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Abstract — Uncovering the underlying regulatory mechanism is an important research content in bioinformatics. Due to the 

single data source providing only regulation between partial and noisy information, so a variety of biological data integration 
methods must be used to get more reliable networks inference. This paper proposes a novel integrated method by combing ChIP-
chip data, transcription factor knock out, and gene expression. Based on the assumption that co-regulated genes often have high 
expression similarity, the method in this paper performs very well. Most regulatory relationships are verified by high quality ChIP-
chip data in the literature, which shows that this method has high accuracy in prediction of gene regulation relationship. 
Compared with other methods, it also shows that the prediction performance of this method is high. 
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I. INTRODUCTION 

Gene regulatory network is an important way to 
coordinate all the cell gene function in response to various 
internal and external factors. By reconstructing the gene 
regulatory network, people can namely understanding the 
biological processes in the system scale. In recent years, the 
development of several major areas provides an opportunity 
for the large-scale study of gene regulatory networks. The 
determination of the genome sequence of more and more 
biological, and high-throughput experimental techniques 
such as gene chip, and chromatin immune precipitation 
(chromatin immune precipitation, ChIP) in combination 
with the development of gene chips and ChIP-on-chip 
Technology, provides a large number of the data for study 
of gene regulation. 

Although the methods of single data source has achieved 
some success, due to a single data source usually only 
provide noise about the regulation relationship between 
partial information and experiment itself, the performance 
of single data source method were limited, such as our 
previous works for gene regulatory network (Zheng et al, 
2010; Zheng et al 2012). Therefore the integration method 
of various types of data is expected to improve the 
reliability and reconstruction of network coverage, thus this 
kind of method has become the inevitable trend of the 
development of gene regulatory network reconstruction 
technology. People in this area has made some preliminary 
attempts, and achieved some results (He et al, 2016; Liu et 
al, 2016; Macnamara et al, 2016). The basic idea of 

integrating data is from many aspects, rather than 
unilaterally to find potential regulation between evidence, 
so as to improve the reliability. The basic integrating 
method is shown as the literature (Liu et al, 2016). 

In the comprehensive data reconstruction of regulatory 
networks, the key problem is what type of data and how to 
combine various data. Generally speaking, those 
independent, can provide complementary information data 
to facilitate regulatory network with high accuracy. This 
paper presents a comprehensive ChIP-chip data, 
transcription factor gene knock out (knock out the 
expression profiles of expression data) and under the 
condition of different spectral data to infer the relationship 
between the new regulation method. ChIP-chip data and 
knock out data can provide a direct physical transcription 
factor and target gene on the relationship between binding 
and functional evidence, but these two kinds of 
complementary data coincidence rate is low, in order to 
improve the coincidence rate of false positive results and do 
not bring more, the two kinds of data in the intersection 
may contain some random genes. Therefore, we integrated 
expression as indirect evidence to reveal the regulation 
relationship between the spectrum data of CO regulated 
genes often have high similarity based on this assumption, 
the intersection in the expansion and screening of these two 
kinds of data, in addition to stochastic simulation the 
background noise, but also further enhance the reliability of 
regulation relationship building. 
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II. THEORY AND DESIGN 

The experimental results of ChIP-chip data from 
Harbison’s experiment (Harbison et al, 2004), it provides a 
203 transcription factor binding in the promoter region of 
6229 gene locus. Knockout data information is the 
transcription factor data from Hu’s experiment (Hu et al, 
2008) which provides the data after the knock on the chip, it 
records the expression of 269 transcription factor knockout 
after 6429 genes. The third data is nearly 100 kinds of 
experimental conditions of gene expression data. 

The method of block diagram as shown in figure 1, 
mainly divided into the following three steps:  

1. Preprocess. In this processing, gene profiles data 
should be normalized, and the three kinds of data should 
contain same gene set. The ChIP - ChIP and transcription 
factor data, only keep their common transcription factor. 

