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Abstract

Purpose To screen potential serological biomarkers and
develop decision tree classifications of chronic hepatitis B,
liver cirrhosis (LC) and hepatocellular carcinoma (HCC),
respectively, with high prediction score for improving diag-
nosis of liver diseases.

Methods The total serum samples were randomly
divided into three training sets (41 HBV and 35 health; 36
LC and 35 health; 39 HCC and 35 health) and three testing
groups (34 HBV and 38 health; 18 LC and 52 health; 42
HCC and 47 health). Selected WCX2 protein chip capture
followed by SELDI-TOF-MS analysis was applied to gen-
erate the serum protein profiles. Subsequently serum
protein spectra were normalized and aligned by Cipher-
gen SELDI Software 3.1.1 with Biomarker Wizard
including baseline subtraction, mass accuracy calibration,
automatic peak detection. Once the intensities of selected
significant peaks from the training data set were trans-
ferred to further BPS analysis, an optimized classification
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tree with sequence-decision was established to divide
training data set into disease group and control group
successfully. A double blind test was employed to deter-
mine the clinical sensitivity and clinical specificity of
three models.

Results After comparative analysis of SELDI based
serum protein profile between the cases of disease and
healthy, a HCC decision tree classification with sensitivity
of 94.872% and specificity of 94.286%; a LC decision tree
classification with sensitivity of 91.667% and specificity of
94.286% and a HBV decision tree classification with sensi-
tivity of 95.122% and specificity of 94.286% were pro-
duced by BPS respectively. When three decision tree
models were challenged by the double-blind test samples,
clinical sensitivity and clinical specificity of these models
were predicted in diagnosis of three liver diseases (HCC:
90.48 and 89.36%; cirrhosis: 100 and 86.5%; HBV: 85.29
and 84.21%).

Conclusion SELDI-based decision tree classifications
showed great advantages over conventional serological bio-
markers in the diagnosis of chronic hepatitis B, LC as well
as HCC.

Keywords Chronic hepatitis B - Liver cirrhosis -
Hepatocellular carcinoma - SELDI-TOF-MS

Abbreviation

HCC Hepatocellular carcinoma

HBV Hepatitis B virus

LC Liver cirrhosis

HBVM HBYV marker

2D-DIGE Two-dimensional difference in gel
electrophoresis

LC-MS/MS Liquid chromatography—tandem

mass spectrometry
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SELDI-TOF-MS Surface enhanced laser desorption

ionization-time of flight-mass

spectrometry
BPS Biomarker pattern software
CV Coefficient of variance
WCX2 Weak cation exchange protein chip
ANN Artificial neural networks
CLD Chronic liver disease
Introduction

Despite some significant improvement in diagnosis and
treatment of human liver diseases over last decades, chronic
hepatitis B, liver cirrhosis (LC) and hepatocellular carci-
noma (HCC) still intimidate the public health and remain
unchanged rank in high burden diseases in China. Previous
epidemiological studies have shown that there were more
than 350 million of hepatitis B virus (HBV) carriers in the
world. Most of them (120 million) were in china (Purcell
1993; Lai etal. 2003). HBV, a leading cause of chronic
hepatitis, was linked to the development of LC. Approxi-
mately 10-20% of the high HBV infection cases were
reported to form LC (Ganem and Prince 2004) and 55-85%
of LC cases finally develop to HCC with poor prognosis
(Zhu et al. 2004). Liver cirrhosis and HCC accounted for
1 million deaths annually (Lee 1997). HCC was the third
frequent cause of cancer death worldwide, second in China
(Parkin et al. 2001; Pisani et al. 1999). It was estimated that
52% HCC occurred on a background of HBV and 25%
HCC were associated with HCV infection (Bosch et al.
1999), As reported, more than 90% of HCC were found to
have HBV background in high incidence area of china (Gao
et al. 2005). Presently chronic hepatitis B, hepatitis C and
LC are all recognized as the major risk factors for HCC
worldwide. In addition, about 10% of patients dying with
cirrhosis were identified to have unsuspected HCC at post-
mortem (Seow et al. 2001), and 3-6% of explanted livers
containing small unsuspected HCC was reported in liver
transplantation (Figueras etal. 1997). These data men-
tioned above not only demonstrated that there existed
strong association in etiology and pathological mechanism
among these three liver diseases, but also indicated that it
was a challengeable to screen ideal biomarkers for early
diagnosis or differential diagnosis only relying on tradi-
tional approaches, especially in these multifactor and multi-
gene diseases.

