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Abstract—Biclustering algorithms are very effective tools for 

processing gene expression datasets. Biclustering methods can be 

divided into two main categories, which are binary biclustering 

and non-binary biclustering. A binary matrix is usually converted 

from pre-processed gene expression data, which can effectively 

reduce the interference from noise and abnormal data, and is then 

processed using a binary biclustering algorithm. In this paper, we 

propose a new binary biclustering algorithm to deal with binary 

matrices, called the Adjacency Difference Matrix Binary 

Biclustering algorithm (AMBB) to address the drawback that 

most binary biclustering algorithms could not efficiently handle 

large gene expression data. AMBB constructs the adjacency 

matrix based on the adjacency difference values, and the output 

clusters are submatrices obtained by continuously updating the 

adjacency matrix that is constructed from the adjacency 

differences matrix. The adjacency matrix allows for clustering of 

genes that undergo similar reactions under different conditions 

into clusters, which is important for subsequent genes analysis. 

Meanwhile, experiments on synthetic and real datasets visually 

demonstrate that the AMBB algorithm has high practicability. 

Index Terms—biclustering, gene expression data, adjacency 

matrix, binary data 

I. INTRODUCTION 

n recent years, the binary data matrix has been used in a 

variety of fields, including bioinformatics [1, 2], data mining 

[3-5], data analysis [6], etc. A binary dataset is a data matrix 

about the relationship between a set of objects[7]. The only two 

elements in the binary matrix are 0 and 1. For the binary 

biclustering algorithm that processes the binary data matrix 

converted from gene expression data, the resulting biclustered 

clusters are considered to be submatrices of all 1. And a 

bicluster is considered statistically significant when the number 

of 1’s in it is significant enough [8]. Noteworthy, the meaning 
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of 0 and 1 in the binary matrix could be known by combining 

the context. In this paper, the values 1 and 0 represent that the 

gene reacts or not under certain conditions, respectively. Up to 

now, a host of binary biclustering algorithms have been 

investigated by researchers. For example, the Bimax algorithm 

proposed by Prelić et al. [9], which is a iteration algorithm that 

could get maximal binary submatrix, where the important 

information represents 1, otherwise 0. The BiBit algorithm 

proposed by Domingo et al. [7] is to obtain biclusters by row 

coding. In the binary matrix, the element values have the same 

meaning as Bimax. Furthermore, the BiBinAlter algorithm 

proposed by Saber et al. [10], the Binary Matrix Factorization 

(BMF) proposed by Zhang et al. [11], the QUBIC2 algorithm 

proposed by Xie et al. [12] and so on are excellent binary 

biclustering algorithms. Specially, the QUBIC2 algorithm use 

various preprocessing methods to convert gene expression data 

into a binary data matrix and obtain biclustering. Noteworthy, 

the columns with value 1 in the binary matrix represent the 

same features. Biclustering methods are NP-hard [13]. 

Therefore, according to the solution of the algorithm, the 

biclustering algorithms can be classified into various types [14, 

15]. Nevertheless, two major categories can be classified from 

the data, binary biclustering and non-binary biclustering 

algorithms. Comparing the binary biclustering algorithm with 

the non-binary biclustering algorithm, it can be found that two 

kinds of biclustering algorithms deal with different datasets. 

The non-binary biclustering algorithms can process gene 

expression data directly, such as Local Search Algorithms 

(LSM) [16], while binary biclustering algorithms convert gene 

expression data into a binary data matrix before processing the 

expression dataset. For the binary biclustering algorithm, one 

of the termination conditions of the Bimax algorithm is when 

the resulting submatrix no longer contains 0 elements. In 

addition, the BiBit algorithm eventually obtains biclustered 

clusters also by selecting columns with a value of 1 in the 

encoding. The non-binary biclustering algorithm will obtain the 

biclustered clusters directly according to its algorithmic steps. 

