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Abstract: The French-American-British (FAB) and WHO classifications provide important guidelines for the diag-
nosis, treatment, and prognostic prediction of acute leukemia, but are incapable of accurately differentiating all 
subtypes, and not well correlated with the clinical outcomes. In this study, we performed the protein profiling of 
the bone marrow mononuclear cells from the patients with acute leukemia and the health volunteers (control) by 
surface enhanced laser desorption/ionization-time of flight mass spectrometry (SELDI_TOF_MS). The patients with 
acute leukemia were analyzed as unitary by the profiling that were grouped into acute promyelocytic leukemia (APL), 
acute myeloid leukemia-granulocytic (AML-Gran), acute myeloid leukemia-monocytic (AML-Mon) acute lymphocytic 
leukemia (ALL), and control. Based on 109 proteomic signatures, the classification models of acute leukemia were 
constructed to screen the predictors by the improvement of the proteomic signatures and to detect their expression 
characteristics. According to the improvement and the expression characteristics of the predictors, the proteomic 
signatures (M3829, M1593, M2121, M2536, M1016) characterized successively each group (CON, APL, AML-Gra, 
AML-Mon, ALL) were screened as target molecules for identification. Meanwhile, the proteomic-based class of de-
terminant samples could be made by the classification models. The credibility of the proteomic-based classification 
passed the evaluation of Biomarker Patterns Software 5.0 (BPS 5.0) scoring and validated application in clinical 
practice. The results suggested that the proteomic signatures characterized by different blasts were potential for 
developing new treatment and monitoring approaches of leukemia blasts. Moreover, the classification model was 
potential in serving as new diagnose approach of leukemia. 
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Introduction

Acute leukemia is characterized by uncontroll- 
ed expansion and differentiation of immature 
lymphoid or myeloid progenitor cells. Based on 
the origin of the leukemic cell population 
(blasts) and morphology, acute leukemia is 
divided into acute myeloid leukemia (AML) from 
myeloid progenitors and acute lymphoblastic 
leukemia (ALL) of lymphoblastic origin. Accor- 
ding to the type and degree of maturity of blast, 
which are defined by French-American-British 
(FAB) classification [1], AML is further divided 
into 8 subtypes (M0 to M7), including subtypes 
from granulocytic- or myeloid-derived progeni-
tors (M0 to M3), subtypes from monocytic 
myeloid-derived progenitors (M4 and M5), and 
the relatively rare leukemias deriving from 
megakaryocytic and erythroid progenitors (M6 

and M7) [2]. The FAB classification has been 
further optimized by the WHO classifications 
that combine the analysis of morphology, immu-
nophenotyping, cytogenetics, and molecular 
genetics of acute leukemia cells [3]. Currently, 
the routine diagnosis of acute leukemia inclu- 
des both morphological examination and flow 
cytometry-based immunophenotypic character-
ization of peripheral blood and/or bone marrow 
cells. Typically, each patient is also tested for 
genetic abnormalities to differentiate AML from 
ALL and to classify AML into a specific subtype. 
For example, acute promyelocytic leukemia 
(APL) is a distinct subtype of AML [4], which is 
cytogenetically characterized by a specific 
reciprocal translocation t(15;17). 

Although FAB and WHO classifications provide 
important guidelines for the diagnosis and 
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treatment of acute leukemia, they are not well 
correlated with the clinical course or treatment 
response [5, 6]. In addition, while cytogenetic 
aberrations and some mutations are currently 
considered to be biomarkers for diagnosis and 
the best indicators for prediction of the clinical 
outcome [7, 8]. The prediction is sometimes 
very difficult or even impossible when patients 
lack any typical cytogenetic abnormalities or 
have undefined ones [9]. Thus, there is an 
immense need for new biomarkers of leukemia 
to enable better diagnostics, classification and 
treatment.

Classification schemes based on proteome 
features or proteomic signatures may provide 

prognostic information and potentially guide 
the selection of targeted therapies, and func-
tional proteomic classification system may pro-
vide important information for pathogenesis 
and prognosis [10]. So far, there is no pro-
teomic-based classification for acute leukemia, 
and the proteomic signatures, including speci-
ficity and the sensitivity for the different sub-
types, are still unavailable. Furthermore, pro-
teomic signatures have not yet been shown to 
be predictive of clinical outcomes, although the 
study based on 2-dextran elephorisis (2-DE) 
technology suggest that the proteomic signa-
tures of leukemia may represent potential pre-
dictive and/or prognostic biomarkers [11]. High- 
throughput mass spectrometry techniques 
such as surface-enhanced laser desorption/
ionization-time of flight (SELDI-TOF), have been 
applied to the search for leukemia biomarkers 
[12-14]. These studies suggested that mass 
spectrometry (MS) was a potential approach of 
monitoring micro residual disease (MRD) [10, 
15]. However, little is known about the protein 
profiles of different types of leukemia. Prote- 
omic-based classifications of leukemia have 
not been attempted through multi-proteomic 
analysis in previous studies. The specificity and 
the sensitivity of proteomic signatures of differ-
ent types of leukemia have yet to be defined 
with available methods, and relevant target 
proteins to be included in leukemia proteomic 
signatures have not been screened for identifi-
cation by their expression characteristics [15, 
16]. The signatures identified to date have not 
been specific for a leukemia class or subtype. 
These limitations have impeded the clinical 
application of proteomic signatures for leuke- 
mia. 

