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Abstract

Hepatocellular carcinoma (HCC) is a heterogeneous cancer and usually diagnosed at late advanced tumor stages of high lethality. The
present study attempted to obtain a proteome-wide analysis of HCC in comparison with adjacent non-tumor liver tissues, in order to
facilitate biomarkers’ discovery and to investigate the mechanisms of HCC development. A cohort of 66 Chinese patients with HCC
was included for proteomic profiling study by two-dimensional gel electrophoresis (2-DE) analysis. Artificial neural network (ANN)
and decision tree (CART) data-mining methods were employed to analyze the profiling data and to delineate significant patterns and
trends for discriminating HCC from non-malignant liver tissues. Protein markers were identified by tandem MS/MS. A total of 132 pro-
teome datasets were generated by 2-DE expression profiling analysis, and each with 230 consolidated protein expression intensities. Both
the data-mining algorithms successfully distinguished the HCC phenotype from other non-malignant liver samples. The detection sen-
sitivity and specificity of ANN were 96.97% and 87.88%, while those of CART were 81.82% and 78.79%, respectively. The three biolog-
ical classifiers in the CART model were identified as cytochrome b5, heat shock 70 kDa protein 8 isoform 2, and cathepsin B. The 2-DE-
based proteomic profiling approach combined with the ANN or CART algorithm yielded satisfactory performance on identifying HCC
and revealed potential candidate cancer biomarkers.
© 2007 Elsevier Inc. All rights reserved.

Keywords: Cancer proteome; Classification; CART; ANN; Hepatocellular carcinoma

Liver cancer is one of the most life-threatening solid
tumors, with global annual diagnosis exceeding one million
new cases, and remains the second leading cause of cancer
death in China. Major risk factors of HCC include chronic
hepatitis virus infections, in particular hepatitis B and hep-
atitis C; cirrhosis caused by either hepatitis or alcoholism
[1], and chronic exposures to various cytotoxic substances
such as arsenic [2], polyvinyl chloride (PVC) [3], etc. The
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diagnosis of liver cancer usually occurs at later stages in
the disease when there are few effective treatment options
and the prognosis for patients with HCC is very poor. Cur-
rently, surgery remains the standard treatment for HCC
patients; nevertheless, more than half of the subjects are
often inoperable at the time of presentation. In addition,
tumor recurrence is commonplace (>60%) after resection
with vastly shortened life expectancy of about 6 months
from the time of diagnosis [4,5]. In order to pursue a better
disease management of liver cancer, there is an urgent need
to develop models for early cancer detection, and better
understand the fundamental mechanisms leading to HCC
development. Proteomic expression profiling approaches
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have recently gained momentum in deciphering holistic
protein expression patterns in a variety of cancer bio-
marker discovery studies, and similarly would unravel the
biologically significant patterns, or fingerprints associated
with the changes and development of liver cancer.

Recent proteomic efforts have largely focused on cul-
tured cancer cell lines, tumor tissues as well as blood
samples from HCC patients utilizing the gel-based and pro-
tein-chip approaches [6-13]. Nevertheless, neither a liver
cancer specific pattern, nor a reliable classification model
has been established for the diagnosis of HCC. In this
study, we employed 2-DE to generate protein expression
profiles of 66 tumor and 66 non-tumor paired samples,
and two different data-mining engines to construct classifi-
cation models with attempts to distinguish HCC from non-
tumor liver tissues—artificial neural network (ANN) [14]
and classification and regression tree (CART) [15,16] algo-
rithms. The discriminative performance of the two models
was compared and evaluated, and the protein classifiers
were unequivocally identified by tandem MS/MS.

Materials and methods

Clinical tissues and 2-DE analysis. A total of 132 tumor and non-tumor
tissues were collected from 66 patients who had undergone hepatectomy at
Queen Mary Hospital, Hong Kong, from 1998 to 2004. The clinicopath-
ological features are summarized in Table 1. Proteins were extracted from
samples using the Bio-Rad ReadyPrep Sequential Extraction Kit (Bio-Rad
Laboratories, Hercules, CA), and were then subjected to 2-DE using
IPGphor and EttanDALT six system (Amersham Biosciences/GE
Healthcare, Uppsala, Sweden) as previously described [17,18]. The gel
images were acquired and analyzed using a PD-Quest version 7.2 (Bio-
Rad). The intensity of each spot was normalized to the total spot inten-
sities on gel, and the protein abundance was reported as parts per million
(ppm). Preliminary examination of the data revealed 230 consistently

Table 1
Clinicopathological features of samples used in this study
Clinicopathological parameters Frequencies
Sex

