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MECHANISMS OF DISEASE

Summary

Background Hepatocellular carcinoma has a poor prognosis
because of the high intrahepatic recurrence rate. There are
technological limitations to traditional methods such as TNM
staging for accurate prediction of recurrence, suggesting that
new techniques are needed.

Methods We investigated mRNA expression profiles in tissue
specimens from a training set, comprising 33 patients with
hepatocellular carcinoma, with high-density oligonucleotide
microarrays representing about 6000 genes. We used this
training set in a supervised learning manner to construct a
predictive system, consisting of 12 genes, with the Fisher
linear classifier. We then compared the predictive
performance of our system with that of a predictive system
with a support vector machine (SVM-based system) on a
blinded set of samples from 27 newly enrolled patients.

Findings Early intrahepatic recurrence within 1 year after
curative surgery occurred in 12 (36%) and eight (30%)
patients in the training and blinded sets, respectively. Our
system correctly predicted early intrahepatic recurrence or
non-recurrence in 25 (93%) of 27 samples in the blinded set
and had a positive predictive value of 88% and a negative
predictive value of 95%. By contrast, the SVM-based system
predicted early intrahepatic recurrence or non-recurrence
correctly in only 16 (60%) individuals in the blinded set, and
the result yielded a positive predictive value of only 38% and
a negative predictive value of 79%. 

Interpretation Our system predicted early intrahepatic
recurrence or non-recurrence for patients with hepatocellular
carcinoma much more accurately than the SVM-based
system, suggesting that our system could serve as a new
method for characterising the metastatic potential of
hepatocellular carcinoma.
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Introduction
Hepatocellular carcinoma is a common fatal cancer
worldwide.1 A major obstacle in its treatment is
INTRAHEPATIC RECURRENCE, which arises in 30–50% of
patients who undergo hepatic resection.2–4 Intrahepatic
recurrence therefore limits the potential of surgery as a cure
for hepatocellular carcinoma. Although the pathological
TNM (pTNM) staging system has been applied clinically to
patients, this system is inadequate for predicting recurrence
in individuals who undergo hepatic resection.4 Likewise,
several molecules have been proposed as predictive markers
for hepatocellular carcinoma; however, none has been
proven clinically useful.2,5,6 Thus, there are technological
limitations for predicting accurately recurrence by
traditional methods. High interpatient heterogeneity of
hepatocellular carcinoma can also limit the predictive ability
of tests. Our aim was, therefore, to identify a new approach
for the accurate prediction of early intrahepatic recurrence
of hepatocellular carcinoma.

The development of microarray technologies, which
allow us to undertake parallel analyses of many genes, has
led to a new era in medical science.7,8 In particular,
complementary DNA microarray analysis of gene
expression of tumours has provided great insights into their
properties—eg, prognosis or drug sensitivity.9,10 SUPERVISED

AND UNSUPERVISED LEARNING methods have been used
widely to create various gene-expression profiles.11–17 We
created a gene-expression profile of hepatocellular
carcinomas with different viral infections, using a supervised
learning method.18 Supervised learning in STATISTICAL

PATTERN RECOGNITION (SSPR) has been applied to resolve
various issues, including document classification, speech
recognition, biometric recognition, and remote sensing.19 In
this study, we applied the SSPR method to develop a
system for accurate prediction of early intrahepatic
recurrence of hepatocellular carcinomas. 

Methods
Patients
Between May, 1997, and August, 2000, we assessed 33
patients at Yamaguchi University Hospital who had surgical
treatment for hepatocellular carcinoma with routine X-ray,
ultrasonography, CT scan, MRI, and hepatic angiography
before surgery. These individuals comprised the training
set. We identified space-occupying lesions in the remnant
liver by intraoperative ultrasonography; no distant
metastases or space-occupying lesions were identified in the
non-resected part of the liver—ie, putative remnant liver—
of any of the individuals. 

We defined curative resection as complete excision of the
tumour with clear microscopic margin and no residual
tumours as indicated by ultrasonography and CT scan at 
1 month after surgery.3 To assess tumour size and
undertake pathological examination, we sectioned resected
specimens from the slice with the largest diameter, which
we then cut at intervals of 5 mm. Two experienced
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pathologists independently examined residual tumours in
the surgical margin, tumour differentiation, and venous
invasion in all samples without any information. On the
basis of these examinations, operations on all 33 patients
were judged to be curative resection. 