Cheng and Church are the first to apply the biclustering 

algorithm to gene expression data and this algorithm is named 

Cheng and Church (CC) [17]. It uses the mean squared residue 

value (MSR) method to add elements by putting each element 

into the seed and calculating the MSR value against a set 

threshold. When the MSR value of an added element is greater 
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than the threshold value, it means that the element cannot be 

added to the seed set. The Scaling mean squared (SMSR) 

method, which is similar to the CC algorithm, is proposed by 

Mukhopadhyay et al. [18]. This algorithm is also based on 

MSR values to obtain biclustered. Direct clustering (DC) 

proposed by Hartigan et al. [19] is among the first published 

biclustering algorithms applied to data matrices. The Flexible 

Overlapped biclustering (FLOC) algorithm proposed by Yang 

et al. [20] is a stochastic iterative greedy algorithm. This 

algorithm is to initialize k biclustered and adds rows and 

columns to the biclusters according to the given probability. 

The binary biclustering algorithm belongs to the special 

biclustering algorithm, which mainly processes the binary 

matrix in order to obtain the optimal biclusters. In this paper, a 

new binary biclustering algorithm based on constructing 

adjacency difference matrices is proposed, called the 

Adjacency Difference Matrix Binary Biclustering (AMBB) 

algorithm. The AMBB algorithm solves the problem of 

clustering genes with similar responses under certain 

conditions into groups. Based on the adjacency difference 

matrix, AMBB can effectively cluster genes that are closely 

related under certain conditions. In addition, the performance 

of the AMBB algorithm is tested with synthetic and real 

datasets. The experimental results show that the AMBB 

algorithm outperforms the BiBit and the Bimax in the synthetic, 

and the AMBB algorithm can obtain a large number of valid 

genes in the real dataset, which is very important for analyzing 

the gene expression data further.  

II. METHODS 

The BiBit algorithm uses the parameters min
r  and min

c  to 

obtain the final bicluster. And at least the min
r  and min

c  both 

equal 2. However, AMBB algorithm without such limitation 

and therefore, it can accurately identify each data item and test 

the similar genes under the current conditions. In addition, the 

AMBB algorithm does not require encoding and traversing all 

rows to continuously obtain the seeds. It uses the row with the 

highest number of 1’s in the binary matrix as the seed, and 
iterates the row and column elements continuously according to 

the adjacency difference matrix to obtain the bicluster. 

Significantly, the adjacency difference matrix is constructed 

based on the seed.  

The parameters that need to be input for the algorithm are 

row adjacency difference matrix threshold   and column 

adjacency difference matrix threshold  , where the   is used 

to control the selection of rows and the   is used to control the 

selection of columns. Details are described in section II. 

A. Declaration 

An input pre-processed binary data matrix is defined as 

( , )E I J , where I  and J  are two finite sets, denoting the set 

of rows and the set of columns, respectively. For gene 

expression data, we define rows to represent genes and columns 

to represent conditions. Furthermore, gene i I  reacts to under 

condition j J  when the value of element 
ij

x  in the binary 

matrix is 1, otherwise 0. 

The binary data matrix ( , )E I J , with n I  and 

m J , can be constructed as a n n  row difference matrix 

and a m m  column difference matrix. The elements of the 

rows perform ( )AND  operations against the elements of the 

seed and the values obtained are summed up, and this value is 

called the row difference value 'ii
 . Where the 'i  represents the 

i -th row. The column difference value 'jj
  is calculated in the 

same way. And as same as the row difference value, the 'j  

represents the j -th column. 

In the row difference value matrix, each row represents the 

vector of value differences between the seed and all rows in the 

binary matrix. Similarly, the rows and columns of the column 

difference value matrix are expressed in terms of the same 

meaning as the row difference value matrix. 

The submatrix 'E  is called the maximum biclustering 

cluster if there are no elements with value 0 in this submatrix 

B. Parameter 

In the AMBB algorithm, there are two parameters that are the 

row difference threshold   and the column difference 

threshold  . These two threshold functions are used to select 

relevant rows and relevant columns. The row difference value 

matrix was constructed based on i -th (1 i n  ) row that the 

'i -th row when the 'ii
  is smaller than the row threshold   is 

clustered to form a row set. And then the column difference 

value matrix was constructed based on j -th ( 1 j m  ) 

column that the 'j -th column when the 'jj
  is smaller than the 

column threshold   is clustered to form a sub-matrix. 