Female 9

Male 57
Age® 5395+ 1.55
HBYV surface antigen

Positive 57

Negative 9
Serum alpha-fetoprotein level

<20 ng/ml 20

>20 ng/ml 46
Tumor size (cm)* 8.80 4+ 0.66
AJCC tumor stage

Stage I/11 41

Stage IIT/IV 25
Non-tumorous liver

Chronic hepatitis 8

Cirrhotic 26

Non-cirrhotic 32

% Values are shown as means + SEM.

expressed proteins with at least 70% presence in either tumor or non-
tumor samples, and 92 proteins showed changes in expression level with
statistical significance of p < 0.05. The proteome dataset was randomly
divided into training and simulation sets with each set consisting of 33
tumor and 33 non-tumor samples (i.e., a total of 66 + 66 = 132 samples).
The data in the training dataset were used for training the network while
the simulation dataset was used for evaluation of the classification models.

In-gel digestion and mass spectrometry (MS). Protein spots of interest
were gel-excised using a syringe needle and subjected to in-gel trypsin
digestion as previously described [17]. The resulting tryptic digested pep-
tides were analyzed using MALDI-TOF/MS and MS/MS. For MALDI-
TOF/MS for SSP0026 and SSP3102, full scan and product ion mass
spectra of the peptide mixtures were acquired on a hybrid quadrupole-time
of flight mass spectrometer (QSTAR-XL, Applied Biosystems Inc., Foster
City, CA, USA), equipped with a MALDI source. The tandem mass
spectra were collected in product ion mode on the peptide of interest.
Measured peptide and fragment ion masses were used to search the NCBI
database for protein identifications using the Mascot (www.matrix-
science.com), with the following settings: mass tolerance at 50 ppm, one
missed cleavage allowed, at least two matching peptides and searches
limited to Homo sapiens species. For SSP2201, tandem MS/MS was per-
formed using a 4800 MALDI TOF/TOF Analyzer (Applied Biosystems).
In brief, MS spectra were acquired for each protein spot with the following
settings: MS reflector positive and scan range of 1000-4000 Da. The
resulting data were used to generate a peak list for the subsequent result
dependent acquisition (RDA). Intense peaks for up to 20 peaks were
subjected to MS/MS analysis for determining the peptide sequence. The
MS/MS settings used were MS/MS 2KV positive/CID on and five
monoisotopic precursors selected (S/N>200). Tryptic peptides were
excluded in the sample. Full reports with detailed Mascot results were
generated in PDF format using the GPS Explorer Software (MASCOT
Database Search Engine V2.1, Applied Biosystems). A high confidence
protein with at least two peptide matches was recognized when the CI of
the protein score and total ion exceeded 95%.

Artificial neural network (ANN). For the ANN implementation, the
feed-forward multiple layer perceptron based classification model was
implemented using neural network toolbox bundled in MATLAB 7.0
Release 14 (The Mathworks Inc., Natick, MA). The proteomic data were
first reduced by filtering spots without significant changes between tumor
and non-tumor (p > 0.05), then the spot intensities were natural log-
transformed followed by normalization using the min—max values of the
dataset. The best ANN constructed in this study consisted of 92 inputs, 2
hidden and 1 output layers with linear output ranged from —1 to 1 cor-
responding to tumor and non-tumor, respectively (Fig. 1). The training of
the network was carried out using Leven—-Marquardt back-propagation
algorithm and the mean square error performance goal was 1 x 1073,

Classification and regression tree (CART). CART was implemented
using Biomarker Pattern Software (BPS) Version 4.0 (Ciphergen Biosys-
tems Inc., Fremont, CA). Unlike clustering and ANN, all the spots in the
dataset were natural log-transformed and used for training. The classifi-
cation model was constructed using GINI impurity criterion for splitting
and estimation was performed using 10-fold cross-validation.