Table 1. The group of the samples of training set and validation set

Group Morphology Immunology and cytogenetic Training set 
(N=189)

Validation set 
(N=25)

CON normal normal 38 2

APL M3a CD33+/CD117+/CD13+/cMPO+/CD34low/HLA-DR low/PML/RARa+ 20 2

M3b 17 3

AML-Gra M0 CD34+/CD38+/HLA-DR+/CD33/+CD117+/CD13+/CD64+/cMPO+ 3 1

M1 9 1

M2 25 5

AML-Mon M4 CD34+/CD38+/HLA-DR/CD33+/CD117+/CD13+/CD14+/CD64+/cMPO+ 14 2

M5 23 4

ALL ALL-L1 CD34+/CD38+/HLA-DR+/CD19+/CD20+/CD10+/cCD79a+/(B-ALL) or 
CD34+/CD38+/HLA-DR+/CD2+/CD5+/CD7+/cCD3+(T-ALL)

6 1

ALL-L2 34 4
Notes: The samples from the patients with leukemia were grouped as APL, AML-Gra, AML-Mon, and ALL. Normal BM served as control group. CD indicates cluster of dif-
ferentiation. Immunophenotype was performed by FCM, “+” indicates positive rate >20%; PML/RARa fusion gene was detected by FISH, “+” indicates positive rate >5%.

Figure 1. The lowest cost tree with root node M3667. 
The green nodes (N1-N8) represented classification 
rules; the red TNs (TN1-TN9) indicate classified re-
sults. TN represents the distribution of samples of 
each group. The class was CON in TN9 and TN4, APL 
in TN7, AML-Gra in TN2 and TN8, AML-Mon in TN6 
and TN5, and ALL in TN1 and TN3. CON was mainly 
in TN9 and APL mainly in TN6. The other groups were 
in multiple TNs. The detailed information of N and TN 
in classification model refers to Supplemental Figure 
1. N indicates node; TN indicates terminal node.
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Figure 2. The hierarchical relationships of predictors were expressed in the main tree widows. (A) 23 predictors 
among 109 variables and hierarchical relationships of the predictors were expressed in the maximum tree with root 
node M3667. (B) 22 predictors and hierarchical relationships of the predictors were expressed in the maximum 
tree where the root node was M3829. Except the predictors M1593, M1000, M1213, and M1695, the others were 
different from that expressed in (A).
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In addition to potential applications for classifi-
cation, proteomics offers the opportunity to 
understand the physiopathology of the differ-
ent types of leukemia [17]. By elucidating the 
expression characteristics of proteomic signa-
tures of different types of leukemia, the general 
mechanisms controlling stem cell differentia-
tion may be better defined. Therefore, the intro-
duction of proteomic technology would be valu-
able not only for the classification of acute 
leukemia but also for the investigation of neo-
plastic transformation of hematopoietic stem 
and/or progenitor cells. 

In this study, we made a collection of 151 bone 
marrow samples from de novo acute leukemia 
patients at the time of diagnosis, and attempt-
ed to develop a proteomic-based classification 
approach of leukemia by obtaining their type-
distinct proteome using SELDI-TOF analysis. 
The classification models which could define 
the protemic-based subtypes of determinant 
samples were developed by multi-proteomic 
analysis. Furthermore, the models were used 
to define the expression characteristics of pro-
teomic signatures, and to screen the character-

ing set, and the other 25 cases in the validation 
set (The samples were grouped as shown in 
Table 1). The AML-Gra group contained M0, M1 
& M2, and the APL (M3), which had a typical 
characteristic of the genetics and immunology, 
was grouped separately. The AML-Mon group 
contained M4 & M5, and the ALL group con-
tained L1 & L2. The control samples were 
obtained from healthy volunteers including 20 
males and 18 females with average age 28.4 
years. The fresh bone marrow fluid samples 
from each patient were anticoagulated with 
sodium citrate. The bone marrow mononuclear 
cells from each sample were isolated by cen-
trifugation, and frozen for further analysis at 
-80°C. All samples were collected after getting 
the informed consents from patients. The study 
was conducted with the approval by the local 
ethics committee and the clinical investigation 
was performed in accordance with the Decla- 
ration of Helsinki.