As a key organ with biological importance, the abnormal
function of liver would cause a great alteration in serum
protein profile undoubtedly. Such serum proteins as HBV
marker (HBVM) (including HBsAg, anti-HBS, HBeAg,
anti-HBE and anti-HBC), hyaluronic acid (HA), type III
procollagen peptide, laminin, type IV collagen, DCP and
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AFP, have been verified to be the indicators to assess path-
ological initiation, development and prognosis of liver
injury. Although these traditional serum biomarkers can
play a role in clinical diagnosis and surveillance of these
diseases, pretreatment liver biopsy is still considered as
only gold standard for evaluating the pathological grade of
liver injury. This phenomenon is in part related to their
poor sensitivity and specificity. Even though AFP, a well-
known biomarker in serum for HCC diagnosis and progno-
sis in clinic, its sensitivity was reported from 39 to 64% and
specificity ranged from 76 to 91%. This means that up to
40% patients bearing HCC have normal AFP level (false
negative) and about 9-15% patients with hepatitis and LC
have elevating level of AFP (false positive) (Schwegler
et al. 2005). So screening a set of reliable, reproducible and
noninvasive new biomarkers will have significant impacts
on the clinic diagnosis and treatment of liver diseases.

Development of high throughput proteomics technology
provides a novel pathway to large-scale screening and iden-
tifying biomarkers in body fluid (serum, plasma, urine, etc.)
and tissue. For comparative proteomics study, 2-DE fol-
lowed by mass spectrometry analysis as core technology
always maintain dominant status in finding the differential
displayed proteins and identifying the novel biomarkers
these years. Applying this classic technology strategy, a
remarkable finding associated with carcinogenesis, 14-3-3y
protein, was identified by integrating 2D-DIGE with nano-
LC-MS/MS (Lee et al. 2005). In another study, two up-reg-
ulated proteins PCNA and stathminl in HCC tumor tissue
were also manifested to be related to HCC carcinogenesis
after comparative analysis of expression profile of ten
tumorous tissues and their paired adjacent non-tumor tis-
sues, (Li etal. 2005). Because the tissue samples were
obtained under invasive procedure, the application of these
discovered novel biomarkers were limited partly in clinical
diagnosis. While there are great advantages in protein sepa-
ration and viewing for 2-DE based technique pathway, it is
not somewhat suitable to screen biomarkers in numerous
clinical samples and large-scale clinical testing analysis.
Recently another promising proteomics technology,
SELDI-TOF-MS (surface enhanced laser desorption ioniza-
tion -time of flight-mass spectrometry), was introduced to
remedy shortcoming of 2-DE. SELDI based technique per-
formance was similar as the clinical assay and was prone to
clinical application. Up to now, SELDI based technique
coupled with bioinformatics has been successfully applied
to screen and verify the cases of breast (Li et al. 2002), pros-
tate (Adam et al. 2002), pancreatic (Yu et al. 2005), ovarian
(Zhang et al. 2004) and liver cancer (Schwegler et al. 2005)
by establishing decision tree classification, as well as to
identify new biomarker of HCC (Paradis et al. 2005).

The aim of this study was to find potential serum
biomarkers and to establish the diagnostic decision tree
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classification by comparative analysis of SELDI serum pro-
tein profiles between three diseases and health controls.

