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Abstract Since the launching of the human genome
sequencing project in the 1990s, genomic research has
already achieved definite results. At the beginning of
the present century, the complete genomes of several
model organisms have already been sequenced, including
a number of prokaryote microorganisms and the eukary-
otes yeast (Saccharomyces cerevisiae), nematode (C. ele-
gans), fruit fly (Drosophila melanogaster) and thale cress
(Arabidopsis thaliana) as well as the major part of the
human genome. These achievements signified that a new
era of data mining and analysis on the human genome
had commenced. The language of human genetics would
gradually be read and understood, and the genetic infor-
mation underlying metabolism, development, differenti-
ation and evolution would progressively become known
to mankind. Large amounts of data are already accumu-
lating, but at present many of the rules that should guide
the understanding of this information are yet unknown.
Bioinformatics research is thus not only becoming more
important, but is also faced with severe challenges as
well as great opportunities.

Keywords Dbioinformatics, genome, algorithm, non-
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1 What is bioinformatics?

Bioinformatics is a recent and developing interdisci-
plinary field of study. Its research object is the biological
data derived from genome studies, whereas its research
tools are mathematical and computational.

In the 1950s, the elucidation of the DNA double helix
greatly stimulated the development of molecular biology,
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and life science research entered a stage of unforeseen
rapid development. The number of accumulated pub-
lications in genetics and molecular biology rose rapidly
from close to one hundred thousand in the mid-1960s
to more than two hundred thousand by the end of
that decade, that is, a doubling within a span of 3-
4 years. Thereafter, the figure reached three hundred
thousand by the mid-1980s, signifying a yearly produc-
tion of 6-7 thousand papers, and tipped four hundred
thousand by the mid-1990s, as the average yearly in-
crease reached 10 thousand papers. A second rapid
growth in publication occurred in the five years lead-
ing up to the end of the millennium, during which an-
other hundred thousand publications were produced. In
2005, approximately two thousand papers were pub-
lished every day, and in 2007 the number of papers in
these fields that were registered by the PubMed database
(http://www.ncbi.nlm.nih.gov) increased by 670 thou-
sand within this single year. At the same time, DNA
sequence data increased rapidly. During the three years
from 1979 to 1982 when the American nucleic acid
database ‘GenBank’ was established [1], approximately
one hundred sequences were entered, amounting to some
hundred thousand base pairs of total sequences. By the
end of the 1990s, this figure had risen to several billion
base pairs, including a large number (several million) of
human expressed sequence tags (ESTs), cDNAs, single
gene sequences and genomic sequences. Reaching the
end of year 2000, the 10 million DNA sequences regis-
tered in international databases exceeded a total of 10
billion base pairs sequence. This is to say, within the
very short period of 18 years, the amount of DNA se-
quence data increased a hundred thousand foldV). The
company 454 Life Sciences launched its 454 FLX py-
rosequencing platform in 2005 (454 Life Sciences was
acquired by Roche in 2007), the US company Illumina
made available the Solexa Genome Analyzer Platform in
2006, and ABI presented its SOLiD sequencer in 2007.
With the development of these so-called ‘second gener-
ation’ sequencers, nearly any laboratory may produce

1) Obtained from http://www.ddbj.nig.ac.jp/ddbjnew/statistics-e.html and http://www.ebi.ac.uk/genomes/mot/
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over and above 100 million base pairs of sequences on a
daily basis. Presently, the third generation of sequencing
technology is under development and will almost cer-
tainly further improve the speed and quality of DNA
sequencing. In response to this, validation and analy-
sis of gene and protein structural data have shaken off
its former slow pace, and registered data have reached a
biannual doubling rate® . It should be noted that due to
the completion of the human genome draft and the depth
and accuracy of its annotation, the detection and cloning
of human disease-related genes have been greatly accel-
erated. Simultaneously, technologies related to DNA se-
quencing, such as EST analysis, single nucleotide poly-
morphism (SNP) analysis, microarray analysis and their
corresponding data assemblies have increased dramati-
cally in importance and amount.

