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Development of proteomic patterns for
detecting lung cancer1
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Abstract. Lung cancer is at present the number one cause of cancer death and no biomarker is available to detect early lung
cancer in serum samples so far. The objective of this study is to find specific biomarkers for detection of lung cancer using Surface
Enhanced Laser Desorption/Ionization (SELDI) technology. In this study, serum samples from 30 lung cancer patients and 51
age-and sex-matched healthy were analyzed by SELDI based ProteinChip reader, PBSII-C. The spectra were generated on WCX2
chips and protein peaks clustering and classification analyses were performed utilizing Biomarker Wizard and Biomarker Patterns
software packages, respectively. Three protein peaks were automatically chosen for the system training and the development of
a decision classification tree. The constructed model was then used to test an independent set of masked serum samples from 15
lung cancer patients and 31 healthy individuals. The analysis yielded a sensitivity of 93.3%, and a specificity of 96.7%. These
results suggest that the serum is a capable resource for detection of specific lung cancer biomarkers. SELDI technique combined
with an artificial intelligence classification algorithm can both facilitate the discovery of better biomarkers for lung cancer and
provide a useful tool for molecular diagnosis in future.

1. Introduction

Lung cancer is one of the most prevalent cancers and
is also the leading cause of cancer death in the world.
The 88% mortality rate for non-small cell lung carci-
nomas (NSCLC) has remained remarkably unchanged
since 1985 despite improvement of detection and treat-
ment of lung cancer [1]. The key problem is NSCLC
generally resistant to chemotherapy or radiotherapy. So
the operation has been mainly selected to treat NSCLC
patients in clinic yet. Although putative tumor sup-
pressor genes involved in NSCLC have been character-
ized [1–4], such as DAL-1, Lc19, p21, p63, and some
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proteins were observed over expressed in lung cancer,
such as, metallothionein , hCG, SP1 and CEA [5–7],
these candidate genes and proteins are all lack of speci-
ficity and no biomarkers have been able to detect early
lung cancer based on a serum sample so far. It is
clear that discovery of lung cancer-associated soluble
biomarkers in serum for early detection becomes an
urgent task in clinic.

In theory, study of the alternations of dynamic Pro-
teomics in cells will let us know the tiny changes for
cancers at the early stage, and specific biomarkers for
particular cancers should be identified by comparing
the protein profiles between patient samples and normal
control. To achieve this goal, the study of serum pro-
teome provides a turning point for biomarker discov-
ery. Whereas two-dimensional electrophoresis (2-DE)
and mass spectrometry (MS) had been the indispens-
able tool for proteins study, some new technologies for
detection of biomarker were developed as well more
recently [8,9]. Among them is ProteinChip technol-
ogy coupled with SELDI-TOF-MS (surfaced enhanced
laser desorption/ionization time of flight mass spec-
trometry) technology [10]. This innovative technique is
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much fast, has a high-throughputcapability, needs very
little amounts of sample, and can analyze the complex
biological mixtures directly. The efficacy of the SELDI
technology for discovery of prostate cancer and ovar-
ian cancer protein biomarker in serum [11,12], as well
as breast cancer protein biomarker in nipple aspirate
fluids and transitional cell carcinoma of the bladder in
urine have recently been demonstrated by Paweleta and
Vlahou [13,14]. In this paper, a set of serum samples
was analyzed by SELDI technology and a discrimina-
tory proteomic pattern for lung cancer was detected by
artificial intelligence data analysis algorithm.

2. Materials and methods

2.1. Serum samples

Blood serum samples from patients diagnosed with
lung cancer were procured from the Department of Res-
piratory, Capital University Affiliated Beijing Tiantan
Hospital. After obtaining informed consent from the
patient, the sample was collected into a 10cc serum
separator vacutainer tube and laid up at 4◦C for 1 hour,
and then centrifuged 20 min at 4000 rpm. The serum
was distributed into 100µl aliquots and stored frozen
at −80◦C. Qualified age-and gender-matched healthy
sera were obtained from the State Sport and Physical
Culture Administrator, and the processing, collection
and storage protocols for these samples were exactly
the same as above mentioned of the patient’s.

