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Introduction

Esophageal squamous cell carcinoma (ESCC), which 
is the predominant histological subtype of esopha-
geal cancer (EC), is a highly aggressive cancer, rank-
ing fourth in China and seventh in the world (Pisani 
et al. 1985, Muir & McKinney 1992, Wang et al. 1997, 
Lightdale 1999). EC is characterized by the strik-
ing geographical variation throughout the world. 
For example, the so-called ‘Asian esophageal cancer 
belt’ covers the Taihang Mountain region in north-
ern China (Lu et  al. 1988) and Xinjiang is one of the 
regions with the highest incidence at approximately 
155.9 per 100 000 population in Kazakhs, Tuoli county 
(Zhang 1988), which is 15-fold higher than the other 

high-risk regions for EC around the world. Another 
pronounced feature of EC is the high mortality. Most 
patients with EC do not survive for more than 1 year 
after first presenting at healthcare centres, and the 
5-year survival rate for EC remains as low as 10% or 
even lower due to complications caused by the aber-
rant growth inside the esophagus, such as dysphasia, 
cachexia, etc. However, the 5-year survival rate for 
patients with EC in the early stages could be as high as 
90% (Hu et al. 2001). Early detection and diagnosis of 
EC hold the answer for improving the curative rate of 
EC. To date, few specific and sensitive serum markers 
have been available for the diagnosis of EC. Although 
studies have documented many EC-associated mol-
ecules, such as oncogenes, tumour suppressor genes, 
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Abstract
Objective: To analyse the alterations of serum proteins in cases of esophageal squamous cell carcinoma 
(ESCC) in order to screen and validate serum marker patterns for the diagnosis of ESCC in the high-risk 
populations of Xinjiang, China. Methods: The serum proteomic patterns of 188 cases, including 139 patients 
with ESCC (54 Uygur, 45 Kazakh and 40 Han subjects) and 49 sex- and age-matched healthy controls, were 
detected using the SELDI-TOF-MS (surface-enhanced laser desorption/ionization–time of flight–mass 
spectrometry) technology with the CM10 ProteinChip. Differences in protein peaks between patients with 
ESCC and controls were analysed using the Biomarker Pattern Software, and a primary diagnosis model of 
ESCC was developed and validated with SVM (support vector machines). This model was further evaluated 
by a large-scale blind test. Results: Two hundred and eighty-three protein peaks were detected within the 
molecular range of 0–20 kDa, among which, 140 peaks were significantly different between ESCC cases and 
controls (p < 0.05). A diagnostic pattern consisting of six protein peaks (m/z 5667, 5709, 5876, 5979, 6043 
and 6102) was established with a sensitivity of 97.12% and a specificity of 83.87%. The large-scale blind test 
generated a sensitivity of 91.43% and a specificity of 88.89%. Conclusions: The differential protein peaks 
analysed by SELDI-TOF-MS may contain promising serum biomarkers for screening ESCC. The diagnostic 
model which combined only six protein peaks had a satisfactory discriminatory power. The model should 
be further evaluated in other populations of ESCC patients and tested against controls. The nature and 
function of the discriminating proteins have yet to be elucidated.
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metastatic genes, apoptosis genes, etc., highly specific 
and sensitive biomarkers for the early detection of EC, 
and for diagnosis and evaluation of treatment effi-
ciency have not yet been identified.

