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Abstract: A cotton germplasm collection with data for 20 quantitative traits was used to investigate the effect of the
scale of quantitative trait data on the representativeness of plant sub-core collections. The relationship between the
representativeness of a sub-core collection and two influencing factors, the number of traits and the sampling percentage, was studied. A mixed linear model approach was used to eliminate environmental errors and predict genotypic values of accessions. Sub-core collections were constructed using a least distance stepwise sampling (LDSS)
method combining standardized Euclidean distance and an unweighted pair-group method with arithmetic means
(UPGMA) cluster method. The mean difference percentage (MD), variance difference percentage (VD), coincidence
rate of range (CR), and variable rate of coefficient of variation (VR) served as evaluation parameters. Monte Carlo
simulation was conducted to study the relationship among the number of traits, the sampling percentage, and the four
evaluation parameters. The results showed that the representativeness of a sub-core collection was affected greatly
by the number of traits and the sampling percentage, and that these two influencing factors were closely connected.
Increasing the number of traits improved the representativeness of a sub-core collection when the data of genotypic
values were used. The change in the genetic diversity of sub-core collections with different sampling percentages
showed a linear tendency when the number of traits was small, and a logarithmic tendency when the number of traits
was large. However, the change in the genetic diversity of sub-core collections with different numbers of traits always
showed a strong logarithmic tendency when the sampling percentage was changing. A CR threshold method based on
Monte Carlo simulation is proposed to determine the rational number of traits for a relevant sampling percentage of a
sub-core collection.
Key words: Sub-core collection, Mixed linear model, Least distance stepwise sampling, Monte Carlo simulation,
CR threshold method
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1 Introduction
Core collections provide a convenient way to
preserve germplasm resources with genetic characteristics of agronomic interest. A core collection is a
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representative sample of the whole collection which
has minimum repetitiveness and maximum genetic
diversity of a plant species (Frankel and Brown,
1984). The core collection serves as a working collection to be evaluated and utilized preferentially
(Silvar et al., 2010; Biabani et al., 2011; Pino del
Carpio et al., 2011; Wang et al., 2011). In this way, it
is possible to preserve most of the genes in large
germplasm populations using limited funds.
One common approach for constructing a core
collection is to group the germplasm population by
growing regions, ecotypes or other classification rules,
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to create high levels of difference among groups.
Sub-core collections are then selected from each
group and combined to form the core collection
(Brown, 1995; Wang et al., 2008). Representativeness is the most important characteristic of a core
collection (Zhang J. et al., 2010). There are many
parameters for measuring and validating the representativeness of core collections, such as the mean,
variance, range, or coefficient of variation between
the core collection and the initial population (Mei et
al., 2012). To construct a representative core collection, different types of data can be used (Upadhyaya
et al., 2010; Cheng et al., 2011; Smýkal et al., 2011).
There are many factors that may affect the representativeness of a core collection, such as the genetic
diversity of plant germplasm, data type, number of
traits observed, grouping method, sampling method,
and sampling percentage (Upadhyaya et al., 2006;
Rao et al., 2011; Díez et al., 2012). Quantitative traits
have been used to construct core collections for a long
time (Santesteban et al., 2009). However, the ideal
quantity of data for a quantitative trait is under debate.
Quantitative traits are usually controlled by many
minor genes, and their observed values are commonly affected by the environment. Therefore, efforts aimed at constructing core collections based on
observed values of quantitative traits might be misleading (Hu et al., 2000). The mixed linear model has
been reported to be a useful tool in analyzing variance components and predicting values of random
effects (Wulff, 2009; Kang et al., 2010; Zhang Z. et
al., 2010).
Cotton is the most important natural fiber crop in
the world (Campbell et al., 2010). However, the extensive planting of a few closely-related breeding
lines is a potential hazard to the maintenance of cotton
yields, which have almost reached a plateau (Mei et
al., 2012). Genetic improvement of a crop is a potential way to overcome many production constraints
(Zeng et al., 2011). It is imperative to enhance the
utilization of cotton germplasm. A core collection
provides a convenient way to conduct that work. Thus,
the objectives of this research were: (1) to adopt a
mixed linear model approach to eliminate environmental effects from data of cotton quantitative traits;
(2) to use those data to investigate the ideal quantity
of quantitative trait data for core collection construction based on Monte Carlo simulations.
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2 Materials and methods
2.1 Materials
One hundred and sixty-eight cotton varieties (Hu
et al., 2000) were planted in the same region (Liaoning, China). All the varieties are used as breeding
materials by the Liaoning Economy Crop Research
Institute and this collection served as a germplasm
group in this study. All varieties were planted in rectangular plots of 20 m2 for two years with two replications per year. Data for 20 quantitative traits were
recorded. There were 11 agronomic traits (plant
height, height of fruit branch, length of fruiting node,
length of boll stalk, number of fruiting branches per
plant, bolls per plant, incidence of infected plants,
index of wilt disease, growth period, boll weight, and
lint percentage), 5 fiber traits (fiber length, fiber
uniformity, fiber strength, fiber elongation, and micronaire), and 4 seed traits (seed length, seed width,
ratio of seed length to seed width, and kernel weight).
2.2 Genetic model to minimize environmental
effects
A mixed linear model approach was used to predict the genotypic values of accessions to eliminate
environment effects and GE (genotype×environment)
effects. The observed values of any cotton variety
could be expressed as: Yhk(ij)=μ+Eh+Ri(h)+Cj(h)+Gk(ij)+
GEhk(ij)+εhk(ij), where μ is the population mean; Eh is the
fixed effect of the hth environment; Ri(h) is the fixed
effect of the ith row within the hth environment; Cj(h) is
the fixed effect of the jth column within the hth environment; Gk(ij) is the random effect of the kth genotype
within the ith row and the jth column and Gk(ij)~(0, σ G2 );
GEhk(ij) is the random effect of the interaction between
the hth environment and the kth genotype, and
2
); εhk(ij) is the residual effect and
GEhk(ij)~(0, σ GE