2.2. Patients and healthy control

Specimens from three groups of patients were used
in this study: (a) 23 patients were adenocarcinomas;
(b) 21 patients were squamous cell carcinomas; (c)
11 patients were small-cell lung cancer. The healthy
group coming from general survey of health were used
as normal control and consisted of 47 males and 34
females ranging in age 40–70 years.

2.3. SELDI protein profiling

Two type chips, H4 and WCX2 were initially eval-
uated to determine which affinity chemistry provides
the best serum profiles in terms of number and reso-
lution of proteins. The WCX2 chip was observed to
give the best results. WCX2 chips were pretreated
with 5 µl of 10 mM HCl on each array and stayed at
room temperature for 10 min. The chips were rinsed

3 times with 10 ml M-Q-water in a conical tube and
then put into a bioprocessor (Ciphergen Biosystems,
Inc.), which is a device that allows application of larger
volumes of serum to each chip array. The bioprocessor
was washed and shaken on a platform shaker at a speed
of 250 rpm for 5 min with 200µl of Binding buffer
(100 mM NaAc, pH 4) in each well. This was repeated
once more, and each time the binding buffer was dis-
carded by inverting the bioprocessor on a paper towel.
Each serum sample (lung cancer patient and healthy
control) for SELDI analysis was separately prepared
by vortexing 8µl of serum with 12µl of 8 M urea
with 1% CHAPS (3-[(3-cholamidopropyl)-1-propane-
sulfonic acid) in PBS in a 1.5 ml microfuge tube at 4◦C
for 10 min. Pippet 20µl of the serum/urea samples to
a, washing the sample tube with 20µl 1M urea with
0.125% CHAPS. Then pippet the solution to another
1.5 ml fresh microfuge tube, and then pooled two serum
samples. Add 40 ul samples to a fresh microfuge that
contained 30µl Cibacron Blue 3GA immobilized on
4% beaded agarose, vertex at 4◦C for 15 minutes, cen-
trifuge the tube at 1000 g for 30 seconds, pippet super-
natant into a fresh tube. Add 20µl of the 1 M urea
with 0.125% CHAPS to that microfuge tube contained
Cibacron Blue beaded agarose, vertex at 4◦C for 15
minutes, centrifuge the tube at 1000 g for 30 seconds,
pippet supernatant into a fresh tube. Pool the 2 super-
natant. The volume was approximately 55µl. Pippet
the diluted serum samples into a 1.5 ml microfuge tube
and used binding buffer (100 mM NaAc, pH 4) to make
1:3 dilution, and placed on ice until applied to a protein
chip array. 100µl of the diluted sample were applied to
each well, and the bioprocessor was sealed and shaken
on a platform shaker at a speed of 250 rpm for 35 min.
The samples were discarded, and each well was washed
with the washing buffer (100 mM NaAc, pH 4) three
times. The chips were removed from the bioprocessor,
washed with 1 mM Hepes quickly, air dried. 0.5µl
of a saturated solution of the EAM sinapinic acid in
50% (v/v) acetonitrile, 0.5% trifluoroacetic acid was
applied onto each chip array twice, letting the array
surface air dry between each sinapinic acid application.
Chips were stored in the dark at room temperature un-
til SELDI analysis. Chips was placed in the Protein
Biological System IIC mass spectrometer reader (Ci-
phergegn Biosystems, Inc.) and time-of-flight spectra
were generated by averaging 128 laser shots collected
in the positive mode at laser intensity 195, detector sen-
sitivity 9 and the optimization range was from 3000 to
50000 Da, high mass was 200000Da. Mass accuracy
was calibrated externally using the All-in-one peptide
molecular mass standard (Ciphergen Biosystems, Inc.).
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2.4. Peak detection

Peak detection was performed using Ciphergen
SELDI software version 3.0.2. The optimizing mass
range of 3000–50,000Da was selected for analysis be-
cause this range contained the majority of the resolved
protein/peptides. Peak detections involved baseline
subtraction, mass accuracy calibration and automatic
peak detection. The settings used for this study were
as follows: for peak detection, the signal/noise was 3,
minimum peak threshold was 30%; for cluster comple-
tion, the cluster mass was 2%, the signal/noise for the
second pass was 2%.

