The clinical details of this cohort 
have been previously published (19). Briefly, the cohort included patients treated within 
Phase II and randomized Phase III trials at the Netherlands Cancer Institute (NKI). A total 
of 94% of patients presented with T3 or T4 disease and all patients were treated with 
concurrent radiochemotherapy (cisplatin-based). Gene expression profiles for all patients 
were generated using the NKI array. Using the same algorithm developed in cell lines and 
tested in the rectal and esophageal cohorts, we generated radiosensitivity predictions for 
this dataset. Interestingly, the average RSI prediction was lower in this disease site when 
compared with rectal and esophagus (predicted RSI, HNC vs. esophagus vs. rectal 0.06 
vs. 0.43 vs. 0.39). Although this could be partly a function of radiosensitivity differences 
between these diseases, it could also be due to platform differences (Affymetrix U133 Plus 
vs. NKI array). Interestingly, in spite of these differences, the RSI was still of prognostic 
value within the HNC dataset. The predicted radiosensitive group had an improved 2-year 
locoregional control (2-year locoregional control 86% vs. 61%, p = 0.05), thus arguing that 
the model is capturing biological commonalities that determine tumor radiosensitivity 
across disease sites (Figure 3).
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figure 3. Radiosensitivity index (RSI) distinguishes clinical populations with different disease-related 
outcomes in a head-and-neck cancer (HNC) cohort of 92 patients treated with definitive concurrent 
radiochemotherapy. Using the 25th percentile (RSI < 0.023), there is a superior 2-year locoregional 

control (LRC) in the predicted radiosensitive group (86% vs. 61%, p = 0.05).

dIsCussIon

The development of in vitro diagnostics to predict response to therapeutic agents is a 
central goal of molecular medicine (1). In this study, we validate a robust systems biology-
based multigene expression model of intrinsic tumor radiosensitivity in three independent 
datasets totaling 118 patients. Although previous studies have shown that radiosensitivity 
signatures were possible (15, 41, 42), this is the first time to our knowledge that a systems 
biology-based radiosensitivity model is validated in multiple independent clinical datasets. 
We show that RSI when analyzed as a continuous variable is correlated with pathological 
response in rectal and esophageal cancer patients treated with preoperative concurrent 
chemoradiation. Furthermore, the receiver-operating characteristic analysis proposes a 
cut point (RSI = 0.46) where the test predictive accuracy is encouraging. The sensitivity, 
specificity, and positive predictive value of the assay were 80%, 82%, and 86%, respectively. 
Importantly, we also show that RSI is of prognostic significance in a cohort of 92 patients 
with locally advanced HNC. The applicability of the model in three different disease sites 
strongly suggests that the model captures commonalities that define radiosensitivity across 
disease sites. Therefore, it is possible that the model might be generally applicable to 
other disease sites (e.g., lung, prostate, cervix cancer). However, it should be emphasized 
that no disease-specific conclusions should be made at this juncture given the small nature 
of two of the validating clinical cohorts (rectal, esophageal).
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In the molecular medicine era, high-throughput technologies (e.g., microarrays, 
proteomics) have led to the identification of numerous molecular signatures of prognostic 
or predictive significance (10–12, 43). However the initial enthusiasm that these signatures 
would lead to personalized medicine has been dampened by lack of robustness (44). 
The robustness of the radiosensitivity model is supported by several lines of evidence. 
First, the algorithm was validated in three independent prospectively collected datasets 
in three different diseases. Second, the model was valid across different gene expression 
platforms. The model is originally developed on an Affymetrix HU-6800 platform, but 
clinically validated in two different gene expression plat- forms (i.e., Affymetrix U133-
Plus for esophageal and rectal cohorts, NKI cDNA array for HNC). This observation 
suggests the model can be transferred to a more practical clinical platform (i.e., RT-PCR/
formalin-fixed tissue). Third, all patients in the validating clinical cohorts were treated 
with concurrent chemoradiation, because we were unable to obtain a dataset of patients 
treated with radiation alone. However, the algorithm was based on cellular radiosensitivity. 
Thus, in spite of this potential source of inaccuracy, the model was still validated. Finally, 
the model showed both predictive and prognostic value.

False negatives (predicted radioresistant that responded) were the main inaccuracy when 
the model was dichotomized in the esophageal and rectal datasets. This population 
represented 60% of the misclassified cases in these cohorts. This inaccuracy may be due 
to the radiosensitization effect of chemotherapy. The proportion of individuals that are 
classified in this group (11.5%) is consistent with the observed improvement in clinical 
responses with concurrent chemotherapy over radiotherapy alone (45–47). Therefore, this 
effect may be addressed by analyzing gene expression differences between R and NR 
that share a predicted radioresistant phenotype.

The model in this study is designed to predict tumor radio- sensitivity. Interestingly RSI 
was prognostic in the HNC dataset, suggesting that the biologic factors that determine 
radiosensitivity are related to disease prognosis after treatment. This is not surprising 
because complete pathological response has been shown to have strong prognostic 
significance in several studies (17, 18, 48, 49).

This model may play a central role in the individualization of therapy in radiation oncology. 
For example, the model may provide an opportunity to individualize radiation dose 
parameters based on intrinsic radiosensitivity. Because higher doses of RT are associated 
with higher toxicity rate (50), dose personalization would result in a therapeutic ratio 
benefit. There is also a role for identifying patients that are likely to be downstaged, 
particularly in rectal cancer. For example, this knowledge might lead to better counseling 
of patients with low-lying rectal tumors where sphincter-sparing surgery is being 
considered. In addition, the model may provide a unique framework to understand the 
differences between R and NR that share a predicted radioresistant phenotype. This may 
allow the accurate identification of patients that benefit from the addition of concurrent 
chemotherapy.
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In conclusion, we present evidence to support the clinical validity of a multigene 
expression model of intrinsic tumor radiosensitivity. To our knowledge, this is the first 
systems biology-based radiosensitivity model to have validation in multiple independent 
datasets. The model is versatile and robust as demonstrated by both its predictive and 
prognostic ability in three different disease sites using two different gene expression 
microarray platforms. The data presented justify further development and optimization of 
this technology in larger clinical populations.
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ABstrACt

The purpose of this study was to combine gene expression profiles and clinical factors to 
provide a better prediction model of local control after chemoradiotherapy for advanced 
head and neck cancer. Material and methods: Gene expression data were available 
for a series of 92 advanced stage head and neck cancer patients treated with primary 
chemoradiotherapy. The effect of the Chung high-risk and Slebos HPV expression profiles 
on local control was analyzed in a model with age at diagnosis, gender, tumor site, tumor 
volume, T-stage and N-stage and HPV profile status. Results: Among 75 patients included 
in the study, the only factors significantly predicting local control were tumor site (oral 
cavity vs. Pharynx, hazard ratio 4.2 (95% CI 1.4–12.5)), Chung gene expression status 
(high vs. Low risk profile, hazard ratio 4.4 (95% CI 1.5–13.3)) and HPV profile (negative 
vs. Positive profile, hazard ratio 6.2 (95% CI 1.7–22.5)). Conclusions: Chung high-risk 
expression profile and a negative HPV expression profile were significantly associated 
with increased risk of local recurrence after chemoradiotherapy in advanced pharynx and 
oral cavity tumors, independent of clinical factors.
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IntroduCtIon

Head and neck squamous cell carcinoma (HNSCC) is the sixth most common cancer world 
wide, with almost 650,000 new cases and 350,000 disease-related deaths annually (1). At 
presentation, around half of these patients have advanced disease (2). In this group there 
is a limited benefit from radiotherapy alone (5 year locoregional control 12.6–37.4%) (3). 
Combined with chemotherapy, higher locoregional control rates of up to 65% can be 
achieved (4–9). However, the obvious benefit due to the addition of chemotherapy comes 
at the cost of higher grade III–IV toxicity. It is therefore essential to predict which patients 
will not benefit from chemoradiotherapy, which patients will become disease free, and 
in this last group, which patients would have been disease free with radiotherapy only.

Currently, clinical factors such as stage, site and tumor volume are used to predict response 
and select treatment (10–19). In the largest series analyzed so far, Knegjens et al. found 
tumor volume to be the most important predictor of outcome after chemoradiotherapy 
(20). Like Knegjens, Chen et al. found a poorer outcome or patients with primary tumors 
above 30 cc (21). However, the predictive power of clinical factors is still limited.

Apart from clinical factors, infection status with high-risk human papilloma virus (HPV) 
should also be taken into account. HPV-associated tumors have a different pathogenesis 
with different and less chromosomal aberrations than tumors caused by alcohol and 
tobacco abuse (22). HPV-positive tumors arise more often in the oropharynx than in other 
sites. Patients with these tumors seem to have a better prognosis than HPV-negative 
patients (23– 26).

In recent years, gene expression profiling has been used to search for gene signatures 
correlating with outcome. These have the potential to provide insight into mechanisms 
and can monitor multiple biological processes. To date, such gene signatures as a single 
factor have shown prognostic potential (27–29).

Chung et al. (30,31) found a gene expression profile containing mostly genes involved in 
epithelial–mesenchymal transition and NFkB pathway activation. This profile was highly 
prognostic for survival in two series of head and neck cancer patients treated with primary 
surgery with or without adjuvant therapy. This signature was subsequently validated in 
an independent dataset by Pramana et al. (32), who tested the signature in a series of 
HNSCC patients treated with combined radiation and cisplatin, with locoregional control 
as the endpoint. It therefore appears to be predictive in this setting, but its independence 
of clinical factors was not evaluated.