Protein expression profiling 

Protein profiling of cell samples was determined 
by SELDI-TOF-MS using the eight-spot format 

Table 2. Prediction success rate validated by cross-validation in 
maximum tree 
Actual 
Class

Total 
Cases

Percent 
Correct (%)

ALL 
N=39

APL 
N=36

CON 
N=36

AML-Gra 
N=36

AML-Mon 
N=42

ALL 40 92.500 37 1 0 0 2
APL 37 94.595 1 35 0 1 0
CON 38 92.105 0 0 35 0 3
AML-Gra 37 91.892 0 0 0 34 3
AML-Mon 37 91.892 1 0 1 1 34
Note: The classification model with root node M3667 was validated by 10-fold cross-
validation test. The prediction success rates were expressed for each group in the 
maximum tree.

Table 3. Prediction success rate validated by cross-validation in 
maximum tree
Actual 
Class

Total 
Cases

Percent 
Correct (%)

ALL 
N=44

APL 
N=34

CON 
N=31

AML-Gra 
N=43

AML-Mon 
N=37

ALL 40 92.500 37 0 0 2 1
APL 37 86.486 1 32 0 2 2
CON 38 81.579 3 1 31 1 2
AML-Gra 37 97.297 1 0 0 36 0
AML-Mon 37 86.486 2 1 0 2 32
The classification model with root node M3829 was validated by 10-fold cross- vali-
dation test, with prediction success rates expressed out of sync for each group in 
the maximum tree. The prediction success rate was better in this tree than that in 
previous tree for AML-Gra group.

ized molecules as the target 
proteins for purification and 
identification. 

Materials and methods

Samples and groups

The diagnosis of leukemia abi- 
ded by the provisions of the 
World Health Organization 
(WHO) [3]; morphological clas-
sification abided by the FAB 
criteria [1, 3]. Immunologic 
analysis was performed by 
flow cytometry (FCM). Cytoge- 
netic analysis was performed 
by fluorescence in situ hybrid-
ization (FISH). Based on immu-
nological and morphological 
characteristics of the samples 
and the development of bla- 
sts, the samples were divided 
into AML-Gra, APL, AML-Mon, 
ALL and a control group (CON). 
A total of 189 cases including 
151 cases of acute leukemia 
and 38 cases of normal con-
trol were recruited in the train-
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NP20 (normal phase) Proteinchip arrays 
(Ciphergen Biosystems, Fremont, CA, USA). 
Frozen cell samples were thawed on ice, and 
pulverized with cell ultrasonic pulverization 
(Model 96-II, Shanghai Bilon Instrument Co., 
China) in an ice bath, followed by spin at 14,000 
rpm for 10 min at 4°C. The supernatants were 
collected and 10 µL of supernatant from each 
sample was denatured by the addition of 10 µL 
of U9 buffer (9 M urea, 2% CHAPS, 50 mM Tris-
HCl, 1% DTT, pH 9.0). After vortex at 4°C for 30 
min, the sample was diluted to 100 μL with PBS 
buffer (pH=6.8), and mixed. 5 μL of the diluted 
sample was added to the NP20 chip surface 
and air dried at room temperature. Each spot 
was then washed three times with water (HPLC 
grade) and air dried. 1 μL of half-saturation 
CHCA (α-cyano-4-hydroxy cinnamic acid, Sigma, 
USA) was applied and allowed to dry. Arrays 
were analyzed using a ProteinChip Reader 
(Ciphergen PBSII, Ciphergen Biosystems, Inc. 
USA). Time of flight spectra were generated by 
laser shots collected in positive mode at the 
intensities of 190, 200 and 210 arbitrary units, 
respectively. Averages of 200 laser shots per 
intensity were performed, and detector sensi-
tivity was set at 9. The optimized detection 
mass range was set from 500 to 20 kDa for all 
study sample profiles. Mass accuracy was cali-
brated to 0.1% using the all-in-one peptide 
molecular mass standard (Bio-Rad, USA). 

Bioinformatics and biostatistics

The profiling spectra of samples were normal-
ized using total ion current normalization by 
Ciphergen’s ProteinChip Software (version 3.1). 
Peak labeling was performed by the Biomarker 
Wizard feature of the software. All poor quality 
spectra were excluded from the statistical anal-
ysis. Supervised clustering was performed 
using the following settings: 5 times signal-to-
noise (S/N >5) ratio and 10% min peak thresh-
old in the first pass for peaks identification, and 
2 times S/N ratio on the second pass for clus-
ter completion. After clusters identification, 
one-way ANOVA was performed to test the null 
hypothesis that the medians of peak intensities 
of the five groups were equal. A P-value of less 
than 0.05 was accepted as statistically signifi-
cant. The intensities of selected peaks were 
then transferred to Biomarker Pattern Software 
5.0 (BPS 5.0, Ciphergen Biosystems, Inc. USA) 
to construct the classification tree, which split 

