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Background: The aim of the study was (1) to detect candidate genes involved in lymph node

metastasis in esophageal cancers and (2) to investigate whether we can estimate and predict
occurrence of lymph node metastasis by analyzing artificial neural networks (ANNs) using these
gene subsets.

Methods: Twenty-eight primary esophageal squamous cell carcinomas were used. Gene expres-
sion profiles of all primary tumors were obtained by cDNA microarray. Lymph node metastasis—
related genes were extracted with use of Significance Analysis of Microarrays (SAM). Predictive
accuracy for lymph node metastasis was calculated by evaluation of 28 cases by ANNs with
leave-one-out cross-n. The results were compared with those of other analyses such as clustering or
predictive scoring (LMS).

Results: Our ANN model could predict lymph node metastasis most accurately with 60 clones.
The highest predictive accuracy for lymph node metastasis by ANN was 10 of 13 (77%) in newly
added cases that were not used for gene selection by SAM and 24 of 28 (86%) in all cases
(sensitivity: 15/17, 88%; specificity: 9/11, 82%). Predictive accuracy of LMS was 9 of 13 (69%) in
newly added cases and 24 of 28 (86%) in all cases (sensitivity: 17/17, 100%; specificity: 7/11, 67%).
It was difficult to extract useful information for the prediction of lymph node metastasis by
clustering analysis.

Conclusions: ANN had superior potential in comparison with other methods of analysis for the
prediction of lymph node metastasis. This systematic analysis combining SAM with ANN was very
useful for the prediction of lymph node metastasis in esophageal cancers and could be applied

clinically in the near future.

Key Words: Artificial neural networks—Esophageal cancer—Esophageal squamous cell carci-
noma—Lymph node metastasis—Microarray—Supervised learning.

The prognosis for esophageal cancer is one of the
worst worldwide, in spite of recent advancements in
diagnosis and therapy. For the treatment of esophageal
cancer patients, surgical treatment,! endoscopic resec-

Received March 8, 2004; accepted August 2, 2004.

From the Department of Surgery and Surgical Basic Science, Grad-
uate School of Medicine, Kyoto University, Kyoto, Japan.

Address correspondence and reprint requests to: Yutaka Shimada,
Department of Surgery and Surgical Basic Science, Graduate School
of Medicine, Kyoto University. Kawaracho 54, Shogoin, Sakyo-ku,
Kyoto 606—8397, Japan; Fax: 81-75-751-4390; e-mail: shimada@
kuhp.kyoto-u.ac.jp.

Published by Lippincott Williams & Wilkins © 2004 The Society of Surgical
Oncology, Inc.

1070

tion,? radiation therapy, and chemotherapy3* have
been employed independently or in combinations.
Lymph node metastasis is a strong independent prog-
nostic factor in esophageal cancers,> and therapeutic
selections are also influenced by whether lymph node
metastasis has already occurred or not. The evaluation
of lymph node metastasis before treatment is usually
performed with computed tomography (CT) and en-
doscopic ultrasonography (EUS); however, their sen-
sitivity is not satisfactory.® Although it has been re-
ported that detection of lymph node metastasis by
positron emission tomography (PET) is superior to
that by CT and EUS, it is still insufficient.” We need
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new strategies superior to existing modalities for the
detection of lymph node metastasis.

The frequency of lymph node metastasis is different
even among individuals with similar extents of primary
tumor invasion. This implies that lymph node metastasis
of esophageal cancers may be a reflection of different
characteristics depending on the diverse gene expression
of the tumors, and we may be able to identify candidate
genes for lymph node metastasis and to categorize pa-
tients according to their lymph-node metastasis status.
Here, we report the successful identification of candidate
genes related to lymph node metastasis with use of
cDNA microarrays and the possibility of prediction of
lymph node metastasis in esophageal cancers. If lymph
node metastases in esophageal cancers could be pre-
dicted, we would have a powerful diagnostic tool that
could be applied for designing tailor-made treatments.