In this study, we further investigated whether a HPV profile (published by Slebos et al. 
(33)) and the Chung profile are able to add predictive power to the current prediction of 
local recurrence with just clinical factors.
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materIals and methods

patients
Of 92 advanced HNSCC patients with gene expression data available, patients were 
eligible for analysis in the current series if they had a stage III/IV (M0) tumor and there 
was a good quality MRI or CT scan to measure the primary tumor volume. In the previous 
analysis by Pramana et al. (32), oral cavity and larynx cancer patients were excluded from 
the final analysis because they showed very different survivals after treatment and could 
therefore have confounded the effect of gene expression. For the current analysis, we 
decided to include oral cavity tumors, since we aimed to study whether the effect of gene 
expression was independent of clinical factors. Larynx cancer patients were not deemed 
representative for this study population because according to the Dutch Consensus 
guidelines they do not usually receive chemoradiotherapy (34).

treatment
All patients were categorized as anatomically or functionally inoperable and treated with 
curative intent. Treatment consisted of cisplatin-based concomitant chemoradiotherapy 
regimens in phase II/III studies at the Netherlands Cancer Institute. The different schedules 
all included irradiation with 70 Gy in 35 fractions over 6–7weeks. Chemotherapy was 
administered either intra-arterial (i.a.) 150 mg/m2 on treatment days 2, 9, 16 and 23, 
intra-venous (i.v.) daily low dose (6 mg/m2) cisplatin or intra-venous on treatment days 1, 
22 and 43 (100 mg/m2). There was no significant difference in outcome between intra-
arterial and intra-venous chemoradiotherapy (35).

Chung gene expression profile
The methods for generating expression profiles have been described previously (32). 
Briefly, gene expression profiles were measured on pre-treatment biopsies of all patients. 
Different published gene sets were tested, of which a ‘‘high risk” signature published by 
Chung et al. (31) was the most significant predictor of locoregional recurrence. Unigene 
identifiers were used to map the 42 Chung genes to the latest annotations of the NKI 
array. When more than one probe mapped to the same Unigene cluster, the probe with 
the least missing values and with the highest interquartile range (IQR) was used. This 
resulted in 32 genes that could be used for analysis. For each patient, Pearson correlations 
were calculated against the Chung score. Patients were grouped into those who had a 
negative or positive correlation of their gene expression values with the high-risk Chung 
profile, representing a predicted low or high risk, respectively.

hpv profile
Since there was no DNA available to test for infection with HPV, gene expression was 
used to asses HPV infection status. Slebos et al. published a set of 20 genes that were 
upregulated when HPV is transcriptionally active (33). Symbols for these genes were 
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updated from the NCBI Entrez Gene database (www.ncbi.nlm.nih.- gov/sites/entrez), and 
the corresponding probe numbers on the NKI array were selected. In this way, 12 of the 
20 genes could be mapped to the NKI array and were used as the HPV signature (Table 1). 
When more than one probe mapped to the same gene, the probe with the least missing 
expression values across the patient series and with the highest interquartile range (IQR) 
of expression between the patients was used. Since only upregulated genes were used, 
average expression of these genes was calculated for every patient and the median of the 
average expression values was used to divide patients into two groups: the group with 
low HPV gene expression (under the median) being considered HPV negative-like and the 
group with high HPV gene expression being considered HPV positive-like.

table 1. HPV gene signature. The 12 upregulated genes from the Slebos study (33) that could be 
mapped to our microarray platform were used to determine HPV profile status.

gene symbol description
C16orf75 C16orf75 protein

CDKN2A Cyclin-dependent kinase inhibitor 2A

CENPK Centromere protein K

EHHADH Peroxisomal bifunctional enzyme

MCM6 DNA replication licensing factor MCM6

MYNN Myoneurin

NR1D2 Orphan nuclear receptor NR1D2

RFC4 Replication factor C subunit 4

RIBC2 RIB43A-like with coiled-coils protein 2

RPA2 Replication protein A 32 kDa subunit

SYNGR3 Synaptogyrin-3

TAF7L TATA box binding protein-associated factor

tumor volume
The pre-treatment CT or MRI scan was used for primary tumor volume measurement. 
All visible primary tumor was manually delineated on every CT or MRI slice. Pathological 
lymph nodes were not included. Tumor volume was calculated after triangulation of the 
surface of the delineations (20).

statistics
The primary endpoint for this study was local control. A local recurrence was defined as a 
pathologically proven recurrence at the site of the primary tumor. Time to local recurrence 
was calculated from the date of diagnosis until local recurrence, death, loss to follow-up 
or end of follow-up, whichever occurred first. Events other than local recurrence resulted 
in censoring of time to local recurrence. The association with local control was evaluated 
for gender, age at diagnosis, primary tumor site, T and N-stages, primary tumor volume, 
Slebos HPV expression status and Chung gene expression status by Kaplan–Meier plots 
and corresponding log-rank tests as well as by hazard ratios (HR) and 95% confidence 
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intervals (CI) based on Cox regression. Age at diagnosis was dichotomized at the median 
among patients with a recurrence; tumor volume was dichotomized using a 30 cc cut 
off. Trend tests were based on the slope of the continuous variable. Variables with a 
HR > 1.5 or < 0.5 or a p-value < 0.05 for at least one category in univariate analyses 
were included in a multivariate model. Kaplan–Meier curves were generated in GraphPad 
PRISM 5.01. All other analyses were performed using SPSS 15.0. Based on the results 
of the multivariate analysis, patients were grouped according to their total number of 
independent risk factors for local recurrence.

Comparison with a larger series
The present dataset was limited to patients who had available gene expression data. To 
assess reproducibility of the results found for clinical factors, we compared our results to 
the results of a series of 360 patients also treated with radiation plus cisplatin and from 
which 75% of the present study patients were taken (20).

results

patient inclusion
Of the 92 patients, 75 were eligible for analysis in the current series. A total of 17 patients 
were excluded from further analysis for the following reasons: 10 patients had a T1–2 or 
larynx tumor; 1 patient was a double entry; 1 patient had a volume of nearly 400 cc, more 
than four times higher than the next largest tumor, and was therefore not considered to 
be representative of the group; and 5 patients had a poor quality CT scan and therefore 
no volume data could be obtained. Tumor volume was measured on MRI scans for 64 
patients and on CT-scans for 11 patients.

patient characteristics
The characteristics of the patients are shown in Table 2. The study population was 
predominantly male (69%) with a mean age at diagnosis of 58 years. Patients had a 
pharynx tumor (oropharynx and hypopharynx combined) in 85% and a tumor of the 
oral cavity in 15%. The mean primary tumor volume was 30.9 cc, ranging from 4.3 cc 
to 96.7 cc. Patients received radiotherapy with i.a. cisplatin (34 patients), high dose i.v. 
(18 patients) or low dose i.v. (23 patients) cisplatin treatment. For the Chung status, 64% 
of the patients were predicted to be at low risk and 36% at high risk. Since the median 
average expression for the Slebos HPV genes was used to generate two groups, half 
of the patients had a positive profile. Median follow-up time was 93 weeks. A total of 
17 local recurrences occurred during follow-up, with a median time to recurrence of 24 
weeks.
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table 2. Patient characteristics. Baseline characteristics of the 75 patients that were included in this 
study. 

Characteristics Categories n %
Gender Male 52 69

Female 23 31

Age at diagnosis (years) Mean 57.5

Range 29.1-77.3

Tumor site Oropharynx 47 63

Hypopharynx 17 23

Oral cavity 11 15

T stage T3 28 37

T4 47 63

N stage N0 17 23

N1 10 13

N2 43 57

N3 5 7

Primary tumor volume (cc) Mean 30.9

Range 4.3-96.7

Chung risk profile Low risk 48 64

High risk 27 36

Slebos HPV-profile Positive 37 49

Negative 38 51

univariate analysis
Of all factors included in the univariate analysis, significant predictors of local recurrence 
were Chung status, tumor site and HPV profile (Table 3). Kaplan–Meier curves for local 
recurrence for these factors are shown in Figure 1. There was no significant difference 
between hypo- and oropharynx tumors, and so these were combined into one group of 
pharyngeal carcinomas. Associations with age at diagnosis, T-stage and tumor volume 
were suggestive, but did not reach statistical significance (p<0.05). Oral cavity tumors, 
a Chung high-risk profile and a negative HPV profile were significantly associated with a 
higher risk of local recurrence.
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table 3. Univariate and multivariate analyses – local recurrence. Results of the univariate Cox 
proportional hazards analysis for all factors. The hazard ratio (HR) between the two categories of 
each factor is given, together with the p-value and, if applicable, a p-value for the trend of the 
corresponding continuous variable. Results of the multivariate Cox proportional hazards analysis for 
the five factors with a HR > 1.5 or < 0.5 or a p-value < 0.05 in the univariate model.

variable Categories n (no. of 
events)

Cox proportional 
hazard model
univariate multivariate
hr (95% CI) p-value p 

value 
trend

hr (95% CI) p-value

Gender Male 52 (11) 1.0

Female 23 (6) 1.2 (0.4-3.3) 0.7 -

Age at 
diagnosis 
(years)

<62 52 (9) 1.0 1.0

>62 23(8) 2.5 (1.0-6.6) 0.06 0.08 2.7 (0.8-9.0) 0.1

Tumor site Oro-and 
hypopharynx 64(10) 1.0 1.0

Oral cavity 11(7) 6.3 (2.4-16.8) <0.001 - 4.2 (1.4-12.5) 0.009

T stage T3 28(3) 1.0 1.0

T4 47(14) 3.1 (0.9-10.7) 0.08 - 1.8 (0.5-6.9) 0.4

N stage N0-1 27(6) 1.0

N2-3 48(11) 1.0 (0.4-2.8) 0.9 -

Primary 
tumor 
volume (cc)

