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Abstract Lymphovascular invasion (LVI) in gastric

cancer is readily demonstrated pre-operatively by

mucosal biopsy during endoscopy, which can also

provide samples for gene expression profiling. We

have examined gene expression associated with lym-

phovascular invasion in a cohort of gastric cancer

patients and have developed a 28-gene predictor of

tumor aggressiveness for forecasting risk of node

positivity (N?), which could potentially be useful pre-

operatively. The resulting model’s ranking of increas-

ing tumor aggressiveness correlated positively with

N? status, reaching statistical significance, and was

three times the correlation of LVI with N? status.

Keywords Gastric cancer � Lymphovascular

invasion � Microarray � Tumor-node-metastasis

Introduction

Gastric cancer is one of the main causes of cancer-

related deaths worldwide, causing about 14,000

deaths annually in the United States (Dicken et al.

2005; Karpeh and Brennan 1998). Adjuvant and

neoadjuvant therapy and decision-making on surgical

margins in gastric and other cancers would benefit if

it were possible to forecast risk of nodal involvement

soon after diagnosis. Previously, microarray analysis

of chromosomal copy number changes, and amplifi-

cations, gains, and losses at a number of chromo-

somal regions, revealed various groups that

correlated significantly with lymph node status and

survival in gastric cancer (Weiss et al. 2003, 2004).

Lymphovascular invasion (LVI) can be readily

demonstrated pre-operatively by mucosal biopsy

during endoscopy and has been shown to correlate

with advancing nodal status in a study involving

several hundred patients (Dicken et al. 2004). Prog-

nostic value of LVI has been shown for patients with

adenocarcinomas of the esophagogastric junction

(von Rahden et al. 2005).

Though LVI status does provide a measure of

tumor aggressiveness, not all cases with lymphovas-

cular invasion show nodal involvement (N?), and not

all LVI- cases are node negative (N0), so it is useful
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to develop a refined model of tumor aggressiveness.

A recent paper examining gene expression of fresh

gastric cancer tissue found differential expression of

oligophrenin-1 (OPHN1) and ribophorin-II (RPNII)

with respect to LVI (Dicken et al. 2006). In a

prospective microarray study, gene expression pro-

files were obtained from tumors of 20 patients

undergoing surgery for gastric cancer (Dicken et al.

2006); 15 tumors had lymphovascular invasion (were

LVI?), five were LVI-.

The present paper is an extension in which a data-

mining tool was applied to the same gene expression

profiles to produce a clinically-relevant predictor in a

proof of principle study. In particular, starting with

known LVI status, a gene-expression-based model of

tumor aggressiveness was developed for prediction of

nodal involvement, in which the model was itself

created blinded to any nodal information about the

test cases. This blind testing of the predicted risk of

nodal involvement distinguishes the present work

from many other reports of gene-expression-based

predictors. One important exception is the classic

paper of Khan et al whose artificial neural networks

classified flawlessly blinded test gene expression

profiles of small round blue-cell tumors (Khan et al.

2001).

Patients and methods

Patient samples

Microarray slides were printed by the Gene Array

Facility of Genome British Columbia using the Operon

(Alamadea, CA) Human 70 mer oligonucleotide set,

version 1.1, representing 13,971 genes, which were

printed in duplicate on each slide. RNA was obtained

from tumors of 20 patients (15 LVI?, 5 LVI-)

undergoing surgery for primary gastric cancer, who

prospectively provided written informed consent for

tissue banking and analysis plans that were approved

by the appropriate Research Ethics Board(s). Micro-

array slides were probed in triplicate with labeled

cDNA prepared from 30 lg each of tumor and

reference total RNA. Superscript II was used to

prepare cDNA, which was then labeled with Cy3 or

Cy5 using an indirect amino allyl technique (Botwell

and Sambrook 2003). To ensure all relevant gastric-

expressed RNAs would be represented, the reference

sample was prepared by mixing RNA from normal

gastric mucosa with RNA from ten representative

gastric tumor samples. After hybridization, the micro-

array slides were scanned with an Axon 4000B using

GenePix 3.0 software and the data were normalized

using lowess normalization as previously described

(Listgarten et al. 2003). Further details about the

microarray profiles are available (Dicken et al. 2006).

