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Abstract—The tremendous growth in the information culture, 
efficient digital searches are needed to extract  and identify 
information from huge data. The notion that evolution in silicon 
technology for computer processing speed could handle the 
increasingly exponential demand for areas of knowledge 
processing in molecular biology. Processing powers has jumped 
from 2.3 MHz processors to 2.3 GHz processor. But the 
contemporary compute and data intensive computational biology 
applications have lead the issue of a suitable architecture design 
that mete the requirement. In the same vein the growing trend to 
port such applications on handheld devices has increased over the 
last decades. To achieve such goals, expression profile is a critical 
performance metric in high end genomic data processing. In such 
applications massive data take the form of bio sequence raw files, 
multi-dimensional structure images.  In most cases, they contain 
highly irregular phylogenetic trees. A prior knowledge of 
software application would be very useful to exploit the 
algorithm-to-Silicon matching.  This work explores the trace 
driven simulation at a high end multimedia processor in 
bioinformatics applications. Using an Energy Cycle Aware 
Compilation Framework (ECACF) for application expression 
profile extraction, we connected the legacy applications to the 
available off-the-shelf  parallel processors and compare the 
performance in terms of architectural parameter as well as their 
static expressions. For common bioinformatics applications, we 
find that burst mode applications are better than the bulk mode 
applications. Similarly flat applications performed well on our 
parallel architectures as compared to branch dominated 
applications, with the added advantage that component 
reusability is very high.  We expose the minutia of the proposed 
scheme for 10 widely used bioinformatics applications.  

Keywords—Molecular Biology, Processing Power, Application 
Expression Profile1. 

I.  INTRODUCTION 
Bioinformatics is the application of computer 

technology to the management and analysis of biological 
data. The umbrella activities are recording, annotation, 
storage, analysis, and searching/ retrieval of nucleic acid 
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sequence (genes and RNAs), protein sequences and 
structural information (see Figure I.1).  A DNA sequence 
or genetic sequence is a succession of letters representing 
the primary structure of a real or hypothetical DNA 
molecule or strand, with the capacity to carry 
information. The genes are located on the DNA which is 
found in the nucleus of the cell. Protein synthesis 
happens outside the nucleus in the cytoplasm on the 
ribosome [1].  

The processes that are involved in making proteins 
from our genes are called transcription and translation 
and the molecules that are involved in theses processes 
are called DNA, mRNA, tRNA and proteins. The order 
of information transfer is DNA to RNA to protein is 
shown in Figure I.2.  Bioinformatics involves the 
integration of computers, software tools, and databases in 
an effort to address biological questions [1][2][3]. 
Bioinformatics approaches are often used for major 
initiatives that generate large data sets. Two important 
large-scale activities that use bioinformatics are genomics 
and proteomics. Genomics refers to the analysis of 
genomes. A genome can be thought of as the complete 
set of DNA sequences that codes for the hereditary 
material that is passed on from generation to generation. 
These DNA sequences include all of the genes (the 
functional and physical unit of heredity passed from 
parent to offspring) and transcripts (the RNA copies that 
are the initial step in decoding the genetic information) 
included within the genome. Thus, genomics refers to the 
sequencing and analysis of all of these genomic entities, 
including genes and transcripts, in an organism. 
Proteomics, on the other hand, refers to the analysis of 
the complete set of proteins or proteome. In addition to 
genomics and proteomics, there are many more areas of 
biology where bioinformatics is being applied (i.e., 
metabolomics, transcriptomics) [1][4]. Each of these 
important areas in bioinformatics aims to understand 
complex biological systems. Many scientists today refer 
to the next wave in bioinformatics as systems biology, an 
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approach to tackle new and complex biological questions. 
Systems biology involves the integration of genomics, 
proteomics, and bioinformatics information to create a 
whole system view of a biological entity.  For instance, 
how a signaling pathway works in a cell can be addressed 
through systems biology. The genes involved in the 
pathway, how they interact, and how modifications 
change the outcomes downstream, can all be modeled 
using systems biology [1][5][6]. Any system where the 
information can be represented digitally offers a potential 
application for bioinformatics. Thus bioinformatics can 
be applied from single cells to whole ecosystems. By 
understanding the complete “parts lists” in a genome, 
scientists are gaining a better understanding of complex 
biological systems. Understanding the interactions that 
occur between all of these parts in a genome or proteome 
represents the next level of complexity in the system. 
Through these approaches, bioinformatics has the 
potential to offer key insights into our understanding and 
modeling of how specific human diseases or healthy 
states manifest themselves.  

