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Background: Despite improvement in therapeutic techniques, patients with early-stage laryngeal cancer still recur
after treatment. Gene expression prognostic models could suggest which of these patients would be more appropriate
for testing adjuvant strategies.
Materials and methods: Expression profiling using whole-genome DASL arrays was carried out on 56 formalin-fixed
paraffin-embedded tumor samples of patients with early-stage laryngeal cancer. We split the samples into a training
and a validation set. Using the supervised principal components survival analysis in the first cohort, we identified gene
expression profiles that predict the risk of recurrence. These profiles were then validated in an independent cohort.
Results: Gene models comprising different number of genes identified a subgroup of patients who were at high risk of
recurrence. Of these, the best prognostic model distinguished between a high- and a low-risk group (log-rank
P < 0.005). The prognostic value of this model was reproduced in the validation cohort (median disease-free survival:
38 versus 161 months, log-rank P = 0.018), hazard ratio = 5.19 (95% confidence interval 1.14–23.57, P < 0.05).
Conclusions: We have identified gene expression prognostic models that can refine the estimation of a patient’s risk
of recurrence. These findings, if further validated, should aid in patient stratification for testing adjuvant treatment
strategies.
Key words: early stage, expression profiling, laryngeal cancer, recurrence

introduction
Laryngeal cancer is one of the most common subtypes among
head and neck malignancies [1, 2]. In about half of the cases,

laryngeal cancer is located on the vocal cords. These patients
frequently present in early stages with persistent hoarseness
[3]. Early-stage (T1NOMO, T2NOMO) disease can be treated
with radiotherapy or partial laryngectomy, endoscopic or open,
according to the NCCN guidelines [4]. Five-year survival of
patients with early-stage laryngeal cancer is 80%–85% after
potentially curative treatment [5, 6]. Despite the improvement
of the therapeutic techniques, some patients still recur after
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treatment. Known prognostic factors for early-stage disease are
tumor differentiation [7, 8], involved margins of the dissection
[9] and perineural invasion [10, 11]. However, these factors
cannot adequately predict which patients will recur or not and
the assessment of risk needs further refinement. Expression
profiling has been successfully used in other types of cancer to
identify subgroups of patients with early-stage disease who
would potentially benefit from the administration of more
aggressive treatments [12–15]. Molecular profiling, in
early-stage cancer of the larynx, is a field that has not been
extensively studied. Some microarray studies, focusing mostly
on advanced laryngeal cancer, have revealed candidate
molecular markers of laryngeal cancer, genes predictive of
metastasis and genes differentially expressed between cancer
and non-neoplastic tissue or between early and advanced
cancer of the larynx [16–20].
In this study, we carried out expression profiling using

paraffin samples on a panel of patients with early-stage
laryngeal cancer. Splitting our cohort randomly in half, we
identified genes prognostic of disease-free survival (DFS) in the
first set and validated their performance in the second
independent set of samples. We were able to identify several
gene sets with similar performance, which were able to
distinguish patients at high risk of recurrence.

materials and methods

study population
Our cohort includes 61 early-stage squamous cell laryngeal cancer samples
from patients diagnosed between 1994 and 2007. These patients were part
of two longitudinal cohorts of 78 and 37 early-stage (T1N0M0, T2N0M0)
laryngeal cancer patients treated between 1994 and 2007 at two institutions,
the AHEPA hospital of Thessaloniki and the ‘Metaxas’ Cancer Hospital,
Piraeus, respectively. Among these 115 patients, we focused on the ones for
whom we had available associated tissue material. All patients were treated
locally either with surgery or radiotherapy. None of the patients received
chemotherapy. Follow-up examinations included physical examination and
endoscopy every 6 months. Additional examinations were carried out as
indicated.

tumor specimens
Formalin-fixed paraffin-embedded (FFPE) samples were collected from the
Department of Pathology of the Aristotle University of Thessaloniki and
from the Department of Pathology of the ‘Metaxas’ Cancer Hospital in
Piraeus. We used paraffin blocks with a tumor cell content of >50%, which
is consistent with recent literature [21]. All slides were once more reviewed
by a single specialist pathologist (MB). The present study was approved by
the Bioethics Committee of the Aristotle University of Thessaloniki, School

of Medicine. Waiver of consent was obtained from this committee for all
patients included in the study before 2003. All patients included in the
study after 2003 provided their informed consent for the provision of
biological material for future research studies.