LVI was defined as presence of tumor emboli in

either vascular or lymphatic channels (Dicken et al.

2004). In the present study, the LVI status was based

upon final pathologic reporting and not obtained pre-

operatively. TMN staging nodal status was defined by

the 1997 American Joint Committee on Cancer staging

system as follows. N0 denotes no involved nodes as

determined after examination of at least 15 lymph

nodes, N1 denotes 1–6 positive nodes, N2 denotes

7–15 positive nodes, and N3 denotes [15 positive

nodes (Karpeh et al. 2000). In our study, six tumor

samples were N0, 9 were N1, and five were N2, and

none were N3. No positive node was sufficiently large

to be visualized by CT or endoscopic ultrasound; nodal

status was completely unavailable preoperatively.

Statistical methods

The parallel cascade identification (PCI) approach

detailed previously (Korenberg 1991) builds a mimetic

model of a nonlinear system, using a parallel array of

dynamic linear and static nonlinear elements (Fig. 1),

given only the system’s input and output. Constructing

a PCI model to distinguish between gene expression

profiles belonging to different classes was described

(Korenberg 2002), briefly reviewed by Kirkpatrick

(2002), and is outlined here. First, genes having largest

absolute difference in expression level between the

training profiles for the two classes are selected. Next,

for each exemplar profile, the expression values from

the selected genes are appended in the same order to

form an input segment representative of the exem-

plar’s class. The input segments from the different

classes are concatenated to form a training input x(i).

The corresponding training output y(i) is assigned

different values over input segments from different

classes. For this training input and output, a PCI model

(Fig. 1) is identified to approximate the input/output

relation (Korenberg 1991). Then an input signal for a

novel profile is constructed by appending the expres-

sion values of the selected genes in the same order used
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above; the resulting model output is used to classify

the profile.

To build a PCI predictor of LVI status, only one

LVI? and one LVI- profile were used to construct the

training input, so that the test set comprised the

remaining 14 LVI? and 4 LVI- profiles. When

selected genes from the first LVI? (denoted GT4)

and first LVI- (denoted GT86) profiles were used to

build the training input, the LVI? segment of the input

was significantly smaller at almost every expression

value than the LVI- segment. This indicates a colored

input, while a white one is advantageous for PCI

(Korenberg 2002). Hence one other pair of exem-

plars, the last LVI? (UT90) and last LVI- (UT178)

profiles, were checked for forming the training input,

and a much richer training input resulted, so that these

profiles were chosen to find the PCI model. Indeed, the

autocovariance curve, for a training input based on

GT4 and GT86, indicated a colored input, while that

for training profiles UT90, UT178 indicated an almost

white input. The training profiles were chosen blinded

to nodal involvement and the risk predictor built

before any nodal information was revealed. No

information could leak to increase classification

performance.

Some parameters chiefly related to architecture

had to be set (Korenberg 2002): memory length of a

dynamic linear element L, polynomial degree of a

static nonlinear element N, maximum number of

cascade paths, threshold for accepting a candidate

cascade into the model, and number of genes to

select. These parameters’ values were set by com-

paring the performance of PCI models, identified for

trial values of the parameters, over an evaluation set

that never included the profile to be classified.

Since there were relatively few profiles in total, the

protocol used to develop and test the PCI classifiers

was a variant of leave-one-out testing. Three sets were

used: (1) UT90, UT178 to construct training inputs;

(2) 17 profiles in an evaluation set; (3) a held-out

profile to be classified. Several PCI models were

trained once and for all from set (1) for trial

values of number (200, 26–30, and 22) of genes, and

the various architectural values listed above. The trial

architectural parameter settings and number of

genes covered a narrow range around those employed

earlier (Korenberg 2002, 2003), where an effective

two-cascade model with memory length 4 and poly-

nomial degree 5 was identified using threshold 6. The

performance of the different PCI models was com-

pared; the best one, with highest percentage correct

over LVI? and LVI- classes, was selected. In the

event of a tie, the PCI model having minimum MSE

over the training data (in set 1) was selected, because

PCI models with lower MSE over the same training

data tend to be better classifiers.