2.5. Decision tree classification

Construction of the decision tree classification algo-
rithm was performed by Ciphergen Biomarker Pattern
software version 4.0. using a training data set consist-
ing of 90 samples (40 lung cancer patients serum and
50 normal samples). The setting used for this study
were as follows: the levels of target variable details was
2, minimum value was 0, and the tree type was classifi-
cation, root nodes was 2 cases, Classification tree was
selected Gini, using one rule at a time in the form of
a peak intensity. The splitting is defined by the inten-
sity the analyzed peaks. For example, whether mass
A has an intensity less than or equal to the “X” splits
the data set into two nodes, a left node for “yes” and a
right node for “no”. This splitting process will stop if
terminal nodes for further splitting have no gain. The
validity of this decision tree was then challenged with
a blinded test data set consisting of 15 lung cancer pa-
tients and 30 normal controls which were independent
of the training samples.

2.6. Statistical analysis

Comparing with normal control group, if the
biomarkers were none or low expressed in patient
group, the sensitivity was defined as the ratio of the
lung cancer patients that did not have or low expressed
the biomarkers to the total number of pathologically
confirmed lung cancer patients included in the study.
Specificity was defined as the ratio of the individuals
that high expressed protein peaks and did not have lung
cancer, to the total number of individuals without lung
cancer.

3. Results

3.1. Reproducibility

The reproducibility of mass location and mass in-
tensity between chips was determined using the pooled
normal serum quality control sample. 22 peaks
were selected manually throughout the range 3000Da–
30000Da. For better comparability, the 22 peaks were
chosen to have good resolution and better ratio of sig-
nal/noise. The average coefficient of variance (CV)
based on five normal pooling human sera for intensities
of 22 peaks were lower than 20%. There was little vari-
ation with day-to-day sampling and instrumentation or
chip variations (Fig. 1).

3.2. Detection of lung cancer

Using SELDI software program approximately125
peaks/spectrum was detected in 1kDa-30kDa mass
range. No single peak was identified that alone could
completely separate two groups. These 125 peaks
identified in the training set were then used to con-
struct the decision tree classification algorithm. The
classification algorithm selected three masses between
1400Da and 8500Da (8122, 1452 and 1610Da) to gen-
erate 4 terminal nodes (Fig. 2). Other four masses
2953, 5335, 6105 and 5902Da split the data set in the
same way as 8122Da but with variable importance score
(Fig. 3). Four masses among them between 3–10 kDa
were showed in Fig. 4. Once the algorithm identifies
the most discriminatory peaks, the classification rule is
quite simple. If an unknown sample has a peak at mass
8122Da, the peak intensity is lower than 0.514, then the
sample is placed to the left branch node, otherwise to
the right branch node. The cases in each branch node
were then confirmed or reclassified at the second layer
following the same process while 1452Da and 1610Da
is chosen to split the subset. Finally, all the 90 cases
including lung cancer patients and healthy individuals
could be classified in the four terminal nodes, but the
percent of correct was not completely.

A summary of the classification results from the 4
terminal nodes was presented in Table 1A. The sen-
sitivity and specificity of this classification system in
blind test set were presented in Table 1B.
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Fig. 1. A part of SELDI spectra of three patients (patient 1, patient 2 and patient 3) on WCX2 proteinchip and generated on different days
(September 12th,18th,2002). “x” axis was molecular weight of peaks, and “y” axis was intensity of peaks.

 

  
Terminal 
Node 1    

  
N. of patient=38 

 
Terminal 
Node 2   

  
N. of control= 1 

  Node 2 
M1452.10 

  N. of patient= 38 

N. of control=1 

  
Terminal 
Node 3   

  
N. of patient =1 

N. of control=1 

  
Terminal 
Mode 4   

  
N. of patient = 1 

N. of control=48 

  Node 3 
M1610.18 

 
  N. of patient=2 

N. of control = 49 

  Node 1 
M8122.29 
 
  

N. of patient= 40 

N. of control=50 

Fig. 2. Classification of lung cancer vs normal samples by the decision tree alogorithm. The left branch node after the first layer is the cases of
peak intensity under or equal to 0.514, the right one is higher than 0.514. The cutoff point for 1452 mass was “equal or lower than 4.389” and
M1610 was “equal or lower than 0.115”. N represents the number of samples. M represents the molecular weight.

