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Abstract: Gene expression data are a large-scale matrix produced by DNA microarray experiments and can be used to effectively
extract biological information. Gene expression data often have missing values due to experimental conditions, and such values should be
filled. The traditional method for filling missing data is based on a single feature of gene expression data and does not consider the
correlation among data matrices. Considering that a low bicluster mean square value leads to high correlation of gene expression data, this
paper proposes a new method for filling the bicluster data (Trim-SA). The method uses simulated annealing to produce a bicluster that meets
the conditions. The bicluster is then effectively corrected through data correlation, and the missing data are filled with local least squares
method. Analysis of four groups of real gene expression data shows the high filling accuracy of the developed Trim-SA method.
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methods is used to determine global and local correlations to

Introduction
Gene chip technology

overcome the overfitting problem caused by the global fill
[1]

, also known as DNA microarray

technology, is a high throughput molecular biological method

algorithm and address the abundant nonuniform distribution of
expression in the gene expression data. Jornsten et al [6] weighted

used to rapidly quantify a large number of genes and acquire

and estimated the value of gene expression data, and Pan et al [7]

their expression levels under different conditions at the same

improved the weighted solution on this basis. Wang et al

time. The working principle of gene chip technology is to

obtained the target gene by using the Pearson coefficient, and the

analyze two complementary DNA hybridization signals and

missing values were filled by local least squares (LLS) and

[8]

.

shrinkage estimation. LLS is the most commonly used method to

Gene chip technology has been widely applied not only in

estimate the missing points of local gene expression matrix; this

biological and medical research but also in studies on life

method uses multiple regression model and has the advantages

science. An incomplete gene expression data matrix with

of low computational complexity and high estimation accuracy.

obtain the gene expression level of the biological sample

[2]

missing values cannot be directly handled. As such, the

Li et al [9] and He et al [10] combined LLS method with the global

experiment should be first replicated to determine the missing

feature of bias in principal component analysis and used the

points or delete the genes with missing values. However, these

principal axis of the linear combination to estimate the missing

two methods are impractical. In this regard, 0 value method

[3]

values in the gene expression data. Cheng and Church

[11]

proposed in uses mean line to fill the missing value; this method

applied bicluster to the gene expression data matrix to determine

is simple but requires coarse data processing and yields high

the submatrix with similar expression levels. Ji et al

error rate and considerable effect on the experimental results.

combined bicluster and estimation of missing values in the data

[12]

The missing data problem has been observed in various

matrix, obtained the local structure by biclustering, and made

application fields, and several methods have been used to fill the

full use of the strongest correlation between the submatrix and

lacking relevant data. According to the deficiency of the simple

the missing points to reduce the estimation error rate. The

filling method, the multiple imputation method

[4, 5]

based on

bicluster Bayesian PCA (bi-BPCA) method

[13]

combines the

data analysis, filling, and combination and statistically analyze

k-nearest neighbor (KNN) algorithm, the bias PCA, and the

the data is put forward. Scholars have investigated imputation

bicluster method to overcome the defect that the principal

methods, which use hybrid global local filling and bicluster

component analysis (PCA) cannot deal with the local structure

filling, to supply the missing gene expression data.
The combination of global and local methods and statistical

of the data. KNN filling algorithm [14] is a popular local method,
which can describe the correlation degree between genes by

Received: 2017-08-03
Fund: This research was supported by Natural Science Foundation of the Colleges and Universities in Jiangsu Province (No. 15KJB520017, No.
16KJB520019, 17KJB520013).
Author: Zhu Xian(1982-), female, native place: Xuzhou city of Jiangsu Province China, master degree, lecturer, Research Areas: pattern
recognition and biological information , E-mail:zhuxian3828@163.com.

Aussie-Sino Studies

140

Issue 4, 2017

aij  aiJ  aIj  aIJ

calculating the distance between the target gene and other genes
with complete value to choose the KNN gene.
[15]

I

Where

（1）

is the subset of gene sets, and

J

is the subset

established a new method of distance

of conditional sets. However, in the presence of noise in the

calculation, which states that, with smaller square residual value

genetic data, biclustering is not necessarily ideal, so the residual

of bicluster, the data correlation is higher and the expression

is defined to quantify the true value of an element and the

pattern is consistent. The distance is composed of the mean

expectation of the relevant row, column, and matrix. The

square residual value and Euclidean distance, and then the

residual value of element value

missing values of the gene expression data are predicted

defined as

Bose et al

aij

in the non-ideal state is

RSIJ (i, j )  aij  aiJ  aIj  aIJ

according to the average weights of neighbor genes and columns.