Sets (2) and (3) were changed until each of the 18

profiles (all but UT90, UT178) had been classified for

LVI. Since the training profiles never change, it is

possible that the same model may turn out to be the

best over the evaluation set each time, in which case

the same model could be shown to be effective over

the 18 test profiles. Here, the same PCI model using

28 gene expression values emerged as best over every

evaluation set. The corresponding training input for

this model is shown in Fig. 2a. Model memory length

was three, with 7th degree polynomial static nonlin-

earities and two cascade paths in total, identified

using a threshold of six—settings similar or identical

to values used previously (Korenberg 2003). On the

training data, model MSE was 46.56%, relative to the

training output variance.

Table 1 shows that, of the selected genes, eukary-

otic translation elongation factor alpha 1 (EEF1A1)

was chosen twice. This is because the gene was

represented on the array by two different oligonucleo-

tide segments since, when the array was designed, the

segments were believed to correspond to different

genes. Strictly speaking, the model used 28 oligonu-

cleotides corresponding to 27 genes; however for

simplicity, it will be referred to as a 28-gene model.

When the training input from Fig. 2a was fed

through the model, the resulting output (Fig. 2b) was

predominately negative over the LVI? portion, and
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x(i)     .          )(2 iz )(iz

.     

.   )(izK

L2

L1
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∑

Fig. 1 Parallel cascade model used to predict LVI. Each L is a

dynamic (has memory) linear element and each N is a

polynomial static nonlinearity
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positive over the LVI- portion, of the training input.

To predict LVI status of a novel profile, a 28-point

input signal prepared from the expression values of

the selected genes was fed through the model. The

resulting model output was averaged following the
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Fig. 2 a Training input x(i) formed by splicing together the raw

expression levels of selected genes from LVI? profile UT90 and

LVI- profile UT178. The genes used (Table 1) were those

having greatest difference in expression levels between the two

profiles based on 28 different oligonucleotides. b Training

output y(i) (solid line) defined as –1 over the LVI? portion of the

training input and 1 over the LVI- portion. The training input

and output were used to identify a parallel cascade model of the

form in Fig. 1. The dashed line represents calculated output z(i)
when the identified model is stimulated by training input x(i).
Note that z(i) is predominately negative (average value:

-0.4799) over the LVI? portion, and positive (average value:

0.4799) over the LVI- portion, of the training input

Table 1 Genes used to predict lymphovascular invasion of

gastric cancer

Gene description Gene

symbol

Accession

number

Collagen type III, alpha 1 COL3A1 NM_000090

Persephin PSPN AF040962*

Oligophrenin 1 OPHN1 NM_002547*

Lysozyme (renal amyloidosis) LYZ NM_000329*

Neuromedin U NMU NM_019515

Immunoglobulin kappa variable IGCK NM-00834

Tripartate motif containing 3 TRIM3 NM_033278

Ribosomal protein L18a RPL18A X80822*

Unknown N/A AK001590

Ribosomal protein S24 MRPS24 NM_032014

Eukaryotic translation

elongation factor alpha 1

EEF1A1 NM_001402

H3 histone family 3A H3F3A M11353*

Adenosine deaminase tRNA-

specific 1

ADAT1 NM_012091

Actin, alpha 2, smooth muscle,

aorta

ACTA2 NM_001613

Zinc finger protein 160 ZNF160 NM_198893

Telomerase-associated protein 1 TEP1 NM_007110

CDC14 cell division cycle 14

homolog A

CDC14A NM_033312***

Ribosomal protein L12

pseudogene

N/A U85977*

Myosin-binding protein MYBP3 Y10129*

Eukaryotic translation

elongation factor alpha 1

EEF1A1 NM_001402

Proline dehydrogenase PRODH2 AK001359

Matrix Gla protein MGP AK000309**

PRO1900 protein N/A NM_016344

Unknown N/A NM_005579*

Ribosomal protein S14 MRPS14 NM_022100*

Unknown N/A AK001329

Ribosomal protein large P0 RPLP0 NM_053275

Hydroxysteroid (17-beta)

dehydrogenase 1

HSD17B1 NM_000413

Asterisks denote various degrees of up-regulation in LVI?based

on training profiles UT90, UT178, with CDC14 (cell division

cycle 14 homolog A) especially active. Note that the EEF1A1

gene, corresponding to two different oligonucleotides (origi-

nally designated as unigene nos. 181165 and 274466) on the

microarray, was selected twice with different expression

values. The 28 gene-expression values were appended using

the above order in constructing the input signal. Gene symbols

that are not available in public databases are indicated (N/A)
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settling period, which depended on the memory

length: here, for memory length of 3, the averaging

started on the 3rd output point. If average model

output was negative the tumor sample was classified

as LVI?, and otherwise as LVI-.