The above description illustrates the challenges posed
by the immensity and complexity of present day biolog-
ical data. The complexity of biological data stems on
one hand from the intricate structural and functional
features of the living organism with all its inherent and
diverse processes constituting life. On the other hand,
the actual generation of experimental biological data,
which commonly occur without strict rules regulating
its applied semantics and syntax, further aggravates the
analytical complexity of the data.

How to obtain knowledge from the immensely complex
genomic data has already become the crux of genomic re-
search. Over the last decades, electronic computers have
increased the speed of numerical operations, so that to-
day large computers have been developed to the level
of handling trillions and even tens of trillions of com-
putations per second. Only by applying this technology
to the study of genomics may the enormous amounts of
biological data be efficiently analyzed and its informa-
tional significance be expounded, thus shaping the new
field of bioinformatics.

Generally speaking, bioinformatics is engaged in the
extraction, processing, storing, analysis and interpreta-
tion of biological data, its application forging a synthesis
of applied mathematics, computational science and biol-
ogy in the pursuit of the biological information contained
in the data.

In practical terms, bioinformatics uses genomic DNA
sequence analysis as its information source. This im-
plies discovering protein and RNA genes embedded in
the sequences, elucidating the informational content of
non-protein coding sequence, deciphering the grammat-
ical code of the genetic language contained in the DNA
sequence, while at the same time inferring, ordering and
releasing the information of the genetic language and
its RNA and protein profiles, thereby learning the rules
governing metabolism, development, differentiation and

2) Obtained from http://www.rcsb.org/pdb/holdings.html

evolution. Bioinformatics integrates genetic information
with that of large scale protein structure and interaction
to model and predict protein spatial conformation and
function. Subsequently, this information will be com-
bined with information on the specific organisms and its
biochemical and physiological processes to unravel their
molecular mechanisms, leading up to molecular drug de-
sign aimed at individually oriented medical care. Con-
sequently, the bioinformatics of the genomics era should
at least include three important fields of application:
genomics, protein structure computation and modeling,
and design of pharmaceuticals. These three closely re-
lated topics all center on the central dogma of genetic
information transmission and are thus necessarily organ-
ically connected.

The central aim of bioinformatics is to bring to light
“the complexity of the structure of genomic informa-
tion and the basic rules of the genetic language”. This
implies the close integration of the three important con-
cepts of modern natural science and technology, namely
“genome”, “information structure” and “complexity”.
Development of bioinformatics is a tool to know the lan-
guage of genetics and read the complete human DNA se-
quence, thus ultimately leading to a better understand-
ing of this being we call human. However, it will also in-
evitably enlighten our understanding of the profundity of
the “information structure” and “complexity” concepts.
In turn this will enable a comprehensive view of the con-
nections between genetics, development and evolution
which will greatly enhance the developments of the the-
ory and methodology of a number of related fields such
as biology, physiology, chemistry, mathematics, compu-
tational science, informatics, and systems science. The
result of this will be to invigorate and increase the influ-
ence of these fields of multidisciplinary research as well
as promote their further development. As of present,
bioinformatics has already become one of the most at-
tractive and prospering novel high technologies.

2 Bioinformatics research topics

The field of bioinformatics includes topics ranging from
sequencing, assembly and analysis of whole genomes to
the study of the rules governing biological processes of
metabolism, development, differentiation and evolution.
Its main aspects are:

2.1 Large scale genome sequencing, assembly and
analysis

Growth, development, differentiation and metabolism
of an organism are all dependent on the storage,
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expression, processing and transmission of genetic infor-
mation. The bulk of genetic information is stored in the
genomic sequence of the four bases A, C, G and T, and
represents a form of 1-dimensional digital data. Large
scale sequencing is the experimental process employed
to retrieve these data, and is thus the basic task of ge-
nomic research, its every step closely linked to informa-
tion analysis. Figure 1 shows the outline of a typical
large scale sequencing process. It is clear from the fig-
ure that from detection and analysis of light intensity
to the base read-out, vector labeling and removal, se-
quence assembly, sequence gap filling, repeat marking,
reading frame orientation and gene annotation, every
step is strongly dependent on computational software
and database. Among these, sequence assembly and
gene annotation are the main keys to efficient genome
bioinformatics analysis. Despite the changes in compu-
tational technology required by the emergence of second
generation sequencing, the essential computational con-
cepts are unaltered.
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Fig. 1 Outline of a typical large scale sequencing process