4. Discussion

The current common approaches for diagnosis of
lung cancer in clinic are largely based on X-ray and
computed tomography,but these kinds of methods have
been insufficient in the detection of very small lesion.
In many cases, the definite diagnosis for lung can-
cer was mainstay of pathological diagnosis on biopsy,

which is however invasive and not suitable for all kinds
of lung cancer. Efforts to shape the future in prevention,
diagnosis, and treatment monitoring of lung cancer may
largely depend on the discovery of specific biomark-
ers capable of distinguishing and characterizing lung
cancer, subtypes, and different stages.

Complex serum proteomic patterns could reflect the
underlying pathological state of an organ such as lung.
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Fig. 4. “A” was partial spectrum of one patient and one control sample shown on WCX-2 chip. X-axis was molecular weight of peak, y-axis was
intensity of peak. “B-G” were locally enlargement of spectrum “A”.

This hypothesis is supported by many reports recently.
Petricoin, et al. [12] reported that hydrophobic pro-
teinchips were used to screen serum samples from ovar-
ian cancer patients and a discriminator pattern was gen-
erated consisting of five protein masses of 534, 989,
2111, 2251, and 2456Da. The PPV for this biomarker

pattern achieved 94% in differentiating ovarian can-
cer from benign ovarian disease and healthy unaffected
women. A similar classification pattern consisting of
nine protein masses for prostate cancer was discovered
by Wright, et al. [11] using IMAC-Cu proteinchips,
and reached a PPV of 96%. In our previous study, we
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Table 1
Decision tree classification of cell lung cancer test set and blind test

A. Training set
Group Total cases Percent correct Correct cases Error cases

Normal 50 98.0 49 1
Cancer 40 97.5 39 1

B. Blind test set
Group Total cases Percent correct Sensitivity Specificity
Normal 31 96.7 (30/31) − 96.7%
Cancer 15 93.3 (14/15) 93.3% −

tried several methods to treat sera and obtained similar
sets of biomarkers for lung cancer on different types
of protein chips when using SELDI technology. We
found that sera treated with Cibacron Blue 3GA im-
mobilized on 4% beaded agarose could give much bet-
ter results than with size column or anion exchange
column, etc. Our results in this report were derived
from 136 samples, including 55 lung cancer and 81
normal samples, using SELDI technique with WCX-2
proteinchips and Cibacron Blue 3GA immobilized on
4% beaded agarose. The classification tree was estab-
lished to discriminate the lung cancer cases from the
healthy when using three masses 8122Da, 1452Da and
1610Da for biomarker pattern. When this model was
tested with a blind set, independent from the training
set, it yielded a sensitivity of 93.3% and the specificity
was 96.7%. Although this technology is rather young,
the achievements mentioned above, as well as the data
we presented in this paper, have provided higher sen-
sitivity and specificity than any single biomarker cur-
rently used in clinic. The establishment and further
complement of these patterns are speedily forming a
solid foundation for the prospective “molecular diag-
nosis” technology that has a potential to play a major
role in clinic.

It is noticed that most of biomarkers for lung cancer
we got are limited by the technique optimum range to
low-molecular-weight proteins or peptides. They were
not being identified by this technology, moreover, their
origination could be from the host organ, the cancer, or
even metabolic products. They could still be valuable
diagnostic tools as long as they are “specific” for the
corresponding disease. We should not expect that all
diseases show their specific markers in serum, but an
increased number of diseases will do particularly if we
can improve the ability to detect non-abundant proteins
and generate more powerful software to analyze the
obtained data. The specificity of our protein profiling
classification algorithm is also being challenged with
pulmonary diseases, such as pneumonia, to assure the
specificity of this biomarker pattern for lung cancer.

The current study is compromised by relatively small
sample sizes. Further studies with extended scale and
with the attempt to distinguish of four major subtypes
of lung cancer, namely squamous cell lung carcinomas,
adenocarcinomas, large cell carcinomas and small cell
lung carcinomas are under investigation in our labora-
tory. This study is expected to further confirm and/or
improve the sensitivity and specificity, and facilitate the
diagnosis for different subtype of lung cancer as well.
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