 

Figure 1.1. Bioinformatics umbrella activities [1]. 

 

From this first initial application of computers to 
biology, the field of bioinformatics has exploded. The 
growth of bioinformatics is parallel to the development of 
DNA sequencing technology. In the same way that the 
development of the microscope in the late 1600’s 
revolutionized biological sciences by allowing Anton 
Van Leeuwenhoek to look at cells for the first time, DNA 
sequencing technology has revolutionized the field of 
bioinformatics. The rapid growth of bioinformatics can 

be illustrated by the growth of DNA sequences contained 
in the public repository of nucleotide sequences called 
GenBank. Genome sequencing projects have become the 
flagships of many bioinformatics initiatives. The human 
genome sequencing project is an example of a successful 
genome sequencing project but many other genomes 
have also been sequenced and are being sequenced. In 
fact, the first genomes to be sequenced were of viruses 
(i.e., the phage MS2) and bacteria, with the genome of 
Haemophilus influenzae Rd being the first genome of a 
free living organism to be deposited into the public 
sequence databanks [6]. This accomplishment was 
received with less fanfare than the completion of the 
human genome but it is becoming clear that the 
sequencing of other genomes is an important step for 
bioinformatics today. However, genome sequence by 
itself has limited information, readers are encouraged to 
explore further [1][7][8][9]  

To interpret genomic information, comparative 
analysis of sequences needs to be done and an important 
reagent for these analyses are the publicly accessible 
sequence databases. Without the databases of sequences 
(such as GenBank), in which biologists have captured 
information about their sequence of interest, much of the 
rich information obtained from genome sequencing 
projects would not be available. 

 

Figure 1.2. Bioinformatics approaches, that are often used for 
major initiatives that generate large data sets [1]. 

 
The same way developments in microscopy 

foreshadowed discoveries in cell biology, new 
discoveries in information technology and molecular 
biology are foreshadowing discoveries in bioinformatics. 
In fact, an important part of the field of bioinformatics is 
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the development of new technology that enables the 
science of bioinformatics to proceed at a very fast pace. 
On the computer side, the Internet, new software 
developments, new algorithms, and the development of 
computer cluster technology has enabled bioinformatics 
to make great leaps in terms of the amount of data which 
can be efficiently analyzed. On the laboratory side, new 
technologies and methods such as DNA sequencing, 
serial analysis of gene expression (SAGE), microarrays, 
and new mass spectrometry chemistries have developed 
at an equally blistering pace enabling scientists to 
produce data for analyses at an incredible rate. 
Bioinformatics provides both the platform technologies 
that enable scientists to deal with the large amounts of 
data produced through genomics and proteomics 
initiatives as well as the approach to interpret these data. 
In many ways, bioinformatics provides the tools for 
applying scientific method to large-scale data and should 
be seen as a scientific approach for asking many new and 
different types of biological questions. 

The word bioinformatics has become a very popular 
“buzz” word in science. Many scientists find 
bioinformatics exciting because it holds the potential to 
dive into a whole new world of uncharted territory. 
Bioinformatics is a new science and a new way of 
thinking that could potentially lead to many relevant 
biological discoveries.  

The future of bioinformatics is integration. For 
example, integration of a wide variety of data sources 
such as clinical and genomic data will allow us to use 
disease symptoms to predict genetic mutations and vice 
versa. The integration of GIS data, such as maps, weather 
systems, with crop health and genotype data, will allow 
us to predict successful outcomes of agriculture 
experiments. Another future area of research in 
bioinformatics is large-scale comparative genomics. For 
example, the development of tools that can do 10-way 
comparisons of genomes will push forward the discovery 
rate in this field of bioinformatics. Along these lines, the 
modeling and visualization of full networks of complex 
systems could be used in the future to predict how the 
system (or cell) reacts, to a drug, for example.  

A technical set of challenges faces bioinformatics and 
is being addressed by faster computers, technological 
advances in disk storage space, and increased bandwidth, 
but by far one of the biggest hurdles facing 
bioinformatics today, is the small number of researchers 
in the field. Although technology enables bioinformatics, 
little work has been done to explore the bioinformatics 
applications behavior and their correlation with the 
underlying architecture.  

