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Abstract

Introduction
The presence of lymphatic dissemination is an important predictor of survival in 

adenocarcinoma of the esophagus. The aim of the present study was to discover a prognostic 

gene expression profile for lymphatic dissemination in adenocarcinoma of the esophagus and 

to identify genes and pathways that provide oncological insight in lymphatic dissemination.

Patients and Methods
Patients who had lymphatic dissemination (N=55) were compared to patients without 

lymphatic dissemination (N=22). Whole genome oligonucleotide microarrays were used to 

evaluate the genetic signature of 77 esophageal cancers. Multiple random validation was 

used to analyze the stability of the molecular signature and predictive power. Gene set 

enrichment analysis (GSEA) was applied to elucidate oncogenetic pathways.

Results
Lymphatic dissemination was correctly predicted in 75±14% of lymph node positive patients. 

The absence of lymphatic dissemination was only correctly predicted in 41±23% of lymph 

node negative patients. Argininosuccinate synthetase (ASS) was selected for validation on 

the protein level because it was present in most prognostic signatures as well as the list 

of differentially expressed genes. ASS expression was lower (p=0.048) in patients with 

lymphatic dissemination than in patients without lymphatic dissemination. GSEA identified 

that arginine metabolism pathways and lipid metabolism pathways are related with less 

chance of developing lymphatic dissemination.

Conclusions
The predictive profile does not outperform current clinical practice to predict the presence of 

lymphatic dissemination in patients with adenocarcinoma of the esophagus. Several genes, 

including argininosuccinate synthetase, and genetic pathways which are important in the 

development of lymphatic dissemination in esophageal adenocarcinoma were identified. 
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Introduction

The incidence of adenocarcinoma of the esophagus is rapidly rising in the Western 

World1-3. It is an aggressive disease and is known for its early lymphatic and hematogenous 

dissemination4-6. Already 30% of the tumors which infiltrate in the submucosa (T1b tumors) 

have positive lymph nodes and 5-year survival of these patients is only 33% after extensive 

surgery7. There is a large heterogeneity in biological behavior of esophageal adenocarcinoma; 

some patients have locally advanced T3-tumors but do not show lymphatic dissemination 

in the resection specimen, whereas others with early T1-tumors already have lymph node 

metastases. This difference in biological behavior might be explained by specific genetic 

alterations in the primary tumor8,9. 

Lymphatic dissemination is a complex, multistep process, during which tumor cells spread 

from the primary tumor mass to lymph nodes. This consists of the following steps: local 

invasion, intravasation and survival in the lymphatics and regrowth in the immunologically 

hostile environment of the lymph node. Genes involved in each of these steps have been 

described10, but measurements based on single genes have limited prognostic power10. This 

highlights the need for an integrated approach based on a signature of multiple genes. 

Genome-wide gene expression profiling with mRNA microarrays has the potential to identify 

such molecular signatures. 

Identification of gene expression profiles suggestive for lymphatic dissemination in 

esophageal adenocarcinoma has great potential. Although the presence and extent of 

lymphatic dissemination is one of the most important predictors of survival in patients with 

adenocarcinoma of the esophagus11, it remains difficult to detect preoperatively, because 

errors frequently occur with the current diagnostic modalities12-14. With the use of microarray 

technology it may be possible to predict the presence of lymph node metastasis as has been 

shown in several other malignancies15-19. A prognostic gene expression profile suggestive 

for the presence of lymphatic metastasis would enhance patient selection for surgery. 

Patients with adenocarcinoma without lymphatic dissemination (definite N0) can be offered 

more limited transhiatal surgery, which is accompanied by less morbidity compared with 

the more extended transthoracic procedure with formal lymphadenectomy6. Furthermore, 

the measurement of gene expression can advance biological insight in molecular processes 

by identifying genes and pathways14,20 underlying the process of lymphatic dissemination. 

Gene expression analysis in esophageal cancer has been limited to relatively small studies in 

patients with squamous cell carcinoma18,21, chemosensitivity22 and studies that investigated 

the progression from Barrett’s metaplasia to esophageal adenocarcinoma23-25. Therefore, the 

aim of this study was to discover a prognostic gene expression profile and to identify genes 

and pathways that provide insight in the mechanisms related to lymphatic dissemination in 

patients with adenocarcinoma of the esophagus.
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Patients and Methods 

Esophageal tumor selection criteria
Between January 1993 and January 2004, a consecutive series of 385 patients underwent 

potentially curative esophagectomy for an adenocarcinoma of the esophagus or gastro-

esophageal junction. Patients did not receive preoperative chemo- and/ or radiation therapy. 