<30 46(8) 1.0 1.0

>30 29(9) 1.9 (0.7-4.8) 0.2 0.1 1.4 (0.5-3.9) 0.6

Chung risk 
profile Low risk 48(5) 1.0 1.0

High risk 27(12) 5.2 (1.8-14.7) 0.002 0.002 4.4 (1.5-13.3 0.008

Slebos HPV 
profile Positive 37(4) 1.0 1.0

Negative 38(13) 3.6 (1.2-11.1) 0.03 0.06 6.2 (1.7-22.5) 0.006

multivariate analysis
Of the six factors entered in a multivariate Cox regression, tumor site, Chung status and 
HPV status were significantly associated with local control (Table 3). Patients with oral 
cavity tumors were four times as likely to get a local recurrence compared to patients with 
a pharynx tumor (HR 4.2, 95% CI 1.4–12.5). Risk for local recurrence was increased at a 
similar magnitude for patients with a Chung high-risk signature compared with the low 
risk group (HR 4.4, 95% CI 1.5–13.3). Patients with a HPV-negative profile were 6 times 
more likely to get a local recurrence than patients with a HPV-positive profile (HR 6.2, 95% 
CI 1.7–22.5).
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figure 1. Site, Chung and HPV profile. Kaplan–Meier curves for all 75 patients grouped based on 
site (A), Chung risk group (B) and HPV profile status (C). The given pvalues were calculated with a 
log-rank test

local recurrence by number of risk factors
Figure 2 shows a Kaplan–Meier curve for a combined model of site, Chung status and 
HPV status. The number of unfavorable features (an oral cavity tumor, a Chung high-risk 
profile and a HPV-negative profile) was added up for every patient. For example, a patient 
with a tumor of the pharynx with a Chung low risk profile and a HPV- positive profile has 
0 high-risk features. From this figure, it can be seen that in the group of 22 patients with 
just favorable factors (0) there were no recurrences during follow-up and the 4 patients 
with three unfavorable factors had recurrences.
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figure 2. Local recurrence by number of risk factors. Kaplan–Meier curve for all 75 patients organized 
into groups based on the number of high-risk features (Chung high-risk profile, HPV profile negative 
and oral cavity). The given p-value was calculated with a log-rank test

Comparison with a larger series
In line with the results for the series of 360 patients (21), site and, to a lesser degree, 
T-stage were important predictors of local control. Tumor volume was not significantly 
associated with local control in the univariate analysis in the current study, whereas the 
association was highly significant in the earlier published larger series of 360 patients (p < 
0.001) (21) from which the present patient population was taken. However, the magnitude 
of the association was approximately similar, but was attenuated in the multivariate 
analysis of the current data. We explored the dependence of the strength of association 
on sample size by drawing ten random samples of 75 patients from the series of 360 
patients (Table 4). Tumor volume was significantly associated with local control in 5 of the 
10 samples, and 3 of the 10 corresponding p-values exceeded the one observed in the 
current smaller series. The differences observed for tumor volume are therefore likely due 
to the smaller size of our current series. In addition, it is possible that the Chung or HPV 
profiles partly capture the tumor volume signal in the multivariate analysis.

table 4 Random series of N = 75 from N = 360. Ten series of 75 patients, all randomly selected from 
a larger series of 360 patients. Five of the ten randomly generated series had a pvalue < 0.05 for 
tumor volume in a cox proportional hazards model.

series 1 2 3 4 5 6 7 8 9 10 no. of 
series with 
p < 0.05

p value for 
volume

0.004 0.3 0.02 0.08 0.002 0.008 0.04 0.2 0.07 0.2 5
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dIsCussIon

Our aim was to study the independence of a high-risk and a HPV gene expression profile 
for predicting local recurrence, when analyzed in a model with known clinical predictors 
in advanced HNSCC patients treated with chemoradiotherapy. A gene expression profile 
designed by Chung et al. (31) was previously validated to predict locoregional recurrence 
after chemoradiotherapy on a series of 92 advanced HNSCC patients by Pramana et 
al. (32). From this series we analyzed 75 patients to test association of clinical factors 
and gene expression with local control. The main finding of this study was that the two 
gene expression profiles had an independent effect on local recurrence in a model with 
clinical factors and were the most important independent factors in a multivariate model, 
together with tumor site. This implies that they could in the future be a valuable addition 
to the clinical factors that are currently used for the prediction of local recurrence.

In this study, it was not possible to test the presence of HPV in DNA and therefore, 
gene expression was used to identify patients with a HPV-like profile. As shown in studies 
that used DNA tests for HPV, patients with a HPV-positive profile had a better cure rate 
(24,25). Lassen et al. and van den Broek et al. showed that high p16INK4A expression 
(immunohistochemistry) independently predicted good treatment response and survival 
in patients with head and neck cancer treated with conventional (chemo-) radiotherapy 
(23,36). In their most recent paper, Lassen et al. showed that p16-positive patients do not 
seem to react to hypoxic modification during radiotherapy (37). P16 (CDKN2A) was also 
one of the genes we analyzed with the Slebos HPV profile. To our knowledge, our study 
is the first to show that a HPV gene set can predict local recurrence.

We are not aware of any other externally validated gene expression signature predicting 
local recurrence in head and neck cancer patients treated with (chemo-) radiotherapy. 
Other authors have searched for profiles that are able to predict recurrence in head and 
neck cancer (27-29). Ginos et al. studied 41 surgically treated patients, in which they 
found genes that correlated with recurrent disease. None of those genes correlated with 
site, grade or stage (28). Ganly et al. found 2 genes predictive of locoregional recurrence 
after chemoradiotherapy in 35 patients, using a 277-gene cDNA array (29). Dumur et 
al. found 142 genes predictive of locoregional recurrence in 19 patients treated with 
radiotherapy with or without chemotherapy (27). The clinical factors they studied (age, 
gender, stage and location) were not significant in a univariate analysis and therefore no 
multivariate analysis was performed.

The Chung and HPV profiles are therefore, to date, the only validated signatures for the 
prediction of local recurrence in HNSCC patients. In addition, the present series is the 
first to be large enough to test the independence of validated signatures from clinical 
factors in a multivariate model. As can be seen in Figure 2, a combination of site, Chung 
expression profile and HPV profile, leads to a subgrouping of patients, where the best 
group has no local recurrences and the worst group has no cures in it. Although the  
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number of patients was not very high, these kinds of subgroups could be very useful to 
select patients for therapy. The value and robustness of this combination will need to be 
confirmed in independent studies.

The present study indicates that gene expression signatures can add valuable additional 
information to current clinical predictors. In future randomized trials, expression profile 
measurements can thus be useful in indicating which patients benefit most from the 
treatment being tested, and thus lead to more rationale and effective application of new 
therapies.

ConClusIon

Gene expression profiles can be useful for predicting local control, independent of 
clinical factors, after chemoradiotherapy in advanced pharynx and oral cavity tumors. 
Together with tumor site, the Chung-high risk signature and HPV profile status were the 
most important predictors of local control.
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ABstrACt

 About half of the patients with head and neck squamous cell carcinoma have advanced 
disease. In these cases chemoradiation can achieve locoregional control rates of on 
average 65%. Recent literature suggests that HPV-detection might subdivide these 
cases, particularly those originating from the pharynx, into groups with a different 
prognosis. This separation can even be stronger by taking cigarette smoking and high 
EGFR expression into consideration as poor prognosticators. We studied the incidence 
and predictive value of HPV-presence in a series of squamous cell carcinomas presented 
in the oropharynx (OPSCC) and hypopharynx (HPSCC), all treated with chemoradiation. 
Furthermore, we tested the hypothesis that high EGFR expression and/or cigarette 
smoking in HPV-positive patients have an influence on survival. 

Material and methods: Locally advanced OPSCC (n=111) and HPSCC (n=46) patients, 
treated with concurrent radiotherapy and chemotherapy (cisplatin) within phase II and 
randomized phase III trials at the Netherlands Cancer Institute between 1997 and 2004, 
were included. Tissue microarrays of tumour specimens were subjected to p16INK4A and 
EGFR-immunohistochemistry and HPV16-specific FISH-analysis. Whole tissue sections 
were used for DNA isolation and HPV-specific PCR in 10 cases. Endpoints included 
locoregional control, distant metastases, overall and disease free survival.    

Results: Out of 111 OPSCC, 37 (33%) were p16INK4A positive, of which 35 were HPV16- and 
2 HPV33-positive. Kaplan-Meier analyses revealed that HPV-positivity was associated with 
less locoregional recurrences (p=0.039), less distant metastases (p= 0.012) and a more 
favourable overall and disease free survival (p= 0.001). Within the HPV-positive group, 
EGFR immunopositive tumours had a worse survival than EGFR negative cases (p= 0.02), 
and 9 out of 31 smokers developed recurrent diseases versus 1 out of 6 non-smokers (no 
significant difference). Only 1 HPSCC (2%) was HPV16-positive.

Conclusion: P16INK4A is a good surrogate marker for high-risk HPV-positive pharyngeal 
cancer. HPV-presence in advanced OPSCC, all treated with a similar treatment modality, 
predicts decreased risk of locoregional recurrences, distant metastases and a favourable 
disease free survival. Interestingly, EGFR-immunopositivity was an unfavourable predictive 
factor in HPV-positive tumours. 
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IntroduCtIon

Head and neck squamous cell carcinoma (HNSCC) is the 5th most common cancer in 
the world with almost 480,000 new cases and around 273000 disease related deaths in 
2008 (1). At presentation half of these patients have advanced disease (2).  In cases with 
advanced oropharyngeal and hypopharyngeal cancer chemoradiation is the most fre-
quently used treatment, with locoregional control rates of around 65% after two years. 
(3). 
A subgroup of HNSCC, originating from the oropharynx, is etiologically related to 
prolonged exposure to cigarette smoking and alcohol intake, but can also be induced 
by high-risk (HR) human papillomavirus (HPV) infection, particularly HPV-type 16 (4-6). 
The latter subgroup is the only type of HNSCC with a rising age adjusted incidence in 
recent years (7, 8). Furthermore, patients with an HPV-positive tumour have a much better 
prognosis than patients with a smoking/tobacco induced tumour (5, 9, 10). Within the 
HPV-positive patient group, smoking is an indicator of unfavourable prognosis (10, 11).

The HPV-positive tumours are now considered to be a separate entity on basis of both 
clinical and molecular factors (12). For example, these tumours often have low T-stages 
and higher N-stages at presentation and are associated with less smoking/ alcohol 
consumption. By using these parameters, a prognostic risk-model has been put forward 
to subdivide OPSCC patients in 3 risk-groups (11).

On the molecular level, HPV-positive tumours show deregulation of the cellular p53 and 
pRb pathways by the functional activity of the viral oncoproteins E6 and E7, respectively. 
As a consequence, they usually lack classical gene mutations found in the HPV-negative 
tumours, such as those in p53 and p16INK4A (13, 14). Moreover, high expression of 
the epidermal growth factor receptor (EGFR) is usually absent (15-17). If present in 
HPV-positive tumours, patients may show an unfavourable survival when treated with 
multimodal therapy (15).