（2）

Bose et al [15] considered the correlation of the expression of the

To evaluate the quality of the bicluster under the influence

two clustering data and integrated the mean square residual

of noise, Cheng and Church [11] defined the mean square residual

value into the distance calculation, but they did not take into
account bicluster production and correction of the data

H (I , J )




H (I , J )  



consistency. This work puts forward a new method to fill the
bicluster data. The method uses simulated annealing method to
produce bicluster, which meet the conditions. Then, the bicluster
is effectively corrected with data correlation by filling the
missing data with local least squares method. This method can
deal with the correlation of gene expression data and fill the
missing values effectively.

the basis of the residuals.

1
I J
1
I J



RS IJ (i, j ) 2



(aij  aiJ  aIj  aIJ ) 2

iI , jJ

iI , jJ

H (I , J )   and   
submatrix AIJ is called   bicluster.
If

(3)
are satisfied, then the

2.2 LLS method
2 Related Work

Kim et al

2.1 Bicluster correlation principle

expression value of
the element value

proposed LLS method to find out the

unknown data; the method exhibits the advantages of low

The gene expression data matrix is
element value of the expression matrix

[16]

A,

and aij is the

A , which indicates the

i rows in the j columns. In the ideal state,
aij of the bicluster can be defined as the

mean value of the row plus the mean value of the column minus

computational complexity and high accuracy.
In gene expression matrix
contains

p

A

gt

, the target gene

deletion points. Calculate the Euclidean distance

of the target gene T with other gene lines and find its nearest
neighbor

g1 , g 2 , , g k

to form a

M

k

matrix.

the matrix mean.

 g t1
 gt 

 
g
1
T
   g    g11
M   g2   
   g 21
  G W  
 
  
g
g 
 k
 k1

g is

In the formula,

vector

of

the

gtp

1

2

g12

 g1 p
 g2 p

w11

w12

w21

w22







g kp

wk1

wk 2


gk 2 
and

g indicates that the target gene

W are known. Among them,
g t contains the vector of p deletion
the



g 22

T , G ,

the solution, and

gt 2

known

 corresponds to the
gene g t , g

points,

points

 T represents

of

the

target

k neighbor matrix is G
 T corresponds to the k neighbor matrix is W .
In fact, the target gene deletion point is represented by k

, and

relationship between



and

W

2

the coefficient vector

is multiplied with vector



x.

gt ,

In the target gene

and the coefficient vector x. The formula is as follows:

g T  GT x

（6）

Although the partial least squares method can be effective
to calculate the unknown data, taking into account the gene

2.3 Bicluster pruning
（5）

The traditional data filling methods, such as Euclidean

The formula shows the least squares problem. The pseudo

WT

GT

widely.

vector

inverse matrix of

deletion points are multiplied by the corresponding matrix

used in data estimation method based on partial correlation most

to obtain the coefficient

x , x as follows:
x  min W T x    (W T )†

（4）

expression data matrix expression of consistency, it is currently

linear combination of a neighbor matrix. Using the linear
T

  n p 

 w1,n  p 
 w2,n  p 

 

 wk , n  p 

to obtain
the

p

distance and Manhattan distance, select genes that have similar
target size, but the lack of consider of bicluster expression model.
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As shown in the figure1-2, the target gene g t ,

In this paper, we introduce a new method of bicluster pruning,
modifying the generated biclustering, and selecting the most
similar genes.

the gene of the bicluster,

g 4 and

target gene

g1 - g 4 is
g t expression

pattern is the largest gap, should be removed from the bicluster,

g1 ， g 2 and the target gene g t expression pattern is the closest.

[17]
is used to

generate M ' transformation matrix M , M ' gene line
unchanged, and n conditions of the 22 combinations.
 consists of m rows
Therefore, the transformation matrix M
and n( n  1) / 2 columns.