Clinicopathological data from all operated patients were prospectively collected in a database. 

Lymph nodes from the resection specimen were cut in two and routine hematoxylin and eosin 

staining was performed using a standardized protocol. An experienced pathologist assessed 

lymph nodes for the presence of lymph node metastasis. All patients have been followed 

in the outpatient department every 3-6 months up to a period of five years or until death. 

Complete data are available concerning the pattern of locoregional and/or hematogenous 

cancer recurrence and long-term survival. Fresh frozen tumor material was stored in a tissue 

bank and available for roughly 70% of the patients. Information from the database guided 

the selection of samples. Strict criteria were applied to the selection of the patients. Two 

groups were created; patients with lymphatic dissemination (N1) and patients without 

lymphatic dissemination in the resection specimen and who did not develop locoregional 

recurrence and were disease free for at least 4.5 years (N0) (Figure 1A). 

RNA isolation and quality control
All samples were snap-frozen in liquid nitrogen and stored at -80°C. Only samples with 

>70% of tumor cells were selected. Tumor percentage was estimated on 5μm hematoxylin 

and eosin sections by two researchers (SL and FtK). Frozen sections of 10 μm thickness were 

cut with a cryo-microtome and carefully transferred into a chilled 2ml tube. Total RNA was 

extracted using TRIzol reagent (Invitrogen, Paisly, UK). Twenty-five micrograms of total RNA 

was treated with DNase using the Qiagen RNase-free DNase kit and RNeasy spin columns 

(Qiagen, Venlo, The Netherlands). Quality control of total RNA samples was performed with 

the RNA 6000 pico LabChip Kit (Agilent Technologies, Palo Alto, CA, USA) and analyzed on 

the Agilent 2100 bioanalyzer (Agilent Technologies)(Figure 1B). 

RNA amplification, labeling, hybridization and scanning
The RNA amplification, labeling, hybridization and data extraction were performed at 

ServiceXS (Leiden, the Netherlands). Briefly, the mRNA was doubly amplified using the 

Amino Allyl MessageAmp kit (Ambion, Austin, TX, USA) and 20 to 100 ng total RNA 

was reversely-transcribed into cDNA and further transcribed in vitro into cRNA. Before 

labeling, all samples (including ten technical replications) were randomized to avoid 

confounding by extraneous conditions26,27. Subsequently, RNA was labeled with Cy3 or 

Cy5 using Amino Allyl MessageAmp RNA Kit (CyDye Amersham Pharmacia Biotech, Diegem, 

Belgium) according to the manufacturers’ protocol. Five μg of Cy3-labelled cRNA from one 

esophageal tumor was mixed with the same amount of reverse color Cy5-labelled product 

from a reference pool. This so-called reference pool consisted of equal amounts of cRNA 
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from each individual tumor (Figure 1C). Dye labeled cRNA was purified and the samples 

were checked on concentration and dye incorporation with the RNA 6000 pico LabChip Kit 

(Agilent Technologies) and analyzed on the Agilent 2100 bioanalyzer (Agilent Technologies). 

The fluorescently labeled cRNA was used for microarray hybridization. Before hybridization, 

again all samples were randomized to avoid bias26,27. Hybridization was performed using a 

60-mer oligonucleotide 44k whole genome microarray (Agilent products, Palo Alto, CA, USA) 

representing over 41,000 human genes and transcripts. After hybridization, the slides were 

washed and scanned (Figure 1D) with a confocal laser scanner (Agilent Technologies,Palo 

Alto, CA, USA). 

Default settings of the Agilent Feature Extraction pre-processing protocol were used to obtain 

raw intensity values from the scans. Exact protocol and parameter settings are described in 

the Agilent Feature Extraction Software User Manual 7.5 (http://chem.agilent.com/scripts/

LiteraturePDF.asp?iWHID=37629). The intensity data were normalized by applying variance 

stabilization normalization (VSN)28. For each array and all genes the generalized log-ratio of 

common reference (Cy5) and tumor (Cy3) VSN transformed intensities was calculated. Log-

ratios of replicate arrays were averaged. Quality control of the Agilent Feature Extraction 

results was performed using methods available from Bioconductor29 packages (marray, 

limma, arrayQuality) in the statistical software package R (http://www.r-project.org/). 