Statistical analysis. Sample size was estimated and calculated using
Statmate program for Windows (GraphPad Software, Inc., San Diego,
CA). After pilot experiments, a standard deviation of 573 ppm for the
protein spot SSPP8103 from tumor tissues with an intensity of 311 ppm
was entered into the program with a p value of 0.05. A sample size of
about 60 was used when 90% power was used to detect a statistically
significant difference of 357 in intensity of protein spots between tumor
and non-tumor samples. SPSS for Windows (version 13, SPSS, Inc.,
Chicago, IL) was used for statistical and correlation analysis in this study.
One-way ANOVA followed by Tukey or Dunnett’s T3 test, Student’s ¢
test, and Pearson Chi-Square test were used to analyze spot intensities
among peri-tumor and tumor samples. The discrimination performance
was evaluated by plotting the receiver operating characteristic (ROC)
curve and calculating the area under the ROC curve (AUROC). p <0.05
was considered as statistically significant. Sensitivity and specificity were
defined as the proportion of true positives (tumor) of all positive samples
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Fig. 1. (A) Topology of the ANN implemented in this study. The network consisted of 92 normalized inputs with range [0, 1]; 20 neurons in the first layer,
5 in the second layer, and 1 in the output layer; Tan-sigmoid transfer function was used in the first two layers, while the output layer was linear with range
[—1, 1]1in order to generate a linear index of likeliness to be non-tumor or tumor. (B) The network output and performance of ANN constructed in this
study. The network output of samples in the validation dataset. The network correctly segregated majority of the samples in both datasets by returning
corresponding values for non-tumor (—1) and tumor (1). ROC curve of ANN model. The area under ROC (AUROC) of the model was 0.936, the best
sensitivity and specificity were 96.97% and 87.88%, respectively, using cutoff value of —0.5767.

tested and the proportion of true negatives (non-tumor) of all negative
samples tested, respectively. Positive predictive value was defined as the
proportion of true positive samples from the combined population of true
positive and false positive samples.

Results and discussion

Our initial attempt to implement the 2-DE technology
as a tool to identify prognostic markers of HCC was suc-
cessful [17]. In this study, we capitalized from our previous
work to expand the sample cohort to 66 HBV-associated
HCC patients and applied the 2-DE method to generate
liver proteomes from tumor and matched non-tumor tis-
sues. Both the ANN and CART data-mining algorithms
were employed to analyze the proteomic profiling data.
Our findings indicated that both the procedures provided
adequate diagnostic accuracy, i.e., diagnostic sensitivity
and specificity for distinguishing between tumor and non-
tumor tissues obtained from patients undergoing hepatec-
tomy, a surgical procedure that offers the most effective
treatment to patients diagnosed with HCC.

The clinical features of HCC are summarized in Table 1
and the samples were randomly divided into two groups:
the model building (training) and blind validation sets.

After gel-to-gel matching, normalization, and background
subtraction, over 1000 protein spots in the p/ 4-7 range
and relative molecular weight of 10-150 kDa were resolved
and revealed by the 2-DE approach. The normalized spot
intensities from each proteomic profile (n = 132; tumor,
66; non-tumor, 66) were then analyzed by two different
algorithms, viz., ANN and CART. The ANN designed in
this study showed convergence during training and reached
a performance goal of 1.3 x 107", The network outputs of
the samples in the validation set are shown in Fig. 1. ANN
showed a satisfactory segregation performance in differenti-
ating tumor from non-tumor. Fig. 1B shows the result of
ROC analysis based on the validation set, the cutoff value
of network output for best classification was —0.5767 with
the sensitivity and specificity of 96.97% and 87.88%, respec-
tively. The positive predictive value of the ANN model for
HCC was 90.63% and the AUROC was 0.936 with 95% CI
of 0.870-1.001.

With the same proteomic dataset, we used the Bio-
marker Pattern Software to construct a decision classifica-
tion tree using the CART algorithm, which resulted in five
candidate trees (as listed in Table 2). The maximal tree was
tree number 1, where it consists of five terminal nodes and
lowest cost (best performance). Tree number 2 performed
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Table 2
List of candidate classification trees constructed by CART

Table 3
The performance of CART on the training set and validation set

Tree number Terminal nodes Cross-validation cost

1 5 0.273 £ 0.084
2% 4 0.273 +0.084
3 3 0.364 £+ 0.095
4 2 0.333 +0.091
5 1 1.000 £ 0.000

% The optimal tree with lowest misclassification cost was taken for
analysis.

equally well as tree number 1, it was chosen as the optimal
tree and used for further analyses. The details of the opti-
mal decision tree are shown in Fig. 2. Classification was
done recursively from parent to its corresponding child
nodes. In this study, the classification tree consisted of
three classifier nodes, namely SSP0026, SSP2201, and
SSP3102, and they were subsequently identified by
MALDI-TOF/MS and MS/MS. SSP0026, SSP2201, and
SSP3102 denoted cytochrome b5 (PubMed Accession
No.: gi|117809), heat shock 70 kDa protein 8 isoform 2
(PubMed Accession No.: gi|24234686), and cathepsin B
(PubMed Accession No.: gi|181178), respectively. These
three markers are known to have functional roles in carci-
nogenesis. Cytochrome b5 functions as a catabolic enzyme
of xenobiotics in the liver and it has previous implications
in the course of hepatitis C virus-related HCC conditions
[19]. Heat shock 70 kDa protein 8 isoform 2 belongs to
heat shock protein family, for which family members have
shown involvement in the progression of liver cancer
[17,20]. Cathepsin B is a cysteine proteinase with an overall
up-regulation in various cancers, such as those in colon and