A number of chemoradiation trials have been retrospectively analysed for HPV-presence 
and in all studies HPV-positivity was found to be a favourable prognostic factor (18). 
Some studies analysed in addition EGFR expression with different outcomes in relation 
to survival (16, 19). 

The aim of the present study was to analyse the incidence and predictive value of HPV-
presence, p16INK4A and EGFR (over)expression, as well as clinical factors in a series of 
patients with squamous cell carcinoma originating from the oropharynx (OPSSC) and 
hypopharynx (HPSCC), treated with the same modality, i.e. concurrent radiotherapy and 
chemotherapy (cisplatin) at the Netherlands Cancer Institute (20). Data were correlated 
with survival outcomes, including locoregional control, distant metastasis, overall survival 
(OS) and disease free survival (DFS).
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patIents and methods

study population
We selected tissue material from 157 patients, diagnosed between 1997 and 2004 and 
treated within phase II and randomized phase III trials at the Netherlands Cancer Institute 
(3). These included 111 patients with an OPSCC and 46 with a HPSCC. Patient material 
was used according to the Code for Proper Secondary Use of Human Tissue (Federation 
of Medical Scientific Societies, The Netherlands; 2003). Patient data were extracted from 
retrospective chart review, including age at diagnosis, gender, smoking behaviour, TNM 
stage and clinical follow-up data.

Overall follow-up time ranged from 3 months to 77 months with a mean of 24 months. 
The follow-up time to locoregional recurrence ranged from 1 to 13 months (mean: 6 
months), time to distant metastases from 1 months to 57 months (mean: 9 months) and 
time to disease recurrence from 1 months to 57 months (mean: 13 months).

Table 1 provides demographic and clinical features of the 111 OPSCC patients, also split 
into HPV + and HPV – patients. Age at diagnosis ranged from 39 to 85 (mean 58), 79 
patients were male and 32 patients were female. Most of these patients presented with 
advanced (T3 and T4) pharyngeal tumours and had lymph node metastases at time of 
diagnosis. Smoking data were available for 108 patients. One hundred (93%) of the 108 
patients were smokers (>1 cigarette, pipe, and/or cigar per day). Two out of the 8 non-
smokers were former smokers (quit smoking >10 years before diagnosis).

All patients were treated with concurrent radiotherapy and chemotherapy (cisplatin) in a 
phase II and randomised phase III trial with intention to cure. All patients were irradiated 
with a total dose of 46 Gy to elective lymph nodes and 70 Gy to the affected areas, given 
in 2 Gy daily fractions, 5 times per week. During radiotherapy, patients received either 3 
courses of high dose cisplatin: 100 mg/m2 body surface intravenously (IV), 4 courses of 150 
mg/m2 body surface given intra-arterially (IA) or a daily low dose of cisplatin (20 x 6 mg/
m2 body surface). Recurrences were defined as histologically confirmed local recurrences 
or clinically progressive disease. In the neck, a regional recurrence was defined as vital 
tumour cells in a neck dissection specimen or clinically progressive disease. Necrosis 
in a lymph node in the neck dissection specimen without vital tumour cells was not 
considered a regional recurrence. If there was no evidence for recurrent disease, patients 
were considered to be cured. Following primary treatment, 26 of the 111 patients (23%) 
developed a locoregional recurrence and 41 out of 111 (37%) a disease recurrence 
(locoregional or distant metastasis). Seventy patients (63%) remained disease free after 
treatment. 

Clinical and molecular data for the HPSCC patient group are summarized in supplementary 
Table 1.
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table 1. Clinical and molecular characteristics of OPSCC, including HPV-status

Characteristic Categories total (%) hpv + (%) hpv - 
(%)

p-value (fisher’s exact) 

Gender male 79 (71%) 31 (84%) 48 (65%) p = 0.046

 female 32 (29%) 6 (16%) 26 (35%)  

age at diagnosis >60 66 (60%) 23 (62%) 43 (58%) NS

<60 45 (40%) 14 (38%) 31 (42%)

T-stage T2 5 (5%) 1 (3%) 4 (5%) NS

T3 39 (35%) 12 (32%) 27 (36%)

T4 67 (60%) 24 (65%) 43 (59%)

N-stage N0 20 (18%) 8 (21%) 12 (16%) NS

N1 12 ((11%) 5 (14%) 7 (10%)

N2 63 ((57%) 20 (54%) 43 (58%)

N3 16 ((14%) 4 (11%) 12 (16%)

M-stage M0 87 (78%) 31(84%) 56 (76%) NS

 M1 24 (22%) 6 (16%) 18 (24%)  

Locoregional 
recurrence yes 26 (23%) 5 (14%) 21 (28%) NS

no 85 (77%) 32 (86%) 53 (72%)

Disease recurrence yes 41 (37%) 11(30%) 30 (40%) NS

no 70 (63%) 26 (70%) 44 (60%)

P16
ink4a

positive 37 (33%) 37 (100%) 0 p <0.0001

 negative 74 (67%) 0 74(100%)  

EGFR positive 74 (67%) 27(73%) 47 (64%) NS

negative 37 (33%) 10 (27%) 27 (36%)

Smoking   yes 100 (93%) 31 (84%) 69 (97%) p=0.02

(3 patients no data) no 8 (7%) 6 (16%) 2 (3%)

tissue microarray
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Tissue Microarrays (TMAs) were constructed as described by Chen et al (21). Briefly, 
from every routinely fixed paraffin embedded tumour block (tissues collected prior to 
treatment) a tissue section was stained with H & E to guide the sampling of morphologically 
representative regions of the tumour. To construct the TMA, 3 core tissue biopsy specimens 
(diameter: 0.6 mm) from selected regions of the donor block were taken and brought into 
a new recipient paraffin block using a manual tissue arrayer (Beecher Instruments, Silver 
Spring, MD, USA). Each TMA block contained a maximum of 168 punches. Five μm tissue 
sections were cut with a microtome using an adhesive-coated tape sectioning system 
(Instramedics Hackensack, NJ) of which one was stained with H & E to verify histology. 

p16Ink4A and Egfr immunohistochemistry
Immunostaining with primary antibodies was performed using standard methodologies 
previously described (21, 22). In short, TMA sections were deparaffinized and subsequently 
heated in a microwave in 0.1 M Citrate pH 6.0  (p16INK4A staining) or treated with pepsin 
at 37ºC (EGFR staining) for antigen retrieval.  After blocking endogenous peroxidases 
with 0.3% H2O2 the sections were incubated with primary mouse monoclonal antibodies 
directed against EGFR (clone 111.6; diluted 1:100, Neomarkers, Freemont, CA, US) or 
p16INK4A (clone 16P04; diluted 1:500, Neomarkers) diluted in 1% BSA-PBS.

Secondary rabbit anti-mouse peroxidase antibodies were used to detect the primary 
antibodies. Peroxidase activity was visualized by H2O2/ 3.3’ diaminobenzidine 
tetrachloride as a substrate and slides were counterstained with hematoxylin. Stainings 
were considered positive for p16INK4A if more than 70% of the nuclei and cytoplasm 
stained strongly positive and for EGFR if more than 50% of tumour cell membranes, with 
or without the cytoplasm, completely stained positive (15). The scoring was performed by 
2 investigators (J.P., E-J.S.).

fIsh analysis
FISH for the detection of HPV16 was performed on 5-mm thick TMA sections from all 
patients as described previously (13). Briefly, sections were deparaffinized, pretreated 
with 85% formic acid 0.3% H2O2, 1 M NaSCN and 4 mg/ml pepsin, post-fixed in 1% 
formaldehyde in PBS, dehydrated in an ethanol series and hybridized with digoxigenin-
labeled HPV16-specific probes (PanPath, Budel, The Netherlands) according to the 
manufacturer’s instructions. After hybridization the preparations were washed stringently in 
50% formamide, 2×SSC at 42°C (2 times 5 min). The probes were detected by application 
of mouse anti-digoxin (Sigma, St. Louis, MO), peroxidase-conjugated rabbit anti-mouse 
and peroxidase-conjugated swine anti-rabbit antibodies (both Dako A/S), and visualized 
by a peroxidase reaction using rhodamine-labeled tyramide (23). Preparations were 
mounted in Vectashield (Vector Laboratories, Burlingame, CA) containing 4,6-diamidino-
2-phenyl indole (DAPI; Sigma: 0.2 g/ml). Microscope images were recorded with the  
 
Metasystems Image Pro System (black and white CCD camera; Sandhausen, Germany) 



99

6

mounted on top of a Leica DM-RE fluorescence microscope equipped with DAPI and 
rhodamine filters. 

Evaluation of nuclear hybridization signals was performed by 2 investigators (J.P., E-J.S.) 
according to the criteria described by Mooren et al. (24), i.e. nuclear punctate signals 
were considered to indicate integrated HPV DNA and diffuse signals to indicate episomal 
HPV DNA. Also a granular FISH pattern, defined as the presence of several nuclear signals 
varying significantly in size and intensity, was observed in a few cases, which may indicate 
a combination of viral integration and episomal DNA and/or viral RNA. Controls included 
hybridizations on HPV16-positive formaldehyde-fixed, paraffin-embedded tissues of 
known human uterine cervical and head and neck (pre)malignancies. Negative controls 
consisted of HPV PCR- and FISH-negative tissue sections and hybridizations omitting the 
viral probe. 

hpv-specific pCr and enzyme-immunoassay typing 
PCR analysis was performed to identify HPV-types in 2 p16INK4A positive, HPV16 FISH-
negative tumours. Additionaly, 4 HPV16-positive and 4 HPV16-negative cases were 
analysed as controls. Genomic DNA was extracted from 5–10 five μm-thick tissue sections 
of biopsies (collected prior to treatment), using the QIAamp DNA mini kit (Qiagen, 
Westburg, Leusden, The Netherlands). RAG1 gene PCR, according to the protocol of the 
Department of Pathology of the Maastricht University Medical Center, was performed 
with all samples to demonstrate that they contained sufficient DNA of adequate quality 
and size (minimal 200 bp).