Materials and methods
Serum sample collection

Serum samples from HCC patient (n = 81) and health con-
trol (n=87) were collected with informed consent from
Liver Cancer Institute and Department of Clinical Labora-
tory Medicine of Zhongshan Hospital, Fudan University.
All HCC patients were diagnosed according to clinical
combined criteria including image evidence (focal lesion
>2 cm with arterial hypervascularization), serum AFP level
>400 ng/ml, and pathological confirmation (Bruix et al.
2001). Health controls with no history of liver disease were
proved to be normal biochemical function of liver and with-
out any viral hepatitis. Samples of LC patients (n = 54)
were provided friendly by Department of Infection of
Shanghai East Hospital. The diagnosis of these patients was
mainly depended on clinical history, physical examination,
laboratory finding and ultrasonographic and/or computed
tomographic imaging with or without liver biopsy (Erlinger
and Benhamou 1999). Serum samples were collected in
patients with chronic HBV hepatitis (n = 75) with consent
from Shandong Provincial Hospital based on HBsAg (+),
HBeAg (+) and HBVDNA (+). All samples were randomly
divided into three training groups (41 HBV and 35 health;
36 LC and 35 health; 39 HCC and 35 health) and three test-
ing groups (34 HBV and 38 health; 18 LC and 52 health; 42
HCC and 47 health).

All serum samples were separated as routine laboratory
procedure and were aliquoted in 10 pl each then stored at
—80°C until used.

Reproducibility analysis of SELDI protein spectra

To evaluate the reproducibility of serum SELDI based mass
spectra, several independent protein peaks of same serum
sample were randomly selected to calculate the CV (coeffi-
cient of variance) of intensity and CV of M/Z in intra-assay
and inter-assay, respectively.

SELDI serum protein profile

Four kinds of protein chips with different chemical modified
surface (cationic, anionic, copper mental binding and hydro-
phobic, Ciphergen Biosystems, Fremont, CA) were initially
selected to determine which chip could produced the best
serum protein profile. The weak cation exchange protein
chip (WCX2) was accepted and applied in present study for
presence of more different protein fingerprint peaks.

Three microliters of serum samples were diluted in 6 pl
U9 sample buffer (9 M urea, 2% CHAPS, 50 mM Tris—-HCl,
1% DTT, pH 9.0, Sigma) and vortexed for 30 min at 4°C.
After that, 90 pl of above samples were further added in
108 i1 WCX2 binding buffer (50 mM sodium acetate,
pH 4.0, Sigma). A total of 100 pl of diluted serum samples
were added to each spot on pre-equilibrated WCX2 protein
chips packed in a processor and incubated under shaking at
500 rpm/h for 60 min. Subsequently unbinding proteins on
chips were washed out, and then further washed two times
with WCX2 binding buffer and rinsed quickly with HPLC
grade water one time, respectively. Finally 1 pl of a saturated
solution of the EAM sinapinic acid (Ciphergen Biosystems)
in 50% acetonitrile and 0.5% trifluoroacetic acid (Sigma) was
loaded on each spot and air-dried for future detection.

The protein chips were analyzed using PBSII mass spec-
trometry system (Ciphergen Biosystems). Before chip
processing, mass accuracy was calibrated daily using the
all-in-one peptide molecular mass standard (Ciphergen
Biosystems). The chips were detected according to follow-
ing optimized parameters: laser intensity 185; detector
sensitivity 8; focus by optimization center; Mass Deflector
1,000 Da; data acquisition parameters 22. delta to 4. tran-
sients per to 7 ending position to 82 by Seldi Quantitation;
high mass 50,000 Da, molecular mass range 2,000-
20,000 Da. After all raw data were automatically collected,
these data were further normalized and aligned by
Ciphergen SELDI Software 3.1.1 with Biomarker Wizard
including baseline subtraction, mass accuracy calibration,
automatic peak detection. Protein peaks ranging from 2,000
to 30,000 Da were determined in term of S/N >5 and
minimum threshold for cluster >20%.

Decision tree classification and double blind test

Biomarker Pattern Software (BPS, Ciphergen Biosystems) is
a multivariate tool, which strength was to find a pattern of
protein markers. Once the intensities of selected peaks iden-
tified by Biomarker Wizard Software from training data set
were transferred to BPS, a root classification tree was gener-
ated firstly. Subsequently various tree classification trees
were test and screened by adjusting parameter set. Finally a
classification tree with sequence-decision (decision tree clas-
sification) was established to divide all the training cases into
disease group and control group depend on selected peak
intensity. If the corresponding peak intensity of a sample was
lower than or equal to the threshold of node, this sample was
classified in left sub-node. Otherwise, the sample would be
classified in right sub-node. Such sequence-decision contin-
ued to perform until entered to the terminal node.