For the bicluster matrix, a model transformation

Figure.1 The bicluster

Figure.2 Bicluster expression
pattern

 1 M '[i, p]  M '[i, q]
[i, j ]   0 M '[i, p]  M '[i, q] p  q and q  p  1
M
1 M '[i, p]  M '[i, q]


（7）

i  [1 m] ， j  [1 n(n  1) / 2] ， p  [1 n  1], q  [2 m]
As shown in the figure 3, the bicluster matrix


M

is the

transformed matrix, and the target gene is the basic expression
pattern of

gt .

value of matrix

The ratio of

g3



to the target gene, the

was 33% and

than 30%. Therefore,

g3

and

g4


M

g4 was 66%, must be less
were removed from the

bicluster matrix.

In the formula,
missing values and

at
as

represents the target vector containing
represents any complete vector outside

the target vector. Although the k-nearest neighbor algorithm is
widely used, the correlation of gene expression data cannot be
used effectively. To make better use of the characteristics of gene
expression data, the k-nearest neighbor method is used to obtain
the two directions simultaneously in the row and column, and
the smaller matrix is used as the initial seed of the bicluster.
3.2 Simulated annealing method
The basic idea of the simulated annealing method

[18]

is to

find the global optimal solution of the objective function in the
solution space at the beginning of a higher temperature. The
simulated annealing method is often used in combinatorial
optimization.
In the process of bicluster optimization, a new bicluster
seed

S '( I , J )

is generated by adding the initial rows and

columns of the initial seed

S (I , J ) ,

and the mean square

residual value of the initial bicluster is calculated by Formula
(3).

D E = H ( S ') - H ( S )
When D E < 0 , the seed S '( I , J )

(9)
is accepted as the

current new bicluster; otherwise, the state acceptance function is
computed as

Figure.3 The bicluster pruning

f = exp(- D E / T )

3 Bicluster Missing Data Method Based on Simulated
Annealing

S '( I , J )

f > rand (0,1) ,

the

is accepted as the current new bicluster.

3.3 Trim-SA method description

3.1 K-nearest neighbor method
K-nearest neighbor method is one of most commonly used
methods for filling the missing values of gene expression data.
To find the target gene and the k-nearest neighbor with full value
gene, the method uses Euclidean distance to calculate the
distance between the genes, expressed as:

Dis(at , as )  (at  as )  (at  as )T

When the probability value is
seed

(10)

（8）

The Trim-SA procedure is described below:
1. Finding out the missing values in the gene expression
data and calculate the row mean as the initial value.
2. Using the formula (8) to produce the initial seed of
bicluster.
3. Using simulated annealing method to optimize bicluster.
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a) Initializing initial temperature, cooling rate, and

Issue 4, 2017
5. LLS method is used to fill missing data.

termination temperature;

From the above steps, we can know that the Trim-SA

b) Using Formula (3) to compute the mean square residual
of a bicluster seed;

method uses the KNN method to produce the bicluster seeds
with missing value and then optimize the target bicluster

c) Increasing the rows and columns of the bicluster seed,

according to the simulated annealing temperature ratio, and

generating new biclusters of seeds, and computing the mean

artificial bicluster optimization pruning operation is done. The

square residuals and the mean square residual increments of a

missing value is obtained by using the partial least squares

DE ;

method. The Trim-SA method makes full use of the local

D E , and if the increment <0 is

characteristics of the gene expression data and the bicluster,

accepted, the new solution is accepted as the current solution,

which guarantees the filling quality of missing values when the

d) Judging the increment
otherwise the probabilistic

exp(- D E / T )

is accepted as

optimal bicluster is performed.

the new current solution;

4 Experimental Results and Analysis

e) If the termination condition is satisfied, then the output
optimal biclustering is obtained;
f) Gradually reduce the temperature, and then turn b steps.
4. Continue to optimize the bicluster and bicluster pruning.

In this article, four sets of data are used based on Infection
[19]

, Ronen [20], Ogawa [21], and Yoshi [22], as shown in Table 1.

Data Set

Original list

Complete list

Download site

Infection

16839

39

6851

39

http://genome-www.stanford.edu/listeria/gut/

Ronen

10749

26

5342

26

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE4158

Ogawa

6529

8

4976

8

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE20

Yoshi

6166

24

4380

24

http://web.stanford.edu/group/cyert/microarray.html

Table.1 Four experimental data sets
N

Based on this table, Infection and Ronen are time series data
sets, Ogawa is a non-time-series data set, and Yoshi is a mixed

NRMSE 

sequence data set. To verify the Trim-SA method and bi-BPCA [13],
BPCA

[23]

, LLS

[16]

method (Li-iLs)