εhk(ij)~(0, σ ε2 ) (Zhu and Weir, 1996). The minimum
norm quadratic unbiased estimation (MINQUE)
method combined with the adjusted unbiased prediction (AUP) method was adopted to predict without bias
the genotypic values of the 168 cotton varieties (Zhu
and Weir, 1996). Genotypic values of each trait were
standardized (μ=0, σ=1, where μ is the population
mean and σ is the standard deviation of the trait).
Table 1 shows the phenotypic and predicted genotypic
values of the twenty quantitative traits.

164

Wang et al. / J Zhejiang Univ-Sci B (Biomed & Biotechnol) 2013 14(2):162-170

Table 1 Information relating to 20 quantitative traits measured among 168 accessions
Trait name
Plant height
Height of fruit branch
Length of fruiting node
Length of boll stalk
Number of fruiting branch per plant
Bolls per plant
Incidence of infected plant
Index of wilt disease
Growth period
Boll weight
Lint percentage
Fiber length
Fiber uniformity
Fiber strength
Fiber elongation
Micronaire
Seed length
Seed width
Ratio of seed length to seed width
Kernel weight

Source
IPGRI
Experience
Experience
Experience
Experience
Experience
Experience
Experience
Experience
Experience
IPGRI
IPGRI
Experience
IPGRI
IPGRI
IPGRI
Experience
Experience
Experience
Experience

Phenotypic value
Mean
Max
Min
66.3
89.8
36.3
5.3
6.9
3.8
7.5
12.3
2.2
1.9
3.4
0.5
6.6
9.6
4.0
5.0
7.9
2.5
42.1
89.3
6.3
22.6
64.2
2.6
133
151
121
4.9
6.8
2.7
34.6
40.4
20.5
26.5
32.4
17.5
50.6
59.4
19.9
20.0
24.7
11.1
6.1
10.9
3.1
4.1
5.9
1.9
8.66
9.75
7.25
5.16
6.55
4.45
1.68
1.92
1.22
1.17
1.72
0.60

Predicted genotypic value
Mean
Max
Min
65.8
76.6
57.2
5.3
6.0
4.6
7.4
10.2
4.1
1.9
2.4
1.5
6.6
7.7
5.3
5.0
6.2
4.0
30.5
51.3
15.6
15.7
24.6
8.7
133
143
127
4.8
6.2
3.3
34.2
40.3
22.3
26.5
30.0
19.8
50.8
54.9
45.0
20.0
23.0
15.1
6.1
7.0
4.2
4.0
4.7
2.6
8.63
9.29
7.89
5.16
5.42
4.98
1.68
1.78
1.51
1.18
1.33
1.06