2. Obtain the core module. (1) for gene I, under the strict 
threshold t1, find the satisfy ChIP - ChIP data combined 
with significant (that is, the measure of transcription factors 
and gene I combined with significant levels of P - value less 
than or equal to the threshold t1) and satisfy the 
transcription factor if the out data expression differences 
significant (namely the measure after knockout of 
transcription factors, genes differentially expressed 
significant I value less than or equal to the threshold of P - 
t1) all of the transcription factors of the complete T (I, t1), 
the strict threshold t1 = 0.01; (2) find out the set T (I, t1) F 
(I, t1) of all Ge T (I, t1), F (I, t1) refers to the threshold at 
t1, and I meet at the same time combined with significant 
and differentially expressed genes all significant subset of 
complete works of transcription factors, through 
enumerating a subset of the set of the complete; (3) to 
iterate through all the genes, transcription factors consisting 
of the complete subset T and F, T = ni = 1 T (I, t1) of 
pancreas, pancreatic F F = ni = 1 (I, t1), n is the total 
number of genes; (4) looking for set T, F collection of all 
the target genes, using G (T, t1) and G (F, t1); (4) if the 
target gene, the number of elements in the collection is 
greater than or equal to 3, then the transcription factors 
constitute a collection of T or F with the corresponding 
target genes constitute a collection of G (T, t1) or G (F, t1) 
is a core module, this algorithm will traverse the core 
modules all possible combination of genes. The core 
module contains a high reliability of transcription 
regulation, it lays the foundation for subsequent expansion. 

3. to expansion and filter core module extension 
module. To determine the core modules, relax algorithm 
threshold requirements of t2 = 0.05, and pays a return visit 
ChIP - ChIP data and transcription factor if the out data. (1) 
for each core module, algorithm traverse all genes, looking 
for is not in the core module, but meet to relax the threshold 
requirements of "waiting" gene; (2) based on total control 
genes with higher expression similarity, using gene 
expression profile data and alternate with optional core 
modules in all the target genes of Pearson correlation 
coefficient (computes the absolute value of Pearson 

correlation coefficient, for regulating the relationship may 
be positive correlation can also be negative correlation), and 
then calculate the "standby" gene with random three 
Pearson correlation coefficient between 100 times, if the 
"standby" gene and to add the core modules of Pearson 
correlation coefficient of at least 90 times bigger than 
random correlation coefficient, this "standby" genes into the 
core modules are extension module. 

In general, the algorithm firstly from the ChIP - ChIP 
data and if out of intersection is obtained by strict threshold 
filter core module, and then relax threshold reasonably, 
through the comprehensive nearly hundred kinds of 
experiment conditions of microarray gene expression 
profile data to the core module to alternate, and by the 
method of random simulation, to further improve the 
reliability of the control relationship building. In order to 
reduce the computational complexity, algorithm since the 
contains more transcription factor set, to the end of the 
contains the minimum number of subsets, thus finish 
initializing module and extension. It is important to note 
that if a gene has been included in the set T module M (T), 
is T a subset of the module M F (F) no longer add the gene, 
because by several common regulation of genes, 
transcription factors must be subset of these a few 
transcription factor regulation. 

  
Fig.1 Schema of the algorithm in this paper. 
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 III. EXPERIMENT 

The proposed algorithm could infer 135 regulated genes 
relations, involving 19 transcription factors and 135 genes. 
The result with circular layout cytoscape was shown as 
Fig.2. 

 
Fig.2 Visualization of the regulatory networks inferred by our algorithm 

with cytoscape 
 

In this visual figure, we can see that the SWI6 is the 
centre regulator in the regulatory network. In order to 
evaluate the accuracy of the prediction results, we will 
predict results with the quality of the ChIP - ChIP 
experimental data, and other literature comparison of 
experiment and calculation, the results, showed that most 
regulation relationships have relevant evidence to support, 
in some way to justifying the this method has higher 
accuracy in forecasting regulation relationships. 

LEU3 regulation involved in transcription of the 
enzymes needed to express amino acids. LEU4 is has been 
recognized with ILV5 LEU3 target genes, they belong to an 
essential amino acid synthesis pathway. In addition, the 
target gene LEU1, ILV2, BAT1, OAC1, ILV3 were 
reported is regulated by the LEU3. BAP2, ALD5 and ISU2, 
has also been Nielsen (Nielsen et al, ) through the integrated 
ChIP - such as gene expression patterns of ChIP data and 
calculation method is proved. 

Therefore, in addition to the two functions of the 
unknown target gene YAL009C and YMR046C outside, 
other 10 gene regulation relationships with LEU3 are 
calculated and experimental literature supports. HMS1 
predict a total of 18 target genes, in which 13 genes 
RPL23A, RPL21A, RPS29B, RPP1A, RPL35B, RPL41A, 
RPS13, RPS25A, RPS28B, RPS22B, RPS19B, RPS19A, 
RPS12 encoding ribosomal proteins, all four genes BUD19, 
LOC1, SSS1, YSY6 are related to the ribosomal protein, 
but the researchers found HMS1 is an important factor 
regulating the ribosomal DNA transcription (Hontz et al, 
2009), hence deduce the 17 genes is regulated by the 

HMS1. Very likely SPT10 and SPT21 are essential for 
histone transcription of transcription factors (Eriksson, 
2005). In target genetic algorithm to predict SPT10 HHF1, 
HHF2, HHT1, HHT2, HTA1, HTA2, HTB2 are identified 
core protein, which can be concluded that they most likely 
SPT10 target genes. 