With use of microarray technologies, gene expression
profiles have been obtained for various malignant tu-
mors,® including esophageal cancers.” However, it has
also been proven difficult to extract useful information
accurately and efficiently from this enormous genetic
dataset and to use the data effectively in clinical situa-
tions. We have to establish useful strategies for treating
esophageal cancer patients based on truly useful genetic
information from microarray data.

Artificial neural networks (ANNSs),!? which are one of
the supervised classification techniques that have super-
vised learning mechanisms by training data, have a pow-
erful pattern-recognition ability and have been applied to
analyze gene microarray data relatively recently.!! We
believe that ANN can successfully recognize compli-
cated relationships among the expression of various
genes because gene expression profiles can be indicated
as patterns. Candidate genes for lymph node metastasis
are first extracted by means of a specified algorithm:
significance analysis of microarrays (SAM) (http://www-
stat.stanford.edu/~tibs/SAM/)'? that can statistically ex-
tract differences of gene expression between two groups.
Then, prediction of lymph node metastasis is performed by
ANN on the basis of those gene expressions.

We also compared ANN with clustering analysis,'?
which is one of the unsupervised classification methods
that do not have learning mechanisms, and with one of
the methods for predictive scoring analysis'+!> reported
relatively recently.

MATERIALS AND METHODS

RNA Extraction and Patient Profiles
Twenty-eight independent primary tumors from
esophageal cancer patients who underwent surgical treat-

ments at Kyoto University Hospital were enrolled in the
study during a 12-year period (1990-2001). Written
informed consent was obtained from each patient for the
operation and for use of their resected samples. All tissue
specimens of esophageal squamous cell carcinomas and
normal esophageal epithelium at the furthest points from
the tumor within the surgically resected specimens were
frozen in liquid nitrogen immediately after their removal.
Frozen tissues of esophageal cancers from the 28 en-
rolled patients were crushed into pieces and lysed imme-
diately in TRISOL reagent (Invitrogen Corp., Carlsbad,
CA), and total RNA was extracted according to the
manufacturer’s instructions. mRNA was purified with an
Oligotex dT-30 super poly(A) purification kit (TaKaRa
Bio, Japan) according to the manufacturer’s instructions.
For reference probes, mRNA of normal esophageal epi-
thelium from more than 10 patients was mixed and
pooled. Clinicopathological information of all patients is
shown in Table 1. We included previously reported data
in which dissected lymph nodes were stained with AE1/
AE3 (anticytokeratin antibody) to precisely detect mi-
crometastasis in lymph nodes. !¢

Microarray Procedure and Data Processing

Gene expression profiles of all 28 primary tumors
were obtained by cDNA microarray. Detailed procedures
were as previously described,” with the following mod-
ifications. In brief, 1.2 ug of each extracted mRNA from
cancer tissues and pooled reference mRNA were used for
fluorescent labeling with Cy5-dUTP or Cy3-dUTP, re-
spectively. Each of the labeled first-strand cDNAs was
mixed and hybridized to cDNA microarray chips con-
taining 8064 genes, supplied by the University of Mary-
land School of Medicine.'” Commercially obtained slide
cover slips (TaKaRa Spaced Cover Glass L) and TaKaRa
hybridization chambers specially designed for microar-
ray experiments were used. Fluorescent images were
scanned with an Array Scanner 428 (Affymetrix, Santa
Clara, CA), and the signal intensities were calculated
with ImaGene 4.0 (BioDiscovery, Marina Del Rey, CA).
Obtained data were normalized with intensity-dependent
normalization.'$

Gene Filtering

The gene filtering process was performed with SAM.
We estimated the median false discovery rate (FDR),
which is the percentage of genes falsely detected as
showing statistically significant differential gene expres-
sions by SAM. SAM calculates “d value” as an index of
significance with use of an algorithm based on Student’s
t-test and performs data permutations to determine FDR.
We applied SAM to two groups: (A) gene expression
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TABLE 1. Clinicopathological characteristics
Lymph Lymph
Node Node