up a data set into nodes using one rule at a 
time. For each node the decision was made by 
the presence or absence or the intensity level 
of one peak until a terminal node (TN) was 
reached or further splitting generated no gains. 
Classification was performed using the group 
(class) as target, the Gini method, and 10-fold 
cross-validation, and all the peaks with a statis-
tical significance for five groups (P-value <0.05) 
as predictors. Peaks selected by this process 
were the ones present in the lowest cost trees. 
The 10-fold cross-validation test divided the 
data set into approximately 10 equal subsets. 
The tree-growing process was repeated from 
scratch 10 times. In each cross-validation repli-
cation, nine subsets of the data were used as 
learning data and one subset as a test sample. 
At the end of process, the error counts from 
each of the 10 test samples were summed to 
obtain the overall error count for each tree in 
the full-sample tree sequence.

The different decision trees were developed by 
selecting the different variables among the 
same data. The lowest cost tree and the maxi-
mum tree were given by tree-pruning/growing 
process. 

Ethics statement

All samples were collected after getting the 
informed consents from patients. The study 
was conducted with the approval by the ethics 
committee of Shenzhen Second People’s 
Hospital and the clinical investigation was per-
formed in accordance with the Declaration of 
Helsinki. All participants provided their written 
informed consent to participate in this study.

Results

Classification models of acute leukemia

The classification model database of acute leu-
kemia was based on the protein profiling of 189 
cases of the training set. These spectra were 
divided into five groups (CON, APL, AML-Gra, 
AML-Mon and ALL) to develop the classification 
decision tree of acute leukemia. The decision 
tree was developed by 109 variables based on 
530 protein peak clusters. These variables 
were the predictors and competitors in the 
nodes of decision tree. The predictor was 
defined as a distinct protein with the largest 
improvement value. 
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Table 4. Comparison of proteomic-based class and MIC-based group of validation set samples
Case Morphology Immunology Cytogenetic Group Order (TN) Number (S) Class Specificity (%) Correct
1 CON CON CON 23 29 CON 100 1
2 CON CON CON 23 29 CON 100 1
3 M3a AML PML/RARA (+) APL 18 30 APL 100 1
4 M3a AML PML/RARA (+) APL 18 30 APL 100 1
5 M3b AML PML/RARA (+) APL 15 6 APL 83.3 1
6 M3b AML PML/RARA (+) APL 18 30 APL 100 1
7 M3b AML PML/RARA (+) APL 18 30 APL 100 1
8 Mo AML PML/RARA (-), MLL (-) AML-Gra 20 3 AML-Gra 100 1
9 M1 AML BCR/ABL (-), AML/ETO (-) AML/TEL (-) AML-Gra 5 3 AML-Gra 100 1
10 M2 AML BCR/ABL (-), AML/TEL (-) AML-Gra 20 3 AML-Gra 100 1
11 M2 AML AML/ETO (+), MYH/CBFB (-) AML-Gra 3 3 AML-Gra 100 1
12 M2 AML AML/ETO (-), PML/RARA (-) AML-Gra 3 3 AML-Gra 100 1
13 M2 AML AML/ETO (+) AML-Gra 16 5 AML-Gra 100 1
14 M2 AML AML/ETO (+) AML-Gra 22 6 AML-Gra 100 1
15 M4eo AML MLL (-), MYH/CBFB (+) AML-Mon 24 4 AML-Gra 50% 0
16 M4eo AML AML/ETO (-) AML-Mon 9 12 AML-Mon 100 1
17 M5b AML MLL (-) AML-Mon 9 12 AML-Mon 100 1
18 M5b AML MLL (-) AML-Mon 9 12 AML-Mon 100 1
19 M5b AML MLL (-) AML-Mon 13 12 AML-Mon 100 1
20 M5b AML MLL (-) AML-Mon 13 12 AML-Mon 100 1
21 ALL-L1 B-ALL BCR/ABL (-), MLL (+) ALL 1 18 ALL 100 1
22 ALL-L2 B-ALL BCR/ABL (-), MLL (+) ALL 6 9 ALL 100 1
23 ALL-L2 B-ALL BCR/ABL (-), MLL (+) ALL 11 7 ALL 85.7 1
24 ALL-L2 My+B-ALL BCR/ABL (-), AML/ETO (-) AML/TEL (-), MLL (-) ALL 1 18 ALL 100 1
25 ALL-L2 My+B-ALL BCR/ABL (-), AML/TEL (-), MLL (-) ALL 6 9 ALL 100 1
Notes: The samples were grouped five groups: APL, AML-Gra, AML-Mon, ALL, CON. CD indicates cluster of differentiationImmunophenotype was performed by FCM, “+” indicates 
positive rate >20%; PML/RARa, BCR/ABL, AML/ETO, AML/TEL, MYH/CBFB and MLL fusion gene were detected by FISH, “+” indicates positive rate >5%. Order number, number of 
samples, class and specificity are read in corresponding TN in the maximum tree by scoring. Correct “1” indicates true (class=group), Correct “0” indicates error (class≠group).
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Table 5. The expression characteristics and classification values of proteomic signatures 
Node N (S) 1 Variables Split N or TN Class N (S) 2 N (S) 3 Spec (%) N (S) 4 Sens (%) Other class competitors 