Results

LVI prediction

Thirteen of 14 LVI? (*93%) and 3 of 4 LVI- (75%)

were correctly classified (P \ 0.019 on Fisher’s exact

test, Matthews’ correlation coefficient / = 0.68); the

only errors were (LVI?) GT4 and (LVI-) GT86

profiles.

Predicting risk of nodal involvement

When nodal status was finally unmasked, it emerged

that six tumor samples were N0, while 14 samples

were N?. LVI has been shown to correlate with

advancing nodal status (Dicken et al. 2004, 2006)

when a large number of tumor samples were studied.

However, over our 20 tumor samples, the correlation

of LVI with node positivity was only 0.13 and did not

reach statistical significance.

Recall that the PCI mean outputs, with negative

values indicating tumor aggressiveness, had been

calculated for all 20 profiles blinded to nodal

involvement; their relative ranking is shown in

Table 2a together with actual N0 versus N? status.

They are listed in descending order with the profile

having the largest positive mean output at the top.

While PCI mean output is one way of ranking the

profiles from least aggressive to more aggressive

cases, there is no claim that the mean outputs form a

linear (equal interval) scale. Because of the way the

training output had been defined (–1 for LVI?, ?1

for LVI-), progressively negative mean output,

corresponding to increasing rank number in Table 2a,

should indicate increasing tumor aggressiveness and

increased risk of node positivity. Thus, N0 profiles

should tend to be nearer to the top of Table 2a.

Moreover, increasing rank number should correlate

positively with N? status; a negative correlation,

no matter how large the magnitude, would not be

significant and instead would indicate that the

predictor had failed. This means that the relevant

issue is the probability of the same or higher positive

correlation occurring by chance. Indeed, increasing

rank number correlated with node positivity (r =

?0.4), with probability P \ 0.0412 of obtaining as

high or higher positive correlation by chance.

The exact Mann–Whitney U-test (Lowry 2007)

confirms that PCI ranked the profiles according to

increasing risk of nodal involvement, with least

aggressive cases at the top, in Table 2a. Here the

statistic U measured the number of times an N? pro-

file had a smaller rank number than an N0 profile in

Table 2a; for six N0 and 14 N? the critical value is

U = 21 at or below which a ranking would be

significant. If the PCI model could not predict

increased risk of node positivity, then the relative

ordering of N0 and N? profiles should be random in

Table 2a, with expected value of U = 42. However

as predicted, N0 cases clearly tend to occur closer to

the top in Table 2a, and the ranking reached the

critical value U = 21 for significance on the exact

Mann–Whitney test (P \ 0.0457).

The PCI ranking is certainly not perfect, but its

correlation with node positivity was three times the

correlation of LVI with node positivity. One practical

way of using the PCI ranking is by checking whether

a profile would rank within the top or the bottom half

of Table 2a, of predicted lower-risk and higher-risk

cases respectively. This two-class form effectively

distinguishes among different stages of nodal status

(here, N0, N1, or N2). All our N? cases were N1,

except N2 cases GT4, RT8, RT233, UT90, RT29.

Comparing the top half of Table 2a predicted to be at

lower risk with the bottom half predicted at higher

risk showed that higher risk correlated positively with

increased nodal status: r = ?0.47, with probability

P \ 0.018 of obtaining as high or higher positive

correlation by chance. However, this median split

dichotomizes a quantitative variable and, though it

is not an uncommon practice, typically it is not

recommended since it discards useful information

(MacCallum et al. 2002). It is presented as one way

to make practical use of the PCI ranking but, to

establish that the ranking is predictive of node

positivity, reliance is instead placed on other analysis

such as the exact Mann–Whitney U-test discussed

above. Although PCI predicted risk correlated with

actual nodal status, the biggest errors were cases

GT4, predicted lower-risk yet actually N2, and

MT385, predicted higher-risk yet actually N0. All
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other N0 cases fell in the predicted lower-risk half, all

other N2 cases in the predicted higher-risk half.