RNA isolation and whole-genome DASL profiling
FFPE samples were cut into 1- to 3-mm cores. Isolation of total RNA was
carried out using the Qiagen RNeasy FFPE protocol. Profiling included
whole-genome 24K DASL (c-DNA-mediated, Annealing, Selection and
Ligation) arrays (Illumina, San Diego, CA). The DASL assay is a bead-
based method for high-throughput expression profiling of degraded RNA,

frequently found in FFPE samples [22–25]. Profiling experiments were
carried out at the Molecular Genetics Core, Children’s Hospital (Boston)
and Harvard Medical School. Outlier exclusion was based on the percent
present call of the samples and their ratio signal to background noise. Our
exclusion criteria included either a ‘signal to background noise ratio value’
<2 or >100 or a detection rate <3000 genes, P < 0.05. Detailed values can be
found in the supplemental Table S6 (available at Annals of Oncology
online).

Normalization was carried out following commercially available
manufacturer instructions (Genome StudioTM, Gene Expression Module
v1.0 User Guide; Illumina). Sample intensities are scaled by a factor equal
to the ratio of average intensity of a virtual reference sample to the average
intensity of a given sample. Background is subtracted before the scaling.

The gene expression data have been deposited in National Center for
Biotechnology Information Gene Expression Omnibus (GEO, http://www.
ncbi.nlm.nih.gov/geo/) and are available through GEO series accession
number GSE25727. The following link has been created to allow review of
record GSE25727: http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?
token=jbkdfscswekwgdw&acc=GSE25727.

statistical analysis
First, we randomly split our cohort into a training and a validation set.
Survival models were developed exclusively on the training set. We focus
on genes univariately associated with DFS (P < 0.05, Cox proportional
hazard model). We ranked these genes based on their hazard ratio (HR)
and chose several sets with different numbers of top ranking genes. Using
the supervised principal component survival algorithm [26], we developed
prognostic models to assign a risk of recurrence to each clinical sample. We
directly applied these models to the validation set without any
modification. Kaplan–Meier (DFS) curves were plotted for two risk groups,
with higher or lower than median risk of death. Statistical significance was
assessed using a random permutation-corrected log-rank test. All reported
P values are two-sided. Univariate and multivariate adjustment for known
prognostic factors was carried out using Cox proportional hazards analysis.
Analyses were carried out using BRB-ArrayTools developed by Dr Richard
Simon and BRB-ArrayTools Development Team and SPSS software,
version 18, (IBM Corporation, NY).

We used Subclass Mapping (Submap) methodology (Gene Pattern
Software, Version 3.0; Broad Institute) [27] to assess whether high- and

low-risk groups of the training set correspond molecularly to the respective
groups of the validation set. Submap is an unsupervised method which
assesses the molecular similarity of groups of samples in multiple
independent datasets despite their technical differences. This algorithm
assesses the enrichment of the expression profile of each predefined
phenotype in the first dataset for marker genes identified in the other
dataset. A P value is also provided to show the likelihood that these
different phenotypes share similar underlying molecular properties.

We also carried out gene set analysis (GSA) [28] to assess whether the
expression profiles of groups with high- or low-risk patients were enriched
for biological themes or functional groups of genes.

Finally, we applied publicly available, experimentally developed and
validated gene expression ‘readouts’ of oncogenic pathway activation. These
readouts were utilized to train Bayesian probit regression models to
estimate the probability of activation of each of those pathways [29]. We
applied these models on each sample of our study, after correcting for
nonbiological experimental variation between the two different datasets,
using the batch effect adjustment algorithm [30]. Each individual sample
was assigned a probability value (from zero to one) of pathway activation.
In order to afford high confidence, a probability value >0.8 was used as a
cut-off for predicted pathway activation. We used these predictions to
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explore associations between known oncogenic pathways and the different
subgroups, employing 2 × 2 table statistics and odds ratios.