The table shows the characteristics of the training set, and
the pTNM classification of the Union Internationale
Contre le Cancer (UICC).20 We classified extended
lobectomy, lobectomy, and segmentectomy as major
hepatectomy, and subsegmentectomy and partial
hepatectomy as minor hepatectomy. 

To examine the predictive performance of two
oligonucleotide array-based systems, we also assessed
samples (blinded set) obtained from 27 newly enrolled
patients with hepatocellular carcinoma who fulfilled the
above criteria (table).

The study protocol was approved by the institutional
review board for the use of human subjects at the
Yamaguchi University School of Medicine, and all
participants provided written informed consent. 

We followed up all patients at least once every 3 months
after surgery, and did ultrasography, CT scan, or MRI.
We also measured serum concentrations of � fetoprotein
and protein induced by vitamin K absence II (PIVKA-II).
When tumour recurrence was suspected, hepatic
angiography was included in the follow up. Within 1 year
after surgery, this technique indicated recurrent liver
tumours, which were enhanced during the hepatic arterial
phase, in 12 (36%) of 33 patients in the training set and in
eight (30%) of 27 patients in the blinded set. Among the
20 patients with recurrence, 17 had widespread multiple
or diffuse type nodules in the liver remnant, which grew
rapidly. Six of these 17 patients died of recurrent disease
within 1 year after surgery. Of the 20 patients, three
underwent hepatectomy again, and one died of recurrent
disease and underwent autopsy. Histopathological
examination revealed that all recurrent tumours in the
four patients had moderate or poor differentiation. Thus,
on the basis of imaging technologies, clinical course, and
pathological findings, we judged that novel liver tumours
in the 20 patients were recurrent and caused by
intrahepatic metastasis. 

Development of predictive system
We divided the resected specimens that contained no
necrotic tissues into two groups immediately after surgery;
one was subjected to oligonucleotide array analysis, and the
other was fixed in 10% formaldehyde solution and
embedded in paraffin, so that we could histopathologically
confirm that tissues used for oligonucleotide array lacked
sizeable necroses. Sample preparation, RNA extraction, and
high-density oligonucleotide array were done as previously
described.18,21 We obtained data for each pixel level by laser
scanner (Affymetrix, Santa Clara, CA, USA), and
calculated the degree of expression of each complementary
DNA and reliability (present/absent call) with Affymetrix
GeneChip (version 3.3) and Affymetrix Microarray Suite
(version 4.0), respectively. 

We divided the patients in the training set into two
groups: those who had early intrahepatic recurrence 
(group A, n=12) and those who did not (group B, n=21).
We constructed a predictive scoring system with the FISHER

LINEAR CLASSIFIER18  based on the SSPR method as follows
(figure 1). Panel 1 shows the notations used in the report. 

To design a predictive scoring system with the number
of samples we had available for training, we adopted a
CROSS-VALIDATION approach.19 We divided the 33 available
samples into 30 training samples and three test samples, a
process that we repeated ten times (step 1 in figure 1). On
the basis of the A-PRIORI PROBABILITIES, we determined a
training subset of 30, consisting of 11 samples from group
A and 19 samples from group B. As a result, the test set of
three samples consisted of one from group A and two
from group B.

We wanted to select an optimum subset of genes (d). We
selected the top 50 of 6000 genes on the basis of their
individual effectiveness in each trial (steps 2 and 3) as
follows. First, we identified all genes that had a mean
average difference greater than two fold between groups A
and B. We then selected the top 50 genes by means of the
FISHER CRITERION (panel 2). Finally, we did an exhaustive
search to assess the effectiveness of all possible subsets of 
d genes from the top 50 genes. The number of subsets 
to be searched was equal to 50!/(50-d)!d!, where 
d!=1�2� . . . �d. With the exhaustive search, we
investigated candidate gene subsets that minimised the error
rate estimated from the LEAVE-ONE-OUT METHOD (step 4).19

We used the Fisher linear classifier (panel 2) to estimate the
error rate.22
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GLOSSARY

A-PRIORI PROBABILITY

The a-priori probability, which is used in the Fisher criterion, is defined
as the probability of each class occurring. In this article, the a-priori
probability of early intrahepatic recurrence is estimated as 30%,
because early intrahepatic recurrence of hepatocellular carcinoma is
usually observed in about 30% of patients after curative surgery.