Intensities of negative and positive controls were inspected, as well as spatial effects, M/A 

plots, and signal-to-noise distributions. No unexpected results or strange effects were found. 

Analysis of the ten technical replicates confirmed reproducibility across days (Figure 1E).

Class prediction
To test whether lymph node status can be predicted from the gene expression profiles 

obtained, we used various classifiers (naive Bayes, decision trees, and diagonal linear 

discriminant analysis (DLDA)). These classifiers were validated with the repeated random 

sampling strategy as described by Michiels et al30. Such a random validation strategy enables 

reliable estimation of the error rate of a classifier and the corresponding confidence interval.  

Figure 1: Design of the present study, in 
which the gene expression of patients with 
esophageal adenocarcinoma with and without 
lymphatic dissemination was analyzed.
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We divided the data set (N=77) into 500 training sets (size n) and 500 associated validation 

sets (size N–n) using resampling without replacement. Resampling was done such that the 

proportion of positive and negative lymph node samples in training and validation sets 

was the same as in the full data set, i.e. 5:2. For each training set a molecular signature 

was identified from the 10, 20, 30, 40 or 50 genes for which expression was most highly 

correlated with prognosis as determined by the t-statistics between lymph node positive 

and negative samples.  The optimal number of genes for inclusion in the classifier was 

selected with 5-fold cross-validation on the training set.  Accuracy (proportion of correctly 

classified samples), specificity (proportion of correctly predicted N0 samples), and sensitivity 

(proportion of correctly predicted N1 samples) of the resulting classifier were estimated for 

each associated validation set. This set-up guarantees independent validation of the classifier 

since the validation data are not involved in gene selection and training of the classifier. To 

study the influence of sample size, the size of the training set n was varied from 17 to 75 in 

steps of two. Remaining samples were attributed to the validation set that, therefore, varies 

from 60 to 2 samples. The entire analysis was done with R scripts based on the Bioconductor 

package MCRestimate31.

Differentially expressed genes
The normalized log-ratios were analyzed for differential expression between lymph 

node negative and positive tumors.  This analysis was done using significance analysis of 

microarrays (SAM)32 with the samr package from Bioconductor. Differentially expressed 

genes were selected by controlling the false discovery rate at 5% (FDR-q-value) with 500 

permutations.

Immunohistochemistry
For validation on protein level, immunohistochemistry was performed. Archival formalin-

fixed and paraffin-embedded tumor material was randomly selected. Five-μm thick sections 

representing the deepest tumor infiltration were cut, incubated overnight at 37°C, and 

subsequently deparaffinized in xylene, rehydrated, and treated with 0.3% H2O2 in methanol 

for 10 minutes to block endogenous peroxidase activity. All specimens were subjected to heat-

induced antigen retrieval in 10 mmol/L Tris EDTA solution for 10 minutes at 95°C. To block 

aspecific binding, the slides were incubated with TBS supplemented with 5% goat serum. 

Sections were incubated with the primary antibodies anti-argininosuccinate synthetase (ASS, 

1:1000, BD Transduction Laboratories, Alphen a/d Rijn, the Netherlands). After washing, the 

sections were incubated with antimouse/rabbit-peroxidase polymer (ImmunoLogic, Duiven, 

the Netherlands) for 30 minutes at room temperature and Diaminobenzidine (Sigma St. 

Louis, MO, USA) was used as a chromogen. Slides were then lightly counterstained with 

hematoxylin.

For ASS immunohistochemical staining, the following scoring criteria of tumor cells were 

agreed upon before the analysis: 0, no staining; 1, weak diffuse cytoplasmic staining, 2, 

moderate to strong cytoplasmic staining. 3, staining with strong intensity. The percentage of 
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tumor cells which immunostained was recorded. Immunohistochemical staining was scored 

independently and in a blinded manner by two investigators (SL and FtK) without knowledge 

of the lymph node status of the patients.