These results could be further improved by using LVI

information, see below.

Figure 3 shows the receiver operating characteris-

tic (ROC) curve for plot of true positive fraction

(sensitivity) against false positive fraction (equal to

1 - specificity), for each possible cut-off value. The

curve was plotted for predicting node negativity:

sensitivity refers to the fraction of N0 cases that

would be correctly classified for each possible cut-off

value, and 1 - specificity is the fraction of N? cases

that would be misclassified using the same cut-off.

For the 20 profiles, there are 19 intermediate cutoffs

corresponding to 19 measured values that exactly

trace out the ROC curve shown [in addition to points

(0, 0) and (1, 1)]. On the resulting ROC curve, the

point corresponding to sensitivity of 0.83 has spec-

ificity of 0.71 (1 - specificity = 0.29). Area under

the curve (AUC) reflects the predictive power, with

0 \ AUC \ 1. The null hypothesis of no predictive

power corresponds to an AUC = 0.5, the closer to

1 the better the predictor. Here calculated AUC =

0.75, with probability that the AUC is actually not

higher than 0.5 only P \ 0.0275, indicating that the

PCI ranking has predictive power. The obtained AUC

is very similar to that of Wang et al. (2004), where

Table 2 PCI Ranking

correlated with N0 versus

N? status (Node Positivity)

Increasing rank number tends

to predict increasing tumor

aggressiveness. The exact

Mann–Whitney U-test showed

that PCI tended to assign

smaller rank numbers to N0

(node negative) profiles than to

N? (node positive) profiles.

Point biserial correlation of

increasing rank number with

N? status produced significant

positive coefficient r. In A, the

PCI values for ranking the

profiles were obtained blinded

to nodal involvement: U = 21,

P \ 0.0457 (Mann–Whitney);

r = ?0.4, P \ 0.0412 (point

biserial). In B, the analysis was

repeated starting with different

training profiles, and was

carried out after nodal status

had been unmasked: U = 19,

P \ 0.0314; r = ?0.44,

P \ 0.028

a b

Rank Node

positivity

Profile

number

Node

positivity

Profile

number

1 N0 UT178 N0 RT191

2 N0 RT191 N0 UT178

3 N? RT258 N? RT258

4 N? RT136 N0 UT260

5 N? GT4 N? RT187

6 N? GT64 N0 UT172

7 N0 UT260 N? RT8

8 N0 UT172 N? RT136

9 N0 RT46 N? GT4

10 N? RT187 N0 RT46

11 N? RT8 N? GT64

12 N? RT233 N? RT60

13 N? UT90 N? RT233

14 N? RT60 N? UT90

15 N0 MT385 N? RT239

16 N? RT239 N? UT278

17 N? UT278 N0 MT385

18 N? RT29 N? RT29

19 N? GT86 N? RT182

20 N? RT182 N? GT86
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Fig. 3 Receiver operating characteristic (ROC) curve for N0

versus N?, X denotes a measured value. Area under the curve

(AUC) is 0.75, and the standard error is 0.13
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the AUC equaled 0.741 for their predictor of relapse

in Duke’s B colon cancer.

The GT4 (LVI?) profile had been narrowly

misclassified as LVI-, the GT86 (LVI-) profile

had been misclassified as LVI?. Although not done

in the present study, actual LVI status could be

obtained pre-operatively via endoscopy (before nodal

status is known), then LVI status used to improve PCI

risk prediction by removing the two misclassified

profiles. The remaining profiles, in same order as in

Table 2a but with rank numbers 1–18, had these

numbers of involved nodes respectively: 0,0,1,3,1,

0,0,0,3,9,7,7,1,0,1,3,8,3 (ranks 1–9 had 8 involved

nodes, ranks 10–18 had 39 such nodes). PCI ranking

of the 18 profiles correlated with ranking by number

of involved nodes on the Spearman correlation test

(rs = 0.4837), with probability P \ 0.0211 of obtain-

ing as high or higher positive correlation by chance.

Thus, statistical analysis of the blind test clearly

indicated that the PCI model is a good predictor of

nodal involvement.