Although esophagoscopy has the potential to detect 
early EC, its widespread application is limited by its 
discomfort and high cost. Surface-enhanced laser 
desorption/ionization–time-of-flight–mass spectrom-
etry (SELDI-TOF-MS) is one of the proteomics tools 
for screening and profiling potential serum markers 
in various kinds of malignant tumour. Advances in 
proteomics have introduced novel techniques for the 
screening of new cancer biomarkers and raised tech-
nology for early diagnosis of cancer to a new level (Jain 
2002, Rai & Chan 2004, Graham et al. 2005, Patel et al. 
2005). SELDI-TOF-MS and ProteinChip technology 
(Ciphergen Biosystems, San Francisco, CA, USA) offer 
a sensitive, high-throughput and rapid method for pro-
teomic analysis of a complex mixture of proteins and 
peptides (Merchant & Weinberger 2000, Srinivas et al. 
2001, Weinberger et al. 2002, Yasui et al. 2003). SELDI-
TOF-MS combined with a bioinformatics approach 
has been successfully used to identify highly sensitive 
and specific potential biomarkers for the diagnosis 
of prostate cancer (Hellström et  al. 2007, Skytt et  al. 
2007), ovarian cancer (Wu et al. 2006, Xia et al. 2008), 
brain cancer (Liu et al. 2005), colorectal cancer (Hundt 
et al. 2007, Ward et al. 2008), breast cancer (Goncalves 
2007, Leong et al. 2007), lung cancer (Han et al. 2008), 
pancreatic cancer (Valkovskaya et al. 2007), liver can-
cer (Cui et  al. 2008),  etc. However, studies on EC in 
the region with the highest incidence in the world, 
Xinjiang, China, have not yet been reported.

One hundred and eighty-eight cases, including 
139 serum samples of patients and 49 from con-
trols, were analysed using SELDI-TOF-MS with weak 
cation exchange (CM10) ProteinChip arrays. New 
potential biomarkers were screened and a serum 
protein fingerprint model for diagnosis of ESCC was 
established.

Materials and methods

Samples

A total of 188 serum samples from patients and healthy 
individuals were obtained in the Xinjiang Medical 
University Hospital from 2005 to 2007, after informed 
consent. The sera of the patients were obtained before 
any therapeutic measures were implemented. A total 
of 139 patients with pathologically confirmed ESCC 
(including 54 Uygurs, 45 Kazakhs and 40 Hans) were 
included; the median age of the ESCC patients was 56 
years (range 28–83). There were 96 men and 43 women. 

The controls were 49 healthy sex- and age-matched indi-
viduals (including 28 Uygurs, 10 Kazakhs and 11 Hans). 
All serum samples were collected in the morning before 
breakfast. The sera were left at room temperature for 
1–2 h, centrifuged at 3000 rpm for 10 min, and then 
stored at -80°C.

Reagents and instruments

Sinapinic acid (SPA) was purchased from Sigma 
(St Louis, MO, USA). ProteinChip Biosystems (Ciphergen 
PBS II plus SELDI-TOF-MS) and CM10 chips were pur-
chased from Ciphergen Biosystems. All other reagents 
were acquired from Sigma.

ProteinChip array analysis

All serum specimens were thawed in wet ice and then 
centrifuged at 10 000 rpm for 2 min. The supernatants 
were retained. Ten microlitres of U9 buffer (9 M urea, 
2% CHAPS, 1% DTT) was added to 5 l of each serum 
sample in a 96-well cell culture plate, which was then 
agitated on a platform shaker at 4°C for 30 min. Next, 
185 l of sodium acetate (100 mM, pH 4) was added 
to the U9 serum mixture and was further agitated on 
a platform shaker at 4°C for 2 min. CM10 chips were 
activated by adding 200 l of sodium acetate and agi-
tated for 5 min twice. Diluted samples (100 l) were 
applied to each spot of the bioprocessor (Ciphergen 
Biosystems) that contains the ProteinChip arrays. The 
bioprocessor was then sealed and agitated on a plat-
form shaker for 60 min at 4°C. The excess of the serum 
mixtures was discarded. The chips were then washed 
three times with 200 l of sodium acetate and another 
two times with deionized water. Finally, the chips were 
removed from the bioprocessor and air-dried. Prior to 
the SELDI-TOF-MS analysis, 1 l of a saturated solu-
tion of SPA in 50% ACN, 0.5% trifluoroacetic acid was 
applied onto each chip twice and the chips were again 
air-dried.