Gene Set Enrichment Analysis (GSEA)
Gene set enrichment analysis (GSEA)20 was used to uncover modest but coordinate changes 

on a gene set level and extract biological insight from the gene expression data. For this 

purpose the R-GSEA R package (available from http://www.broad.mit.edu/gsea/index.html 

was used. The gene sets used are available from the Molecular Signature Database (MsigDB, 

http://www.broad.mit.edu/gsea/index.html). We used the C2 catalog of 522 functional sets 

(mainly metabolic and signaling pathways). 

Results

Esophageal tumor selection criteria
No differences between the clinicopathological parameters were observed between patients 

with and without lymphatic dissemination (Table 1). The presence of lymphatic dissemination 

was observed in 55 patients (71%). Thirty-three of the 55 patients with lymph node 

dissemination died due to distant recurrence. In 22 patients (29%), lymph node dissemination 

was not observed during pathological examination. Moreover, these patients remained 

N0 during follow-up. Two of the 22 N0 patients died due to hematogenous dissemination 

(liver and bones) without evidence for locoregional recurrence. Consequently, patients with 

lymph node metastasis more often died of recurrent disease than patients without lymphatic 

dissemination (p<0.01). 

Class prediction
A feature selection and classification approach was pursued to identify a prognostic profile. 

To predict the presence of lymph node metastasis thousands of signatures were estimated 

(500 for every validation set size). The mean classification accuracy (95% CI) as a function 

of the training set size for the DLDA classifier is shown in Figure 2. Since the mean accuracy 

is constant for increasing sample size, we only discuss representative results for a training 

set of 61 samples (17 N0 / 44 N1) and a validation set of 16 samples (5 N0 / 11 N1). The 

DLDA classifier has a mean accuracy of 64±11% and therefore performs significantly better 

than random classification with permutated sample labels (Figure 2). With use of the DLDA 

classifier, the presence of lymph node dissemination was correctly predicted in 75±14% of the 

lymph node positive patients (sensitivity). However, the absence of lymphatic dissemination 

was only correctly predicted in 41±23% of the lymph node negative patients (specificity). 
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Molecular signatures were identified from the 10, 20, 30, 40 or 50 genes for which 

expression was most highly correlated with prognosis. The list of genes selected in the 500 

different signatures of the above mentioned training set was unstable, although there was 

a core of frequently selected probes. Twelve probes were seen in more than 250 of the 500 

signatures (Figure 3).  

Differentially expressed genes
Significance Analysis of Microarrays (SAM) identified 16 differentially expressed probes. 

The differentially expressed transcripts with a false discovery rate (FDR) <0.05 are shown 

in Table 2 (see supplementary file DEgenesN0N1complete.xls for FDR for all genes). The 16 

differentially expressed transcripts correspond to five different genes, and some unmapped 

features. Four of these genes were downregulated (SEMG1, ASS1, NUAK2, GK) and one was 

Table 1: Clinicopathological characteristics of patients who underwent potentially curative surgery 
for adenocarcinoma of the esophagus with and without lymph no dissemination.

N0
(N=22)

N1
(N=55)

P-value

age* [yrs] 67 (55-78) 65 (44-79) 0.228

sex 16 48 0.177

- male 6 7

- female

tumor length* [cm] 6.4 (2-10) 5.5 (1-11) 0.505

tumor penetration 6 6 0.174

- pT2 16 49

- pT3

differentiation 13 19 0.124

- moderate 9 36

- poor

* = numbers are given as median (range)

Figure 2: Average classification accuracy (black line) 
with its 95% confidence interval (red lines) in 500 
validation sets as a function of training set size.
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upregulated (AK3L2). The fact that five of the six transcripts of ASS1, available on the used 

microarray, are all differentially expressed makes this a very trustworthy hit. We also checked 

the FDR of other probes corresponding to the five significantly differentially expressed 

genes. All these genes were also found at the top of the list (Table 2 and supplementary 

file DEgenesN0N1complete.xls). All 16 differentially expressed probes are among the 23 

probes that were included more than 150 times in the 500 different signatures (Figure 3 and 

supplementary file Class_DLDE_genes).