HPV16-specific PCR was performed according to Baay et al (25). Negative controls, 
consisting of water or human placental DNA instead of patient samples, were included in 
each PCR run. A general primer GP5+/6+ PCR (150 bp product) for HPV was used; PCR 
products were separated on 2% agarose gels and visualized by Sybr Safe staining. For 
HPV-typing biotinylated PCR products were hybridized with 37 type-specific digoxigenin-
labeled oligonucleotide probes in an enzyme-immunoassay (EIA) (26).

statistical analysis
Clinical and molecular parameters were correlated with HPV-status using cross-tabulations 
and the two-tailed Fisher exact test and/or Chi-square test. We regarded a p-value ≤ 0.05 
as significant. The Kaplan–Meier method was used to calculate survival curves. Overall 
survival (OS) was calculated from the date of diagnosis until date of patient’s death or until 
the last date the patient was known to be alive. Disease-free survival (DFS) was calculated 
from the date of diagnosis until the date of recurrence (local, regional or distant, whichever 
occurred first). Patients without recurrence were censored at the date of the last follow-up 
or the date of death. Locoregional control and metastases free survival were calculated 
from the date of diagnosis until the date of locoregional recurrence and the date of 
metastases detection, respectively.
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The statistical significance of differences between survival times was determined by the 
log rank test in univariate analysis. Hazard ratios were calculated using Cox regression 
analysis. We used the SPSS Base System version 20.0 for all calculations.

results

Correlation between hpv-status, immunostainings and clinical factors
Of the 46 HPSCCs only 1 (2%) showed a strong nuclear and cytoplasmic p16INK4A 
immunostaining and FISH analysis identified HPV16 in the cell nuclei (see Supplementary 
Table 1). This tumour originated from the pyriform sinus. In contrast, 37 of 111 (33%) 
OPSCCs showed strong p16INK4A immunostaining in more than 70% of tumour cells 
(Figure 1A). Thirty-five of these 37 cases contained HR-HPV16 assessed by FISH analysis; 
31 showed punctate (Figure 1B), 2 granular and 2 diffuse FISH signals. The two p16INK4A 
positive/ HPV16 FISH-negative cases proved to contain HPV33 DNA upon PCR analyses 
(Table 1). Thus, all p16INK4A positive cases harboured HR-HPV in this study.

The HPV-positive OPSCC group showed a significantly higher male-female ratio (p = 
0.046) and these patients smoked significantly less than patients with an HPV-negative 
tumour (p = 0.02). There were no significant differences in age at first diagnosis or the 
T- and N-status between the 2 patient groups.

Twenty-seven out of 37 (73%) HPV-positive OPSCCs were EGFR positive, compared to 47 
out of 74 (64%) in the HPV-negative group (Figure 1C, no significant difference). Six out of 
the 8 non- or former-smokers were found in the HPV-positive group, of which only 1 was 
EGFR negative. From the 2 non-smokers in the HPV-negative group 1 tumour was EGFR 
negative and 1 EGFR positive. 

survival
OS and DFS between OPSCC and HPSCC were not significantly different (data not shown). 
Within the OPSCC group we correlated HPV-status, EGFR expression and smoking-behaviour 
with OS, DFS, locoregional control and metastasis free survival to determine their role as 
predictive markers and indicators of prognosis. Results are presented in Figure 2 and Figure 3.

HPV-positive OPSCCs have a significant favourable OS, DFS, locoregional control and 
metastasis free survival compared to HPV-negative tumours (Figure 2). The 5-year OS was 
76% for the HPV-positive OPSCC group and 45% for the HPV-negative group (HR =0.27, 
95% CI =0.12-0.62) (Figure 2A). The DFS after 5 years was 79% for patients with an HPV-
positive carcinoma and 46% for patients with an HPV-negative carcinoma (HR=0.29, 95% 
CI=0.13-0.65) (Figure 2B). Furthermore patients with an HPV-positive tumour developed 
significantly less locoregional recurrences and distant metastases than patients with an 
HPV-negative tumour (HR=0.241, 95% CI=0.072-0.811, and HR=0.337, 95% CI=0.116-
0.981, respectively) (Figure 2C and 2D).
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figure 1. Representative examples of (A) an HPV16-positive OPSCC with a strong nuclear and 
cytoplasmic p16INK4A immunohistochemical staining pattern in all tumour cells, (B) an HPV16-
positive OPSCC with a punctated FISH pattern, (C) an HPV-negative OPSCC with strong EGFR 
immunostaining of the tumour cell membranes and (D) an HPV-positive, EGFR negative OPSCC. See 
color section for full colour.

 

figure 2. Kaplan Meier curves according to HPV-status for (A) overall survival (HR =0.27, 95% 
CI =0.12-0.62), (B) disease free survival (HR=0.29, 95% CI=0.13-0.65), (C) locoregional control 
(HR=0.241, 95% CI=0.072-0.811) and (D) metastasis free survival (HR=0.337, 95% CI=0.116-0.981) 
in 111 OPSCC
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figure 3. Kaplan Meier curves according to EGFR status for overall survival in (A) all 111 OPSCC, 
(B) 74 HPV-negative OPSCC and (C) 37 HPV-positive OPSCC; and for (D) disease free survival in 37 
HPV-positive OPSCC. 

No associations were found between EGFR expression and patient survival in the whole 
OPSCC group. In the OS analyses, however, after ~ 35 months a difference between 
EGFR positive and -negative tumours could be observed (Figure 3A). Therefore, we also 
assessed the correlation between EGFR expression and survival in OPSCC, stratified for 
HPV-status. This revealed no association between EGFR expression and survival in the 
HPV-negative group (Figure 3B), but did reveal that EGFR overexpression was significantly 
associated with an unfavourable OS and DFS in the HPV-positive OPSCC group (p=0.02 
and p=0.036, Figure 3C and Figure 3D, respectively). Both in locoregional recurrence 
and metastasis free survival analyses similar curves can be seen, although not reaching 
significance (data not shown).

Eight patients were non-smokers in the OPSCC group. No association was found between 
smoking-status and patient survival, also after stratification for HPV-status. Nevertheless, 
a favourable trend could be observed for non-smokers in OS and Metastasis free survival 
analyses (Supplementary Figure 1A and 1B).
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dIsCussIon 

In contrast to the decreases in incidence of most HNSCC over the last decade, the 
occurrence of OPSCC is increasing worldwide, which has been particularly attributed to 
HPV (7, 8). Survival is markedly better for patients with HPV-positive OPSCC, but appears 
to be influenced by several additional parameters, including smoking behaviour and, 
on the molecular level EGFR gene expression (10, 16). The goal of the present study 
was to analyse the incidence and predictive value of HPV-presence, p16INK4A and EGFR 
protein (over)expression, as well as clinical factors in a series of patients with OPSSC 
and HPSCC, all treated with a similar treatment modality, i.e. concurrent radiotherapy 
and chemotherapy (cisplatin). We found an incidence of HR-HPV in OPSCC and HPSCC 
of 33% and 2%, respectively. In the OPSCC group HPV-positivity was associated with 
the occurrence of less locoregional recurrences, less distant metastases and a more 
favourable overall and disease free survival. Within the HPV-positive tumours, EGFR 
immunopositivity was associated with a significant unfavourable survival, and recurrent 
disease appeared to be more often present in smokers.

The observed prevalence of 33% HPV-positivity in our study with OPSCC specimens 
obtained between 1997 and 2004 is in accordance with other studies using material of 
patients diagnosed in approximately the same time period (6, 22, 27). Recent studies show 
increasing incidence-figures of HPV-related OPSCC over the last decades, for example 
Marur et al. (7) describe a rise in incidence of OPSCC (most likely to be HPV-associated) 
by 1.3% for base of tongue carcinomas and by 0.6% for tonsillar carcinomas every year 
between 1973 and 2004 in the USA, and in the Netherlands Rietbergen et al. (7, 8) show 
an increase in the proportion of HPV-positive OPSCC from 5.1% in 1990 to 29% in 2010. 
In contrast to OPSCC we only detected HPV in 1 out of 46 HPSCC. This is in accordance 
with a recent study of Wendt et al., who detected 4 HPV16-positive and p16INK4A positive 
tumours out of 109 HPSCC (28).  Several other studies observed higher frequencies of 
HR-HPV-positive HPSCC, ranging from 20% to even 82% (29-31), but these studies did 
not apply the algorithm of p16INK4A immunohistomchemistry followed by HPV-specific 
DNA-analyses to identify relevant HPV-related tumours. Remarkably, Ernoux-Neufcoeur 
et al. did immunostain their tumour collection for p16INK4A overexpression, which resulted 
in only 11% HPV-positive and p16INK4A positive cases (31).

The influence of tumour HPV-status on outcome after CRT has been investigated in several 
studies and in a variety of treatment combinations, differing amongst others in timing of 
chemotherapy, use of different drugs and poly/monochemotherapy (32). We observed a 
more favourable overall and disease free survival for patients with an HPV-positive OPSCC 
treated by concurrent radiotherapy and cisplatin. This is in accordance with other studies 
using a similar treatment modality or other combinations of chemotherapeutic drugs with 
radiotherapy (11, 32, 33). 
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We have also analysed EGFR expression in our tumour series in relation to HPV-status 
and patient survival, because previous studies suggest that HPV-positive tumours show 
less frequently EGFR overexpression than HPV-negative tumours (15, 16, 34) and that 
EGFR overexpression results in an unfavourable prognosis (15, 16). In our study, we 
did not find a correlation between HPV-positivity and no/low EGFR expression, and in 
comparison with these studies, we even detected a relatively high prevalence of EGFR 
immunopositivity in the HPV-positive tumours. This might be due to the fact that our 
series contains a relatively high amount of advanced tumours, which has been reported 
to be associated with a higher occurrence of EGFR overexpression (15). Interestingly, 
although EGFR overexpression did not correlate with a poor prognosis in our series of 
OPSCC, it did predict a significant worse survival in the HPV-positive tumour group. This 
implicates that for accurate prediction of prognosis of OPSCC patients EGFR expression 
might be an additional factor to take into consideration, besides HPV-status, smoking 
and N-stage, as suggested by Ang et al. (11). Recently new prediction models have been 
proposed for HNSCC by Egelmeer et al. (35) and Rietbergen et al. (8) and it will be 
interesting to determine if EGFR expression can improve the value of these models when 
applied to OPSCC.