Three different testing groups were parallel used to test
clinical efficiency of decision tree classification of three dis-
eases respectively. Protein peaks from the testing samples
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were normalized and selected with Ciphergen SELDI Soft-
ware 3.1.1 and Biomarker Wizard as the same as data min-
ing of training set, and then the identity of testing samples
were determined with decision tree classification of BPS
based on peak selected intensities. Through comparative
analysis of above result and corresponding clinical data, the
prediction value of decision tree classification (including
clinical sensitivity, clinical specificity and positive predic-
tive value) was presented.

Results
Reproducibility of SELDI system

The reproducibility of SELDI system was demonstrated by
the changes of mass location (M/Z) and intensity of protein
peaks from array to array on one chip (intra-assay) and
between chips (inter-assay). Eight independently protein
spectra of same healthy serum and ten peaks with relative
intensities above 10 and highest amplitude <10% were ran-
domly used to determine intra-assay reproducibility of
SELDI system. The intra-assay CV for intensity and M/Z
were 17.46 and 0.024%, respectively. Nine independently
protein spectra of same healthy serum and nine peaks with
relative intensities above 10 and highest amplitude <10%
were applied to calculate inter-assay reproducibility of
SELDI system. The inter-assay CV for intensity and M/Z
were 17.74 and 0.0237% respectively. The protein spectra
with little variation for one sample between one chip and
different chips suggested SELDI system in present study
could be used to screen different protein peaks in serum
protein profiles between healthy and patients.

Data analysis and HCC decision tree classification
and double blind test

The mass spectra produced using SELDI-TOF-MS from 74
samples in the training set (39 HCC and 35 health) were
firstly analyzed with Ciphergen SELDI Software 3.1.1 and
Biomarker Wizard. Sum of 120 protein peaks in the area
between 2,000 and 30,000 Da were identified under the
condition of signal-to-noise >5 and minimum threshold for
cluster >20%. Seventy-three of these protein peaks were
found to be statistic significant difference between HCC
and health control (P < 0.05). In the help of BPS power
screening and optimizing in multivariate combination, a
decision tree classification with five terminal nodes was
built up to separate training cases into HCC bearing group
and health control (Fig. 1). Two up-regulated discriminat-
ing proteins (23,381 and 28,040.6) and one down-regulated
protein (2,018.5) in HCC were integrated to form the deci-
sion tree model (Fig. 1). Peak 23,381, the most important
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protein peak, was located at node 1. If the intensity of peak
23,381 was lower than or equal to 0.197, these samples
went to node2 (including 96.97% class 1 sample and
3.03% class 0 sample) and other samples accessed to
node 3 (including 92.68% class 0 sample and 7.32% class 1
sample). Subsequently samples at next nodes were further
classified into corresponding groups according to the inten-
sity threshold of other discriminating protein peaks. After
sequence-decision, all samples reached terminal node,
meanwhile a sensitivity and specificity of this mode was
presented 94.872% (37/39) and 94.286% (33/35), respec-
tively, by BPS analysis.

The testing set (42 HCC and 47 health) was applied to
assess clinical efficiency of HCC decision tree classifica-
tion. Serum protein profiles of these samples were exactly
collected and treated as the same as those above mentioned
including spot reading, normalization and protein peak
selection. Once intensity of protein peaks were transferred
to BPS for challenging HCC model, the identity of double-
blind samples would be determined. By comparative analy-
sis of result above and corresponding clinical data, clinical
sensitivity of HCC decision tree classification (38/42,
90.48%), clinical specificity of HCC decision tree classifi-
cation (42/47, 89.36%), and positive predictive value
(88.37%) were calculated.