Case G A L Type T N M TNM Stage Dissection Metastasis MM
LN(+)1%* M 52 Ut Mod 2 1 1b 4b 29 4 (13.8%) NP
LN(+)2%* M 59 Mt Mod 3 1 0 3 98 4 (4.1%) (+)
LN(+)3 M 44 Mt Mod 4 1 1b 4b 29 11 (37.9%) (+)
LN(+)4 M 55 Lt Well 4 1 0 3 60 8 (13.3%) (+)
LN(+)5%* M 60 Lt Mod 2 1 0 2b 22 9 (40.9%) (-)
LN(+)6 M 54 Mt Poor 4 1 0 3 36 6 (16.7%) (+)
LN(+)7%* M 68 Mt Poor 3 1 1b 4b 36 7 (19.4%) (+)
LN(+)8 M 70 Mt Well 4 1 1b 4b 17 12 (70.6%) (+)
LN(+)9%* M 81 Lt Mod 3 1 0 3 53 22 (41.5%) NP
LN(+)10%* M 69 Ut Poor 2 1 1b 4b 75 17 (22.7%) NP
LN(+)11 M 49 Mt Poor 4 1 0 3 42 16 (38.1%) (+)
LN(+)12%* M 67 Mt Well 2 1 la 4a 48 8 (16.7%) NP
LN(+)13%* M 76 Lt Poor 3 1 la 4a 40 22 (41.5%) NP
LN(+)14 F 47 Mt Mod 1 1 la 4a 57 11 (19.3%) NP
LN(+)15%* M 58 Lt Mod 2 1 0 2b 75 14 (18.7%) NP
LN(+)16 M 43 Mt Mod 1 1* 1b 4b 43 0 (+)
LN(+)17 M 68 Lt Mod 4 1% 0 3 47 0 (+)
LN(—)1%* M 54 Lt Mod 2 0 0 2a 71 0 NP
LN(—)2%* M 76 Lt Mod 3 0 0 2a 45 0 NP
LN(—)3 F 78 Ut Poor 1 0 0 1 58 0 NP
LN(—)4** M 51 Lt Mod 2 0 0 2a 37 0 NP
LN(—)5 F 70 Mt Poor 1 0 0 1 56 0 (-)
LN(—-)6 F 72 Lt Poor 1 0 0 1 39 0 (-)
LN(—)7%* M 74 Ut Mod 3 0 0 2a 50 0 (-)
LN(—)8 M 66 Mt Poor 1 0 0 1 33 0 NP
LN(—)9 F 77 Ce Well 4 0 0 3 94 0 (-)
LN(—)10%* M 61 Lt Poor 2 0 0 2a 53 0 NP
LN(—)11%* M 52 Lt Mod 2 0 0 2a 32 0 NP

T, N, M, and TNM stages are defined according to the fifth edition of the TNM classification of UICC in 1997. G, gender; A, age; L, location;
mm, micrometastasis; Ut, upper thoracic; Mt, middle thoracic; Lt, lower thoracic; Ce, cervical; Mod, moderately differentiated; Well, well
differentiated; Poor, poorly differentiated; NP, not performed. Lymph node dissection and lymph node metastasis are the numbers at the time of

surgery (* indicates micrometastasis in lymph node; ** is used for SAM).

profiles of nine cases with lymph node metastases and (B)
gene expression profiles of six cases without lymph node
metastasis. All patients in groups A and B were made
uniform in T category (T2 or T3 in the fifth edition of the
TNM classification of UICC in 1997) to minimize the bias
of gene expression influenced by high or low T grade.