Despite the fact that HPV-positive tumours have a good overall and disease free 
survival when treated with CRT, this is a toxic treatment with severe adverse events. As a 
consequence, trials, such as the RTOG1016 trial in the USA and the De-ESCALaTE HPV 
trial in Europe, have been initiated to examine if de-escalation of therapy can reduce 
toxicity in this subgroup while maintaining favourable prognosis (36, 37). For example, 
use of radiotherapy alone has been proven to show good survival rates when compared 
to CRT for the HPV-positive low-risk group (9, 38).

In case of HPV-positive tumours with EGFR overexpression (having a worse prognosis) 
we would not recommend to use de-escalation of therapy. In these cases it would be 
interesting to analyse if a combination of cetuximab with radiotherapy might be a better 
option than chemoradiation, which remains to be studied.

Because EGFR immunohistochemistry may vary in staining protocol, signal interpretation 
and used primary antibody clone when applied in different molecular diagnostic 
laboratories, (39) it is important to develop standardized protocols and scoring criteria 
(as developed for p16INK4A) (40, 41) to reliably use this marker in future risk models or as 
potential indicator for targeted therapy in HPV-positive OPSCC.

In conclusion, our data show that p16INK4A is an excellent surrogate marker for high-risk 
-HPV in the here studied OPSCCs and HPSCCs, all treated with chemoradiation therapy. 
HPV-presence in advanced OPSCC predicts a decreased risk of locoregional recurrences, 
distant metastasis and a favourable overall survival. Interestingly, EGFR overexpression 
marks a distinct subgroup of HPV-positive tumours with a significantly worse survival. We 
suggest EGFR expression to be taken into consideration as additional marker in future 
risk-models for OPSCC and to be explored as potential biomarker for anti-EGFR targeted 
therapy in HPV-positive OPSCC.
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supplementary figure 1. Kaplan Meier curves according to smoking status for (A) overall survival 
and (B) distant metastases free survival in 108 OPSCC.

supplementary table 1. Clinical and molecular characteristics of HPSCC

Characteristic Categories n 
Gender male 35 (76%)

female 11 (24%)

Age at diagnosis >60 20 (43%)

<60 26 (57%)

T-stage T2 8 (18%)

T3 18(39%)

T4 20 (43%)

N-stage N0 14 (30%)

N1 6 (13%)

N2 16 (35%)

N3 10 (22%)

M-stage M0 39 (85%)

M1 7 (15%)

Locoregional recurrence yes 6 (13%)

no 40 (87%)

Disease recurrence yes 13 (28%)

no 33 (72%)

HPV+/ p16INK4A + positive 1 (2%)

negative 45 (98%)

EGFR positive 37 (80%)

negative 9 (20%)
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general discussion 
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This thesis focuses on predicting response to chemoradiation in head and neck squamous 
cell carcinomas using gene expression profiling.  This discussion will emphasize different 
aspects of this technique, address some of the problems encountered and indicate some 
changing insights.

Heterogeneity of gene expression in head and neck tumors was investigated first. 
Although we concluded that there is some variance, one biopsy appears to be sufficiently 
representative for the tumor as a whole. This is an encouraging result for application 
of this technique, although it is realized that subtle changes in expression in minor 
subpopulations could still be present which would be missed by the present technology. 
More recent techniques, discussed below, also need DNA/RNA and since taking more 
than a single biopsy is impractical, heterogeneity remains a concern. This applies for all 
new techniques and tumors. Ideally, testing multiple biopsies, or studying larger tumor 
pieces, would reduce any heterogeneity problems but is usually not possible in practice. 
Despite the undoubted presence of intratumoral variation, the results in this thesis 
described for single biopsy studies appear to have prognostic and predictive power.

The Chung signature was found to be prognostic in our series of patients treated with 
chemoradiation (Chapter 3). The question arises as to why we did not find this or a similar 
profile independently using our data driven approach. The microarray platform we used 
contained information on 35k gene probes. With so many variables combined with the fact 
that only relatively few of these genes are likely to be important in determining outcome, 
it could be that the data driven methods used were not capable of highlighting these 
few important genes, despite the fact that we used the known bioinformatic analyses 
and statistics such as leave-one-out-cross validation, splitting the tumor series several 
different ways into training and validation sets, and using several different classification 
methods. 

It is of interest that the Chung signature is probably a prognostic signature rather than 
a predictive signature, since the original profile was found on a mixed series of head 
and neck tumors given different treatments (one modality or a combination of surgery, 
radiation and chemotherapy). In the first chapter of this thesis we discussed the difference 
between the terms ‘predictive’ and ‘prognostic’ markers. In general, predictive markers 
give information about the outcome after a specific treatment, while prognostic markers 
provide information about the overall survival or outcome. This difference is not always 
clear, however, and may be partly semantic. In head and neck cancer for instance, 
most patients die due to their locoregional recurrence. This implies that predicting the 
response to a therapy (i.e. locoregional recurrence) is also prognostic. Another example is 
hypoxia which is a known predictive factor for radiotherapy because it renders cells more 
radioresistant, but is also an important factor for chemotherapy for different biological 
reasons (e.g. drug sanctuary, reduced proliferation). It is therefore not a specific predictor 
for one treatment but it can be predictive for both treatments. These are examples that 
illustrate this grey area. However, a more important factor than which term should be 
applied is whether a biomarker proves to be useful in indicating which therapy should be 
given or withheld in an individual patient.
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The series of patients studied here included different tumor subsites of the head and neck 
and the application of two combined modalities, namely radiation and chemotherapy. 
In an ideal situation one would like to find a profile for response to chemotherapy and a 
separate profile for radiation, and subsequently combine these to obtain the maximum 
predictive information to select patients for either radiotherapy alone of chemoradiation. 
For example, it is unlikely that the set of genes determining the response to cisplatin are 
the same as those determining radiation sensitivity. Cisplatin sensitivity genes are likely 
to include those for nucleotide excision repair and some drug transporters, which are not 
known to affect the radiation response. Separating the modalities followed by combining 
predictors could also help understand in what way cisplatin has a synergistic effect with 
radiotherapy. 

In a study performed by de Jong et al (1), a more homogeneous group of T1-2 laryngeal 
carcinomas treated with radiotherapy alone was used to perform expression profiling by 
microarray experiments. Two advantages of this series are the single treatment modality 
and possibly less intratumoral heterogeneity accompanying less advanced tumors. The 
study indicated CD44, a putative stem cell gene, to be predictive. In the present series (see 
chapter 3) CD44 did not reach statistical significance as a predictor, although this gene 
and a second stem cell signature showed a strong trend for correlation with outcome. It 
is possible that other factors dominate in more advanced tumors as studied in our series.

Our microarray data were picked up by other scientists in the field, and Torres-Roca was 
able to find a radiosensitivity gene expression profile, which could predict outcome in 
our series and also in other cancer sites (Chapter 4). Recently this profile was additionally 
validated on two series of breast cancer patients (2). These data are consistent with 
the notion that intrinsic radiosensitivity can vary in tumors and is an important factor 
determining outcome in patients given radiotherapy. It is also consistent with previous 
data indicating that radiosensitivity of cells extracted from biopsies was shown to correlate 
with local control after radiotherapy in both cervix cancer (3) and head and neck cancer (4)

In addition to gene expression profiles, a further biological factor, which is now recognized 
as important in affecting outcome, is whether the tumor exhibits a human papilloma virus 
infection. This must therefore be taken into account when predicting outcome of therapy 
for this disease. Patients infected with HPV represent a distinct population within head and 
neck cancer patients. Distinguishing such patients from non-HPV patients could change 
the way we treat them. We showed that HPV could be determined with gene expression 
profiling (chapter 5). This could be of additional value to the golden standard, namely, 
P16 expression followed by FISH or DNA PCR for viral presence. Although we found 
that P16 alone appears to be a reliable and simple marker for routine usage (chapter 
6), making it a practical test, a positive P16 staining followed by FISH or DNA PCR is 
probably the most accurate test of HPV positivity.

Within the HPV-positive tumors there are also subgroups with different outcomes after 
therapy, as is described in chapter 6. This could have an effect on the treatment of this 
group. Instead of de-intensifying treatment for all HPV positive tumors, one could choose 
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to give a more intense treatment for the subgroup with a poorer outcome. Distinguishing 
these subgroups could also give insight into the mechanisms why some HPV positive 
tumors still responds poorly to therapy. These subgroups include EGFR positive and 
negative tumors, since we showed that EGFR positive tumors within our HPV positive 
series had a worse overall survival. This was measured using immunohistochemistry. 
Although the scoring was done as accurately as possible, the problems we discussed in the 
introduction remain a concern with some immunohistochemistry stainings such as EGFR, 
since quantification methods of immunohistochemical stainings are not standardized 
yet, but seem promising and are in an experimental phase (5), and you have to rely on 
personal interpretation of the scoring, which can differ between different studies. EGFR 
is not only a known biomarker, but also a target for therapy. But since the expression is 
generally high within head and neck squamous cell carcinomas, and expression level 
is not related to response to cetuximab ((6), the usability as a biomarker for cetuximab 
therapy can be doubted.  

Until now, prognostic markers used in head and neck cancer have been clinical factors. 
However, there is increasing knowledge of the biological (genetic) variability between 
tumors and how this affects treatment response. It is therefore highly probable that 
combining biological factors with clinical factors will provide better outcome predictors, 
especially given the limited power of clinical predictors alone. Gene expression profiles, 
as we and others have shown, can provide biological information useful for predicting 
outcome. The question remains as to which technique is the most suitable to find 
biomarkers and which profiles have consequences for treatment. 