Immunohistochemistry
Argininosuccinate synthetase (ASS) was selected for validation on the protein level because 

this specific gene was present in the prognostic signature as well as in the list of differentially 

expressed genes. Furthermore, the 5 of the 6 ASS probes on the array showed high 

expression. Investigation of ASS protein expression was performed in a randomly chosen 

group of paraffin embedded control samples belonging to 32 patients (9 patients N0 and 

23 patients N1) from the original 77 patients (Figure 4). ASS was expressed by a median of 

80% of tumor cells. ASS expression was positively correlated with fold change found in the 

microarray experiment (R=0.781, p<0.001). ASS expression was significantly lower (p=0.048) 

in patients with lymph node dissemination than in patients without (Figure 5). 

Figure 3: Probes and their corresponding transcript names included in at least 150 of 500 molecular 
signatures.
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Gene Set Enrichment Analysis (GSEA)
To increase our insight in the underlying molecular processes responsible for lymphatic 

dissemination, we applied GSEA for predefined gene sets to the expression data. Pathways 

that were consistently downregulated (FDR<0.2) in patients with lymphatic dissemination 

are shown in Table 3. In the supplementary file GSEAlymfreportDOWNREGULATEDinN1 the 

complete list of down-regulated pathways can be found. Genes which are associated with 

escape of X-inactivation were most often affected. Also, one of the downregulated pathways 

is involved in arginine metabolism (ArginineC pathway). Several of the predefined gene sets 

are associated with fatty acid metabolism (Glycerolipid metabolism, fatty acid metabolism, 

fatty acid degradation, sphingoglycolipid metabolism). Predefined pathways that were 

consistently upregulated (FDR<0.2) in tumors with lymphatic dissemination are shown in 

Table 4. In the supplementary file, GSEAlymfreportUPREGULATEDinN1 the complete list 

can be found. Significant upregulated pathways are mainly related to the insulin receptor 

pathway, and to extracellular matrix and signaling pathways. 

Table 2: Differentially (FDR-q-value <0.05) up- and down-regulated genes when comparing patients 
with adenocarcinoma of the esophagus with and without lymph node dissemination. 

Downregulated in lymph node positive patients

ProbeName SystematicName Gene name Gene description

NM_003007 A_23_P165968 NM_003007 SEMG1 Semenogelin I

AL832534 A_23_P28307 AL832534 ASS1 argininosuccinate 
synthethase 1

NM_054012 A_23_P31921 NM_054012 ASS1 argininosuccinate 
synthethase 1

NM_030952 A_23_P52161 NM_030952 NUAK2 NUAK family, SNF1-like 
kinase, 2

BC042421 A_24_P100387 BC042421 GK Glycerolkinase

ENST00000329775 A_24_P101742 ENST00000329775 ENST00000329775 unmapped feature

ENST00000324676 A_24_P178444 A_24_P178444 ENST00000324676 unmapped feature

ENST00000320212 A_24_P306814 ENST00000320212 ENST00000320212 unmapped feature

ENST00000325565 A_24_P33055 A_24_P33055 ASS1 argininosuccinate 
synthethase 1

ENST00000329847 A_24_P358606 A_24_P358606 ENST00000329847 unmapped feature

ENST00000329768 A_24_P367100 ENST00000329768 ASS1 argininosuccinate 
synthethase 1

ENST00000249376 A_24_P74997 ENST00000249376 ENST00000249376 unmapped feature

S73202 A_24_P929818 S73202 ENST00000372386 unmapped feature

I_1959439 A_32_P235783 A_32_P235783 ENSG00000186632 unmapped feature

I_1900923 A_32_P78488 A_32_P78488 ASS1 argininosuccinate 
synthethase

Upregulated in lymph node positive patients

THC1560798 A_24_P789425 AK026966 AK3L2 Adenylate kinase 3 like 2

For complete table see: DEgenesN0N1complete
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Discussion

Although still relatively rare, the incidence of adenocarcinoma of the esophagus is rapidly 

rising in the Western World. The majority of patients have lymphatic dissemination at the 

time of first clinical presentation. The presence and extent of lymphatic dissemination identify 

a subgroup of patients with an impaired prognosis and these patients may benefit from 

more extensive surgery or neoadjuvant chemoradiation therapy, but lymphatic dissemination 

Figure 4: Argininosuccinate synthetase (ASS) staining of esophageal adenocarcinomas. Magnification 
is given in the bottom right corner of each panel. A to D are representative sections of  tumor tissue 
with positive (A and B) and negative (C and D) immunoreactivity for ASS. 