CROSS VALIDATION

In cross validation, the set of labelled samples are randomly split into
two parts: one is used as the training set for designing a classifier, the
other is used to estimate the error. By repeating this procedure many
times randomly, many different training and test sets are formed.

FISHER CRITERION 

The Fisher criterion measures the difference between two means
normalised by the averaged variance. Unlike the Euclidean distance or a
criterion based on a fold change, the Fisher criterion takes account of
the variance. Moreover, the magnitude of the Fisher criterion is invariant
to scale, meaning that the genes are ranked by the Fisher criterion,
irrespective of the magnitude of the gene-expression level. 

FISHER LINEAR CLASSIFIER 

To classify a pattern, the Fisher linear classifier measures the squared
Mahalanobis distance22 from a pattern to each of the mean vectors, and
assigns a pattern to the category of the nearest mean. Geometrically, a
pattern falls in hyperellipsoidal clusters of equal size and shape, the
cluster for the each class being centred about each mean vector.

INTRAHEPATIC RECURRENCE

Intrahepatic recurrence is a characteristic feature of recurrence of
human hepatocellular carcinoma. There are two types—ie, intrahepatic
metastasis and multicentric occurrence. In general, the former
represents early recurrence after surgery and is correlated with poor
prognosis. The latter is a de-novo primary tumour in the liver remnant
caused by continuous virus infection and inflammation, and usually
appears as late recurrence. 

LEAVE-ONE-OUT METHOD

In this method, virtually all labelled samples are used in each training,
and all labelled samples are ultimately used in the tests, though each
training and test set can be regarded as independent.

STATISTICAL PATTERN RECOGNITION

A given pattern is assigned to one of some categories based on its feature
values. The features are assumed to have a density function conditioned
on the pattern class. Thus, a pattern vector belonging to a class is viewed
as an observation drawn randomly from the class-conditional density.

SUPERVISED AND UNSUPERVISED LEARNING

Supervised learning refers to situations in which available samples are
labelled. In supervised learning, a teacher provides a category label for
each sample—eg, early intrahepatic recurrence or non-recurrence.
Unsupervised learning refers to situations in which available samples
are not labelled. In unsupervised learning or clustering there is no
explicit teacher, and the system forms clusters or natural groupings of
the input patterns. 
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As a cross-validation, we repeated steps 2, 3, and 4 in
figure 1 independently ten times with ten different training
subsets. We obtained several candidate gene subsets of size
d that minimised the error rate in each trial. Finally, we
selected the optimum gene subset that appeared most
frequently among the candidate gene subsets, appearing
more than five times throughout the ten trials (step 5, 
figure 1). We then calculated a score by  T(x) (panel 2).

In general, as the number of genes increases, the
recognition rate of a classifier designed with a finite number
of training samples increases at first, reaches a maximum,
and then decreases. This pattern is known as the peaking
phenomenon in the statistical pattern recognition field.19 In
practice, the optimum number of
genes is dependent on the classifier
used and the training sample size.
Here, we used criterion J (panel 2) to
identify the optimum number of genes
with the training samples (step 6). 

In the leave-one-out method, the
value of J was calculated for test
samples. This calculation was also
done for the ten different training
subsets. The mean of the J values rose
as the number of genes increased,
indicating that the separation of 
group A from B was greater as the
number of genes increased. However,
the 95% CI estimated with 12 genes
was almost equivalent to that obtained
with 14 genes (figure 2). When 
14 genes were used, saturation of J was
observed. When d was equal to or
greater than 16, we could not identify
an optimum gene subset because there
was no candidate subset that appeared
more than five times throughout the
ten trials. We thus concluded that 
12 genes is the optimum number for
our scoring system. Hence, we
identified an optimum subset of 
12 genes from the 6000 (figure 3).
Expression of 11 of the 12 genes was
downregulated in group A; the mean
average expression of each of these
genes in group A was less than half of
that in group B (figure 3). By contrast,

the mRNA for SEMA3F (HUMLUCA19 cosmid clone
LUCA19 from 3p21.3) was expressed in group A at levels
more than four-fold those expressed in group B (figure 3).

For each of the ten trials, we independently assessed three
test samples with the scoring system based on 30 training
samples and 12 genes (steps 7 and 8 in figure 1). The
scoring system accurately predicted early intrahepatic
recurrence or non-recurrence in all the test samples in the
ten trials (figure 4). All patients with negative T(x) values
had early intrahepatic recurrences, whereas all those with
positive T(x) values had no recurrences. 