Techniques have advanced considerably in recent years, and RNA/DNA sequencing is now 
evolving rapidly. A great advantage of this technique is the usage of paraffin material to 
extract the DNA/RNA. This makes it easier to investigate large clinical series. MicroRNAs 
(miRNAs) can also be studied this way. MicroRNAs have been shown to regulate the 
expression of up to 50% of human genes, including those involved in the response to 
radiation (7-9) and are often deregulated in cancer (10) Expression profiling of miRNAs 
is therefore a valuable additional tool in searching for outcome predictors, and it gives 
additional and independent information from messenger RNA (mRNA) profiling. Some 
miRNAs have been shown to be hypoxia inducible and one of these has been shown 
to have prognostic significance in HNSCC treated with postoperative radiotherapy (11). 
One way forward in the search for better genetic predictors would therefore be to add 
microRNA expression data to messenger RNA data.

It should be noted that in our series we mainly looked at mRNA levels, and as a 
consequence somatic mutations will not be found with this technique. It is likely that 
some of these mutations could lead to a change in the response to treatment, particularly 
if they affect for example DNA repair, tolerance to hypoxia or repopulating ability. The 
measurement of expression only therefore has limitations. In the future, as next generation 
DNA/RNA sequencing methods continue to improve, these will be applied in preference 
to microarray methods, since they provide both expression and mutation data.
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Protein levels and their possible post-translational modifications are also not measured 
with this technique. Ideally, since proteins drive cells, tissues and tumors, we would 
ideally prefer to measure these. Proteomics involves a variety of techniques, which could 
give insight into protein expression and their function. These techniques however are 
more difficult than expression profiling, since the chemical structure of proteins is more 
variable. This makes techniques such as array profiling more difficult, for example. It is 
likely however that proteomics may play a progressively larger role in prediction as the 
methods continue to be improved. Another interesting development is the kinase assay 
as developed by Pamgene. Kinases are an important drug target for treating cancer. They 
are involved in signal transduction. In cancer, the functioning of several protein kinases 
is altered, often deregulating cell division and thus contributing to tumor expansion and 
metastasis. Kinases function by catalyzing phosphorylation reactions. This assay can 
measure the activity of these kinase enzymes.

Despite the shortcomings of gene expression profiling by microarrays compared with 
other and newer techniques, it has proven to be successful in several tumors, leading to 
clinically and commercially used biochips (e.g. Mammaprint, Oncotype DX). We therefore 
conclude that this technique can be useful for clinical purposes, preferably combining 
these with clinical factors, as we have shown in this thesis. 

Ideally, one would like to be able to test multiple robust expression profiles, each 
measuring a relevant biological process (e.g. hypoxia, DNA repair, repopulating ability, 
drug transporters) and combine them together and with clinical factors to see which 
patients respond best to chemoradiation. In addition, one could consider giving alternate 
treatments to patients with tumors predicted to be resistant to the standard treatment. 
At present this extensive surgery combined with radiotherapy of chemoradiation or a 
combination of radiotherapy with cetuximab as other organ preserving modalities are 
currently not available. With the development of novel molecularly targeted drugs, 
some of which will influence the radiation response, it is expected that the number of 
alternatives will increase, and with it the usefulness of predictive biomarkers.

  A recent study by Forastière et al. showed that the 10-year overall survival rate for stage 
III and IV laryngeal carcinomas treated with chemoradiation was not significantly different 
from that for patients treated with radiotherapy only (12). When looking at trends for 
overall survival of advanced laryngeal carcinomas in recent years, the survival has become 
worse with chemoradiation compared to patients treated with a laryngectomy (13), while 
the prognosis for other head and neck sites has improved. Especially in nasopharyngeal, 
oropharyngeal and hypopharyngeal cancer, prognosis has increased, probably 
because of the increased use of chemoradiation and better radiotherapy techniques. 
In oropharyngeal cancer however, also the rise in HPV related cancer might be partially 
responsible for a better outcome in recent years. After chemoradiation, salvage surgery 
can sometimes be used if there is a recurrence. However, this surgery is more complicated 
and leads to more frequent and serious complications (14). Furthermore, the oncologic 
outcome for salvage surgery is often disappointing. These recent insights make it clear 
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that even though there are no other new organ preserving therapies in routine clinical 
practice, distinguishing potential responders from non-responders in chemoradiation 
is of the utmost importance, since predicted non-responders could be spared a toxic 
treatment, and for some tumors surgery is a good alternative. 

Organ preserving treatment protocols such as chemoradiation have been widely used in 
recent years. Although these treatments are organ preserving, retaining function, such as 
swallowing and voice is not always achieved (15, 16).

Individualizing treatment is the next step to achieve better results in head and neck cancer 
patients. Potentially this can be achieved with biomarkers combined with clinical factors, 
as discussed in this thesis, which should be applied during the testing of new modalities 
so that the best biomarkers can be derived for each new treatment. Whether we call these 
biomarkers predictive or prognostic is less important. More important is these markers 
possibly indicate biological mechanisms that can be targeted in the future, enabling 
more personalized treatment choices. Another possibility for the future could be based 
on Chemoselection, using the primary response to one cycle of induction chemotherapy 
as an in vivo method to select responders for definitive chemoradiation (17, 18), or ex-
vivo short term tissue cultures in which different treatments can be tested to select the 
most effective. 

In conclusion, we can state that it is possible to predict outcome after chemoradiation 
in head and neck cancer using gene expression profiles. New techniques such as next 
generation DNA sequencing and proteomics will offer more complete and accurate 
information and, in combination with clinical factors, can lead to better individualization 
of treatment and the consequent improvement in morbidity free survival.
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summary

Chapter 1
The introduction describes the epidemiology, etiology and treatment options of advanced 
head and neck cancer. We explain the need for predictive and prognostic biomarkers 
compared to known clinical factors that influence outcome. Gene expression profiling and 
microarrays are explained, and why we use these techniques. There have been several 
successful expression profiles described in head and neck tumors as well as in other 
tumors. The goal of this thesis was to find biomarkers through gene expression profiling, 
using microarray techniques, which can predict outcome after concurrent chemoradiation 
in head and neck cancer. 

Chapter 2
Results of gene expression profiling studies from different institutes often lack consistency. 
This could be due to the use of different microarray platforms and protocols, or to intra-
tumoral heterogeneity in mRNA expression. In this chapter we quantify intra-tumoral 
heterogeneity in head and cancer.

Forty-four fresh frozen biopsies were taken from 22 patients, two per tumor. RNA was 
extracted, tested for quality, amplified, labeled and hybridized to a 35k oligoarray. 
Unsupervised clustering analyses using all genes, the most variable genes, or random gene 
sets showed that 80-90% of biopsy pairs clustered together. A within-pair-between-pair 
scatter ratio analysis showed that the similarity between matching pairs was significantly 
greater than that between random pairs.

We showed that two biopsies from the same tumor show far greater similarity in gene 
expression than biopsies from different tumors, supporting the use of one biopsy for 
expression profiling.

Chapter 3
The goal was to improve prediction of outcome after chemoradiation in advanced head 
and neck cancer using gene expression analysis. 

We collected 92 biopsies from untreated head and neck cancer patients subsequently 
given cisplatin-based chemoradiation (RADPLAT) for advanced squamous cell carcinomas 
(HNSCC). After RNA extraction and labeling we performed dye swap experiments using 
35k oligo-microarrays. Supervised analyses were performed to create classifiers to predict 
local control, locoregional control and disease recurrence. Published gene sets with 
prognostic value in other studies were also tested. 

Using supervised classification on the whole series, gene sets separating good and 
poor outcome could be found for all end-points. However, when splitting tumors 
into training and validation groups, no robust classifiers could be found. Using Gene 
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Set Enrichment analysis, several gene sets were found to be enriched in locoregional 
recurrences, although with high false discovery rates. Previously published signatures for 
radiosensitivity, hypoxia, proliferation, ”wound”, stem cells, and chromosomal instability 
were not significantly correlated with outcome. A recently published signature by Chung 
et al for HNSCC defining a “high risk” group was shown to be predictive for locoregional 
control in our dataset. 

Gene sets can be found with predictive potential for locoregional control after combined 
radiation and chemotherapy in HNSCC. 

Chapter 4
Development of a radiosensitivity predictive assay is a central goal of radiation oncology. 
We reasoned a gene expression model could be developed to predict intrinsic 
radiosensitivity and treatment response in patients. Radiosensitivity was modeled as a 
function of gene expression, tissue of origin, ras status  and p53 status  in 48 human 
cancer cell lines. Ten genes were identified and used to build a rank-based linear 
regression algorithm to predict an intrinsic radio sensitivity index (RSI, high index = 
radioresistance). This model was applied to three independent cohorts treated with 
concurrent chemoradiation: head-and-neck cancer, rectal cancer and esophageal cancer. 
Predicted RSI was significantly different in responders (R) vs. non-responders (NR) in the 
rectal, esophageal and combined rectal/esophageal cohorts. Using a threshold RSI of 
0.46, the model has a sensitivity of 80%, specificity of 82%, and positive predictive value 
of 86%. Finally, we evaluated the model as a prognostic marker in HNC. There was an 
improved 2-year locoregional control (LRC) in the predicted radiosensitive group (2-year 
LRC 86% vs. 61%, p = 0.05). In conclusion, we validated a robust multigene expression 
model of intrinsic tumor radiosensitivity in three independent cohorts. 

Chapter 5
The purpose of this study was to combine gene expression profiles and clinical factors 
to provide a better prediction model of local control after chemoradiation for advanced 
head and neck cancer.

Gene expression data were available for a series of 92 advanced stage head and neck 
cancer patients treated with primary chemoradiation. The effect of the Chung high risk 
and Slebos HPV expression profiles on local control was analyzed in a model with age at 
diagnosis, gender, tumor site, tumor volume, T-stage and N-stage and HPV profile status. 
Among 75 patients included in the study, the only factors significantly predicting local 
control were tumor site (oral cavity vs. pharynx, hazard ratio 4.2 [95% CI 1.4-12.5]), Chung 
gene expression status (high vs. low risk profile, hazard ratio 4.4 [95% CI 1.5-13.3]) and HPV 
profile (negative vs. positive profile, hazard ratio 6.2 [95% CI 1.7-22.5]). The Chung high 
risk expression profile and a negative HPV expression profile were significantly associated 
with increased risk of local recurrence after chemoradiation in advanced pharynx and oral 
cavity tumors, independent of clinical factors. 
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Chapter 6
We determined the incidence and predictive value of HPV-presence in a series of 
oropharyngeal squamous cell carcinomas (OSCC) and hypopharyngeal carcinomas 
(HSCC), all treated with chemoradiation.    