IPGRI: International Plant Genetic Resources Institute

2.3 Construction and evaluation parameters of
sub-core collections
The least distance stepwise sampling (LDSS)
method (Wang et al., 2007) was adopted to construct
sub-core collections. The procedure was: (1) The
genetic distances among accessions were calculated
and accessions were classified by hierarchical cluster
analysis based on their genetic distance; (2) One accession from a subgroup with the least distance was
randomly removed and another accession of the subgroup was sampled; (3) The genetic distances among
the remaining accessions were calculated, and the
sampling was repeated in the same way. The stepwise
samplings were performed until the percentage of the
remaining accessions reached the desired sampling
percentage. This method performs sampling based on
the subgroup with the least genetic distance, which
can efficiently eliminate redundant accessions and
ignore the effect that the use of different clustering
methods may have on the composition of the final
sub-core collection. The standardized Euclidean distance was used as genetic distance in the LDSS
method to select core accessions (Wang et al., 2008).
The criteria of mean difference percentage
(MD), variance difference percentage (VD),

coincidence rate of range (CR), and variable rate of
coefficient of variation (VR) were chosen as parameters to evaluate the representativeness of the sub-core
collections (Hu et al., 2000; Kang et al., 2006). Those
four parameters were formulated as follows:
MD=(St/n)×100%, where St is the number of
traits which have a significant difference (α=0.05)
between their means in the initial collection and in
the core collection; n is total number of traits.
VD=(SF/n)×100%, where SF is the number of
traits which have a significant difference (α=0.05)
between their variances in the initial collection and in
the core collection; n is total number of traits.

CR =

1 n
 RC(i ) RI(i ) × 100%,
n i −1

where RC(i) is the range of the ith trait in the core
collection; RI(i) is the range of the corresponding trait
in the initial collection; n is total number of traits.
VR =

1 n CVC (i )
× 100,

n i −1 CVI ( i )

where CVC(i) is the coefficient of variation of the ith
trait in the core collection; CVI(i) is the coefficient of
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variation of the corresponding trait in the initial collection; n is total number of traits.
2.4 Monte Carlo simulation of the number of
traits and the sampling percentage

Using the standardized Euclidean genetic distance, sub-core collections were constructed from 1 to
20 quantitative traits. To perform a comprehensive
analysis, the sampling percentage was varied from
10% to 30% (sampling percentages under 10% were
too small to calculate evaluation parameters) for each
number of traits. The parameters for evaluation were
calculated from each sub-core collection. This procedure was replicated 20 times, and the trait order was
randomized in each replication to homogenize the
trait effect (the distribution of the variation was different among traits). The mean value (calculated using original values, not standardized values) of each
evaluation parameter, considering all replications at
each class according to the number of traits, served as
the final value for drawing 3D maps (the sampling
percentage, the number of traits and the value of
evaluation parameters). Data for 3D maps were analyzed by curve fitting analysis based on a least square
method, and the corresponding R2 (coefficient of
determination of fitted equations) values were

calculated. R2 provides a measure of how well future
outcomes are likely to be predicted by the results of
the curve fitting analysis.
2.5 Data analysis

The prediction of genotypic values by the mixed
linear model approach, the LDSS procedures, the
calculation of evaluation parameters, the Monte Carlo
simulation, and the 3D map drawing were performed
using computer code programmed by the authors
based on MATLAB software (Version 6.5; the
Mathworks, 2002). Curve fitting analysis was conducted using the toolbox of ‘curve fitting’ in MATLAB software (Version 6.5) (the Mathworks, 2002).

3 Results
3.1 Variation in evaluation parameters with
changes in the number of traits and the sampling
percentage

The mean value of each evaluation parameter
tended to stabilize when the procedure was replicated
more than ten times. The simulation results of 20
replications are summarized in Fig. 1. The values of
in the number of traits for any sampling percentage
(b)

MD (%)

VD (%)

(a)

Number of traits

Sampling percentage (%)

Number of traits

Sampling percentage (%)

(d)

CR (%)

VR (%)

(c)

Number of traits

Sampling percentage (%)
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Number of traits

Sampling percentage (%)