Figure 5: Argininosuccinate synthetase (ASS) expression 
in 32 randomly chosen patients with adenocarcinoma 
of the esophagus. Patients are divided in those without 
lymphatic dissemination (N0) and those with lymphatic 
dissemination (N1).

147

G
ene p

rofiling and lym
p

hatic dissem
inatio

n
C

 H
 A

 P T E R
   8



Table 3: Enriched gene sets (FDR-q-value<0.20) associated with lymph node dissemination in 
patients with adenocarcinoma of the esophagus. The most downregulated gene sets are ranked 
according to the FDR-q-value. 

Gene Set Description FDR q-value

XINACT_MERGED Genes that escape X inactivation 0

MAP00561_Glycerolipid_metabolism Glycerolipid metabolism (KEGG) 0.013851

fatty_acid_metabolism fatty_acid_metabolism 0.016934

MAP00150_Androgen_and_estrogen_
metabolism

Androgen_and_estrogen_metabolism (KEGG) 0.020463

MAP00601_Blood_group_glycolipid_
biosynthesis_lact_series

0.046348

MAP00120_Bile_acid_biosynthesis Bile_acid_biosynthesis (KEGG) 0.046571

MAP00603_Globoside_metabolism Globoside_metabolism (KEGG) 0.05026

MAP00361_gamma_Hexachlorocyclohexane_
degradation

0.05104

argininecPathway Related catabolic pathways process arginine, 
histidine, glutamine, and proline through 
glutamate to alpha-ketoglutamate, which feeds 
into the citric acid cycle.

0.05965

ANDROGEN_GENES_FROM_NETAFFX 0.060448

Fatty_Acid_Degradation Fatty_Acid_Degradation 0.061768

MAP00600_Sphingoglycolipid_metabolism Sphingoglycolipid_metabolism 0.085769

FA Genes involved in fatty acid processing 0.12283

MAP00071_Fatty_acid_metabolism Fatty_acid_metabolism (KEGG) 0.12528

d4gdiPathway D4-GDI inhibits the pro-apoptotic Rho GTPases 
and is cleaved by caspase-3.

0.12784

tercPathway hTERC, the RNA subunit of telomerase, and 
hTERT, the catalytic protein subunit, are required 
for telomerase activity and are overexpressed in 
many cancers.

0.15388

ureacyclePathway Ammonia released from amino acid deamination 
is used to produce carbamoyl phosphate, which 
is used to convert ornithine to citrulline, from 
which urea is eventually formed.

0.15716

MAP00140_C21_Steroid_hormone_
metabolism

Steroid_hormone_metabolism 0.16096

MAP_kinase_kinase_activity Cascade of at least three protein kinases 
downstream of many signaling pathways, 
culminating in the phosphorylation and 
activation of a MAP kinase.

0.19604

For complete table see: GSEAlymfreportDOWNREGULATEDinN1
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Table 4: Enriched gene sets (FDR-q-value<0.20) associatedwith lymph node dissemination in patients 
with adenocarcinoma of the esophagus. The most upregulated gene sets are ranked according to 
the FDR q-value. 

Gene Set Description FDR q-value

INSULIN_2F_UP upregulated genes when stimulated with insulin 0.007489

integrinPathway Integrins are cell surface receptors commonly present at focal 
adhensions that interact with the extracellular matrix and 
transduce extracellular signaling.

0.02444

CR_REPAIR Cancer related genes involved in DNA repair 0.025156

eif4Pathway The eIF-4F complex recognizes 5’ mRNA caps, recruits RNA 
helicases, and maintains mRNA-ribosome bridging.

0.025895

MAP00640_Propanoate_
metabolism

Propanoate Metabolism (KEGG) 0.031233

ecmPathway Extracellular matrix induces integrin-mediated FAK 
phosphorylation in epithelial cells, leading to PI3 and MAP kinase 
activation and actin reorganization.

0.03277

ptenPathway PTEN suppresses AKT-induced cell proliferation and antagonizes 
the action of PI3K.

0.032803

mcalpainPathway In integrin-mediated cell migration, calpains digest links between 
the actin cytoskeleton and focal adhesion proteins.

0.067463

vipPathway Apoptosis of activated T cells is inhibited by vasoactive intestinal 
peptide (VIP) and its relative PACAP.