ANN Construction and Testing

Our ANN, which consists of four layers, including two
hidden layers, and has a Feed Forward with Error Back-
propagation function, was constructed with NEURO-
SIM/L software (Fujitsu Limited, Japan) with the gene
subsets extracted by means of SAM. The schema of our
ANN is shown in Figure 1. The number of neurons in the
input layer was equal to the number of genes used, and
the ideal outputs were set at +1 for the presence of
lymph node metastasis and at O for absence of lymph
node metastasis. Predictive accuracy, which was defined
as the number of true positives plus true negatives di-
vided by total number of cases, was calculated by the
evaluation of newly added cases and of all 28 cases in
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ANN with leave-one-out cross-n using various numbers
of genes. Leave-one-out cross-n is defined as a “k-fold
cross-n” technique in which the data are divided into k
subsets of equal size and the whole data sets are cross-d.
If k equals the sample size, this is called “leave-one-out
cross-n.” The areas under the receiver operating charac-
teristic curve (Az) were also calculated with use of
publicly available software (WROCFIT ROC curve fit-
ting ver.1.44; Wataru Ogawa, Japan) to evaluate the
prediction models for lymph node metastasis.

The schematic diagram of this study is shown in
Figure 2.

Predictive Formula for Discrimination of Lymph
Node Metastasis

From the results obtained using SAM, we set the d
value as the discriminant coefficient (dj) of a predictor
gene (j). A lymph node metastasis score (LMS) of each
sample (i) was calculated with the following formula:

LMSi = Xdj X log2 rij
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FIG. 1. A schematic representation of our artificial neural networks
(ANNs). ANNs typically have an input layer, one or more hidden
layers, and an output layer. Our ANN has two hidden layers; the first
hidden layer has four neurons and the second hidden layer has 10
neurons (bottle-neck type). A: Each neuron is connected with weights
randomly in an initial state. B: During the learning process, the ANN
is presented with a training set ((DNA microarray data in this study)
and is taught the correct diagnosis or output, which is encoded by
numbers (lymph node metastasis—positive state is encoded by 1 and
-negative state by 0). Data from each ANN layer pass to the next one
until they reach the output. The ANN diagnosis is compared with the
ideal diagnosis, and an error is generated. The error is backpropagated
through the ANN, and the weights of the connections between the
neurons are adjusted in an attempt to decrease this error. Once this
backpropagation reaches the input layer, another wave of forward-
processing begins and reaches the output layer again. This iterative
learning process occurs until the ANN is able to make an accurate
diagnosis of the training set. After training, the ANN is presented with
new microarray data in a test set that has not been used by the ANN.

where rij is the expression ratio (Cy5/Cy3) of gene (j).

Hierarchical Clustering

Gene expression data were manipulated and clustered
with use of established algorithms implemented in the
publicly available software program Cluster.!3> Average
linkage clustering with centered correlation was used.
The clustering result was visualized with TreeView
software.!3

Determination of the best number of genes extracted
by SAM for prediction of lymph node metastasis by ANN

8064 genes

LN{+) 9 cases 3\
LN(-) 6 cases

I extracted genes (30—120) |

repeat for each number
of genes extracted
by SAM

prediction of LN-metastasis with ANN
by leave-one-out cross validation
(15 cases used for SAM and
13 newly added test cases)

v

[predictive accuracy | ¥,

FIG. 2. A schematic flow chart for determining the best gene subset
for prediction of lymph node metastasis with use of the ANN in our
study. Nine cases with lymph node metastasis and six cases without
lymph node metastasis were selected for SAM, and candidate genes
were extracted from 8064 genes. Thirteen cases were newly added,
and a total of 28 cases were evaluated for lymph node metastasis
with use of ANN by leave-one-out cross-n. Each gene subset ex-
tracted with SAM was tested with ANN, and the best gene subset for
prediction of lymph node metastasis was determined (LN = metas-
tasis; LN(+) = lymph node metastasis—positive; LN(—) = lymph
node metastasis—negative).

Validation For Microarray Data

Semiquantitative reverse transcriptase polymerase
chain reaction (RT-PCR) was performed with LightCy-
cler (Roche Molecular Biochemicals, Mannheim, Ger-
many)'? as the validation for microarray data. Desmuslin
(DMN) and interferon gamma receptor 1 (IFNGR1) were
used, because these genes were expressed differentially
among samples. The primer sequence sets were designed
with primer analysis software (OLIGO 4.0-s),2° and optimal
annealing temperatures were as follows: DMN, 5-CATT-
TGTGCTTGCTGGTTCA-3', 5-TTAAGGCCTTTGGA-
TGTTGG-3', 56.4°C; IFNGR-1, 5-CTTGTGGATGAT-
AGCGGTAA-3, 5-AAGTGGCTACAAAGGTCCCT-3,
50.9°C. All expression ratios were normalized by the
expression of GAPDH. The procedures for semiquan-
titative RT-PCR were as previously described,® with
some modifications.

