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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.



41

3

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 



51

3

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
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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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