Fig. 1 Response surfaces for different parameters according to the number of traits and sampling percentages
MD: mean difference percentage; VD: variance difference percentage; CR: coincidence rate of range; VR: variable rate of
coefficient of variation
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VD, CR, and VR changed significantly with variation
while the MD showed little change (Fig. 1). The MD
fluctuated widely with variation in the number of
traits at low sampling percentages but fluctuated little
at high sampling percentages (Fig. 1a). The CR increased with increasing sampling percentage for each
number of traits, and increased as the number of traits
increased for each sampling percentage (Fig. 1c). The
CR changed dramatically when the number of traits or
the sampling percentage was not large, while at
higher levels of those two factors, the CR changed
smoothly, eventually reaching 100% (Fig. 1c). The
VD and VR decreased as the sampling percentage
increased for each number of traits, and increased as
the number of traits increased for each sampling
percentage (Figs. 1b and 1d). Like the CR, the VD
and VR changed dramatically when the number of
traits or the sampling percentage was not high, but
changed smoothly as those two factors increased to
higher levels (Fig. 1). The VD and VR showed similar
variation; however, the changing trends of the VR
were more significant than those of the VD (Fig. 1).

3.2 Variation in R2 of CR curves with changes in the
number of traits and the sampling percentage

The 3D map showed that the number of traits and
the sampling percentage affected the values of the CR
(Fig. 1). Therefore, they could act as factors affecting
the representativeness of cotton sub-core collections in
this research. When one factor had a fixed value, a
changing CR curve was produced by the other factor.
For example, if the number of traits was equal to 10,
the values of CR would change with the sampling
percentage, increasing from 10% to 30% (Fig. 1).
Therefore, 11 CR values would be achieved and those
values would change regularly and present a changing
curve. The equations for the curve showing the change
in CR with sampling percentage for different numbers
of traits, and the equations for the curve showing the
change in CR with the number of traits for different
sampling percentages were fitted by a least square
method, and the corresponding R2 values were calculated (Tables 2 and 3). With an increase in the number
of traits, the CR linear R2 changed dramatically,

Table 2 Linear and logarithmic equations with relevant R2 of values of CR changing with sampling percentage, for
different numbers of traits
Number of traits
1
2
3
4
5
6
7
8
9
10
Average 1–10
11
12
13
14
15
16
17
18
19
20
Average 11–20
Average 1–20

Linear equation
y=0.7514x+68.287
y=0.5819x+74.844
y=0.5237x+78.655
y=0.4991x+80.457
y=0.4964x+81.506
y=0.4355x+83.370
y=0.4399x+83.932
y=0.4186x+85.110
y=0.4124x+85.803
y=0.3983x+86.474
y=0.4208x+86.514
y=0.3969x+87.233
y=0.3852x+87.674
y=0.3591x+88.521
y=0.3613x+89.246
y=0.3707x+89.243
y=0.3770x+89.433
y=0.3770x+89.676
y=0.3619x+90.226
y=0.3418x+90.909

R2
0.9443
0.9343
0.9498
0.9295
0.9328
0.9455
0.9283
0.9452
0.9199
0.9525
0.9382
0.9076
0.9249
0.9195
0.9380
0.9269
0.8961
0.9481
0.9115
0.9037
0.9069
0.9183
0.9283

Logarithmic equation
y=5.5800lnx+64.495
y=4.4425lnx+71.645
y=3.9296lnx+75.924
y=3.8454lnx+77.637
y=3.8043lnx+78.745
y=3.2538lnx+81.130
y=3.3617lnx+81.506
y=3.1726lnx+82.858
y=3.1954lnx+83.435
y=3.0241lnx+84.320
y=3.3022lnx+84.007
y=3.0722lnx+84.960
y=2.9887lnx+85.452
y=2.7513lnx+86.525
y=2.8031lnx+87.163
y=2.9285lnx+86.992
y=2.8785lnx+87.360
y=2.9500lnx+87.449
y=2.8282lnx+88.095
y=2.6882lnx+88.860

R2: coefficient of determination of fitted equations; x: the number of traits; y: the value of CR (%)

R2
0.9041
0.9454
0.9286
0.9581
0.9514
0.9163
0.9415
0.9426
0.9587
0.9533
0.9400
0.9705
0.9621
0.9613
0.9562
0.9685
0.9712
0.9596
0.9688
0.9581
0.9741
0.9650
0.9525
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Table 3 Linear and logarithmic equations with relevant R2 of values of CR changing with the number of traits, for
different sampling percentages
Sampling percentage (%)
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
Average 10–30