RESULTS

Selection of Candidate Genes For Prediction of
Lymph Node Metastasis

SAM selected various genes showing statistically sig-
nificant differences in expression level between (A) the
lymph node metastasis—positive state and (B) the lymph
node metastasis—negative state. Tentatively, we selected
30, 60, 90, and 120 genes by SAM, and the respective
FDRs were 5.3%, 11.6%, 12.3%, and 14.2%.
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ANNs Can Predict Lymph Node Metastasis

We used four-layered, bottle-neck-shaped ANNs for
prediction of lymph node metastasis. Various gene sub-
sets selected with SAM were tested, and we found that
our ANN model could predict lymph node metastasis
most efficiently with 60 clones (58 genes) (Fig. 3, Table
2), although FDR was decreased (i.e., the specificity was
increased) when the number of genes selected by SAM
was decreased. The predictive accuracy for lymph node
metastasis with 60 clones with use of ANN was 10 of 13
(77%) in newly added cases that were not used for gene
selection by SAM and 24 of 28 (86%) in all cases
(sensitivity: 15/17, 88%; specificity: 9/11, 82%; Az val-
ue: 0.891).

Clustering Analysis and LMS Analysis for
Prediction of Lymph Node Metastasis

Using the previously mentioned 60 clones, we per-
formed a clustering analysis (Fig. 4) and an LMS anal-
ysis (Fig. 5). It was difficult to extract useful information
for the prediction of lymph node metastasis by clustering
analysis, even if the number of the clones (genes) used
was changed to 30, 90, or 120 (data not shown). In
contrast, predictive accuracy of LMS was 9 of 13 (69%)
in newly added cases and 24 of 28 (86%) in all cases.
LMS was inferior to ANN in the predictive potential for
lymph node metastasis because it showed lower ability
of generalization. LMS predicted lymph node—positive
states accurately but could not accurately predict lymph
node—negative states (sensitivity: 17/17, 100%; specific-
ity: 7/11, 67%; Az value: 0.890) (Fig. 5). The results of
LMS did not change if the number of the clones (genes)
used was changed to 30, 90, or 120 (data not shown).

Predictive accuracy of lymph node metastasis by ANN

% 24/28 (86%) N Az:10.891 / 10/13 (77%) Az
90 L 0.9
80 = = 0.8

PR ~
70 X s <. e Y 0.7
60 - e 0.6
’ - -
50 < 0.5
40 —8— Azvalue in all cases 0.4
- & = predictive accuracy in all cases
- @ predictive accuracy in test cases
0 20 40 60 80 100 120 clones

FIG. 3. Predictive rates in all cases, newly added test cases, and Az
(area under the receiver operating characteristic curve) values show
parabolic curves. The most accurate prediction was achieved at 60
clones (58 different genes), at rates of 24 of 28 (86%) in all cases and
10 of 13 (77%) in test cases. The Az value in all cases was 0.891.
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Validation of Microarray Data by Semiquantitative
RT-PCR

Melting curve analysis showed a single peak, which
indicated a single amplification of each target gene, and
the production of single bands was also confirmed by
electrophoresis (data not shown). The results of semi-
quantitative RT-PCR for DMN and IFNGR1 were not
identical to but were correlated with the microarray data
(Fig. 6).

DISCUSSION

It has been reported that endoscopic resection, radia-
tion therapy, and chemotherapy, alone or in combina-
tions, are effective for the treatment of early esophageal
cancers.>~* However, it is essential to recognize whether
lymph node metastasis has occurred or not before the
selection of these nonsurgical treatments. Lymph node
metastasis in esophageal cancer rarely occurs when the
primary tumor is limited within the mucosal layer; how-
ever, it occurs frequently once the tumor extends into the
submucosal layer.?! Therefore, surgical treatments with
lymph node dissection are likely to be employed when a
tumor progresses deeper than the submucosal layer. Sur-
gery is the main therapy for esophageal cancer, and
extended lymph node dissection is recommended.!