Liver cirrhosis decision tree classification
and double blind test

After standardizing the mass spectra of training set (36 cir-
rhosis and 35 health) in the case of signal-to-noise >5 and
minimum threshold for cluster >20%, 94 among 144 pro-
tein peaks between 2,000 and 30,000 Da. were discovered
to be significant difference between HBV and health control
(P <0.05). Follow on similar pathway of constructing
model above-described, a decision tree classification with
three terminal nodes, which yielded a sensitivity of
91.667% and specificity of 94.286%, was established to
separate training samples into cirrhosis group and health
control group (Fig. 2). One down-regulated discriminating
protein peak of 2,049.74 while another up-regulated protein
peak of 3,166.05 in cirrhosis in comparison with health
control were shown at the node of this model (Fig. 2).
When the double-blind testing set (18 LC and 52 health)
was applied to challenge this model, a clinical sensitivity of
100% (18/18), a clinical specificity of 86.5% (45/52) and
positive predictive value of 72% were predicted.

HBYV decision tree classification and double blind test
Seventy-two of 124 protein peaks were demonstrated to be

significant difference between HBV and health control
(P < 0.05) after mass spectra analysis of 76 training group
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Fig. 1 Top panel Diagram of
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samples (41 HBV and 35 health) under same parameter set
above-described. As the intensities of these peaks were
transferred to BPS, HBV decision tree classification with
four terminal nodes was determined with a sensitivity of
95.122% and a specificity of 94.286% (Fig. 3). One dis-
criminating protein with the M/Z of 22,842.3 at nodel was
up-regulated in HBV and another two discriminating pro-
teins with M/Z value of 2,957.83 and 2,049.57 appeared to
be down-regulated in HBV (Fig. 3). A clinical sensitivity of
85.29% (29/34), the specificity of 84.21% (32/38) and a
positive predictive value of 82.86% for HBV decision tree
classification were obtained in double blind test.

2025

2050 2075 2100

Discussion

The serum protein profile could be changed constantly as a
consequence of the perfusion of organs systems underlying
pathological status in which there are some released pro-
teins or small proteolytical or enzymatical peptides and
their derivatives. So serum was believed to provide a rich
pool of disease associated proteins. However, separation
and identification of serological biomarker was laborious
and difficulty relying on classical approach and screening
strategy. Although some identified serological biomarkers
were shown to be definitely significance in diagnosis and
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Fig. 2 Top panel Diagram of
cirrhosis decision tree classifica-
tion for cirrhosis patients and
healthy controls. The parent
nodes and descendant nodes la-
beled with number were shown
as squares and terminal nodes
were shown as the broken line
frames. If the corresponding
peak intensity of a sample was
lower than or equal to the thresh-
old of each node (classO cirrho-
sis, class1 healthy control), this
sample was classified in left side
sub-node. Otherwise, the sample
would be classified in right side
sub-node. Lower panel One dis-
criminating protein peak of
2,049.74 was down-regulated
while another protein peak of
3,166.05 was up-regulated in
cirrhosis in comparison with
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prognosis, its clinical evaluation remained dismal due to
the relative lower sensitivity and specificity. From the other
point of view, the single molecular diagnostic model or
screening method was not enough to cove all the disease
states, and the potential valuable candidates of disease bio-
marker might be lower molecular or lower abundant pro-
teins in serum. More evidences suggested that the most
uncharacterized serological proteins appeared to be closely
associated with pathological process (Tirumalai et al. 2003;
Petricoin and Liotta 2004). Recently mass spectrometry-
based technology with optical performance was widely
applied for discovery of serological biomarkers with low
molecular weight. Being a new exemplification for biomar-
ker screening and disease detection, SELDI-based analysis
have now been accepted for clinical routine diagnosis trial
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in large commercial reference laboratories after it has been
shown to be useful in the discovery of potential diagnostic
markers for disease (Petricoin and Liotta 2004).