On the basis of the above findings, we developed a
scoring system for early intrahepatic recurrence, using all 
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Training set Blinded set

Early intrahepatic Non-recurrence p Early intrahepatic Non-recurrence p
recurrence (n=21) recurrence (n=19)
(n=12) (n=8)

Sex (men/women) 8/4 16/5 0·691 7/1 13/6 0·633
Age (mean, SD) (years) 63·8 (10·8) 62·6 (7·4) 0·704 60·6 (5·3) 63·7 (8·7) 0·124
Viral infection (HBV/HCV/non-B non-C) 3/8/1 4/14/3 0·839 1/5/2 3/13/3 0·848
Total bilirubin (mean, SD) (�mol/L) 14·88 (3·69) 14·19 (4·06) 0·691 15·22 (3·83) 16·25 (5·85) 0·653
Serum ALT (<50 IU/L or �50 IU/L) 9/3 12/9 0·457 4/4 12/7 0·657
Serum albumin (mean, SD) (g/L) 370 (40) 380 (40) 0·706 380 (50) 370 (50) 0·701
ICG-15 (mean, SD) (%) 17·3 (7·4) 15·1 (5·2) 0·331 17·9 (7·8) 16·2 (10·0) 0·68
Ascites (no/yes) 11/1 20/1 >0·999 8/0 17/2 >0·999
Cirrhosis (no/yes) 3/9 12/9 0·145 4/4 5/14 0·375
Tumour size (mean, SD) (cm) 5·4 (3·3) 3·4 (2·0) 0·033 4·9 (2·4) 3·5 (1·8) 0·114
Primary lesion (single/multiple) 3/9 13/8 0·041 3/5 11/5 0·420
Histological grading (G1/G2/G3)* 0/9/3 2/17/2 0·416 1/4/3 2/15/2 0·277
Venous invasion (no/yes) 5/7 17/4 0·052 1/7 15/4 0·0025
Hepatectomy (minor/major) 5/7 14/7 0·162 4/4 14/5 0·375
Stage (I/II/IIIA)* 2/5/5 10/9/2 0·075 0/7/1 10/7/2 0·022

HBV=hepatitis B virus; HCV=hepatitis C virus; non-B non-C=patient negative for both HBS antigen and HCV antibody; ALT=alanine aminotransferase; 
ICG-15=indocyanine green retention at 15 min; G1=well differentiated; G2=moderately differentiated; G3=poorly differentiated. *Assessment based on pTNM
classification of UICC.

Relation between early intrahepatic recurrence and clinical and pathological characteristics 

Preparation

Step 1: Division of samples

33 samples

Training Test

1st trial

Step 2: Calculation of the Fisher
criterion with 30 training samples

Step 7: Design of the scoring
system with 30 training samples

Step 3: Selection of the top
50 genes

Step 8: Prediction of three test
samples by the scoring system

Step 4: Selection of the candidate
gene subsets

Step 5: Selection of the optimum
gene subset

Step 6: Determination of the
optimum number of genes

Gene selection

Assessment

30 3

Training Test

2nd trial

30 3

Training Test

10th trial

30 3· · ·

Figure 1: Procedure for selection of optimum gene subset and system assessment
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33 hepatocellular carcinoma samples as training samples
(panel 3).

We investigated the predictive performance of the
support vector machine (SVM)-based system by increasing
the number of genes from the top ten to the top 300
identified, according to a gene selection procedure
described previously.23 The SVM-based system performed
best when the number of genes was 50 (data not shown).

Statistical analysis
We used the �2 test, Fisher’s exact test, and 
Student’s t test to assess differences in clinicopathological
factors between recurrence and non-recurrence. These data
were analysed with Statview (version 5.0). We did
multivariate analysis to assess independent factors for early
intrahepatic recurrence in the 60 samples, using the
stepwise logistic regression model (SPSS, version 11.0J).
Four variables (tumour size, number of primary lesion,

venous invasion, and stage) were entered into a forward
stepwise regression model. Each model was tested for
goodness of fit by –2 log likelihood and �2 in each step. We
also investigated independence between our predictive
system (T(x)) and the above four variables in the blinded set
by multivariate analysis. We judged a p value of less than
0·05 as significant.