1 189 M3667 >8.89 N23 CON 29 33 87.9 38 76.3 AML-Gra,APL, AML-Mon, ALL M3829, M3789, M3503,
2 156 M1593 >2.55 N12 APL 36 86 41.9 36 100 AML-Gra, AML-Mon, ALL, CON M5749, M2461
3 70 M2536 >8.13 N10 AML-Mon 13 19 68.4 16 81.3 ALL, Gra M5322, M1868, M5749, M1638
12 86 M1695 >2.87 N18 APL 30 49 61.2 36 83.3 AML-Gra, AML-Mon, ALL, CON M2012, M2121
13 37 M3025 >4.32 N16 AML-Gra 6 17 35.3 6 100 APL, AML-Mon, ALL, CON M2948, M1502
16 17 M1212 >2.71 TN16 AML-Gra 5 5 100 6 83.3 - M2678, M2549
18 49 M2121 >5.65 TN22 AML-Gra 6 6 100 11 54.5 - M2678, M1770, M11156, M1059
Important proteomic signatures (predictors) were selected by the maximum tree where the root node was M3667. The importance of predictors was judged by the following standards: splitting criterions 
>1.5 (column 4), sensitivity >50% (column 11), improvement >0.02 (not shown). The number of samples was consulted in judging the reliability of classification. The importance of competitors was judged 
by splitting criterion >5.0 (not shown), improvement >0.01 (not shown). N (S) 1 indicates the number of samples in total in the selected node (column 1) which provide a classification rule. N (S) 1 indicates 
the number of samples for class in the corresponding node or TN (column 5) which provide positive classification. N (S) 2 indicates the number of samples in total in the corresponding node or TN (column 
5). N (S) 3 indicates the number of samples for class in the selected node (column 1). Specificity (%)=N (S) 2/N (S) 3×100%. Sensitivity (%)=N (S) 2/N (S) 4×100%. The other class (column 12) indicates the 
class of which the number of samples >0 in the node or TN (column 5). Other classes (column 12) are arranged in the specificity of each class from the largest to the smallest. Split indicates the splitting 
criterions; N or TN indicates node or terminal node; Spec indicates specificity; Sens indicates sensitivity.

Table 6. The expression characteristics and classification values of proteomic signatures
Node N (S) 1 Variables Split N or TN Class N (S) 2 N (S) 3 Spec (%) N (S) 4 Sens (%) other class competitors 
1 189 M3829 >6.77 N22 CON 31 36 86.1 38 81.2 APL, AML-Gra, AML-Mon, ALL M3667, M3789, M3503, M3431, M3537