Chips were analysed by the PBS-II Plus mass spec-
trometer reader (Ciphergen Biosystems). Data were 
obtained by averaging the results from a total of 144 laser 
shots with an intensity of 180, a detector sensitivity of 
eight, a high mass of 20 000 Da and an optimized range 
of 2000–20 000 Da. The instrument was calibrated by the 
all-in-one peptide molecular mass standard (Ciphergen 
Biosystems).

Bioinformatics and biostatistics

To establish a diagnostic model for EC and evaluate 
its efficiency, 135 samples were taken for the training 
set (including 104 EC patients and 31 health controls). 
In addition, 53 new samples were taken for a test set 
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(including 35 EC patients and 18 health controls) for a 
blind test on a large scale.

The data analysis was implemented by the Zhejiang 
University–Cancer Institute–ProteinChip Data Analysis 
System (ZUCI-PDAS), which was designed by Jiekai Yu on 
the MATLAB Web Server 1.2.4 (The MathWorks, Natick, 
MA, USA). The first step of our data analysis was to use 
the undecimated discrete wavelet transform (UDWT) 
method to de-noise the signals. The UDWT method is 
implemented by the Rice Wavelet Toolbox version 2.4. 
In the second step the spectra were subjected to base-
line correction by fitting a monotone local minimum 
curve and mass calibration (adjusting the intensity scale 
according to three labelled peaks that appear in all the 
selected spectra) comments.

The proteomic peaks were detected and quanti-
fied by an algorithm that takes each local maximum 
of each de-noised, baseline-corrected and calibrated 
mass spectrum into account. The third step consisted of 
filtering the peaks to maintain a signal-to-noise (S/N) 
of more than three. The S/N of a peak is the ratio of the 
height of the peak above the baseline to the wavelet-
defined noise. Finally, to match peaks across spectra, 
we pooled the detected peaks and combined them if the 
relative difference in their mass sizes was not more than 
0.3% comments. The minimal percentage of each peak, 
appearing in all the spectra, is 10%. If a spectrum did not 
have a peak within a given cluster, the maximal height 
within the cluster will be assigned to its peak value com-
ments. The normalization was performed only with the 
identified peak clusters. To distinguish between the 
different groups of data, we used a non-linear support 
vector machine (SVM) classifier, originally developed by 
Vladimir Vapnik (1982), with a radial basis function ker-
nel, a parameter gamma of 0.6, and a cost of constraint 
violation of 19. The leave-one-out cross-validation 
approach was applied to estimate the accuracy of this 
classifier. This approach takes out one sample each time 
as the test set and keeps the remaining samples as the 
training set. This process was repeated until each sample 
had been taken once as a test sample. This SVM classifier 
was implemented by the shareware program OSU_SVM 
v.3.00 Tool box of Junshui Ma and Yi Zhao.

The capability of each peak in distinguishing dif-
ferent groups of data was estimated by the p-value of 
the Wilcoxon test. The top ten peaks with the smallest 
p-value were selected for further analysis. Each of the 
1023 combinations of the ten peaks was analysed by the 
leave-one-out cross-validation SVM. Combinations with 
the highest accuracy in distinguishing different groups 
of data were selected as potential biomarkers. The SVM 
model with the highest Youden’s index was selected as 
the model for detecting EC.

All these bioinformatics studies were integrated in 
the ZUCI-PDAS available at www.zlzx.net.

Results

Reproducibility of the experiment

Reproducibility of the protein chip was determined with 
quality control serum by applying 20 serum samples to 
each chip in a random fashion. The CV of the selected 
peaks, after being normalized by the intensity, was 19.7% 
and the CV of the selected peaks’ mass was 0.05%.