results

identification and validation of multigene
prognostic classifiers
The flow of our study can be seen in Figure 1. First we
excluded five technical outliers. The clinical characteristics of
the remaining patients are listed in Table 1. We then randomly
split the remaining 56 samples into two equal groups, training
and validation sets. In the training set, we identified different
prognostic models choosing genes associated with DFS (Cox
regression P = 0.05) after ranking them based on their absolute
HR value. Models with a range of different number of genes
(40–100) carried out well in the training set. A gene set
comprising 70 top ranking genes was the best prognostic
model in the training set (median DFS: 92 versus 123 months,
log-rank P = 0.003, permutation P = 0.04; Figure 2). Gene
models with as few as 40 genes gave similar and significant
results. We then applied these models (40–100 genes) to the
validation set and demonstrated that they could distinguish
between high- and low-risk samples (median DFS: 38 versus
161 months for the 70-gene model, log-rank P = 0.018). HR of
recurrence for the high-risk group versus the low-risk group in

the validation set was HR = 5.19 [95% confidence interval (CI)
1.14–23.57, P = 0.033] (an HR for the training set could not be
estimated because of the small number of events). Results for
the additional gene models demonstrated statistical
discrimination of low- and high-risk samples and can be found
in the supplemental Table S1 (available at Annals of Oncology
online). Concordance between the risk assignments using
different gene sets was high, 87% (Cramer V test = 0.729),
suggesting that the risk assessments based on the different
prognostic models represent a stable genomic phenotype.
Detailed identification of the genes in the 70-gene model can
be found in the supplemental Table S2 (available at Annals of
Oncology online).
We were interested in evaluating whether the effect of the

70-gene model was independent of known clinicopathological

Figure 1. Consort diagram. The initial cohort comprises 61 samples. After
excluding outlier samples, we randomly split the cohort into two sets of 28
patients each. The first set of patients was used to develop prognostic gene
models, which were then independently validated in the second set of
patients. We used SubMap to assess the molecular correspondence of
low- and high-risk phenotypes in the training and validation sets.

Table 1. Clinical and pathological characteristics of training and
validation cohorts

Clinical and pathological
characteristics

Training set Validation set

Patients
(n = 28)

Patients
(n = 28)

Characteristics No. (%) No. (%) P value
Age
Median (range) 62.5 (48–77) 63 (40–87) 0.902

Gradea

1 11 (47.83) 10 (38.46) 0.925
2 9 (39.13) 12 (46.15)
3 3 (13.04) 4 (15.38)

Gender
Male 26 (92.86) 26 (92.86) 0.681
Female 2 (7.14) 2 (7.14)

Smoking
Yes 23 (82.14) 26 (92.86) 0.197
No 5 (17.86) 2 (7.14)

Alcohol consumption
Yes 15 (53.5) 14 (50) 0.449
No 13 (46.5) 14 (50)

Treatment modality
Surgery 23 (82.1) 24 (85.7) 1.000
Radiation therapy 5 (17.9) 4 (14.3)

Disease-free survival (months)
Median (range) 48 (1–148) 59 (0–161) 0.376

Recurrence site
Primary site 7 (25) 7 (25) 1.000
Lymph nodes 2 (7.14) 1 (3.57)
Distant site 0 (0) 0 (0)

Differences between patients of the training and validation sets were
assessed using t-statistics for grade, gender, smoking status (defined as any
smoking versus no smoking), treatment modality, recurrence site and
alcohol consumption. Differences between patients of the training and
validation sets were assessed using Mann–Whitney U test for age and
disease-free survival. There was no statistically significant difference
between training and validation sets in age, grade, gender, smoking status,

alcohol consumption, treatment modality used and recurrence site or
disease-free survival.
aGrade was not available for seven patients.
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prognostic factors. We first determined that high- and low-
risk groups were well balanced for grade, smoking status and
alcohol consumption. Using the entire dataset, we indeed
observed that the 70-gene model maintained its prognostic
significance, while grade did not. Specifically, for the 70-gene
model, the univariate and multivariate HR of recurrence for
the high-risk group versus the low-risk group was 8.33 (95% CI
2.29–30.32, P = 0.001) and 8.33 (95% CI 2.25–30.75, P = 0.001),
respectively. For the histological differentiation, the univariate
and multivariate HR was 1.86 (95% CI 0.96–3.60, P = 0.07) and
1.41 (95% CI 0.75–2.65, P = 0.28). Similarly, several models
ranging from 40–100 genes maintained independent
prognostic significance (details in supplemental Table S3,
available at Annals of Oncology online).
For further external validation, we looked at publicly