The joining and assembly of sequences in a large scale
sequencing project is based on the similarity of single
sequence reads obtained in the experimental sequenc-
ing process, and involves linking up sequence read that
represent the same genomic DNA sequence. The cen-
tral computational problem is comparing the similar-
Rigorous sequence
comparison involves dynamic programming, and owing
to its large computational burden, applied algorithms
will always utilize simplifications such as the well-known

ity of different sequence readouts.
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Smith-Waterman algorithm. A number of software pro-
grams applied in genome research are freely available,
such as the Phred-Phrap and the GigAssembler software
packages. The Phred-Phrap package was developed by
Phil Green and Brent Ewing [2,3] and is composed of
two main elements, the base calling software Phred and
the sequence assembling software Phrap. Phrap is used
for joining and assembling raw readouts from shotgun
sequencing into contiguous sequences (contigs), its core
being the Smith-Waterman dynamic algorithm. The
GigAssembler software was created by W. James Kent
and David Haussler [4] based on a greedy algorithm [5],
and operates by aligning and orientating overlapping fin-
gerprint clone contigs to assemble the overall genome
sequence.

Even though a number of different software packages
may in principle solve the problems involved in link-
ing up and filling the gaps in enormous sequence data,
the problems created by the large numbers of repeat
As a
consequence, various sub-cloning approaches have been
applied, such as the BAC-by-BAC sequencing strategy,
which strongly reduces the number of repeats within a
single BAC sequence.

Subsequent to genome sequence assembly the main
task is sequence analysis, the main problems of which
being the determination of reading frame and gene anno-

sequences in the genomes are hard to conquer.

tation. The essence of this work is to distinguish various
sequence characteristics and identify protein coding se-
quence in the enormous amount of genomic sequences.
To this end, a number of specific signal sequences are
utilized, these being start and stop codons, splicing
and branch sites, promoters and various protein binding
sites. It is also possible to utilize complex characteristics,
thereby developing a variety of different methodologies,
such as artificial neural networks and pattern recogni-
tion software, linguistic analysis methods, and Hidden
Markov Models. Examples of such software are GRAIL
(http://compbio.ornl.gov/Grail) [6,7], GeneParser
(http://beagle.colorado.edu/ eesnyder/GeneParser.
html) [8], GENEID (http://www.imim.es/Geneldentifi-
cation/Geneid /geneid_input.html) [9], Genlang (http://
cbil.humgen.upenn.edu/ sdong/genlang home.html)
[10], Genie (http://www.cse.ucsc.edu/”dkulp/cgi-bin/
genie) [11], and HMMgene (http://www.cbs.dtu.dk/
services/HMMgene/) [12]. Again, other methods have
been based on non-linear programming of fractal di-
mensions [13] and the mathematics of complexity [14].
Our research group has applied cryptological methods
to discern coding sequences, based on the coincident in-
dex (IC) of a DNA sequence, calculated by the following
64*STP> LIC

equation:
© ( IxL (1)

STP denoting the number of stop codons, and I and
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L being the number of words and characters, respec-
tively, in the query sequence [15]. Applied to the AIDS-
associated ARV-2 the method produced good results,
enabling efficient determination of three coding regions
within the viral sequence. Currently, the often used soft-
ware packages for identification of coding genes in ge-
nomic sequence data are GeneFinder, GENSCAN and
others.

2.2 Utilizing EST databases to identify novel genes and
SNPs

Discovery of novel genes is a central issue of genomic
research. Gene prediction solely based on computa-
tional methods is applicable to prokaryotes, since their
genes rarely contain introns, and also to small eukary-
ote genomes with few introns, such as the 13 Mb yeast
genome containing only about six thousand genes, of
which 60% were identified by computational analysis.
However, the situation is quite another for the human
genome, as human genes are composed of relatively short
exons (on average 50 codons or 150 bp long) and long
introns, the largest of which may exceed 10 kb. Conse-
quently, in addition to computational methods, cDNA
and EST data along with comparative genomics are em-
ployed to predict genes in the human genome.