Screening of relative protein and establishment of 
diagnosis model of EC versus healthy control

A total of 283 peaks were detected in the molecular 
range of 0–20 000 and 140 qualified peaks were selected 
after noise filtering and peak cluster identification. 
These peaks were ranked according to the p-value of 
the Wilcoxon rank sum test. The top ten peaks with the 
smallest p-value were selected, randomly combined, 
and fed into SVM. The accuracy of each combination in 
distinguishing ESCC from healthy controls was analysed, 
combinations with the highest accuracy were chosen as 
potential biomarkers, and the SVM model with the high-
est Youden’s index was used as the diagnostic model. 
This model comprised six potential biomarkers with m/z 
of 5667, 5709, 5876, 5979, 6043, 6102 Da, respectively 
(Figure 1), which were all highly expressed in ESCC but 
weakly expressed in healthy individuals. The descriptive 
statistics of these six peaks are shown in Table 1. This 
model had a sensitivity of 97.12% and a specificity of 
83.87%, as evaluated by leave-one-out cross-validation 
(Table 2).

Identification of 53 new serum samples was predicted 
using the model. Diagnosis was correctly made in 32 out 
of 35 patients with ESCC and in 16 out of 18 healthy indi-
viduals. The sensitivity and specificity of the blind test 
were 91.43% and 88.89%, respectively (Table 3).

Discussion

Although many diagnostic tools are used for EC, such 
as computed tomography, magnetic resonance imag-
ing and endoscopic examination, the misdiagnosis rate 
of EC remains high. For a long time, researchers have 
looked for valuable biomarkers for EC diagnosis, such as 
CEA, SCC, CYFRA21-1, P53-Ab (Toshikatsu et al. 1998, 
Kawaguchi et al. 2000, Mao et al. 2003). However, all these 
biomarkers are either non-specific or have a poor posi-
tive predictive value. Therefore, there is an urgent need 
to search for more ideal biomarkers and seek molecular 
biological techniques which are less invasive and more 
sensitive to improve the early diagnosis of EC.

The oncogenesis of EC is a complex multistep proc-
ess involving multiple genetic mutations. In light of this 
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multifactorial nature of EC, it is plausible that a combi-
nation of multiple biomarkers is necessary to improve 
the diagnosis of EC. In order to disclose the serum 

protein ‘fingerprints’ for diagnosis of EC in the region 
with the highest incidence – Xinjiang, China – SELDI-
TOF-MS and ProteinChip technology coupled with a 
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Figure 1.  Representative spectra of the six selected biomarkers of esophageal squamous cell carcinoma (ESCC) and healthy controls. (a) The 
biomarker of 5667 m/z; (b) the biomarker of 5709 m/z; (c) the biomarker of 5876 m/z; (d) the biomarker of 5979 m/z; (e) the biomarker of 6043 
m/z; (f ) the biomarker of 6102 m/z. The x-axis is the molecular weight of the peaks and the y-axis is the intensity of the peaks. Group 0, normal 
group; group 1, patients with ESCC.
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sophisticated bioinformatics approach was applied in 
the present study. Six potential biomarkers were found 
and a protein fingerprint pattern has been established 
which can distinguish EC from healthy individuals with 
a specificity of 88.89% and sensitivity of 91.43%. These 
six biomarkers were all overexpressed in EC samples 
compared with control samples. Although these poten-
tial biomarkers still have to be further investigated, these 
results suggest that this pattern can be used for detec-
tion and screening of EC and for distinguishing EC from 
a healthy population.

To date, five groups, all from PR China, have reported 
potential biomarker studies on patients with primary 
ESCC and subjects from control groups based on SELDI 
technology, Biomarker Pattern Software and different 
ProteinChip technologies, and they have provided several 
protein peak discriminating patterns (Wang et al. 2004, 
Wang et al. 2006, Feng et al. 2007, Liu et al 2007, Zhang 
et  al. 2007). Wang et  al. (2004) proposed a diagnostic 
pattern which consisted of 12 protein peaks with m/z of 
1028, 1098, 1301, 2047, 2742, 3975, 4130, 4283, 4301, 5635, 
6203, 13749 on the WCX2 ProteinChip, which generated 
a sensitivity of 85% (119/140) and a specificity of 84.14% 
(38/45). Wang et al. (2006) built a discriminating model 
on two proteins with m/z ratios of 2942 and 15953 using 
the WCX2 ProteinChip system and a decision-tree classi-
fication measure. Liu et al. selected six candidate protein 
peaks with the m/z values of 2545, 3371, 3746, 5009, 5021 