Role of the funding source
The sponsors of the study had no role in study design, data
collection, data analysis, data interpretation, or writing of
the report.

Results
Univariate analyses showed that early intrahepatic
recurrence was associated with tumour size and the number
of primary lesions in the training set, and venous invasion
and stage in the blinded set (table). There was no
association between early intrahepatic recurrence and other
clinical or pathological factors. Multivariate analysis
identified venous invasion as an independent risk factor for
early intrahepatic recurrence in 60 hepatocellular
carcinomas (risk ratio for venous invasion-negative cases
0·107, 95% CI 0·031–0·367; p<0·0001).

Our system correctly predicted early intrahepatic
recurrence or non-recurrence in 25 of 27 blinded samples
(93%; figure 5). The result also yielded a positive predictive
value of 88% and a negative predictive value of 95%. Even
when the most robust SVM-based system, comprising 
50 genes, was applied to the blinded set, early intrahepatic
recurrence or non-recurrence was predicted accurately in
only 16 (60%) samples (figure 5). The SVM-based system
had a positive predictive value of 38% and a negative
predictive value of 79%. Thus, our system predicted early
intrahepatic recurrence or non-recurrence in the blinded set
much more accurately than the SVM-based system. Two of
three patients with stage IIIA and four of 11 patients with
venous invasion did not have recurrence within 1 year after
surgery (figure 5). Thus, patients with advanced hepato-
cellular carcinoma did not necessarily have recurrence. Our
system correctly predicted non-recurrence in those patients.
Multivariate analysis showed that our system was
independent from the four variables (tumour size, number
of primary lesions, venous invasion, and stage) of early
intrahepatic recurrence in the 27 blinded samples (T(x)>0
regression coefficient –4·836, SE 1·483, risk ratio 0·008
[95% CI 0·000–0·145], p=0.001)

Discussion
Although great progress has been made in the surgical
treatment of hepatocellular carcinoma, recurrence of cancer
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A-priori probability P(i) of group i is estimated by:

where ni is the number of training samples from group i.

P(i)=
ni

nA+nB

ni

The sample mean vector   i of group i is estimated by:

where xi
j  is the jth training sample from group i.

And the sample covariance matrix �i of group i is estimated by:

  i=
1
ni j=1

� xi
j

ni1
ni �1 j=1

� (xi
j�  i)(xi

j�  i)T�i=

The Fisher criterion (F) for a gene (j) is given by:

The Fisher linear classifier

F(j)=

The Fisher linear classifier assigns a given x to be classified
to group A if fA(x)<fB(x) where:

fA(x)=�(x�  A)T[P(A)  A	P(B)  B]–1(x�  A)�logeP(A)

where   j(i) is the jth component of the sample mean
vector   i of group i, and   2j(i) is the jth diagonal element
of the sample covariance matrix �i of group i. 

(  j(A)�  j(B))2

P(A)
2
j(A)	P(B)
2

j(B)

1
2

1
30

Formula of T(x)

With use of the optimum subset of genes selected, the score
is defined by:

T(x)=fA(x)�fB(x)

Formula of criterion J

where x is a test sample in the leave-one-out method.

The criterion J, which quantifies the separability of groups
A and B, is defined by:

J=�[�T(x)��T(x)]
X�B X�A

� �

Panel 1: Notations used in report
A vector is denoted in bold italic face.

Panel 2: Equations used in report
A vector is denoted in bold italic face.

Number of genes

J

2 4
0

5

10

15

6 8 10 12 14

Figure 2: Optimum number of genes for predicting early
intrahepatic recurrence
Error bars are 95% CI. 
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after surgery as a result of either intrahepatic metastasis or
multicentric occurrence remains common.1–3 Metastases
seem to arise from the early spread of tumour cells via the
portal venous system within 1 year after surgery and are
closely correlated with poor prognosis of hepatocellular
carcinoma.3 By contrast, multicentric occurrence involves a
de-novo primary tumour and is thought to be affected by
host factors rather than tumour factors.3 We defined
intrahepatic recurrence within 1 year after surgery as early
intrahepatic recurrence. Consistent with a previous report,3

we noted that early intrahepatic recurrence correlated with
several tumour factors such as venous invasion and stage,
but not with host factors in the training or blinded set. This
finding lends support to the possibility that we can predict
early intrahepatic recurrence on the basis of tumour factors.
However, such factors were not necessarily consistent with
early intrahepatic recurrence. In our study, venous invasion
correlated most closely with early intrahepatic recurrence.
Yet prediction based on venous invasion misclassified five of
27 blinded samples. This error rate is too high, and
indicates that there are limitations for accurate prediction of
early intrahepatic recurrence by tumour factors based on
traditional methods.