To screen and identify ideal serological biomarkers for
pathological states of liver injury (chronic hepatitis B, LC
and hepatocellular carcinoma) always attracted much atten-
tions in science and medicine. Although a lot of studies
were carried out on it, current serological biomarkers were
unable to be well qualified for clinical diagnosis require-
ment. At present, the diagnostic accuracy of HCC was still
relatively lower in early diagnosis, prediction or epidemio-
logical screening only with conventional serological bio-
markers and without liver biopsy or image analysis.
Because modestly elevated AFP was occasionally detected
in serum of nonmalignant chronic liver disease, mainly in
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chronic hepatitis and LC, elevated AFP in serum cannot
specifically reflect pathological states of HCC, thereby
reduce the diagnosis efficient of AFP in HCC diagnosis
(Schwegler et al. 2005; Poon et al. 2003). Another serologi-
cal biomarker DCP (des-gamma carboxyprothrombin) was
reported to be better than AFP in differentiating HCC from
nonmalignant chronic liver disease by a cross-sectional
case control study, a DCP value more than125 mAU/ml
among American patients with underlying chronic liver dis-
ease was associated with a high probability of HCC (sensi-
tivity and specificity approximately 90%) (Marrero et al.
2003). However, other studies on DCP evaluation implied
that DCP was not superior to AFP or no significant differ-
ence between DCP and AFP (Marrero et al. 2003; Grazi
etal. 1995; Brunello et al. 1993). The value of DCP in
HCC diagnosis still need to be evaluated in future study. In
this study, a serum decision tree classification with five ter-
minal nodes was built up to distinguish between HCC and
healthy successful. A best clinical sensitivity of 90.48%
and a specificity of 89.36% were yielded, which was higher
than prediction score of AFP (sensitivity39-64%; specific-
ity 76-91%) and the most common imaging modality-ultra-
sound (sensitivity 71-78%; specificity 90-93%) (Marrero
etal. 2003). Schwegler et al. (2005) analyzed the serum
protein profiling of liver disease progression to HCC by
SELDI-TOF-MS and got the decision tree classifications
for different sets of liver diseases versus normal samples as
well as HCV versus HCV-HCC. In the case of all HCC ver-
sus normal, a sensitivity of 82% and a specificity of 90%
were documented. It was also better than AFP, but slightly
lower than our results. A possible consideration was that
the sum of serum protein fingerprint peaks on IMAC-Cu
protein chip was much less than that on WCX protein chip
under the same sample loading, no more different protein
peaks can be selected for further building a better decision
tree classification. Another similar study with serum frac-
tionation prior to loading on protein chip and different data
mining (two-way hierarchical clustering analysis and
ANN) showed that ANN model with a high sensitivity of
92% and a high specificity of 90% could well differentiate
HCC from CLD patient, even when serum AFP concentra-
tions were within the diagnostic gray region (Poon et al.
2003). This promising result definitely indicated that
SELDI-based decision tree classification also possessed
obvious advantages on solving difficult clinical diagnosis
problem such as HCC serum with negative AFP and CLD
serum with elevated AFP.

From clinic point of view, current single serological bio-
marker including laminin, HA, type IV collagen, type III
precollagen peptide, etc., was not satisfactory as diagnostic
and prognostic indicator for LC. Even the combination of
several serological biomarkers for diagnosis of LC, sensitiv-
ity of only 90% at maximum and specificity of about 60%
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was presented (Oh and Afdhal. 2001). When a gold stan-
dard-pretreatment liver biopsy was integrated to assess LC,
its accuracy could be improved to 80% (Poniachik et al.
1996). In our study, two differential protein peaks with M/Z
of 2,049.74 and 3,166.05 were finally selected to form L.C
decision tree classification and then confirmed by the iden-
tity of 70 double-blind test, a clinical sensitivity of 100%
and a specificity of 86.5% were obtained. It was much better
than that of classic serological index. The remarkable diag-
nostic performance of this model displayed a bright per-
spective in clinical diagnosis of LC with SELDI-based
biomarker discovery. Another classification model with
high sensitivity and specificity (97.1-100 and 92.3%,
respectively) for LC using selected serum protein marker
set had also been reported (Xu et al. 2004). High prediction
score of classification model proved out its great advantages
over traditional serological biomarkers in cirrhosis diagno-
sis. Meanwhile it also showed that the perfect decision tree
classification model was easily to be established in serum
samples with similar genetic background and coincident
treatment. Zhu et al (2004) analyzed the serum protein spec-
tra derived from 25 LC samples and 45 control samples (20
HCC plus 25 healthy) by SELDI-TOF-MS and BPS analy-
sis, a classification model with two low molecule weight
biomarkers of 7,772 and 3,933 (M/Z) was constructed for
LC prediction, which was the sensitivity of 80% for all LC
patients and a specificity of 81.8% for all non-cirrhotic
cohorts through the methods mentioned above. Because
control grouping was set as HCC patients and healthy men
simultaneously in their study, prediction score of tree model
was little lower in comparison with our results.