available gene expression datasets. Very few, if any, were
comparable to our collection of samples. We used gene
expression data for 24 laryngeal cancer samples, published by
Chung et al. in 2004 [31]. Focusing on the 34 genes of our
predictor that were present in that platform, we used
hierarchical clustering and identified two groups with a
statistically significant difference in DFS (median DFS: 16
months versus not yet reached, log-rank P = 0.01). Thus,
despite the technical differences and the disparate nature of
this second independent dataset (Agilent versus Illumina,
different number of probe sets; advanced-stage versus early-
stage laryngeal cancer samples, different biological material),
we were able to reproduce the power of our gene signature.
Furthermore, we explored whether possible heterogeneity in

the characteristics and treatment patterns in our cohort may
have influenced our results. First, we split our patients into two

groups based on the date of diagnosis, treated before and after
2000 (median time point). We carried out multivariate analysis
using a Cox proportional hazards regression, with the gene
model and the chronologically defined subsets as covariates
and demonstrated that our signature was independent of the
time effect on our cohort (HR = 7.97, 95% CI 2.18–29.14,
P = 0.002). Additionally, we considered that two different
modalities, surgery and radiation therapy were used to treat
these patients. We examined whether our training and
validation sets as well as high- and low-risk patients, as defined
by our 70-gene model, were enriched for patients treated either
with surgery or radiation therapy. We indeed observed that
there was no statistically significant difference in the
therapeutic modality used either between the training and
validation sets or in the high- and low-risk groups (Fisher’s
exact test, P = 1.000 and P = 1.000, respectively). Furthermore,
we assessed whether patients treated with radiation had a
survival difference compared with the ones treated with
surgery. There was not a statistically significant difference
between the two groups (P = 0.36).

molecular match of high- and low-risk groups
between the training and validation sets
We then sought to assess whether the high- and low-risk
samples in the training set were molecularly homologous to
the respective groups in the validation set above and beyond
the expression patterns of the 70-gene model. For this reason,
we used Subclass Mapping (Submap), a method that assesses
the molecular correspondence (molecular match) of predefined
subtypes in different datasets above and beyond the collection

Figure 2. Association between 70-gene model and disease-free survival (DFS) in the training and validation sets. Based on the 70-gene model, 13 patients
of the training set and 8 patients of the validation set were predicted as high risk, while 15 patients of the training set and 20 patients of the validation set
were predicted as low risk. The 70-gene model distinguished between a high- and a low-risk group in the training set with a median DFS of 92 and 123
months, respectively (log-rank P < 0.003, permutation P < 0.05), and a high- and a low-risk group for DFS in the validation set (median DFS 38 161 months,
log-rank P = 0.018).
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of specific genes. Results are shown in Figure 3, demonstrating
good molecular match of the high-risk samples in the two
datasets. Low-risk samples seem to be more heterogeneous and
with no obvious strong correspondence.

pathway analysis in high- and low-risk disease
groups
In order to explore the pathways and biological themes
enriched in the gene profiles of high- and low-risk groups, we
carried out pathway analysis. GSA was carried out between
high- and low-risk groups based on the 70-gene model
assignments and revealed 39 statistically, significantly
differentially expressed pathways (Efron–Tibshirani GSA test
P < 0.05). Selected pathways, some of them not previously
associated with outcome in head and neck cancer, such as
tumor necrosis factor/stress-related signaling pathway and
phospholipase C signaling pathway are shown at Table 2, while
the full list can be found in the supplemental Table S4
(available at Annals of Oncology online).

prognostic gene expression models reflect
activation of RAS oncogenic pathway in individual
tumor samples
The previous analysis was designed to assess pathway
activation status in a group of patients not in individual
samples. Therefore, we used experimentally validated gene
expression readouts and identified individual tumor samples
with activation of known oncogenic pathways. First, we
obtained the probability of activation for pathways ras, src and
b-catenin for each laryngeal cancer sample. Of the 21 high-risk
patients, based on the 70-gene model risk assignments, 13 had
ras pathway and 4 b-catenin pathway activated. Of the 35 low-
risk patients, 10 appeared to have ras pathway activated and 15
b-catenin pathway activated. Furthermore, we observed that the
odds ratio of the ras pathway activation in the unfavorable

group was 4.063 (95% CI 1.29–12.78, P = 0.02), while the odds
ratio for b-catenin pathway activation was 0.22 (95% CI 0.59–
0.82, P= 0.04). The odds ratio for src pathway was not
statistically significant.
In multivariate analysis including the 70-gene model, the

two oncogenic pathways, ras and b-catenin and the histological
differentiation, the 70-gene model maintained its independent