Although extensive lymph node dissection has the
same level of complications as standard lymph node
dissection, the procedure takes longer and results in
prolonged hospital stays. On the other hand, even if the
tumor invasion is beyond the submucosal layer, if there
is no lymph node metastasis, it would be considered
oversurgery to treat these cases with a surgical modality
that involves great stresses. These dilemmas result from
the lack of a diagnostic modality that can estimate lymph
node metastasis accurately before any treatment. If we
could predict lymph node metastasis status accurately
before treatment, more precise, tailor-made therapeutic
selections could be employed as treatments.

We show here that lymph node metastasis in esopha-
geal cancers could be predicted in a high rate from
microarray data with ANN analysis, although the current
experimental scale was relatively small. Since Rumelhart
et al.’® developed Feed Forward and Error Backpropa-
gation learning in ANN, ANN has been applied in med-
ical research, i.e., for image processing,?> diagnosis of
malignancy,'! and prediction of therapeutic response??
and outcome.?3> ANN has been applied to microarray data
relatively recently!!; however, there has been no reported
study in which ANN was applied to evaluation and
prediction of lymph node metastasis on the basis of
microarray data. Although ANN has disadvantages that
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TABLE 2. Identities of 60 clones extracted with cDNA microarrays

Gene Name Symbol Accession Number
Relatively upregulated genes in lymph node metastasis—positive states
Interleukin 6 IL6 NM_000600
Desmuslin DMN XM_031031
Jun D proto-oncogene JUND N66278
Serine dehydratase SDS XM_006645
Peroxiredoxin 2 PRDX2 NM_005809
pl60 PELP1 U88153
Reproduction 8 D8S2298E NM_005671
Purkineje cell protein 4 PCP4 NM_006198
NADH dehydrogenase (ubiquinone) 1 alpha subcomplex 7 NDUFA7 NM_005001
Anmiloride-sensitive cation channel 1, neuronal (degenerin) ACCNI1 NM_001094
Glucokinase (hexokinase 4), transcript variant 1 GCK NM_000162
Hepatocyte nuclear factor-6 alpha (HNF6) ONECUT1 U96173
Glutathione peroxidase 4 GPX4 NM_002085
Putative sterol reductase SR-1 TM7SF2 AF096304
Homo sapiens cDNA FLJ34019 fis, clone FCBBF2002898 * AA398289
Mitogen-activated protein kinase 8 interacting protein 1 MAPKSIP1 Al206407
Isocitrate dehydrogenase 2 (NADP+), mitochondrial IDH2 AA679907
DKFZP434D146 protein DKFZP434D146 NM_015595
ESTs * T66794
ESTs * H84871
Relatively upregulated genes in lymph node metastasis—negative states
Nucleoporin 153kD NUP153 AI568716
Dual specificity phosphatase 1 DUSP1 N62259
Peptidylprolyl isomerase C (cyclophilin C) PPIC AA676404
Protection of telomeres 1 POT1 NM_015450
Ligase 4, DNA, ATP-dependent LIG4 NM_002312
KIAA1128 protein KIAA1128 AA114107
Myogenin (myogenic factor 4) MYOG AlI291603
CIG49 (cig49) IFIT4 AF026939
Interleukin 1 receptor accessory protein IL1RAP NM_002182
Phospholipid scramblase 1 PLSCRI1 AF098642
Tublin, alpha 1 (testis specific) TUBAL1 XM_050952
Cyclin A2 CCNA2 AA608568
High-mobility group protein 2 HMGB2 AA019203
Chloride channel 4 CLCN4 XM_045756
Toll-like receptor 4 TLR4 XM_057452
Transporter similar to yeast MRS2 MRS2L AI023118
G protein beta 5 subunit GNBS5 AF017656
Interferon gamma receptor 1 IFNGRI1 NM_000416
Kinesin-like 1 KNSL1 AA504625
Fas (TNFRSF6)-associated via death domain FADD NM_003824
Interleukin 1, beta IL1B NM_000576
Glucosamine (N-acetyl)-6-sulfatase GNS AA035347
Laminin-5, alpha3b chain LAMA3 X84900
PTPREF, interacting protein (liprin), alpha 1 PPFIA1 N49751
Deleted in azoospermia DAZ AA129397
KIAA0562 gene product KIAA0562 XM_001505
DDX17, transcript variant 2 DDX17 NM_030881
Arachidonate 5-lipoxygenase ALOXS NM_000698
Amyloid beta (A4) precursor protein APP AA128553
Nescient helix loop helix 1 NHLHI1 HO09936
MRS2-like, magnesium homeostasis factor (S. cerevisiae) MRS2L AI023118
ESTs * HO08785
ESTs, Moderately similar to TO0390 KIAA0614 protein—human (fragment) * AA877082
DNA-binding transcriptional activator NCYM AA609982
Cytokine receptor-like factor 3 CRLF3 Al240562
Interferon consensus sequence binding protein 1 ICSBP1 AI391632
KIAA1128 protein KIAA1128 AA114107
ESTs * HO02158
Hypothetical protein DKFZp547M136 similar to widely-interspaced zinc finger motifs LOC58525 AlI360314
Homo sapiens cDNA FLJ11904 fis, clone HEMBB1000048 * AA447098