Patients with advanced OSCC (n=111) and HSCC (n=46) were treated with concurrent 
radiotherapy.

Tissue microarrays were conducted for p16INK4A- and EGFR-immunohistochemistry and 
HPV16-specific FISH-analysis. Tissue blocks were used for DNA isolation and subsequent 
HPV-specific PCR in 2 cases. Endpoints included local- and locoregional control, distant 
metastasis and disease free survival.    

Out of 111 OSCC, 37 (33%) were p16INK4A-positive, of which 35 were HPV16- en 2 HPV33-
positive. HPV-positivity predicted locoregional control (p=0.039), the absence of distant 
metastases ((p= 0.012) and a more favourable disease free survival (p= 0.001). Within 
the HPV-positive group, EGFR-immunopositive tumors had a worse survival than EGFR 
negative cases (p= 0.02). Nine out of 31 smokers developed recurrent diseases versus 1 
out of 6 non-smokers (no significant difference). Only 1 HPSCC (2%) was HPV16-positive.

We conclude that P16INK4A is a good surrogate marker for high-risk HPV-positive 
oropharyngeal cancer. HPV-presence in advanced OSCC predicts decreased risk of 
locoregional recurrences, distant metastases and a favourable disease free survival. 
Interestingly, EGFR-immunopositivity was an unfavourable prognosticator in HPV-positive 
tumours. 

Chapter 7
This chapter contained general discussion about the previous chapters.
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samenvattIng

hoofdstuk 1
In de introductie worden de epidemiologie, etiologie en behandelmogelijkheden van 
hoofd-halstumoren in vergevorderde stadia beschreven. Wij benadrukken de noodzaak 
van prognostische biologische markers ten opzichte van bekende klinische factoren, om 
de uitkomst van een behandeling te voorspellen.

De termen ‘gen expressieprofiel’ en ‘microarray’ worden uitgelegd en waarom wij 
deze technieken gekozen hebben in onze studies. Er zijn verscheidene succesvolle 
expressieprofielen gevonden voor hoofd-hals tumoren en andere tumoren. Het doel van dit 
proefschrift is om biologische markers te vinden door middel van gen expressieprofielen, 
die genezing voor chemoradiatie kunnen voorspellen in hoofd-halstumoren. 

hoofdstuk 2
Resultaten van verschillende gen expressie studies komen vaak niet met elkaar overeen. 
Een van de oorzaken zou te maken kunnen hebben met het gebruik van verschillende 
microarray platformen, of intra-tumorale heterogeniteit van mRNA expressie. In 
dit hoofdstuk kwantificeren wij de intra-tumorale heterogeniteit binnen hoofd-
halstumoren. Hiervoor werden 44 vers ingevroren biopten afgenomen van in totaal 22 
patiënten; 2 per tumor. RNA werd geëxtraheerd en getest voor kwaliteit. Hierna werd 
het RNA geamplificeerd, gelabeld en gehybridiseerd op een 35k oligoarray. Een niet-
gesuperviseerde clusteranalyse van alle genen, maar ook een serie van willekeurige 
genen liet zien dat 80-90% van de biopsieparen clusterden.

Een aanvullende ‘within-pair-between-pair’ analyse liet zien dat de overeenkomende 
genen binnen de paren significant groter is dan tussen willekeurige paren. Daarmee laten 
we zien dat twee biopten uit 1 tumor veel meer op elkaar lijken qua genexpressie dan 
biopten van andere tumoren. Dit ondersteunt het gebruik van 1 biopt voor gen expressie 
studies in hoofd-hals tumoren.

hoofdstuk 3
Het doel was, om met behulp van gen expressie profielen, te voorspellen of patiënten 
met gevorderde hoofd-hals tumoren goed reageren op chemoradiatie.

Hiervoor hebben we 92 biopten verzameld van onbehandelde hoofd-hals kanker 
patiënten. Allen werden behandeld met chemoradiatie (RADPLAT) . RNA werd 
geëxtraheerd, gelabeld en gehybridiseerd op een 35k oligoarray. Verscheidene analyses 
werden uitgevoerd om een profiel te vinden dat lokale controle, locoregionale controle 
en ziektevrije overleving kon voorspellen. Ook bekende gepubliceerde gen profielen met 
prognostische waarde werden getest.
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Met behulp van gevalideerde analysemethoden werden er  geen robuuste profielen 
gevonden. Een recent gepubliceerd gen profiel door Chung et al, dat patiënten met een 
‘hoog risico’ kan identificeren bleek voorspellend voor locoregionale controle in onze 
serie.  We concluderen dat er genensets gevonden kunnen worden die een voorspellende 
waarde hebben voor locoregionale controle na chemoradiatie voor hoofd-halstumoren.

hoofdstuk 4
Het ontwikkelen van een voorspellend model voor bestraling is een belangrijk doel binnen 
de radiotherapie. Dit wilden we graag doen met behulp van een gen expressiemodel. 
Genen met betrekking tot radiosensitiviteit werden bepaald aan de hand van een in vitro 
model, uitgevoerd op 48 menselijke cellijnen. Tien van deze genen werden gebruikt voor 
een  algoritme die radiosensitiviteit (radiosensitivity index= RSI) konden voorspellen. 
Dit model is toegepast op 3 onafhankelijke cohorten, behandeld met chemoradiatie: 
hoofd-halstumoren, rectumtumoren oesophagustumoren. De RSI was significant 
verschillend tussen patiënten met een rectumtumor of oesophagustumor die wel of 
niet goed reageerden op chemoradiatie. Een afkapwaarde van de RSI van 0.46 binnen 
het model leidde tot een sensitiviteit van 80% en specificiteit van 82% met een positief 
voorspellende waarde van 86%. Dit model werd tenslotte getest op onze serie hoofdhals 
tumoren, behandeld met chemoradiatie. Ook in deze serie liet ons in vitro ontwikkelde 
model een significant betere locoregionale controle zien voor patiënten die gevoeliger 
zouden zijn voor bestraling. Deze studie valideert het model voor radiosensitiviteit in 3 
onafhankelijke tumorgroepen.

hoofdstuk 5
Het doel van deze studie is om gen expressieprofielen te combineren met klinische 
factoren teneinde lokale controle na chemoradiatie in hoofdhals tumoren te voorspellen.

Een genexpressie dataset was beschikbaar van 92 patiënten, allen behandeld met 
chemoradiatie. Het effect van het Chung- en Slebos-HPV profiel werd geanalyseerd in 
een model met leeftijd, geslacht, tumorlocatie, volume, T- en N-stadium. Binnen de 75 
patiënten die geïncludeerd waren in deze studie waren tumorlocatie, Chung profiel en 
HPV profiel significant voorspellend voor lokale controle. Het Chung hoog-risicoprofiel 
gecombineerd met een negatief HPV gen expressieprofiel is voorspellend voor lokale 
controle binnen hoofd-hals tumoren, onafhankelijk van klinische factoren.

hoofdstuk 6
De incidentie en voorspellende waarde van Humaan Papilloma Virus (HPV) is bepaald 
in een serie van 111 oropharynx carcinomen en 46 hypopharynx carcinomen; allen 
behandeld met chemoradiatie. Van deze tumoren werd een tissue array vervaardigd, 
waarmee P16-, EGFR- expressie immunohistochemisch werden bepaald. Tevens werd 
een HPV16 specifieke FISH kleuring uitgevoerd. De uitkomsten werden gerelateerd aan 
lokale controle, locoregionale controle en ziektevrije overleving. Van de 111 oropharynx 
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tumoren waren er 37 P16 positief (33%). Hiervan waren er 35 HPV16 en 2 HPV33 positief. 
HPV positiviteit voorspelde een betere locoregionale controle, de afwezigheid van 
afstandsmetastasen en een betere ziektevrije overleving. Binnen de HPV-positieve groep 
hebben EGFR positieve tumoren een slechtere overleving dan EGFR negatieve tumoren. 
Rokers binnen deze groep ontwikkelen meer recidieven/metastasen, maar dit verschil is 
niet significant.  Slechts 1 hypopharynx carcinoom was HPV16 positief ( 2%).

P16 is een goede surrogaatmarker voor hoog stadium  HPV oropharynx tumoren. De 
aanwezigheid van HPV geeft minder kans op afstandsmetastasen en een betere ziektevrije 
overleving. EGFR positiviteit heeft een ongunstige prognose voor HPV positive tumoren.

hoofdstuk 7
In dit hoofdstuk worden voorgaande hoofdstukken besproken en bediscussieerd. 
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Color seCtIon

Chapter 2 figure 4 page 31. Permutation test of the within-pair-between-pair-scatter ratio (WPBSR). 
The histogram shows the distribution after randomly pairing biopsies, repeated 5000 times. The 
red line represents the WPBPSR of the matched biopsy pairs (WPBPSR = 0.55), showing a highly 
significant difference from the random pairings (p < 0.00001).

Chapter 4 figure 1 page 68. Radiosensitivity index (RSI) is correlated with clinical response to 
concurrent radiochemotherapy in rectal andesophageal cancer patients. (A) The mean predicted RSI 
of responders is significantly lower than in nonresponders in both clinical cohorts (esophageal: p 
= 0.05, rectal: p = 0.03). (B) Predicted RSI of each individual patient in the cohorts (combined: p = 
0.001511).
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Chapter 6 figure 1 page 101. Representative examples of (A) an HPV16-positive OPSCC with a 
strong nuclear and cytoplasmic p16INK4A immunohistochemical staining pattern in all tumour cells, 
(B) an HPV16-positive OPSCC with a punctated FISH pattern, (C) an HPV-negative OPSCC with 
strong EGFR immunostaining of the tumour cell membranes and (D) an HPV-positive, EGFR negative 
OPSCC. 