Therefore, it is very important to choose a suitable threshold 

value. When an algorithm is able to get the best threshold 

automatically, then it will be easier to get the best cluster for the 

operation of this algorithm. In this paper, we propose a new 

method for semi-automatic selection of threshold values. A 

range is manually given according to the size of the dataset, and 

the optimal threshold is recorded by a circular method, and the 

optimal bicluster is obtained at the same time. This approach 

solves the challenge of selecting the best threshold in the 

AMBB algorithm. 

Considering that the sizes of the binary data matrix are not 

the same, the density of 1 is also different. A threshold range is 

given to AMBB, and the algorithm is run once for each 

threshold, keeping the optimal clustering obtained by this 

algorithm. When the AMBB algorithm runs all the thresholds, 

the one of them best is selected according to the number of 

clusters obtained. The threshold is determined by the number of 

biclusters obtained, and a higher number indicates a higher 

threshold. To get the similar columns, the threshold of columns 

is initially set to 3. Each iteration of the column threshold in the 

same submatrix will automatically subtract one until the value 

is 0. The selection of row thresholds is illustrated in Figure 1. 

Noteworthily, the 1’s density in synthetic dataset is set 50%. 
We use three different sizes of synthetic data to select the 

threshold with the maximum number of biclusters, where each 

dataset is run 100 times. 

We consider the threshold that the maximum number of t  

biclusters obtained is most likely to be the optimal row 
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Figure 1. A schematic of the biclustered clusters obtained for each row threshold. (a) The number of biclusters result of the synthetic dataset of 50*50. (b) The 

number of biclusters result of 100*100 synthetic dataset. (c) The number of biclusters result of 200*200 synthetic dataset. 

threshold, and use the threshold as a benchmark to find the 

optimal threshold. 

In Figure 1, the a (1) shows the match score of thresholds in 

50*50 synthetic dataset and the optimal row threshold is 19. 

The b (1) shows the match score of thresholds in 100*100 

synthetic dataset and the optimal row threshold is 40. In 

200*200 synthetic dataset, the c (1) shows the match score and 

the optimal row threshold is 85.  

Noteworthily, running ten times for each dataset, the 

Max-score represents maximum score and the Mean-score 

represents mean score. To summarize the selection of row 

thresholds, we only need to input a threshold range, and the 

AMBB algorithm finds the threshold within the input range that 

yields the maximum number of clusters, and then uses this 

threshold as a benchmark to find the optimal parameter for the 

current data. 

C. Algorithm 

The schematic diagram of the algorithm is shown in Figure 2. 

The main steps of the algorithm are the selection of the seeds 

and the construction of the adjacency difference matrix. We 

have two ways to obtain some seeds. The first way is to use 

each row as a seed and construct a row difference matrix based 

on each row. The other is to use the row with the highest 

number of 1’s in it as a seed first. Figure 3 shows two methods 
in detail. In order to find the optimal method, we compared 

these two approaches, and detailed results are presented in the 

next section. 

Fig. 2(a) represents the input binary matrix. Fig. 2(b) shows 

the selection of seeds, which is simply the selection of the row 

with the highest number of 1 from the binary matrix. Five 

rectangles exist in Fig. 2(c), representing the five difference 

matrices obtained from the five seeds, each of which contains a 

row difference matrix and a column difference matrix. Fig. 2(d) 

is the final output of three biclustered clusters, as seeds may not 

have biclustered clusters according to the threshold value. 