4 37 M1868 >3.95 N7 AML-Mon 13 17 76.5 15 86.7 AML-Gra, CON M3470, M3789, M2536, M1215

5 20 M1016 >12.9 TN3 ALL 4 9 44.4 4 100 CON, APL, AML-Mon M1483, M1701

13 31 M2948 >2.64 N15 AML-Mon 11 18 61.1 14 78.6 APL, AML-Gra, M2300

17 44 M1059 >7.34 N21 AML-Gra 5 11 45.5 7 71.4 AML-Mon, APL M1770, M1021, M2121

22 36 M1763 >15.3 TN23 CON 31 31 100 31 100 - M3470, M3476, M3551, M3667
Important proteomic signatures (predictors) were selected by the maximum tree where the root node was M3829. The importance of predictors was judged by the following standards: splitting criterions >1.5 (column 4), sensitivity >50% 
(column 11), improvement >0.02 (not shown). The number of samples was consulted by judging the reliability of classification. The importance of competitors was judged by splitting criterion >5.0 (not shown), improvement >0.01 (not 
shown). N (S) 1 indicates the number of samples in total in the selected node (column 1) which provide a classification rule. N (S) 1 indicates the number of samples for class in the corresponding node or TN (column 5) which provide positive 
classification. N (S) 2 indicates the number of samples in total in the corresponding node or TN (column 5). N (S) 3 indicates number of samples for class in the selected node (column 1). Specificity (%)=N (S) 2/N (S) 3×100%. Sensitivity 
(%)=N (S) 2/N (S) 4×100%. The other class column 12) indicates the class which of number of samples >0 in the node or TN (column 5). Other classes (column 12) are arranged in the specificity of each class from the largest to the smallest. 
Split indicates splitting criterions; N or TN indicates node or terminal node; Spec indicates specificity; Sens indicates sensitivity.
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The model with the root node M3667 was 
developed by all variables selected. There were 
8 nodes (N1-N8) and 9 terminal nodes (TN1-
TN9) in the lowest cost tree (Figure 1). The max-
imum decision tree contains 23 nodes and 24 
TNs. The main tree window shows the relation-
ship between these predictions and their hier-
archies (Figure 2A). The proteomic-based sub-
types (class) of each group and the expression 
characteristics of predictors were displayed in 
the details of the node and terminal node 
(Supplemental Figures 1 and 2). All TN showed 
all proteomic-based subtypes (class) of every 
group. For CON group and APL group, the sam-
ples of each group were homogenous in mor-
phology and genetics, as well as in proteomic 
classification. For example, the samples of CON 
group (n=38) were mainly distributed in the 
TN9 (n=29) of the lowest cost tree or in the 
TN23 (n=29) of the maximum tree; the samples 

of the APL group (n=37) were mainly in the TN7 
(n=30) of the lowest cost tree or in the TN18 
(n=30) of the maximum tree. In contrast, the 
samples of other groups were heterogenous in 
genetics and morphology, as well as in pro-
teomic classification by distributing in multiple 
TNs. Higher prediction success rates were 
achieved as the decision tree size increased.
With average performance, the best prediction 
success rates were 92%-95% for the samples 
of each group in the maximum decision tree 
(Table 2). 

Another classification decision tree with root 
node M3829 was developed by erasing M3667 
from all variables. There were 22 nodes and 23 
TNs in the maximum tree of the model. The 
main tree window showed 22 predictions and 
their hierarchical relationship (Figure 2B). 
Unlike the predictors M1593, M1000, M1213 

Figure 3. The most important proteomic signatures of every group were defined by MS maps. A. M3667 and M3829 
characterized CON group; B. M1593 and M1695 characterized APL group; C. M2121 characterized a proteomic-
based class of AML-Gra group; D. M2536 characterized AML-Mon group; E. M1016 characterized ALL group.
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or M1695, the others were different from those 
in the first model (Figure 2A). With uneven per-
formance, the best prediction success rates 
were 81%-97% for the samples of each group in 
the maximum decision tree (Table 3). The pre-
dict success rate of the model was better than 
that in the first model for AML-Gra group sam-
ples. The 45 nodes of the two models with root 
node M3667 or M3829 showed the expression 
characteristics (including specificity, sensitivity 
and splitting criteria) of 35 different predic- 
tors. 

The validation of classification model of acute 
leukemia

A validation set of 25 samples was exploited to 
evaluate the correctness of the classification 
model. The proteomic-based classification of 
each sample was obtained by scoring in the 
maximum tree with root node M3667. Except 
for the 15th sample (M4eo), the proteomic-
based classification of samples was consistent 
with the MIC-based classification for each case 
(Table 4). M4eo corresponded to AML-Mon 
group in the model. The 15th sample was dis-
tributed in TN24. The class of TN24 was AML-
Gra; in this group there were four samples, with 
the specificities of AML-Gra (2 cases), and one 
case each of APL and AML-Mon. This suggests 
that the number of cases the TN24 class was 
insufficient for classification. 

Expression profiling of proteomic signatures 
and screening of target proteins

A group of proteins was selected as predictors 
of the model from all variables on the basis of 
improvement values. These important predic-
tors were screened further as target proteins 
for purification and identification according to 
different expression characteristics (splitting 
criteria, specificity and sensitivity) of all predic-
tors. There were 35 different predictors in the 
two decision trees previously described, among 
which 17 predictors were important because 
the split criteria were higher than 1.5, the sen-
sitivity was more than 50%, and the improve-
ment value was bigger than 0.02 (Tables 5, 6). 
The most important predictors of every group 
samples were determined in accordance with 
the maximum value of the screening standard. 
Six important predictors were confirmed by 
mass spectra (Figure 3A-E). M3667 and 
M3829 were the predictors in the root node of 

different models. They were the important sig-
natures of normal bone marrow samples, with 
sensitivity greater than 85% for CON group 
(Figure 3A). M1593 was the predictor in the 
TN2 of different models. M1593 and M1695 
were the important signatures of APL group 
samples, with sensitivity of 100% for APL group 
(Figure 3B). M2121 was the important signa-
ture of AML-Gra group, the sensitivity was 100% 
(Figure 3C). M2536 was the important signa-
ture of AML-Mon group, with sensitivity greater 
than 80% (Figure 3D). M1016 was the impor-
tant signature of ALL group samples with a sen-
sitivity of 100% (Figure 3E). These important 
signatures were screened as the target pro-
teins for purification and identification. 