We picked out the several sets of independent data as 
assessment is set, our method with other calculation 
methods are compared, including ReMoDiscovery, GRAM, 
SVMs and COGRIM. Combined with the ChIP - ChIP data, 
expression spectrum data and transcription factor combined 
with model three kinds of data to build the control network. 
gramm algorithm under strict threshold first from ChIP - 
ChIP data module and the core of transcription factor 
binding gene, and then through expression spectrum data to 
expand the core module; SVMs method based on gene 
expression data, using support vector machine (SVM) 
method to predict the regulation. GOGRIM is based on 
bayesian and Gibson stratified cluster sampling method, 
integrated ChIP - ChIP data, expression spectrum data and 
sequence data to forecast for target gene transcription 
factors. 

Assessment is set independently of the method of 
experiment and literature data, including data of RAP1 
which is to provide the high quality of the ChIP - ChIP data, 
SFP1 data is Marion provide target genes, GCR1 data is 
Lopez the results of the study, such as SWI4 data is Iyer 
ChIP - such as ChIP, experimental results of ACE2 data 
from Workman ChIP - such as ChIP experiments, LEU3 is 
directly extracted from literature of target gene. Based on 
these independent data source, you can compare them with 
the predicted results of the Jaccard similarity scores TP / + 
FP + FN (TP), including TP represents the true positive, FP 
and FN represents a false positive or false negative. Jaccard 
similarity score is higher, suggests that the better the 
performance of prediction methods. Each method of the 
comparison results are shown in table 1. As you can see 
from the table 1, our method on different data sets have 
been higher Jaccard similarity scores, thus to some extent 
also confirmed that our method has better perfor-mance in 
prediction control relationships, at the same time also shows 
that provides the function of regulating the relationship 
between the evidence if the addition of our data to improve 
the accuracy of the algorithm. 
 

TABEL 1. THE RESULTS OF FIVE ALGORITHMS 

TF 
ReMo 

Discovery 
GRAM SVMs 

COGRI
M 

Ours 

RAP1 0.221 0.26 0.036 0.313 0.285
SFP1 0.229 0.126 - - 0.297 
GCR1 - 0.072 0.032 0.05 0.134 
SWI4 0.147 0 0.02 0.296 0.18 
ACE2 - 0.142 - 0.093 0.148 
LEU3 - 0.222 - 0.064 0.307 
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IV. CONCLUSION 

Due to the ChIP - ChIP experiment data, if you out or 
gene expression profile data in revealing the gene 
regulation relationships are incomplete, uncertainty and 
certain complementary to each other, thus the algorithm 
trying to through the integration of the three kinds of 
experimental data to predict the regulation relationship, thus 
overcome the limitation of single data source, is helpful to 
improve the reliability of refactoring network and coverage. 

This algorithm does not like the traditional method to 
set a strict threshold filtering, lead to high false negative 
rate of prediction results, nor do not set limit, or random set 
loose threshold filtering, lead to high false positive results, 
but through the integrated ChIP - ChIP data, if you out data 
and expression spectrum data to predict the regulation 
relationships. In a comprehensive way on our first of the 
two kinds of data are relatively strict threshold setting, 
guarantee the accuracy of the core transcriptional regulation 
relationship, because it is the foundation of the follow-up to 
add "standby" gene, and then relax threshold and expression 
profile data, using the Pearson correlation coefficient for the 
further expansion and refining, the error brought by the 
threshold shrink as much as possible, and greatly reduces 
the false negative rate. Through analyzing the algorithm 
finally, we predict a total of 46 679 for regulating the 
relationship between transcription factors. At last, by 
comparing with other algorithms, also shows that our 
method has higher reliability. Algorithm in addition to 
predict regulation relationship, can also find some of the 
transcription factors to synergy, such as GCR1 and GCR2 
SWI4 and SWI6, etc. 

This algorithm is universal applicability, not only can be 
used to predict regulatory relationship of yeast, can also be 
extended to people and other creatures, even in mice can be 
used not only to control the reconstruction of the 
relationship, and for a variety of heterogeneous data 
integration provides a train of thought. If you can add more 
gene expression profile ChIP, using high quality ChIP - 
ChIP data and considering the transcription factor if you out 
after some compensation effect, or a combination of other 
omics data, the accuracy of the algorithm can be further 
improved. 
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