Once the seeds are selected, the AMBB algorithm constructs 

a row difference matrix and a column difference matrix for the 

seed. Figure 3 depicts the two obtained seed methods of AMBB 

algorithm, denoted as method a  (a-AMBB) and method b  

(b-AMBB). There are two ways to construct the difference 

matrix by the two methods. Method b  selects the row with the 

largest row value as the seed, and then constructs as row 

difference matrix based on that row, where the matrix 

dimension is 1* m . The difference value (DV) is defined as 

follows: 

 
1

( )
m

si ij sj

j

DV x x


  , (1) 

where si
DV  denotes the difference value between seed s  

and row i . The ij
x  denotes the j -th column of the i -th row, 

and the sj
x  denotes the j -th column of the seed. 

If the DV  value is less than the threshold  , the i -th row is 

put into the row cluster. When all the rows have been 

computed, a cluster of rows expanded by seeds is then obtained. 

The seed in Figure 3 is the fourth row of the binary matrix, and 

the difference value matrix is 1*10 . Note that in this example, 

we set a row threshold   of 5. Put rows with difference value 

less than 5 together to form a row cluster. The column values 

are calculated for each column in the row cluster, and the 

column values are calculated as follows: 

 
',

j ij

i I j J

CV x
 

  , (2) 

where j
CV  denotes the column value of the j -th column. 

The 'I  indicates row cluster. The column with the largest 
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Fig. 2. A brief schematic of the AMBB algorithm. (a) shows the pre-processing matrix. (b) shows the selection of seeds. (c) shows the construction of the 

difference matrix, and Figure 2(d) shows the acquisition of biclusters. 

column value in 'I  is given priority as the column seed, and 

the column difference matrix is constructed. Normally the 

column threshold   is set to 1 for better acquisition of clusters. 

In the example of Figure 3, the second column does not have a 

matching column, so no submatrix can be obtained. However, 

the fifth column and the tenth column could construct a column 

cluster. When the obtained submatrix contains element 0, 

repeat the above steps for that submatrix until all the elements 

are 1. 

Method a  differs from method b  in that method a  uses all 

rows as seeds once to obtain clusters. Thus method a  is able to 

obtain more biclustered clusters. Through experimental 

comparison, the performance of these two methods does not 

differ significantly, but the operation speed of method b  is 

much lower than that of method a , and detailed comparison 

results will be given in the next section. In this thesis, Table 1 

shows the step code of method b . 

III. RESULTS 

In this section, the performance of the AMBB algorithm is 

evaluated from two aspects. The first part illustrates AMBB 

method   and   from the synthetic dataset and selects the best 

method from the two methods to compare with the Bimax and 

BiBit algorithms. For the synthetic dataset, the performance of 

 

Figure 3. The diagram of two methods for two obtained seed methods of AMBB. Methods a  and method b  show two methods of obtaining seeds. 
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the AMBB algorithm is analyzed according to the different 

densities in the synthetic binary matrix. In the second part, the 

real datasets are used to illustrate the usefulness of the AMBB 

algorithm using GO enrichment analysis.  

A. Evaluation Metric 

For the binary biclustering algorithm, the commonly used 

evaluation metric is the match score. The details of the method 

are described in [9]. The Match Score is defined as follows:  

 
2 2 2

1 1 1

1 2

1 2
( , )

( , )1 1 2

1
( , ) max

G C E
G C E

G G
S E E

E G G

 
I

U
, (3) 

where 1E  and 2E  are two sets of biclusters. 1G  is the row 

(gene) set of 1E . 1C  is the column (condition) set of 1E . Match 

score reflects the average of the maximum match scores 

between 1E  and 2E . When the value of S  is 1, this means that 

the biclustered 1E  is consistent with the biclustered 2E . 

B. Synthetic Dataset 

Synthetic datasets are used to test the performance of two 

types of AMBB. In addition, the results obtained by these two 

methods of two AMBB are compared with the Bimax and BiBit 

algorithms. The synthetic dataset is divided into three sizes, 

namely 50*50, 100*100 and 200*200, where the density of 1’s 
in these three synthetic datasets ranges from 5% to 50%, 

increasing by 5% each time. In contrast to the experiments with 

synthetic datasets in the BiBit algorithm, in this experiment, the 

density of 1’s is randomly distributed, in order to simulate the 

uncertainty of the dataset. 