Supervised learning has been introduced into gene-
expression analysis over the past few years.11,13–18 We used
mRNA expression profiles at a primary site of
hepatocellular carcinoma to develop a scoring system with
the Fisher linear classifier for predicting early intrahepatic
recurrence by the SSPR method. Our scoring system
accurately predicted early intrahepatic recurrence or non-

recurrence in most samples in the blinded set and was very
accurate. Additionally, the performance of our system with
only 12 genes was better than the best performance of the
SVM-based system with 50 genes. When compared with
the SVM-based system, our approach is advantageous in
that it directly assesses the combination of genes. Thus, the
difference in predictive performance between our system
and the SVM-based system is possibly due to different gene
selection procedures. Our findings show clearly that gene
selection based on the SSPR method is useful for
developing a reliable prediction system even when the
number of available samples is small by comparison with
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A B

C        Arbitrary units of expression in hepatocellular carcinomas

Group A Group B

Group A Group B
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GenBank accession number and symbol
AC000063 SEMA3F
U59321 DDX17
M59465 TNFAIP
M21574 PDGFRA
Z19554 VIM
U51240 LAPTM5
D13639 CCND2
X00274 HLADRA
L08895 MEF2C
X82200 Staf50 (TRIM22)
Y10032 SGK
X75042 REL

GenBank accession number and symbol
AC000063 SEMA3F
U59321 DDX17
M59465 TNFAIP
M21574 PDGFRA
Z19554 VIM
U51240 LAPTM5
D13639 CCND2
X00274 HLADRA
L08895 MEF2C
X82200 Staf50 (TRIM22)
Y10032 SGK
X75042 REL

Figure 3: Gene-expression profiles of hepatocellular carcinoma and patterns of expression of the 12 genes selected
HBV-T=HBV-positive hepatocellular carcinoma; HCV-T=HCV-positive hepatocellular carcinoma; non BC-T=HBV-HCV-double negative hepatocellular carcinoma.
A: Colour display of the expression of 6000 genes in group A and group B. The colour display was created with the EISEN program,12 which displays the
average expression of all genes (all raw data are available at http://surgery2.med.yamaguchi-u.ac.jp/research/DNAchip/). B: Colour display of expression
of the 12 genes used to design the scoring system. In A and B, red colour represents relatively high expression and green relatively low expression.
C: Mean average differences in expression of the 12 genes between groups A and B. 
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Figure 4: Assessment of the scoring system on test samples in
cross validation
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the number of genes. On the basis of these findings, we
suggest that the SSPR method with larger arrays would
allow us to predict early intrahepatic recurrence of
hepatocellular carcinoma with increased accuracy. 

Our system correctly classified almost all early-stage and
late-stage hepatocellular carcinomas, but was most accurate
in advanced stages of disease. To address this possible
deficiency of our system, we would have to study a larger
number of early hepatocellular carcinomas as a training set.
In the blinded set, none of the patients with stage I had
recurrence. When our system was applied to patients only
with stage II and stage IIIA, it correctly classified 94% of
individuals. These findings suggest that, by combining our
system with pTNM, we could correctly predict early
intrahepatic recurrence or non-recurrence in a large number
of samples.

The 12 genes used in our system seem to be involved in a
wide range of biological processes. Many investigators have
profiled gene expression responsible for various aspects of
hepatocellular carcinoma.24–26 Shirota and colleagues,25 for

example, showed that PDGFRA was downregulated in
hepatocellular carcinoma tissue, but the relation of its
expression to the metastatic potential of hepatocellular
carcinoma was not discussed. Furthermore, the 12 genes
selected in our study were not included in the list of venous
invasion-related genes identified by Okabe and co-
workers.24 We selected genes by focusing on differences
between hepatocellular carcinoma with early intrahepatic
recurrence and that without. The discrepancy, therefore,
might be in part due to differences in the focus of gene
selection or the algorithm used. Among the 12 genes, two
(TNFAIP3 and SGK) were greatly downregulated in
hepatocellular carcinoma with venous invasion
(supplementary figure 1 at http://surgery2.med.yamaguchi-
u.ac.jp/research/DNAchip/). The levels of SGK transcript
are altered in hepatoma cells in response to osmotic changes
or cell volume changes; however, it remains unclear how
SGK is related to venous invasion. Results of one study27

revealed that TNFAIP3 protects immune cells from TNF-
induced apoptosis; thus downregulation might increase
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Figure 5: Prediction of early intrahepatic recurrence in the blinded set with our system (A and C) and the SVM-based system (B and D)