and 15 886 to establish a predictive model on the WCX2 
ProteinChip, with 77.27% (34/44) sensitivity and 75.00% 
(33/44) specificity. Zhang et  al. identified one protein 
peak of m/z 9479 using the IMAC3 ProteinChip, able to 
discriminate ESCC with 95.4% (42/44) sensitivity and 
95.2% (40/42) specificity. Feng et al. showed that seven 
tumour markers of m/z 9439, 6627, 2867, 4494, 7762, 6835 
and 4095 could discriminate ESCC from controls with 
IMAC3 chips and BioMarkerWizard Software, with a sen-
sitivity and a specificity of 88.5% and 82.0%, respectively.

From the above analysis, it is clear that all these 
selected markers were discordant and they usually 
performed less well than the model we propose in this 
study. A well-balanced representation of the major eth-
nic groups present in Xinjiang in our study may have pre-
vented biases associated with the genetic background 
of the patients as well as controls and improved the 
diagnosis accuracy. On the other hand, the candidate 
ProteinChip and tools of bioinformatics were different 
in the various studies, and this may lead to apparent 
discrepancies. Because the biomarkers rely on patterns, 
different arithmetic produces different biomarker com-
binations. We can, however, note that, in the present 
study, the marker at m/z 5667 was similar to m/z at 5635 
discovered by Wang et al. This protein certainly deserves 
to be explored further. In our study, the high-throughput 
protein mass spectrometry data analysis platform 
–ZUCI-PDAS – was applied. Compared with traditional 
software, the ZUCI-PDAS improves de-noising, calibra-
tion, normalization and reproducibility of the protein 
peaks. Combining the genetic arithmetic with SVM, the 
pattern should be better.

One of the challenges in the analysis of SELDI-TOF-
MS-generated data is to reduce the false protein peaks, 
in which the discriminatory power is due to random var-
iation. To solve this problem, we used a bioinformatics 
tool, ZUCI-PDAS, to analyse the spectral data, including 
de-noising with the UDWT, baseline correction, peaks 
detection, biomarker selection, establishment and eval-
uation of the SVM differential patterns. Our algorithm is 
likely to find most of the true, reproducible peaks. The 
SVM classification technique used in the ZUCI-PDAS 
was first described by Vapnik and is a new machine 
learning method based on the statistical theory. The 
SVM can solve problems such as the generalization of 
the medium and samples in pattern recognition, pattern 
selection and over-fitting (Brown et  al. 2000, Winters-
Hilt et al. 2006, Zhang et al. 2006). The SVM is specifically 
used for the finite samples in order to get the optimal 
solution with available information rather than the opti-
mal solution with the sample number tending to infinity. 
In theory, the overall optimal point can be obtained to 
solve the local extremum problem which is unsolvable 
in the artificial neural network method. The algorithm 
transforms the actual condition into hyperplane feature 

Table 1.  Comparison of the six selected discrepant protein mass 
peaks between esophageal squamous cell carcinoma (ESCC) cases 
and a healthy population (x s± ).

Protein peaks  
(m/z)

Healthy control  
(mean ± SD)

ESCC  
(mean ± SD) p-Value

6103 26.01 ± 27.27 165.22 ± 125.58 < 0.05%

5876 56.75 ± 55.59 221.38 ± 112.31 < 0.05%

5710 45.76 ± 79.91 201.40 ± 132.80 < 0.05%

5667 77.41 ± 103.05 329.97 ± 211.91 < 0.05%

5979 65.38 ± 91.42 266.46 ± 131.51 < 0.05%

6044 26.44 ± 38.55 122.95 ± 96.96 < 0.05%

Table 2.  Leave-one-out cross-validation results of the training set by 
applying the diagnostic model.