, and the bicluster method of iterative least squares

[24]

were compared. Algorithm programming using

Matlab 2012b was used, with



value of 30%. The experiment

adopts the method of simulating the missing points according to
different proportions in the whole procession. In the experiment, the

In the formula,
value,

N

yj

(y
j 1

j

 yˆ j ) 2 N
(11)

y

is the true value,

yˆ j

is the estimated

is the number of the estimated value, and

standard deviation of the original value of the

N

y

is the

genes. If the

normalized mean square root error is smaller, then the accuracy of
the prior estimate will be improved. Table 2 (a)-(d) present the

method of simulating the missing points in different ranks is used in

average biclusters volume, average biclusters mean square residuals,

the complete ranks, and the data are randomly deleted as missing

and normalized root mean square error obtained by the four data sets

values in the complete ranks. The accuracy of the estimation result is

under the row

evaluated by normalized root-mean-square error, expressed as

values

k values where row _ k =6, the column k
colum _ k =3, the temperature initial values, and the T

=100 parameter values.

NRMSE

Table.2 (a) Infection results comparing data set T=100

Data set

Infection

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

457

0.0315

0.2185

5%

211

0.0326

0.1268

10%

196

0.0481

0.2904

15%

475

0.0361

0.1739

20%

531

0.0482

0.1977

25%

852

0.0386

0.1319

30%

617

0.0440

0.2982
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Table.2 (b) Ronen results comparing data set T=100

Data set

Ronen

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

423

0.0271

0.4206

5%

199

0.0294

0.5153

10%

322

0.0171

0.4868

15%

167

0.0233

0.5382

20%

237

0.0243

0.4609

25%

341

0.0263

0.4614

30%

312

0.0243

0.4174

Table.2 (c) Ogawa results comparing data set T=100

Data set

Ogawa

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

281

0.0237

0.2492

5%

403

0.0267

0.5486

10%

219

0.0250

0.2228

15%

395

0.0342

0.3763

20%

303

0.0228

0.4162

25%

34

0.0321

0.5654

30%

374

0.0276

0.6814

Table.2 (d) Yoshi results comparing data set T=100

Data set

Yoshi

Loss rate

Average volume

Mean square value

1%

311

0.0273

Standardization of root mean square error
0.5667

5%

324

0.0246

0.2841

10%

321

0.0311

0.5038

15%

243

0.0237

0.3622

20%

241

0.0348

0.3266

25%

264

0.0221

0.6571

30%

233

0.0289

0.4048

Figure.4 (a) Infection data set T=100

Figure.4 (b) Ronen data set T=100

Figure.4 (c) Ogawa data set T=100

Figure.4 (d) Yoshi data set T=100

Figure.4 (a)-(d) show the comparison of Trim-SA method

and the four methods in the four sets of data. The horizontal axis
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is the data loss rate, the vertical axis is normalized root mean

method with a standardized root mean square error less than 0.7,

square error, and the data value is the average of the five

the loss rate ranges 10%, and the NRMSE is even lower than 0.3.

experiments. Figure 4 (a) uses the infection data set, when the

In contrast to the Ogawa data set, Figure 4 (d) uses Yoshi data

loss rates are 5% and 25%, the standard Trim-SA method of

using Trim-SA method, with the loss rate of 5% standardized

minimum root mean square error is less than 0.15; When the loss

RMSE error rate, which is better than that of the other four

rates are 10% and 30%, the NRMSE has a great fluctuation in

methods, and the other loss rate is higher and has large

the Trim-SA method, and the standard root mean square error is

fluctuations.

close to 0.3, which is higher than that of the other four methods.

By comparing the four sets of data, the Trim-SA method

Figure 4 (b) uses the Ronen data set. As shown in the figure,

has the best effect on the Ronen data set and the Ogawa data set,

Trim-SA standard with a loss rate of 15% of the NRMSE is

and the results of the experiment using the Infection data set are

slightly higher than that of the three methods. The rest are better

better. However, the results will lead to abrupt jumps. The

than the other four methods, when the loss rate ranges are 1%

Trim-SA method using the KNN method generates bicluster

and 30%, the standard root mean square error is even less than

seeds; the simulation of random search for biclustering row and

0.45.

column direction of annealing; the bicluster with probabilistic

Figure 4 (c) uses the Ogawa data set. The loss rate ranges

jumping. At the same time, the capacity of bicluster and mean

from 1% to 30%, Trim-SA method is better than the other four

square residuals will affect the NRMSE. Therefore, the standard

methods, and the standard of the four methods of root mean

root mean square error of each set is different, and the error rate

square error is more than 0.7. Compared with the Trim-SA

varies greatly, which even doubles or decreases.