Training set 10-Cross-validation Validation set

N = 66(%) N = 66(%) N = 66(%)
Sensitivity 96.97 90.91 81.82
Specificity 96.97 81.82 78.79
Positive 96.97 83.33 79.41
predictive
value

lung [21,22]. For every sample, the classification scheme
determined the route using the natural log-transformed
intensity of the classifier spots in a hierarchical manner
and assigned a final class outcome (tumor or non-tumor)
in one of the four terminal nodes.

The sensitivities and specificities of CART for the
training set and the validation set are summarized in
Table 3. The tree correctly identified 96.97% of the samples
in the training set. The predicted sensitivities and specifici-
ties of the model were 90.91% and 81.82%, respectively.
For the validation sample set, CART model correctly
identified 27 samples and demonstrated 6 samples to be
misclassified as non-tumor, while 26 non-tumor samples
were classified accurately with 7 misclassifications as
tumor. CART achieved a sensitivity of 81.82%, specificity
of 78.79%, and positive predictive value of 79.41%,
respectively.

Both the ANN along with logistic regression as well as
the CART decision tree model have been reported as the
most efficient data mining techniques, particularly with
noisy and non-linecar datasets commonly seen in clinical

CART Tree for HCC

Node 2 Node 3

SSP2201 SSP3102

> 3.899 > 6.928 +

NT NT = 26

T T = 9
Terminal Terminal Terminal Terminal

1 2 3 4

NT = 1 NT = 6 NT = 1 NT = 25
T = 4 T = 20 T = 7 T = 2

Fig. 2. The optimal classification tree generated by CART. The binary classification tree composed of three classifiers. The decision making process
involves the evaluation of if-then rules of each node from top to bottom, which eventually reaches a terminal node with designated class outcome, i.e.,

tumor (T) or non-tumor (NT).
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practice [23,24]. The implementation of ANN and CART
in the classification of tumor and non-tumor is one of the
first attempts in applying data mining technologies to
exploit biological information hidden in the 2-DE based
proteomic profiles. In the present study, both the ANN
and CART classification models were able to segregate
liver samples from tumor to non-tumor with fine accuracies
in terms of sensitivities and specificities (ANN: 96.97% and
87.88%; CART: 81.82% and 78.79%). Nevertheless, the dis-
criminative performance of CART was lower than that of
ANN in both training and validation tests.

ANN and CART algorithms use different mathemati-
cal/computational approaches in the course of inductive
learning and result in different ways of classification.
ANNGs utilized all the neuronal inputs, i.e., the complex
proteomic pattern as a marker for the construction of clas-
sification model and learn by means of changing its weights
and bias, while CART exhaustively searches for a hierar-
chical set of individual biomarkers and constructs a deci-
sion making tree for classification. Both methods offer
unique advantages and at the same time suffer from their
intrinsic weakness. In this study, ANN seemed to outper-
form CART in terms of classification, however in terms
of marker discoveries, ANN develops classification model
in a “black box” manner without a clear logical correla-
tions on how the inputs are used. If one is interested mainly
in the potential protein biomarkers for HCC, ANN may
not be a suitable approach in contrast to the CART and
logistic regression. Furthermore, the training of ANN is
relatively complex in terms of implementation and requires
a sophisticated computing environment, especially when
dealing with a large number of inputs and complex net-
work topologies. On the other hand, CART may outper-
form ANN in terms of ready implementation and
similarity to medical reasoning for the decision-making
process. Furthermore, studies also showed that CART
could be used as variable selection and data pre-processor
for ANN, which might result in higher accuracy and
shorter training time [25], indicating that a combination
of both techniques is also applicable.

In summary, ANN and CART algorithms were suc-
cessfully applied for the building of classification model
based on the hidden pattern in the proteomic dataset.
Cancer biomarker discoveries requiring the application
of data mining techniques to proteomic data have
recently received much attention. The development of
these techniques is an essential part in deciphering the
potentials of protein biomarkers or proteomic patterns
for clinical practices. Our data suggested that both the
ANN and CART models produced good predictive abil-
ities in differentiating between tumor and non-tumor tis-
sues based on their 2-DE proteomic profiles, indicating
the effectiveness and promising potentials. Nevertheless,
large-scale studies will be necessary to validate these ini-
tial results and to determine their clinical usefulness,
reproducibility, and accuracies for diagnosis or prognosis
of HCC.
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