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Abstract 

The high-throughput (HTP) techniques generate big data at various biological levels. 
Such big biological data could be employed for designing holistic models such as interactive 
networks of various biological components like genes or proteins. Mapping of such gene 
networks following reverse engineering algorithms requires time and if the datasets are large, 
efficiency and accuracy of the gene networks are compromised. However, following 
asynchronous parallel algorithm could provide fundamental insights into the biology 
concerned with better efficiency and accuracy and in less time. 
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Introduction 

Life scientists are grappling with the 
explosion of big biological data that has 
generated with the advent of high-throughput 
(HTP) techniques [1] The HTP techniques 
generate data at various biological levels- 
genomic, transcriptomic, proteomic, 
metabolomic, molecular pathway, molecular 
imaging, medical records etc and can reach a 
scale past petabyte (PB) and sometimes even 
exabyte (EB) [2]. Such big biological data 
could be employed for designing holistic 
models such as interactive networks of 
various biological components like DNA, RNA, 
genes, proteins, cells and other small 
molecules. Mapping of such networks would 
provide fundamental insights into the biology 
concerned [3]. The biological networks are 
created by merging thousands of genes/ 
molecules following different sets of 
algorithms. However, low accuracy of the 
algorithms and high computational cost poses 
a difficulty in deciphering the biological 
networks. Therefore, new engineering 
techniques are being developed to device new 
computational algorithm like parallel 
algorithm that could bridge the problem [4]. 
In this review attempt has been made to 
describe the utility of asynchronous parallel 
algorithm in gene network analysis. 

Parallel Algorithm 

Parallel algorithm is an algorithm 
which can execute an input simultaneously on 
many different processing devices as message 
or module, and at the end combine them 
together again to get the correct result. For 
managing big data in quick time such 
algorithms are used. The interface at which 
the discretely generated messages are 
synchronized and exchanged is called 
message passing interface (MPI). MPI usually 
has two modes: Peer-to-peer mode and 
Master/Slaves mode. In the context of 
generating biological networks, the Slaves 
process one or several modules and always 
under the control of Master.  

However, before establishing 
communication between different slaves it 
is important for the Master to split and 
select edges (links) between different 
modules. This will also help in generating 
more accurate networks. The mutual 
information (MI) of different modules with 
respect to one another are calculated and 
ranked according to scores. Of all the MI 
values only 5-10% is considered because of 
the sparsity of big biological networks. Thus, 
all the slaves get linked to the edges. Each 
Slave will generate ordinary differential 
equations (ODE) and Multiple Linear 
Regression (MLR) models. In such kind of 
parallel frame-work design different Slaves 
may transmit signals at different clock rate. 
Such communications are called 
asynchronous communication. Once all the 
Slaves have transmitted their signals the 
Master collects them all and recombines 
them to form a single network. 

The performance of such 
asynchronous parallel algorithm i.e. 
accuracy, stability, run-time and speed of 
the algorithm was evaluated based on some 
popular indices like true positive rate, false 
positive rate, positive predictive value and 
accuracy and compared with some widely 
used algorithms which also worked on high-
performance computing environments. The 
results were remarkable. When the datasets 
were small asynchronous parallel algorithm 
showed best results and even on increasing 
network size it showed prominent results. 
The performance of the algorithm was also 
stable irrespective of the size of the datasets. 
On comparing the asynchronous parallel 
algorithm model with two well-known 
reverse engineering models for verifying the 
efficiency aspect, it was seen that on 
increasing the network size the speed-up 
value increased exponentially thus, 
indicating that parallel algorithm is more 
efficient in handling large datasets. 
Therefore, the parallel algorithm model 
definitely promises to construct large 
biological interaction network with high 
accuracy and in a short time period, thereby 
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opening the gates to better understanding of 
the fundamentals of various biological 
pathways [4]. 
 
Figure (1): Model based on steps followed 
in Asynchronous Parallel Algorithm 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Gene Network 

Interaction between genes and 
proteins is crucial for carrying out the various 
functional processes in a biological system. 
These interactions could be regulatory, 
inducible, repressible, metabolic or 
functional. All these interactions could be 
mapped as gene networks (GN) that could 
demonstrate the functioning of the system 
more explicitly [5]. Gene network analysis 
(GNA) can not only illustrate the relationship 
between genes and different phenotypes but 
can also find novel genes that are likely to 
cause a disease or community hazards like 
antibiotic resistance [6]. GNA also has the 
potential to discover undescribed local 

perturbation within known pathways by 
assembling reported interactions from 
literature and various databases [5]. 
Therefore, uncovering GNs could help in 
strengthening the concept of cell as a system 
and also elucidate the impact of various genes 

on biological functions [6]. 

Utility of Asynchronous Parallel   

Algorithm in Gene Network 

Analysis 

The advent of HTP techniques has 
flooded the biological world with genomic 
and proteomic data [2]. These data could be 
used to create GNs and their analysis could 
present expert interpretation of the coherent 
biological questions. However, it is difficult to 
handle process and manage such huge data. 
Databases like STRING (Search Tool for the 
Retrieval of Interacting Genes/Proteins) 
(http://string-db.org/) and GeneMANIA 
(http://www.genemania.org) has indexed 
about 2.5 million proteins from 630 
organisms and 747 data sets from 6 
organisms respectively [7]. For creation of 
GNs majority of the protein-protein 
interaction data are retrieved from these 
databases. Following reverse engineering 
algorithms for the creation of GNs may be 
time taking and the efficiency and accuracy 
may be low. However, applying asynchronous 
parallel algorithm could improve the 
efficiency and accuracy as well as decrease 
the time required for generating gene 
networks [4]. Therefore, it is evident that 
asynchronous parallel algorithm have huge 
impact in generating huge gene networks. 

Conclusion 

`From the above review, we can 
understand that asynchronous parallel 
algorithm has the capability to manage big 
biological data and generate large gene 
networks which can unveil many biological 
questions. 
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