0.079597

rac1Pathway Rac-1 is a Rho family G protein that stimulates formation of actin-
dependent structures such as filopodia and lamellopodia.

0.11373

Proteasome_Degradation Ubiquitinated proteins are targeted for proteolytic degradation by 
the proteasome, where they are unfolded and degraded to small 
peptides in an ATP-dependent process.

0.12577

tgfbPathway The TGF-beta receptor responds to ligand binding by activating 
the SMAD family of transcriptional regulations, commonly 
blocking cell growth.

0.13018

igf1rPathway Insulin-like growth factor receptor IGF-1R promotes cell growth 
and inhibits apoptosis on binding of ligands IGF-1 and 2 via Ras 
activation and the AKT pathway.

0.13028

tpoPathway Thrombopoietin binds to its receptor and activates cell growth 
through the Erk and JNK MAP kinase pathways, protein kinase C, 
and JAK/STAT activation.

0.13251

GNF_FEMALE_GENES 0.1401

cblPathway Activated EGF receptors undergo endocytosis into clathrin-
coated vesicles, where they are recycled to the membrane or 
ubiquitinated by Cbl.

0.1432

ucalpainPathway Calpains promote formation of integrin adhesion clusters which 
recruit Rac to enable the formation of mature focal adhesions 
that do not contain calpain.

0.1451

LEU_DOWN 0.14682

EGF_receptor_signaling_
pathway

0.15199

rhoPathway RhoA is a G protein whose active form stabilizes actin 
structures such as focal adhesions and activates Rock1, which 
phosphorylates myosin light chains.

0.15909

149

G
ene p

rofiling and lym
p

hatic dissem
inatio

n
C

 H
 A

 P T E R
   8



achPathway Nicotinic acetylcholine receptors are ligand-gated ion channels 
that primarily mediate neuromuscular signaling and may inhibit 
neuronal apoptosis via the AKT pathway.

0.15996

MAP00272_Cysteine_
metabolism

Cysteine Metabolism (KEGG) 0.16165

plcPathway Phospholipase C hydrolyzes the membrane lipid PIP2 to DAG, 
which activates protein kinase C, and IP3, which causes calcium 
influx.

0.16225

HTERT_UP 0.16238

spryPathway Four members of the Sprouty protein family block proliferative 
EGF signals by binding Grb-2, preventing Ras and MAP kinase 
activation.

0.16325

metPathway The hepatocyte growth factor receptor c-Met stimulates 
proliferation and alters cell motility and adhesion on binding the 
ligand HGF.

0.16836

KRAS_TOP100_
KNOCKDOWN

Genes upregulated in kras knockdown vs control in a human cell 
line

0.16928

egfPathway The epidermal growth factor (EGF) peptide stimulates the EGF 
receptor to promote cell proliferation via the MAP kinase and Ras 
pathways.

0.17671

BRCA_UP 0.18029

P53_UP Target genes up regulated by p53 0.18069

cxcr4Pathway CXCR4 is a G-protein coupled receptor that responds to the 
ligand SDF-1 by activating Ras and PI3 kinase to promote 
lymphocyte chemotaxis.

0.18742

pkcPathway Gq-coupled receptors promote hydrolysis of PIP2 to DAG and IP3, 
which causes calcium influx and activates protein kinase C.

0.19648

MAP00530_Aminosugars_
metabolism

Aminosugars_metabolism 0.19964

For complete table see: GSEAlymfreportUPREGULATEDinN1

is difficult to detect preoperatively with use of the current staging modalities12-14. Patients 

with adenocarcinoma without lymphatic dissemination (definite N0) can be offered more 

limited transhiatal surgery, or perhaps even organ-preserving endoscopic resection6,33. The 

present study shows that with use of gene expression profiling of primary cancer tissue, it 

is possible to predict the presence of lymph node dissemination significantly better than 

random classification. However, while the sensitivity to predict the presence of lymphatic 

dissemination was around 75% the specificity was less than 50%. This implies that the 

absence of lymphatic dissemination can not be adequately predicted. Therefore, our 

prognostic profile does not outperform current clinical practice.