Table 2. Functional gene set analysis in high- and low-risk disease
samples

Pathways–gene sets

GSA Up-regulated in high-
risk group

Up-regulated in low-risk group

VEGF signaling pathway TGF-b signaling pathway
Phospholipase C
signaling pathway

CD40L signaling pathway

Shh pathway TNF/stress-related signaling
Trka receptor signaling
pathway

Role of EGF receptor transactivation by
GPCRs in cardiac hypertrophy

Signal transduction through IL1R
NF-kB signaling pathway

Downregulated in high-
risk group

Downregulated in low-risk group

Basal transcription
factors

Cell cycle: G1/S check point

TNFR2 signaling pathway

GSA demonstrated pathways that were statistically, significantly
differentially expressed in either high- or low-risk patients (Effron–
Tibshirani GSA, P < 0.05). Selected pathways of interest are shown in this
table. The full list of these pathways is found in the supplementary data.
EGF, endothelial growth factor; GSA, gene set analysis; Shh, Sonic
Hedgehog; TGF-b, transforming growth factor-beta; VEGF, vascular
endothelial growth factor; GPCR, G protein-coupled receptor; TNFR2,
tumour necrosis factor receptor.

Figure 3. Genome-wide molecular match of high- and low-risk groups between training and validation sets. Analysis of molecular correspondence between
high- and low-risk groups in the training and validation sets. Red color denotes high confidence for correspondence; blue color denotes lack of
correspondence. False Discovery Rate-adjusted P values are noted in the corresponding box.
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prognostic significance (details in the supplemental Table S5,
available at Annals of Oncology online).

discussion
While it has been previously shown that gene profiles are
associated with survival of patients suffering from different
types of cancer [32–37], such analysis in early-stage laryngeal
cancer is lacking. In this paper, we sought to identify a robust
gene expression profile in patients with early-stage laryngeal
cancer in order to address an important dilemma in this
disease. Patients at high risk of recurrence, if identified, could
be treated either with more aggressive locoregional approaches
or even with a combination of local and systemic therapy.
Patients at low risk of recurrence may be spared the side-effects
of such unnecessary treatments.
We identified several gene models that can distinguish

between high- and low-risk patients. We then used a separate
cohort to validate these models as suggested in the literature
[38]. We observed high reproducibility of our results in the
validation cohort despite the small sample size. Additionally,
we established the independent prognostic significance of our
profile, demonstrating that it was not confounded by grade.
While larger number of patients could perhaps result in even
more robust findings, one should take into consideration that
early-stage laryngeal cancer is a rare disease and access to
larger numbers of patients can be challenging.
Our study comprises of patients treated either with surgery

or radiation therapy over a 13-year period. We have to
acknowledge that progress in the treatment modalities might
have influenced the results of this study. To address this issue,
we carried out multivariate analysis and observed that our
prognostic profile maintained its independent prognostic
significance despite the various changes that might have
influenced treatment over this long period of sample collection.
While it would be ideal to have focused on patients treated
uniformly during a short time period, access to such a cohort
of a large sample size would be very difficult.
Interestingly, we found that not only our 70-prognostic

model was reproducible in the validation set but so was the
molecular phenotype of high risk (above and beyond the
70-gene model) as evidenced by Subclass Mapping analysis
(Figure 3). This suggests that there is a unique molecular
program of high risk and recurrence in early-stage laryngeal
cancer, which could perhaps be targeted for additional
therapies. In contrast, the lack of strong molecular match
between the low-risk groups may either be a function of small
sample size or possibly a higher molecular heterogeneity in
good prognosis larynx cancer. Furthermore, we used a publicly
available dataset [31] to externally validate our signature.
Despite the technical variation of this second dataset, we were
able to demonstrate the prognostic relevance of our signature.
After distinguishing patients at high risk and low risk of