Linear equation
y=0.8657x+74.776
y=0.8451x+75.643
y=0.8306x+77.130
y=0.7953x+78.329
y=0.8207x+78.883
y=0.8134x+79.195
y=0.7398x+80.675
y=0.7510x+81.242
y=0.7917x+80.852
y=0.7707x+81.705
y=0.7052x+82.870
y=0.7007x+83.122
y=0.6916x+83.597
y=0.6438x+84.743
y=0.6943x+84.099
y=0.6347x+85.307
y=0.6105x+86.028
y=0.6516x+85.493
y=0.6392x+85.893
y=0.5870x+86.848
y=0.5957x+86.754

R2
0.8050
0.8051
0.7818
0.7898
0.8168
0.8338
0.8120
0.8305
0.8042
0.8140
0.8462
0.8414
0.8131
0.8572
0.8239
0.8645
0.8428
0.8332
0.8214
0.8358
0.8489
0.8428

R2
0.9860
0.9815
0.9767
0.9814
0.9894
0.9909
0.9899
0.9871
0.9834
0.9863
0.9920
0.9946
0.9890
0.9937
0.9884
0.9935
0.9924
0.9928
0.9903
0.9896
0.9897
0.9885

Logarithmic equation
y=6.9745lnx+69.103
y=6.7924lnx+70.138
y=6.7587lnx+71.545
y=6.4529lnx+73.019
y=6.5755lnx+73.582
y=6.4546lnx+74.072
y=5.9461lnx+75.856
y=5.9599lnx+76.512
y=6.3730lnx+75.675
y=6.1756lnx+76.725
y=5.5583lnx+78.510
y=5.5454lnx+78.741
y=5.5521lnx+79.106
y=5.0462lnx+80.821
y=5.5360lnx+79.671
y=4.9533lnx+81.487
y=4.8221lnx+82.231
y=5.1774lnx+81.375
y=5.1086lnx+81.790
Y=4.6499lnx+83.169
y=4.6824lnx+83.097

1.00
0.98
0.96
0.94
0.92
0.90
0.88
0.86
0.84
0.82
0.80

Linear
Logarithmic
2

4

6

8
10 12
Number of traits

14

16

18

20

Fig. 2 Coefficient of determination (R2) of the fitted equation of CR values changing with sampling percentage for
different numbers of traits
1.00
0.95
0.90
R2

going up and down repeatedly. The CR logarithmic R2
also changed up and down repeatedly, but not as dramatically as for the linear R2 (Fig. 2). The average of
the CR’s linear R2 was 0.9382 when the number of
traits was less than 10, and was 0.9183 when the
number of traits was from 11 to 20. The average of the
CR’s logarithmic R2 was 0.9400 when the number of
traits was less than 10, and was 0.9650 when the
number of traits was from 11 to 20 (Table 2). On the
whole, as the number of traits increased, the CR’s
linear R2 decreased while the logarithmic R2 increased
(Fig. 2). The CR’s linear R2 changed from 0.9443 to
0.9069, and was 0.9283 on average; the CR’s logarithmic R2 changed from 0.9041 to 0.9741, and was
0.9525 on average (Table 2).
As the sampling percentage increased, the CR’s
linear R2 changed sharply, whereas the CR’s logarithmic R2 changed little (Fig. 3). On the whole, the CR’s
linear R2 increased and the CR’s logarithmic R2 remained high as the sampling percentage increased
(Fig. 3). The CR’s linear R2 changed from 0.8050 to
0.8489, and was 0.8248 on average; the CR’s logarithmic R2 changed from 0.9860 to 0.9897, and was
0.9885 on average (Table 3).

R2

R2: coefficient of determination of fitted equations; x: the sampling percentage; y: the value of CR (%)

0.85
0.80
Linear
Logarithmic

0.75
0.70

10

12

14

16 18 20 22 24
Sampling percentage (%)

26

28

30

Fig. 3 Coefficient of determination (R2) of the fitted equation of CR values changing with the number of traits for
different sampling percentages
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4 Discussion