Discussion

Previous studies based on 2-dextran elephori-
sis (2-DE) technology suggest that the leuke-
mia biomarkers may represent potential predic-
tive and/or prognostic biomarkers [9]. For 
example, polypeptides were screened as mark-
ers to distinguish acute lymphoblastic leuke-
mia (ALL) cell lineages [18]. The identified 
Hsp27 was found to distinguish between ALL in 
infants and older children [19, 20]. Analysis of 
the post-translational modifications was postu-
lated to be useful to distinguish different sub-
groups of AML [21]. To date, the distinct protein 
profiles of acute leukemia FAB types or sub-
types have successfully been explored, includ-
ing acute myeloid leukemia (AML), its subtypes 
(M2, M3, and M5), and acute lymphoid leuke-
mia (ALL). A group of proteins with highly 
expressed M2 and M3, myeloid-related pro-
teins 8 and 14 were reported to mark AML dif-
ferentiation. Heat shock 27 kDa protein are 
highly expressed in ALL; NM23-H1 (a differenti-
ation-inhibitory factor) is highly expressed in all 
granulocytic lineage leukemia but the M3a sub-
type, with favorable prognosis [17]. The protein 
expression profiling patterns in AML correlate 
with known morphologic features, cytogenet-
ics, and outcome [17]. But, the majority of 
these proteins have unspecific or unknown 
functions or they are clearly related to tissues 
and not to hematological cells [17]. Because 
the expression characteristic of the distinct 
proteins could not be detected directly by these 
approaches, the research on specific therapeu-
tic targets of acute leukaemia has traditionally 
been serendipitously driven by intelligent 
guesses, based on knowledge and experiences 
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from prior studies. Up to date, leukemia classi-
fication based on proteomic signatures has not 
been developed although an enormous effort 
has been undertaken to develop the databases 
of cancer proteins detected by two dimensional 
gel electrophoresis.

High-throughput mass spectrometry tech-
niques such as SELDI-TOF have speeded up the 
search for leukemia biomarkers [12-14]. Early, 
SELDI technology was employed in attempt to 
identify tumor biomarkers in serum samples 
[22-25]. Because the high-abundance proteins 
in serum could mask tumor biomarkers, the dif-
ference proteins found in serum samples were 
usually non-specific to tumor [26]. Later, a large 
number of related data on tumor biomarkers 
were obtained by proteomic analysis of blasts 
lysates from the FAB type or subtype of leuke-
mia [15, 16], but comparisons of the protein 
profiles of different types of acute leukemia 
have been somewhat limited, because the 
analysis of single type or subtype could not 
expound the expression characteristics of 
tumor biomarkers and the proteomic-based 
subtypes of leukemia blasts as a unitary. 
Recently, multi-proteomic analyses were per-
formed by decision tree in some solid tumors, 
e.g. lymphoma, lung cancer, ovarian cancer [27-
29]. These studies on the disease with com-
mon origin for tumor cells revealed the poten-
tial applicability of decision tree approaches in 
discriminating the clinical course and/or patho-
logical features. However, these studies have 
yet to demonstrate clinical utility. The majority 
of biomarkers identified by this approach have 
still been unspecific to the tumors. For exam-
ple, the decision tree of lymphomas was devel-
oped with four groups according to pathological 
features. The lymphomas with different histo-
logical presentations has shown differences in 
their proteomic signatures, but the tumor bio-
markers found were associated with cell prolif-
eration, which were also highly expressed in 
other solid tumors [30-33]. This suggests that 
both are perhaps related to common origins 
from lymphocyte progenitors, and that the deci-
sion tree of tumor should be developed accord-
ing to the different origins of tumors but the dif-
ferent expression pattern of the disease in 
multi-proteome analysis. Because hematopoi-
etic stem cells and their committed progenies 
develop in a hierarchical manner, there is rela-
tionship between the development and the dif-

ference during differentiation. Thus, leukemia 
blasts originating from different stem/progeni-
tors are more suitable materials than the tumor 
with common origin for decision tree approach-
es in multi-proteome analysis. Up to date, the 
decision tree of leukemia blasts has not been 
reported to define the origin and the proteomic-
based subtype of blasts. In our study, the cell 
constitutions and the protein profiling of sam-
ples were homogenous within each group and 
were heterogeneous among the different 
groups. Our results demonstrate that the deci-
sion tree of acute leukemia was developed by 
origin of tumors which were homogeneous 
within substantial samples of the respective 
subgroups but clearly differed from all other 
subgroups. Thereby, the decision trees in this 
study could define the origin and the proteomic-
based subtype of leukemia blasts and the 
expression characteristics of proteomic signa-
tures. With the classification model, after split-
ting off by a series of predictors in a hierarchi-
cal manner, the situation or proteomic-based 
subtype of the determinant were reported by 
scoring, which were potential for personalized 
therapy in the future. The validation of these 
experiments confirmed the credibility and appli-
cability of the models. The credibility will likely 
be improved with increase in total sample num-
ber, and the applicability likely be improved 
with increases in new subgroups, for example, 
the blasts originating from megakaryotic and 
erythroid progenitors or other groups.