The above results represent a one-shot blind test to

predict risk of node positivity. However, once nodal

status was revealed, the analysis was repeated to

show what would happen if the training had started

with different profiles. First, profiles RT29 (LVI?)

and RT191 (LVI-) were considered but, for the

selected 28 gene expression values from each of these

profiles, the resulting training input was strongly

colored. Next, RT8 (LVI?) and RT191 were consid-

ered as a training pair and this time, for the selected

gene expression values, the resulting 56-point train-

ing input was nearly white. For this training input,

one particular PCI model emerged as best over every

evaluation set. Over the training data, the model had

an MSE of 44.44%. In predicting LVI status, the

model correctly classified 2 of 4 LVI- test profiles,

and all 14 LVI? test profiles (Matthews’ correlation

coefficient / = 0.66, Fisher’s exact test P \ 0.0393).

When all 20 profiles were ranked by mean PCI output

(Table 2b) with largest positive mean output at the

top, the N? profiles tended to have larger rank

numbers, as expected (P \ 0.0314, on exact Mann-

Whitney U-test). Corresponding point biserial corre-

lation of increasing rank number with node positivity

was ?0.44, with probability P \ 0.028 of obtaining

as high or higher positive correlation by chance.

Thus, very similar results were obtained as in the

blind test.

PCI Application to other small data sets

PCI has shown similar predictive accuracy on two

small datasets from the literature (Golub et al.

1999, MacDonald et al. 2001). On the first dataset

(7 successful, 8 failed treatments), PCI predicted

treatment response of acute myeloid leukemia

patients, employing a very similar training and test

regime as used here (Korenberg 2002). On the second

dataset, PCI predicted metastatic potential of primary

medulloblastomas (9 metastatic, 14 non-metastatic),

where the first 3 profiles from each class were used to

develop the model, and the remainder served as the

test set (Korenberg 2004). For both small datasets, the

PCI predictors reached statistical significance, per-

forming similarly as herein.

Discussion

This work demonstrates in a blind test that PCI could

be used to predict node positivity in gastric cancer. In

a clinical setting, the mucosal biopsy obtained pre-

operatively during endoscopy could be used both to

detect LVI and for gene expression profiling. Then

the PCI mean output could be employed to place the

patient within a ranking for which the other cases

have known nodal status, and thus predict both the

risk of node positivity and, more generally, tumor

aggressiveness. Even if the LVI status is not deter-

mined pre-operatively, the PCI predictor would still

be useful so long as the required 28 gene expression

values are measured from the biopsy, since the PCI

ranking’s correlation with node positivity over all

cases was three times that for LVI. In addition, as

shown above, the PCI 28-gene model could be

combined with demonstrated LVI status to better

predict risk of nodal involvement prior to surgery.

This could provide useful information for clinical

practice, including identification of patients who

would benefit from neoadjuvant therapy. As noted

above, the number of involved nodes in the bottom

half of the PCI ranking is then 39, almost five times

the number (8) in the top half. Hence new cases

whose LVI status is correctly predicted and whose

PCI output ranks them with the bottom half of the

patients might be candidates for more aggressive or

neoadjuvant treatment.
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Several genes used by the predictor have known

cancer roles; cell division cycle 14 homolog A was

especially up-regulated in LVI?. Immunoglobulin

kappa variable (IGCK) was the most down-regulated

in LVI?, followed by proline dehydrogenase

(PRODH2).

The most important limitation in this study was

sample size. An encouraging consideration is that the

predictor was validated in a blind test. The methods

presented here offer researchers alternative methods of

data analysis that may have advantages over conven-

tional statistical approaches. We made an attempt

to use the PCI method in addition to statistical

approaches to illustrate the advantages and limitations

of each of these techniques. Genomics studies are

likely to produce more complex data sets and therefore

should be amenable to newer methods of analysis. The

use of machine learning techniques in the context of

genomic data is now becoming increasingly popular.

However, in most biological studies, the sample size

available to the researchers is often the limiting factor,

despite the high throughput capabilities of the analyt-

ical techniques. In this study we demonstrated the PCI

method as an alternative under conditions of limited

sample size. The conclusions drawn here should be

further validated in an independent study.
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