Major break through in shrinking the integrated 
circuits geometry have brought the ubiquitous computing 
on handheld devices [2][3][5].  

Machine performance varies from program to 
program; this makes peak performance an impossible 
target to achieve in real-life applications. The mapping of 
algorithmic and data structures onto the machine 
architecture include computational power, scheduling, 
and memory maps [3] [9]. These activities are usually 
architecture dependent. The motivation behind this work 
is to find basic characteristics of coded application and its 
runtime profile. We call the static behavior of application 
as static application expression profile and runtime 
profile as dynamic application expression profile.  

Several research groups have focused upon an 
application level workload characterization [9]. They 
characterize the bioinformatics applications to be 
collection of group of instructions whose combined 
operation provides a useful service and discuss the 
impact of dynamic performance on customized processor. 
However, they focus on application level expression 
profile; the architecture correlation is completely ignored 
in results. In this work we measure electrical parameters 
of application run time profile. The aim of these 
measurements was to validate the assumption typically 
made by researchers in the bio-application modeling 
area], that the implementation of high profile 
architectural features such as instruction issue slots, 
branch prediction and caches is  increasing 
unpredictability in process completion time and  making 
them undesirable for bioinformatics applications. There 
are several application level factors that need to be 
evaluated E.g., it is important to be able to predict the 
execution time for the application in addition to the 
conventional software optimization. These measurements 
guarantee the desired input sequence rate and hence make 
sure the optimal system performance.   

 

Rest of the paper is organized as follows:  
Section II presents an overview of bioinformatics 

applications and our workload.  The profile monitor 
framework is described in Section III.  

Section IV presents detailed case studies 
demonstrating how our framework can be used to better 
exploit the architectural benefits.  

Section 5 concludes the paper with future work.  
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II. PLATFORM AND TEST APPLICATIONS 

A. Benchmark Description 
We use our benchmark that is tested on commercial 

multimedia compiler as mentioned in [10]. In this benchmark 
we categorize the basic functionality offered by all 
bioinformatics tools into four groups, they are: 
1. Algorithm for pattern recognition, probability 

formulae are used to determine the statistical 
similarity in given two or more than two sequences. 

2. Rule-bases analysis defines how a mathematical or 
statistical technique can be applied. Different sets are 
defined with a membership, and set of rules are also 
created to elaborate associativity. A basic set theory 
is used to fire a rule. 

3. Biological data bases are uniformly and efficiently 
maintained archives of consistent data that contain 
information and annotation of DNA and protein 
sequences, DNA and protein structures as well as 
DNA and protein expression profiles [11][12]. An 
important feature of these databases is their 
simplicity in access and query management.In 
addition some websites [13] [14] [15] provide 
visualization tools to aid biological interpretation. 

4. Biological taxonomy records the differences in 
sequences across different classes helping further to 
reduce the similarity errors.  

We chose applications for their importance in real 
system and representative enough to make the inferences 
in this study. They are summarized in Table II.1.  

We obtained codes for these applications from various 
public domain sources. For lack of space, we only report 
their underlying algorithm; details may be found in [11] 
[12] [13].  

 

 

 

 

 

 

 

 

 

 

 

 

 

The input databases are obtained from the NIH 
genetic sequence database ’GenBank’, NCBI assembly 
archive ’Genome Assembly Archive’, Homologus 
structure alignment database ’HOMSTRAD’, the NIMH-
NCI protein-disease database ’PDD’ and ’The Lens’ 
[14][15]. 

III. BASLINE SYSTEM  
The technology of parallel processing is the outgrowth 

of rapid progress in hardware technology and the 
increased feasibility of building a new generation of 
embedded systems adopting parallel processing. 
Hardware parallelism is defined by the machine 
architecture and multiplicity and is often a function of 
cost and performance tradeoffs. One way to characterize 
the parallelism is a processor is by the number of 
instruction issue per machine cycle. If a processor issues 
k instructions per machine cycle, then it is called a k-
issue processor. Conventional processor takes one or 
more machine cycles to issue a single instruction.  These 
types of processors are called one-issue machines, with a 
single instruction on pipeline in the processor.   

Our target hardware plate form discussed in [3] can 
handle 5 instructions per one machine cycle.  A 
simplified model of our basline architecture is shown in 
Figure III.2. Control unit steers the functional unit 
depending on the n-issue instructions. Our target platform 
is discussed in [5]. The abbreviations uses in our results 
are shown in Table III.1. 