Since the binary synthetic datasets are all similar, we 

experiment with the optimal parameters set by the BiBit 

algorithm, min
r =2 and min

c =2. Through extensive 

experiments with the Bimax algorithm and ended up with the 

parameters min
r =2 and min

c =2 for the 50*50 and 100*100 

datasets and 200*200 data sets min
r =5, min

c =5. Both of 

these algorithms are implemented in R. 

First, Figure 4 (a), Figure 4 (b) and Figure 4 (c) show the 

performance of two ways methods of AMBB algorithm in 

synthetic dataset. Although the difference in match score is not 

larger, the scores of b-AMBB method are higher than a-AMBB 

method at low density. Furthermore, Figure 5 shows the 

running times of the four methods. The size of the synthetic 

dataset used is 100*100. In Figure 5, the vertical coordinate 

indicates the time taken to run the algorithm, and the horizontal 

coordinate indicates the density of 1’s in the dataset. The two 
algorithms used by AMBB consume more time than the Bimax 

algorithm. At the same time, we can see from this that the time 

of b-AMBB is shorter than the time of the a-AMBB algorithm. 

Therefore, the AMBB algorithm in this thesis mainly refers to 

b-AMBB method. 

Next, we compare the performance of the three methods. The 

detailed results are shown in Figure 4 (d) to Figure 4 (f). For 

50*50 datasets, although the results are not as good as Bimax at 

low density, the AMBB algorithm has the best performance 

overall. The AMBB algorithm and the BiBit algorithm have 

similar trend, but the match scores of AMBB is higher than that 

of BiBit algorithm. In the 100*100 and 200*200 datasets, it is 

known that the Bimax algorithm has the lowest results, while 

the AMBB and the BiBit have about similar performance. 

After analyzing the match scores of the three biclustering 

algorithms in the three synthetic datasets, it can be concluded 

that the AMBB algorithm is able to obtain the shortest amount 

of time and has the best performance when compared with 

other algorithms. 

C. Real Dataset 

To study the utility of the AMBB algorithm, a human gene 

expression dataset known as Pollen [21]and a mouse gene 

expression dataset, namely Buettner [22] are analyzed. In 

accordance with the preprocessing method of the Bimax 

algorithm [9], the dataset will first be normalized before the 

biclustering algorithm can word on it. The purpose of our 

analysis is to find biclusters in the dataset and to investigate the 

biological relevance of these genes. In the dataset, there are 

14805 genes and 249 conditions. In addition, Table 2 exhibits 

the detailed information of the above two datasets. For those 

datasets, the original data is processed into a binary matrix 

using the same preprocessing method as the Bimax algorithm. 

To analyze the real dataset, we use GO enrichment analysis 

[23]. This is because genes in biclustered cells are involved in 

biological processes. Many methods are now available to 

implement GO enrichment analysis. We choose to use the 

David website because this website updated the database some 

years ago and has very rich features and simplicity of operation. 

Table 1. AMBB biclustering algorithm 

Input: E : Binary matrix 

 : row threshold 

 : column threshold 

Output: X : final biclusters 

1. for every seed of max row value 
i

x  do 

2.     ' 'ii ij i j

j J

x x


   

3.     if 
'ii

  do 

4.         for every sub-seed of max column value jx  do 

5.               
' '

'

jj ij ij

i I

x x


   

6.                if 'jj   do 

7.                       Add ' 'i jx  to X  

8.                end if 

9.          end for 

10.      end if 

11. end for 

 

Table 2. The information of datasets 

Dataset 
Number of 

Gene 

Number of 

condition 

Number 

of type 
Specie 

Pollen 14805 80 11 Human 

Buettner 8989 182 3 Mouse 
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In this experiment, we compared three algorithms, the 

AMBB algorithm, QUBIC algorithm, and Bimax algorithm, 

respectively. The QUBIC algorithm is run by the software in 

[24], and the Bimax algorithm is used the package bicluster in 

R version 4.1.2. The detailed step is proposed by S. Kaiser [25]. 