The initial enthusiasm about the clinical applicability of microarray technology has somewhat 

tempered, because of the lack of reproducibility between different patient cohorts, platforms, 

and bioinformatic analysis methods. With use of a multiple random validation strategy, 

seven microarray cancer studies were recently reanalyzed and it was shown that previously 
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published prognostic results were overoptimistic in almost all studies. In fact, for five out of 

seven studies the identified signatures did not classify patients better than chance30. 

To avoid overoptimismic performance estimates, validation by repeated random sampling 

was used in the present study. We show that, even in a carefully selected patient population, 

classification accuracies were also highly variable between random splits of patients. For a 

validation set of 16 samples, we noted a minimum classifcation accuracy as low as 25% and 

a maximum classification accuracy of 94% for the 500 random splits. This clearly illustrates 

the bias that might be introduced by reporting results on only a single split in training and 

validation set. 

The list of genes identified as predictors of prognosis (signature) was highly unstable and 

depended on the selection of patients in the training sets. This is in line with previous 

reports29 and in accordance with the fact that for problems with a large number covariates 

(genes) and few samples many equally good classification models are possible. However, we 

found a core of 12 genes that occur in at least 50% of the signatures and are differentially 

expressed over the entire dataset.

Argininosuccinate synthetase (ASS) was present in the prognostic signature as well as in the 

list of differentially expressed genes, suggesting that ASS is involved in the process of lymph 

node dissemination. ASS has not been implicated before in the development of lymphatic 

dissemination. It was one of the genes that showed reduced RNA expression in patients 

with lymph node dissemination which was confirmed by lower protein levels detected by 

immunohistochemistry. 

Tumors have a high requirement for arginine and this amino acid often is rate-limiting34,35. 

ASS is an enzyme involved in arginine biosynthesis, making this amino acid non-essential 

for the growth of cells by synthesis of arginine from citrulline36,37. It is currently unclear why 

primary tumors with lymphatic dissemination express less ASS. One possible reason might be 

the cellular dedifferentiation which may occur in those tumors38. Another explanation might 

be a relative resistance to arginine depletion in tumors which have the ability to metastasize 

to lymph nodes39. In melanoma, renal cell carcinoma and hepatocellular carcinoma (HCC) 

ASS is often deficient. Under these circumstances, arginine is  an essential amino-acid 

for these tumor cells37,38, which offers possibilities for arginine deprivation as anti-cancer 

therapy. Treatment with an arginine-degrading enzyme prolonged survival as was observed 

in unresectable HCC and metastatic melanoma patients40,41. Thus treatment with an 

arginine-degrading enzyme might also prove beneficial for patients with adenocarcinoma 

of the esophagus showing low ASS expression. Furthermore, ASS has been implicated 

in the resistance to platinum-based chemotherapy in ovarian cancer42,43. Future research 

is necessary to answer the question why underexpression of ASS favors the process of 

lymphatic dissemination. 

To extract meaningful biological insight across the immense number of genes and uncover 

modest but coordinate changes on a gene set level (instead of looking to the most up- and 

down regulated genes only) we applied GSEA20. This method seems robust since it allows 

a more reliably comparison of different platforms, projects, laboratories, and public access 
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databases44,45. GSEA identified several pathways. Apart from pathways that are related to 

arginine metabolism, GSEA also showed that a high expression of genes involved in lipid 

metabolism was associated with less chance for developing lymphatic dissemination. In 

breast cancer, a high expression of genes involved in fatty acid metabolism is also associated 

with less dissemination and a relatively good prognosis46. Two other pathways were insulin 

related and may stimulate glucose uptake in the primary tumor. Recent FDG-PET studies 

have also suggested that glucose-uptake and the fatty acid metabolism in the tumor are 

related with outcome in patients with adenocarcinoma of the esophagus47-50. 

In conclusion, the present study shows that gene expression profiling of the primary tumor, 

allowed a significantly better prediction of the presence of lymph node dissemination than 

random classification. However, the predictive profile does not outperform current clinical 

practice to predict the presence of lymphatic dissemination in patients with adenocarcinoma 

of the esophagus. Several new genes, such as argininosuccinate synthetase, and genetic 

pathways which are important in the development of lymphatic dissemination in esophageal 

adenocarcinoma were identified. Hopefully, this expanding knowledge of oncogenic processes 

will ultimately facilitate individual therapeutic targeting based on genetic information.
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