Gene (GenBank Description Function
accession number)
x1 (M21574) Platelet-derived growth factor receptor � (PDGFRA) Signal transduction
x2 (M59465) Tumour necrosis factor � inducible protein A20 (TNFAIP3) Immune response
x3 (U51240) Lysosomal-associated multitransmembrane protein (LAPTM5) Protein interacting with ubiquitin
x4 (X00274) HLA-DR � heavy chain (HLADRA) Immune response/MHC class II antigen 
x5 (X75042) Rel proto-oncogene (REL) Transcription/proto-oncogene
x6 (X82200) Staf50 (TRIM22) Transcription/interferon-inducible
x7 (Y10032) Putative serine/threonine protein kinase (SGK) Sodium transport/stress response
x8 (L08895) MADS/MEF2-family transcription factor (MEF2C) Transcription
x9 (AC000063) HUMLUCA19 human cosmid clone LUCA19 from 3p21·3 (SEMA3F) Embryonic development/cell motility
x10 (U59321) DEAD-box protein p72 (DDX17) RNA helicase/RNA processing
x11 (Z19554) Vimentin (VIM) Cytoskeleton/liver metastasis
x12 (D13639) KIAK0002 gene (CCND2) Control of cell cycle

T(x)=0·053862x1	0·038848x2	0·030176x3	0·001824x4	0·096997x5	0·017259x6	0·015908x7	0·103081x8–0·093746x9	0·024031x10

–0·005417x11–0·119177x12–11·046007

Panel 3: Scoring system, consisting of 12 genes to predict early intrahepatic recurrence
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venous invasion via withdrawal of the immune system.
Immune response-related genes, HLADRA and TRIM22,
were also downregulated in hepatocellular carcinomas with
early intrahepatic recurrence. Since HLADRA is thought to
play an important part in the antigen-presenting system
through its expression by macrophages, its downregulation
in tumour tissues might permit tumour cells to escape from
host immune surveillance.28 Expression of TRIM22 is
induced by interferon.29 Thus, downregulation of these
genes suggests that a weak immune response against tumour
cells exists. Additionally, Takayama and colleagues30

showed that adopted immunotherapy can reduce recurrence
and improve recurrence-free outcomes after surgery for
hepatocellular carcinoma. Our system, based on the 12
genes, could be useful when such immunotherapy is being
considered as a treatment option for patients with
hepatocellular carcinoma undergoing hepatic resection.
Thus, some of the genes selected here might be related to
the immune response or metastatic potential of hepato-
cellular carcinoma. KIAK0002 (CCND2), which is a
member of the D-type cyclins, was downregulated in
hepatocellular carcinomas with early intrahepatic recur-
rence. Loss of CCND2 expression by promoter hyper-
methylation correlates with the tumour progression of breast
cancer.31 This fact suggests the possibility of DNA
methylation in a cyclin D2 gene in progressed hepatocellular
carcinoma and selected genes might represent tumour
progression rather than metastatic potential. Immuno-
histochemical examination also showed that the primary
source of vimentin (VIM) protein was stromal cells but not
cancer cells and its expression level was reduced in
hepatocellular carcinoma with early intrahepatic recurrence
(supplementary figure 2 at http://surgery2.med.yamaguchi-
u.ac.jp/research/DNAchip/). Thus, some of the genes
selected here could represent stromal change during
development of hepatocellular carcinoma. Further
biological studies on the 12 genes is required to gain key
insights into our findings.

In conclusion, the SSPR method yielded a unique
predictive system with high accuracy that was independent
of known prognostic variables. Our system constructed by
the SSPR method will be useful for characterising the
metastatic potential of individual hepatocellular carcinomas,
and the SSPR method could provide new insights into
bioinformatics for microarray data. 
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