It is worth noting that the running time of the b-AMBB method 

is shorter than that the a -AMBB method. In the real data we 

default the AMBB algorithm to the b-AMBB method. Valid 

genes are used as the evaluation criteria, and genes are 

considered valid when the p-value is less than 0.05 [26]. The 

p-value is calculated as a hypergeometric distribution with the 

following formula: 

 
N

o n

O T O

o t o
p value

T

t



  
     

 
 
 

 . (4) 

In this formula, O  denotes the acquired genes and T  

denotes the total genes in the database. 

Figure 6 shows the results of the effective genes obtained by 

the three algorithms. According to Figure 6, there exist two 

comparison results for Proportion of Genes Number and 

Proportion of BP Category. The two metrics are calculated as 

shown below: 

 
G

GN

G

R
proportion

T
 , (5) 

 
G

GObp

G

V
proportion

T
 . (6) 

Where the GN
proportion  represents the Proportion of Genes 

Number, and the G
R  represents the number of identified GO 

items that the p-value is less than 0.05, and the G
T  represents 

the total number of GO items. The GObpproportion and the G
V  

represent the Proportion of Biological Process (BP) Category 

and the number of highly enriched GO items in BP, 

respectively. The gene count ratio indicates the proportion of 

the identified genes out of the total genes obtained. Higher 

values indicate more genes in the biclustered that can be 

identified and the greater the utility of the algorithm. To 

analyze the genes obtained from the biclusters, we used David 

[27]. For the Figure 6(a), it is the result of Buettner dataset. The 

total number of genes in the biclustered obtained by the three 

algorithms are 6448, 773 and 502, the number of genes 

 

 
Fig. 4. Comparison of methods for synthetic datasets. Figure 4(a) to Figure 4(c) show the comparison of two AMBB methods. Figure 4(d) to Figure 4(f) show the 

comparison with four biclustering algorithms. 

 

Figure 5.  Time comparisons of the four methods are available. 



First Author et al.: Title 9 

identified are 6366, 715, 496, respectively, and the valid genes 

are 6126, 703 and 484. According to the Eq.5 and Eq. 6, the 

AMBB algorithm obtained the highest number of valid genes in 

the Buettner dataset, as well as a very high accuracy rate. By 

analysis the Figure 6(b), the total number of genes obtained by 

the AMBB algorithm is much higher than the other two 

methods, which also leads to the denominator number of the 

ratio being too large, but also reaching 0.9. This also shows that 

the utility of the AMBB algorithm has a high practicality. 

Although the Proportion of Genes Number value of AMBB is 

smaller than that of Bimax, the valid genes obtained by the 

AMBB algorithm are much higher than those obtained by the 

QUBIC and Bimax algorithm. Proportion of GO BP Category 

indicates the ratio of genes with p-value less than 0.05 to the 

genes in the obtained biclustered. Among these three methods, 

the AMBB algorithm has the lowest value. 

IV. CONCLUSION 

In this paper, we propose a new binary biclustering algorithm 

for gene expression data. It uses the construction of a 

neighbor-joining difference matrix to obtain similar genes. This 

approach has better time complexity than compared algorithms, 

and also has high practical, which will be useful for subsequent 

analyses. Although the AMBB algorithm has two thresholds, 

the row difference threshold and the column difference 

threshold, at runtime for the row threshold we only give a 

range, and the algorithm will automatically select the optimal 

clusters. In addition, the column threshold is fixed 3. For each 

iteration of column clustering, the column threshold is 

automatically reduced by one until the value is 0. After 

analyzing the comparison of the synthetic and real datasets, the 

performance of our method has been also visually 

demonstrated. However, the AMBB algorithm also has the 

disadvantage that the genes obtained are not as ideal as 

expected for the most efficient gene analysis. Owing to the fact 

that the binary matrix can only show valid and non-valid genes 

and cannot identify the importance of valid genes. Therefore, in 

the future study, we will try to fuse the weights to cluster 

similar genes. Theoretically, this maybe produce satisfactory 

results. 
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