In addition to its utility for diagnosis of disease 
[25, 27], SELDI, technology is also expected to 
be useful for identification of protein biomark-
ers as specific molecules for targeted treat-
ment, although this has yet to be demonstrat-
ed. For example, two peaks of candidate 
proteins (7769 and 9290 m/z) were found to 
be down-regulated in ALL patients, where they 
were identified as platelet factor 4 (PF4) and 
pro-platelet basic protein precursor (PBP), 
respectively. Two other candidate protein peaks 
(8137 and 8937 m/z) were found up-regulated 
in the serum of ALL patients, and these were 
identified as fragments of the complement 
component 3a (C3a). Though PF4, connective 
tissue activating peptide III (CTAP-III) and two 
fragments of C3a were thought to be potential 
protein biomarkers of pediatric ALL and used to 
distinguish pediatric ALL patients from healthy 
controls and pediatric AML patients [11], they 
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were not specific molecules for diagnosis and 
targeted treatment, because of unspecificity to 
blasts for the etiopathogenesis of ALL. The pub-
lished experience with solid tumors has been 
similarly disappointing [30-33]. Most putative 
biomarker proteins found in samples from 
patients with ovarian cancer and gastric cancer 
were acute-phase reactants, such as serum 
amyloid A protein [34, 35]. Because the expres-
sion characerastics of candidate proteins were 
undefined, these molecules found by serendipi-
tously identification were likely nonspecific to 
tumor cells. They failed to show utility for diag-
nosis and treatment decisions in clinical prac-
tice. In our study, the sensitivity and specificity 
of the proteomic signatures of every group 
samples were demonstrated by the perfor-
mance of the proteomic-based classification 
model of leukemia. Furthermore, the candidate 
proteins were screened by the expression char-
acteristics of these predictors among the whole 
distinct proteins. For example, except for M36- 
67 and M3829 that were characterized in nor-
mal bone marrow; M1593 and M1695 were 
characterized to be specific to APL, M2121 spe-
cific to AML-Gra, M2536 specific to AML-Mon, 
and M1016 specific to ALL. These character-
ized molecules were potential to distinguish the 
type or origin of acute leukemia. They were 
potential protein biomarkers for the specific 
diagnosis and perhaps the targeted treatment 
of leukemia. Purification and identification of 
the molecules efforts are in progress. 

In this study, we have developed a proteomic-
based classification model of acute leukemia 
using multi-proteomic analysis. In addition, the 
model was used to examine the expression 
characteristics of proteomic signatures and ini-
tiate the effort to identify proteins as specific 
diagnostic biomarkers and therapeutic targe- 
ts. 
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Supplemental Figure 1. The Supplemental Figure 1 represents the details of N1-N8 and TN1-TN9 in Figure 1. 
The sample distribution and values of proteomic signatures are expressed by nodes of main model. The maximal 
number of N was 22 in competitor model (Father Node was M3829). The characteristics of proteomic signatures ex-
pressed in the model. The nodes diagram expressed M/Z, splitter, sensitivity, specificity of proteomic signatures and 
class of each group; N1 represented the distribution of samples of each group before classing by the main model. 
The maximal number of TN is 23 in competitor model (Father Node was M3829). The terminal nodes diagram 
expressed M/Z, splitter, sensitivity, specificity of proteomic signatures and class of each group. (Note: N indicates 
node, TN indicates terminal node).
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Supplemental Figure 2. The Supplemental Figure 2 represents the details of N1-N23 and TN1-TN24 of Figure 2. 
The sample distribution and values of proteomic signatures are expressed by nodes of main model. The maximal 
number of N was 23 in the main model (Father Node was M3667). The characteristics of proteomic signatures are 
expressed in the model. The rest proteomic signatures expressed in other competitor models (data not shown). The 
nodes diagram expressed M/Z, splitter, sensitivity, specificity of proteomic signatures and class of each group; N1 
represented the distribution of samples of each group before classing by the main model. The maximal number of 
TN is 24 in competitor model (Father Node was M3667). The terminal nodes diagram expressed M/Z, splitter, sen-
sitivity, specificity of proteomic signatures and class of each group. (Note: N indicates node, TN indicates terminal 
node).