* Not applicable.

Ann Surg Oncol, Vol. 11, No. 12, 2004
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Clustering analysis
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FIG. 4. Clustering analysis with 60 clones extracted by SAM. The
color scale ranges from saturated green for 2> and below to saturated
red for 27 and above. Each gene is represented by a single row of
colored boxes; each case is represented by a single column. Branch
lengths of the dendrogram show the degree of similarity between the
cases. Clustering analysis does not successfully categorize the cases as
lymph node metastasis—positive and -negative.

include its “black box” nature, greater computational
burden, proneness to overfitting, and the empirical nature
of model development,?* there are many reports in which
ANN still has superior potential for detecting complex
nonlinear relationships between dependent and indepen-
dent variables and other classic statistical techniques.?>2>

Lymph node metastasis score analysis
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FIG. 5. Lymph node metastasis score (LMS) analysis with 60 clones
extracted by SAM. Circles in black represent the cases used for SAM,
and circles in gray represent the cases newly added. Predictive accuracy
was 24 of 28 (86%) in all cases and 9 of 13 (69%) in newly added test
cases. Az value in all cases was 0.890.
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Comparison with results of LightCycler
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FIG. 6. Comparison of the results of gene expression analysis for
desmuslin (DMN) and interferon gamma receptor 1 (IFNGR1) with use
of microarray and LightCycler analysis. Black bars represent gene
expression values from LightCycler, and gray bars represent gene
expression values from microarrays. The results of semiquantitative
RT-PCR for DMN and IFNGR1 were not identical to but were corre-
lated with the microarray data.

Recently, huge amounts of data have been generated
by high-throughput techniques in genomic and pro-
teomic researches. ANN not only can implicitly reveal
relationships within large sets of data but also can simul-
taneously deal with both variables that can be qualified
(e.g., age, height, weight, length of tumor and microarray
data) and those that cannot be qualified (e.g., gender,
tumor type, stage of disease, family history and habit);
thus, ANN is expected to lead to more useful information
for clinical decision-making. With our ANN model, the
60-clone-prediction of lymph node metastasis showed
the highest accuracy. As shown in Figure 3, the predic-
tive accuracy and Az values formed approximately par-
abolic curves, probably because the smaller the number
of genes used in ANN, the less adequate the genetic
information is for predicting lymph node metastasis cor-
rectly, while with a larger number of genes, ANN like-
wise could not work properly, possibly because of being
affected by increased biases. It seems that the accuracy
of gene filtering for the phenotypes of interest is impor-
tant when the number of cases analyzed by ANN is
relatively small; however, in larger-scale studies, ANN
could predict phenotypes more accurately because a
large amount of training data lead to more correct out-
comes, although a small number of irrelevant genes are
inevitably included.