Cotton breeding is handicapped by a lack of information on genetic diversity. A systematic genetic
assessment of gene sources will help to reduce redundancy in the construction of core collections
(Kulkarni et al., 2009). Core collection studies of
cotton have been conducted for many years (Xu et al.,
2006; Mei et al., 2012). Numerous data of both
quantitative and qualitative traits of cotton have been
collected for core collection construction (Campbell
et al., 2010). In this study, twenty quantitative traits
were selected. Some of the traits used for characterization (e.g., plant height, lint percentage, and micronaire) are included in the descriptors list of the
International Plant Genetic Resources Institute (IPGRI). However, since there were insufficient easily
measurable quantitative traits on that list for investigating the effect of the number of traits on the representativeness of a cotton sub-core collection, twenty
quantitative traits were selected based on our earlier
research (Hu et al., 2000).
Many researchers have reported that more traits
do not necessarily mean more representativeness for
core collections, and that core collections constructed
using all traits available might have even less representativeness than those constructed using fewer traits,
if the traits are properly selected by principal component analysis (Malosetti and Abadie, 2001;
Upadhyaya et al., 2006; Santesteban et al., 2009).
Phenotypic values of traits (especially quantitative
traits) are affected greatly by environmental and experimental errors. Genotypic values predicted by
mixed linear models have been reported to be a more
suitable dataset for core collection construction than
phenotypic values (Hu et al., 2000; Li et al., 2004).
The results of the present research showed that in
sub-core collections constructed by LDSS with predicted genotypic values, more traits (greater than 10)
did not reduce the representativeness of sub-core
collections, and that representativeness increased
steadily as the number of traits increased. The reason
might be that the values of the traits used in the present research were treated using a mixed linear model
to generate predicted genotypic values and most errors were eliminated by this method (Hu et al.,

2000; Wang et al., 2007). However, the representativeness of the sub-core collections increased slowly
when the number of traits was quite large. A threshold
for the number of traits could be determined by evaluating parameters based on actual needs.
The results of the present research showed that
the representativeness of a sub-core collection was
greatly affected by two closely connected factors: the
number of traits used in sub-core collection construction, and the sampling percentage in core accession sampling. Variation in the genetic diversity of
sub-core collections with different sampling percentages showed a linear tendency when the number
of traits was small, and a logarithmic tendency when
the number of traits was large (greater than 10).
However, variation in the genetic diversity of
sub-core collections with different numbers of traits
always showed a strong logarithmic tendency with
changes in the sampling percentage. Therefore, to
construct a representative sub-core collection, the
following advice might be helpful. When the sampling percentage is relatively small, which may happen due to resource constraints, the number of traits
needs to be increased to better sample the genetic
diversity information of the population; when the
sampling percentage is relatively large, the number of
traits can be reduced to save time and money. Traits
normally showing large variability are preferred for
obvious reasons. The CR shows the extent of preservation of the trait-scope in a core collection, and has
been reported to be an important parameter for
evaluation of the representativeness of core collections (Frankel and Brown, 1984; Hu et al., 2000;
Oliveira et al., 2010). For any germplasm group, a
figure showing the variation in the CR in sub-core
collections in response to increases in the number of
traits and the sampling percentage can be made based
on the methods proposed in this study, and a threshold
plane of CR (usually not less than 80%) can be drawn.
There is a curve of intersection between the curved
surface of the CR’s changing trend and a threshold
plane of the CR. This curve intuitively shows the
rational number of traits for the relevant sampling
percentage of the sub-core collection (CR threshold
method). Further research is needed to find mathematical equations or other rules for that curve.
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Abstract: Objective: The incidence of after-cataracts [also known as posterior capsular opacification (PCO)] is
between 30% and 50% three years following cataract surgery. Suppressing the proliferation of lens epithelial
cells (LECs) is a primary goal in preventing PCO. Here, we investigated the proteomic regulation of the inhibitory effects of curcumin (Cur) on the proliferation of human lens epithelial B3 (HLE-B3) cells. Methods:
Recombinant human basic fibroblast growth factor (rhbFGF) was used to induce proliferation of HLE-B3 cells,
which were incubated with 20 mg/L Cur in a CO2 incubator for 24 h. Results: We found that the absorbance (A)
value of rhbFGF group was significantly higher than the A value of the control group. Furthermore, the A value
of the Cur group was significantly lower compared to the rhbFGF group, with an inhibition of 53.7%. Five
different protein spots were obtained from proliferative HLE-B3 cells induced by rhbFGF. Eight different
protein spots were obtained in HLE-B3 cells incubated with Cur. There were the common variational protein
spots at mass/charge (m/z) ratios of 8093 and 13767 between rhbFGF group and control group as well as
between the Cur group and rhbFGF group. Conclusions: These results show that Cur effectively inhibited
HLE-B3 cell proliferation induced by rhbFGF. The protein spots at m/z of 8093 and 13767 may be the targets
of Cur-induced inhibition of HLE-B3 cell proliferation. Cur may be a reliable and effective drug for prevention
and treatment of polymerase chain reaction (PCR).