Table.3 (a) Infection results comparing data set T=1000

Data set

Infection

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

510

0.326

0.2597
0.1718

5%

302

0.0132

10%

393

0.0163

0.1911

15%

610

0.0161

0.2139

20%

608

0.0201

0.1516

25%

695

0.0137

0.1319

30%

250

0.0188

0.3885

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

523

0.0429

0.6617

5%

704

0.0373

0.3584

10%

156

0.0339

0.3452

15%

315

0.0324

0.1214

20%

266

0.0454

0.2561

25%

462

0.0307

0.4768

30%

373

0.0307

0.1891

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

289

0.0254

0.3370

5%

703

0.0380

0.5667

10%

410

0.0303

0.6791

15%

679

0.0375

0.9808

20%

437

0.0313

0.8739

25%

838

0.0502

0.5629

30%

452

0.0363

0.8729

Table.3 (b) Ronen results comparing data set T=1000

Data set

Ronen

Table.3 (c) Ogawa results comparing data set T=1000

Data set

Ogawa
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Table.3 (d) Yoshi results comparing data set T=1000

Data set

Yoshi

Loss rate

Average volume

Mean square value

Standardization of root mean square error

1%

196

0.0287

0.3056

5%

418

0.0272

0.1076

10%

312

0.0370

0.3581

15%

620

0.0341

0.4990

20%

365

0.0510

0.2578

25%

234

0.0524

0.2519

30%

180

0.0284

0.4810

Figure.5 (a) Infection data set T=1000

Figure.5 (c) Ogawa data set T=1000

Table 3 (a)-(d) show that, when the four data sets at the row

k values of row _ k =10, the column k values
colum _ k =3, the temperature initial values, and the T=1000

Figure.5 (b) Ronen data set T=1000

Figure.5 (d) Yoshi data set T=1000

The experimental results show that the Trim-SA method
combines the KNN method with simulated annealing method
and bicluster method to improve the global optimization ability

parameter values. Figure 5 (a)-(d) show Trim-SA method and

of data filling. Local characteristics of data are extracted by

comparison of four methods in the four groups of the data and

means of bicluster pruning and LLS. Using the LLS method to

T=1000. In Figure 5 (a), Trim-SA method in addition to the

fill the bicluster at most of the missing rates, the highest

missing rate of 30% normalized root mean square error is higher

estimation accuracy has been achieved, because the method

than the other four methods, and the loss rate of the other

combines the overall correlation and the local similarity of the

standard root mean square error was lower than the other four

gene expression data. Through the experiment of four sets of

methods. In contrast to the Ronen dataset, only 1% standardized

data sets, we can obtain low standard root mean square error.

root mean square errors are higher than the other four methods,

5 Concluding Remarks

as shown in Figure 4 (b). Compared to the initial value of T
equals to 100 parameter settings of initial temperature, Ogawa

The Trim-SA method proposed in this work is a

data loss rate was 15%, 20%, and 30% of the standard root mean

combinatorial

square error, which is higher than the other four methods, and

combination of simulated annealing method and the bicluster

optimization

Yoshi data loss rate was 5%, 20%, and 25% of the normalized

combination

root mean square error, which is less than the other four

characteristics of gene expression data correlation, data

methods.

clustering using double fill pruning, and partial least squares

fill

algorithm,

method.
which

The
fully

method
considers

is

a
the
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method. By comparing the four sets of data with four methods,
LLS, BPCA, Li-iLs, and bi-BPCA, we can see that the Trim-SA
method is ideal and has high-accuracy filling. However, in the
process of experiment, the randomness of the search process, the

Issue 4, 2017

2015,280-213.
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setting of initial temperature, and the abrupt change of

Method for Gene Expression Data[J]. Journal of Computational

temperature drop caused by simulated annealing method were

Information Systems,2011, 7(13): 4810-4818.

found to lead to large fluctuations in the experimental results. In
the process of generating bicluster seeds by KNN method, the
Trim-SA method is sensitive to data size, and it has a great
influence on the bicluster volume and the mean square residual
value, thus affecting the accuracy of the prediction value.
Therefore, the proposed method needs to be studied deeply and
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