Hereafter, biopsy materials are to be used for predic-
tion of lymph node metastasis, and with the enrollment
of an increasing number of patients in the study, we
believe that the accurate prediction of lymph node me-
tastasis in esophageal cancer patients before any treat-
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ment begins should become possible. In the near future,
if we could predict lymph node metastasis accurately
with use of biopsy materials, decisions about surgical
treatments would be greatly influenced. For example, in
a case predicted to be positive for lymph node metastasis,
surgical treatment should be selected even if the patient’s
esophageal cancer is limited to within the mucosal layer,
while in another case predicted to be negative for lymph
node metastasis, nonsurgical treatment such as endo-
scopic resection, radiation therapy, or chemotherapy
would be selected for early esophageal cancers and sur-
gical treatments without lymph node dissection might be
selected for invasive tumors. Since it would be possible
to establish tailor-made therapy for such esophageal can-
cer patients, this predictive system would be very useful
in clinical situations.

Micrometastasis?® has been taken into consideration in
the evaluation of lymph node metastasis in this study.
We have been able to achieve highly accurate prediction
of lymph node metastasis because there might exist dis-
tinctive differences in “gene signature” between primary
esophageal cancers with and without lymph node metas-
tasis, including micrometastasis. That is to say, “gene
signature” that expresses certain different gene products
may cause lymph node metastasis regardless of the depth
of tumor invasion. Esophageal cancers with a partic-
ular gene signature may have lymph node metastasis
in an early stage of tumorigenesis, whereas esophageal
cancers without that gene signature may rarely have
lymph node metastasis, however deep they invade into
the esophageal wall. Consequently, our method may
be useful in detecting lymph node metastasis, inclu-
sive of micrometastasis.

In comparison of esophageal cancer specimens with
and without lymph node metastasis, SAM did not detect
genes that had been reported to be related to lymph node
metastasis of esophageal cancers, such as extracellular
matrix degrading enzymes (matrix metalloproteinase-2,
-7, -9, and -13)?7-39; cytoskeletal and adhesive mole-
cules; E-cadherin,?' alpha-catenin,?' beta-catenin,3> and
desmoglein 133; and growth factors (vascular endothelial
growth factor®* and vascular endothelial growth factor
C).3 However, some immunity-related genes such as
cytokines and apoptosis-related molecules were detected.
This implies that the key factors involved in lymph node
metastasis are interactions between progressive, invasive
cancer cells and their environment or host immunity that
suppress tumor progression. Consequently, for the eval-
uation of lymph node metastasis, it is important to ana-
lyze not only cancer cells but also their environments.

Interleukin 1-beta (IL1B),3¢ interleukin 6 (IL6),37 and
sterol reductase SR-1(TM7SF2)3® have been reported to

be molecules positively related to lymph node metasta-
sis. In contrast, Fas-associated death domain (FADD),3°
phospholipid scramblase 1 (PLSCR1),%° and dual-speci-
ficity phosphatase 1 (DUSP1)*!' have been reported as
negatively related molecules. The findings of the present
study about the expression of FADD, PLSCRI, IL6,
TM7SF2, and DUSP1 were consistent with those of
previous reports. However, our findings about IL1B
were not; indeed, there was no single gene whose ex-
pression alone could predict lymph node metastasis ac-
curately. Therefore, the overall expression patterns and
balance of expression of candidate genes for lymph node
metastasis should be considered.

In this study, LMS was still inferior to ANN with
respect to the ability of generalization (9 of 13, or 69%,
in newly added cases). However, LMS was not at all
misleading with respect to lymph node—positive states
(e.g., the false-negative rate was 0%); hence, the predic-
tion of lymph node—negative states by LMS may be more
reliable than that by ANN. LMS analysis can thus be
useful as a supportive method for ANN.
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