recurrence, we looked into the biological characteristics of
these groups in an attempt to identify pathways or biological
themes hidden behind the expression profiles of these tumors.
We used GSA in order to explore pathways up- or
downregulated in either high- or low-risk patients. We indeed
identified several pathways with clear evidence of relevance to

head and neck cancer, such as vascular endothelial growth
factor (VEGF) signaling pathway, Sonic Hedgehog (Shh)
pathway, transforming growth factor-beta (TGF-b) signaling
pathway and NF-kB signaling pathway. For example, it has
been previously shown that VEGF positivity, determined by
immunohistochemistry, is a negative prognostic marker for
patients with early-stage laryngeal cancer [39]. Another
pathway which was found to be up-regulated in high-risk
tumors, based on the 70-gene model, Shh pathway, has been
found to be associated with poor prognosis in patients with
head and neck cancer [40]. Furthermore, downregulation of
TGF-b has been associated with loss of differentiation in oral
carcinomas [41] and has also been correlated with depth of
invasion, lymph node metastasis, pathological stage and poor
prognosis in esophageal squamous cell carcinomas [42]. These
findings, which are consistent with our results, suggest that
downregulation of TGF-b is characteristic of more aggressive
tumors such as the ones in patients with recurrence. All these
reports in the literature further strengthen the reliability of the
associations identified in our analysis. In addition, we
identified several pathways, known to be associated with
survival in other types of cancer, such as phospholipase C,
CD40L signaling pathway [43–45]. These pathways can
potentially serve as novel areas of research in laryngeal cancer.
Another novel finding of this study is that RAS pathway

activation is statistically significantly higher in the high-risk
patients. The fact that the unfavorable group is enriched with
tumors characterized by RAS pathway activation, suggests that
these patients can benefit from drugs targeting this pathway.
However, these data originate from in silico analysis and need
further experimental and prospective validation in order to be
incorporated in daily clinical practice. Additional clinical
studies are mandatory to investigate whether patients with
tumors characterized by a specific phenotype will gain benefit
from more aggressive surveillance or more aggressive
treatment.
Our study purposely utilized paraffin-embedded tissue for

the gene expression experiments. The use of FFPE tissue has
clear advantages over the use of fresh frozen tissue, since it is
abundant and easily accessible both in the academic
community and in local hospitals. Conversely, performing
microarray studies can be challenging due to technical
limitations, such as degradation and chemical modification of
genetic material (DNA, RNA) of the tissue stored in paraffin.
Recent developments in technology have allowed the use of
FFPE tissue samples for gene expression profile with reliable
and reproducible results [22, 24, 25, 47–50], as it was done in
our study.
Previous studies in laryngeal cancer have focused mostly on

identifying biomarkers of carcinogenesis, e.g. Markowski et al.
[16] profiled 14 patients and identified novel biomarkers of
laryngeal cancer. Additional information originates from very
small numbers of laryngeal samples embedded in larger studies
with different head and neck cancer subtypes [30, 51–54]. To
our knowledge, this is the first study discovering and validating
multigene expression profiles associated with outcome and
potentially useful for clinical management in early-stage
laryngeal cancer. We anticipate that further prospective
validation of this approach in a multicenter setting will aid in
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developing refined management patterns. Finally, some of the
themes implicated in our study can form the basis for further
mechanistic studies and ultimately aid in patient-tailored
selection of therapeutic strategies.
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Background: Preclinical studies suggest that insulin-like growth factor-1 receptor (IGF-1R) blockage could be a
promising therapeutic target in squamous cell carcinoma of the head and neck (SCCHN). Therefore, we investigated
the efficacy and toxicity of figitumumab, an anti-IGF-1R monoclonal antibody, in palliative SCCHN.
Patients and methods: Patients with palliative SCCHN progressing after platinum-based therapy were treated with
figitumumab i.v. 20 mg/kg, every 3 weeks. The primary end point was the disease control rate at 6–8 weeks after
treatment initiation. Tumor biopsies and plasma samples were collected before and after figitumumab administration to
monitor the molecular response.
Results: Seventeen patients were included. Only two patients achieved stable disease at 6–8 weeks. Median overall
survival and progression-free survival were 63 and 52 days, respectively. The main grade 3–4 adverse event was
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