We ran several test cases using our profiling 
framework [5], with the number of applications and 
different data bases, and Parallel Coding Tendency  
(PCT) as the base metric.  

Table II.1. Bio Computation  Applications Benchmark  

Application Pseudonym Features Algorithms 

GENESPLICER A01 Detect splice sites in the genomic DNA High accuracy and computationally efficient 

TIGRSCAN A02 DNA modeling Generalized Hidden Markov Model (GHMM), HMM 

TRANSTERMIS A03 Rho-independent transcriptional terminators Statistical estimation techniques 

GENSCAN A04 Predict complete gene structure Search algorithms 

MUMMER A05 Genome Sequence alignment Tree algorithms 

GLIMMERHMM A06 Find gene sequence in eukaryotes IMM, Splice site models, Maximal dependence 
decomposition techniques 

GENIE A07 Gene finder in vertebrate and human DNA GHMM, Neural Networks 

FGENE A08 Find splice sites, genes, promoters Linear discriminant analysis  

GRAIL A09 Analysis of DNA sequence Automated computation 

GENEMARK A10 Find genes in bacterial DNA sequence Markov chains 

NetPlaneGene A11 Sequence analysis  Neural network 

GLIMMER A12 Coding regions in microbial DNA Interpolated Markov Models (IMM) 



         246

The PCT in Figure IV.1, show the fact how much an 
application exploit the architectural parallelism. 
‘Glimmer’ 63.49%, ‘GENEMARK’ 99.30%, ‘FGENE’ 
71.46%, ‘GENESPLICER’ 97.13%, are showing high 
affinity to our target platform.  

‘Glimmer’ is used to identify gene sequence and is 
dominated with tree operations, while ‘GeneSplicer’ 
predicts complete gene structure using search algorithms.  

 

 
Table III.1 

Category Description 

move CPU move instruction count 

wback Memory write back instruction count 

intops Integer instruction count 

floatops Floating instruction count 

excepops Exception handling  instruction count 

ucjump Unconditional jump instruction count 

cjump Conditional jump instruction count 

 

 

 

  
Figure: III.1. A typical 5 slot functional unit [5]. 

IV. RESULTS AND DISCUSSION 
 

The neural network is used in ‘Fgene’ and 
‘NetplaneGene’ to analyze sequence genome sequence 
alignment. Both are suitable for our target platform.  
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Figure IV.1, Percentage  Parallel Code Tendency (PCT)for 
Benchmark Applications. 

 

We optimize the codes for our target platform, Figure 
IV.2 show results for PCT improved in code. We can see 
that ‘GeneSplicer’, ‘Trasntermis’, ‘Genie’, 
‘NetplanGene’ are dropped in performance due to 
excessive branch oriented coding and large floating point 
operations.  
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Figure IV.2, Percentage PCT Improvement in 

Bioinformatics Benchmark Application for our Parallel 
Architecture. 

 

In summary, the above results show that bio 
applications are better for parallel architectures when 
they are dominated with integer operations and when 
operations are involved for changing the link trees 
between on and off is critical. However, the search 
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algorithm and input database impact can not be avoided 
since it adds multiple exit edges and hence more 
computation.  

V. CONCLUSIONS AND FUTURE WORK 
 

In this work we emphasized that bioinformatics is 
biology that drive all bioinformatics experiments. Thus, a 
large part of a job is building tools and technologies as 
part of the process of asking the question. For many, 
bioinformatics is very popular because scientists can 
apply both their biology and computer skills to 
developing reagents for bioinformatics research.  An 
application characterization at early stage opens a 
gateway to utilize off-the-shelf and state-of-the-art 
hardware architecture in efficient and reliable way. Our 
experimental results demonstrate the importance of 
application-architecture correlation.  

Our future plan includes extending the 
characterization to the optimization both in term of 
battery life and processor execution efficiency. We would 
like also to study approaches for modeling behavior of 
bio applications and the impact of databases organization 
techniques to design mobile bio computation devices. 

Finally, a key research question for the future of 
bioinformatics will be how to computationally compare 
complex biological observations, such as gene expression 
patterns and protein networks.  Bioinformatics is about 
converting biological observations to a model that a 
computer will understand. This is a very challenging task 
since biology can be very complex. This problem of how 
to digitize phenotypic data such as behavior, 
electrocardiograms, and crop health into a computer 
readable form offers exciting challenges for future 
bioinformatics. 
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