Diagnosis of HBV infection has long been relied on two
sides of serological proof. One side emphasized particularly
on serology analysis of HBV related index, such as HBsAg,
anti-HBS, HBeAg, anti-HBE, anti-HBC, HBVDNA, anti-
HBcIgM, etc. Other side concentrated on the measurement
of liver-associated serum enzymes or serum protein profile.
The latter could be used for evaluation of biological function
states of liver, such as ALT, AST, LDH, AKP, TP, A, G,
etc. Unfortunately no single serological biomarkers
described above could unequivocally diagnose chronic
HBYV infection (Chan 2002). Though chronic HBV infection
was defined as the persistence of HBsAg for at least
6 months (Lok and McMahon 2001), negative HBsAg in
serum could not be exclude HBV infection (Chan 2002).
Current serological test for HBsAg was only 1 ng/ml, which
was lower than the minimum infections dose of virus
(1 pg/ml). Recently HBV DNA has been used increasingly
in clinic as one of the important hallmark for diagnosis of
chronic HBV infection, monitoring the disease progress as
well as assessing curative effect. According to the difference
in detection principle, current assays for the quantitative
measurement of HBV DNA could be classified into signal
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amplification assays (liquid phase hybridization, branched-
chain DNA signal amplification) and PCR-based DNA
amplification. The former’s sensitivity was around 1 pg of
DNA (10°-10° genome copies) and the latter method could
reach 10°-10° genome copies (Sablon and Shapiro 2005).
However, affected by several factors including reproducibil-
ity, considerable skill and high cost, HBV DNA assay is not
presently recommended for routine evaluation as well as
monitor chronic HBV infection. Such biomarkers focused
on pathogen itself. For studies of serum protein expression
profile derived from chronic HBV infection, there was
almost no more progress in the area of novel serological bio-
marker on HBV infection. Up to now, only a proteomics
study on serum biomarkers of HBV infection was reported
by He et al. (2003). By comparison with normal and HBV
negative serum samples, at least seven proteins including
haptoglobinf} and o2 chain, apolipoproteinA-1 and A-1V, ol
antitripsin, transthyretin and DNA topoisomerase liff were
discovered to be significantly changed in HBV infected sera.
Though these new findings had potential significance in
clinic, a definite conclusion was not presented in their study
because of no validation in clinical serum samples. Differ-
ence with 2DE based technique pathway of above study,
HBYV decision tree classification with clinical sensitivity of
85.29% and a clinical specificity of 84.21% was first
reported in this study after analysis of serum protein pattern
between HBV patients and healthy with SELDI-TOF-MS
and BPS software. Because serum proteome of chronic hep-
atitis B contained double pathological information of virus
and liver, screened different serum proteins could reflect real
pathological state of HBV infection very well. From this
point of view, there might be a bright application in diagno-
sis of HBV infection for this tree model.

All data and established diagnostic models in the present
study were very encouraging for clinical application. The
proceeding study now is under process. Consideration have
been made to further verification of its specificity, sensitiv-
ity and the accurate determination in more large population,
to screen the potential patients from the so called healthy
case in high risk area of China. It also should be noticed to
integrate the clinic data and pathological disease staging
and possible grade and to standardize the parameters of
given machinery statement, meanwhile it is necessary to
identify discriminating proteins used for such diagnostic
model and develop the gold standard screening method or
the useful early diagnostic kit for the convenience for clini-
cal use.
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