Groups ESCC Healthy control Total

ESCC (predicted) 101 5 106

Healthy control (predicted) 3 26 29

Total 104 31 135

ESCC, esophageal squamous cell carcinoma.

Table 3.  Predicted results of the test sets in the blind test, by applying 
the diagnostic model.

Groups ESCC Healthy control Total

ESCC (predicted) 32 2 34

Healthy control (predicted) 3 16 19

Total 35 18 53

ESCC, esophageal squamous cell carcinoma.
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space with non-linear transformation, the non-linear 
discriminate function in the former space is achieved 
by constructing the linear discriminate function in the 
hyperplane space. The specificity can ensure excellent 
generalization performance and effectively solve the 
dimensionality problem. Leave-one-out cross-validation 
is utilized to determine the accuracy of the classifier. 
Independent test sets were used to evaluate further the 
accuracy of our proposed diagnostical models. All these 
steps ensure that the selection of biomarkers is not influ-
enced by systematic biases.

The sample size in the present study is still limited and 
a larger number of samples is needed to test our model 
further, which should, in addition, be tested in other 
populations of patients with ESCC, especially in low-risk 
areas such as Europe and the USA, and compared with 
patients with other types of tumour. Nonetheless, by 
establishing serum protein fingerprint models through 
SELDI-TOF-MS and a bioinformatic approach, a novel 
and highly sensitive and specific assistant method for 
the diagnosis of ESCC has been provided. To understand 
better the cell mechanisms and/or metabolic pathways 
in which the proteins disclosed by this screening method 
are involved, further steps are necessary.

The main pathways identified in other studies 
included cell defence mechanisms (such as heat shock 
proteins, which were also found in esophageal adeno-
carcinomas) (Fujita et al. 2008, Langer et al. 2008, Qi et al. 
2008), cell motility, glycolysis, regulation of transcrip-
tion, oxidative stress processes and protein folding (Du 
et al. 2007). Biomarkers have also been identified with 
prognosis value, such as transglutaminase 3 (Uemura 
et  al. 2008). To analyse whether or not the biomarkers 
found in our study come directly from the tumour or are 
indirect markers of the presence of the ECSS, it is pos-
sible to analyse the proteome of tumours and to detect 
the presence or otherwise of these biomarkers. A second 
point is to identify these biomarkers; for this, different 
approaches may be used. Firstly, we plan to measure the 
peptide mass with a better accuracy and resolution using 
a matrix-assisted laser desorption/ionization (MALDI)-
TOF-MS to define the mass of the monoisotopic pep-
tides. Given the complexity of the mixture it is necessary 
to carry out some steps of prepurification of the samples, 
before identification. In order to separate the biomark-
ers of very large proteins, technologies such as gel exclu-
sion or cut-off will be used. Off gel, high-performance 
liquid chromatography (HPLC) technologies will be 
applied in order to separate the peptides (biomarkers) 
according to their physicochemical characteristics. The 
candidate polypeptide peaks can now be separated by 
Tricine-SDS-PAGE followed by trypsin digestion and 
identification by HPLC-MS/MS analysis and database 
search (He et  al. 2008). The other possibility will be to 
use mass spectrometers configured with electrospray 

ionization (ESI) source coupled with orbitrap. The ESI 
configuration allows the generation of multispecies-
charged peptides and performance of fragmentation by 
the electron transfer dissociation (ETD) approach. This 
new ion fragmentation methodology allows a random 
cleavage at amide groups along the peptide backbone 
independent of peptide or protein size (Appella et  al. 
2007). The relevance of the identified peptides will then 
be confirmed by immunohistochemistry or Western 
blotting in esophageal tissues. This identification will 
allow us to understand better the cell mechanisms and/
or metabolic pathways in which the proteins disclosed 
by this screening method are involved. The identifica-
tion of our promising biomarkers will also allow us to 
set up various technologies, such as selected reaction 
monitoring, to increase detection sensitivity and accu-
racy of quantification (Lange et al. 2008).
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