Expressed sequence tags (ESTs) are short cDNA se-
quences representing fragments of expressed genes. As
of March 2010 the GenBank EST data (dbEST release
031910) contained more than 8.3 million human EST se-
quences, covering 90% of all known human genes. How
to utilize the information contained in the ESTs to iden-
tify new genes has become an important research topic
in recent years. This is basically carried by aligning
and joining ESTSs, thereby obtaining new gene candi-
dates. Although this route is feasible, the program-
ming is complex and the computational load is high.
Crucial steps include removal of erroneous sequence,
such as primers, 3’ and 5" end noncoding sequence and
non-human EST contamination, and creation of special
databases such as seed sequence libraries. A test carried
out by NCBI suggested that approximately 1.5% of the
sequences in the EST database are erroneous (http://
www.ncbi.nlm.nih.gov/dbEST /synopsis_detailsR.html),
a fact worth noting for researchers engaged in this field.
Internationally, several lists of genes based on EST data
have already emerged, such as UniGene (ftp://ncbi.
nlm.nih.gov/pub/schuler /unigene) [16], Merck-Gene in-
dex (http://genome.wustl.edu/est/esthmpg.html) [17],
GenExpress-index (http://www.cshl.org) [18]. These
gene indices provide a genetic framework which greatly
facilitates related research.

Research on single nucleotide polymorphisms (SNPs)
has followed the intensification of the genomics research

in recent years, and as the speed of DNA sequencing has
increased, SNP studies have attracted extensive atten-
tion. Although the SNP frequency is quite low, a small
number of frequently occurring polymorphisms explain
a large amount of the observed heterozygosity. More-
over, human genetic differences do not only appear as
individual polymorphisms, but more commonly occur in
the form of a series of interlinked alleles (haplotypes).
Through such concentrated SNPs it is therefore possi-
ble to define common haplotypes and their association
to human disease. In 1998, an international program
for discovery SNP was establish, mainly based on the
principle that if EST data from a single gene could be
aligned to several, slightly different transcripts, the dif-
ferences between these might represent SNPs. Later, the
International SNP Map Working Group has also utilized
large scale sequencing data, combined the multi-ethnic
test panel with the method of comparing the large over-
lapping fragment, thereby identifying 1.4 million SNP
(one SNP for every 1.9 kb of the human genome), and
carried out preliminary analysis on the SNP material.

2.3 Informational and structural analysis of noncoding
sequence

Just as scientists were getting a grasp of large scale
genome data, they found that the regions of DNA en-
coding protein (i.e., what is generally known as ‘genes’)
only occupied a small fraction, not exceeding 3% of the
genome. The remaining 97% or so of the DNA sequence
was mostly without any clear function. At first, re-
searchers were wont to label this DNA as ‘noncoding
DNA’ or simply as ‘junk DNA’. After whole genome
comparisons were carried out it was discovered that
lower organisms such as viruses and bacteria only con-
tained small amounts of ‘junk DNA’, whereas in higher
animals and plants, ‘junk DNA’ might even make up
the major part of the genome. This is to say, as one
move from ‘lower’ to ‘higher’ organisms, from simple to
complex, from cells with low information content to or-
ganisms with high information content, the amount of
noncoding DNA in the genomes increases. This implies
that ‘junk DNA’ may contain information related to the
complexity of organisms. Whole genome comparisons
have shown that the number of genes (i.e., genes encod-
ing proteins) in the fly and nematode (14000 to 20000)
are only 2-3 times that of yeast (approximately 6000),
and only slightly lower than the gene number in human
and mouse (approximately 24000). Thus, the increase in
gene numbers does not reflect the increase in biological
complexity.

The results of large scale transcriptional analysis in
recent years suggest that sequences in the noncoding
parts of the genome may be expressed in the form of
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noncoding RNAs, and accumulating evidence suggest
that noncoding RNA has important functions. The re-
search on microRNA is the most prominent example.
Carrying out research on the nematode C. elegans at
Dartmouth Hospital, Victor Ambros’ group used gene
gun technology to investigate the functions of certain
genes involved in nematode development. The nematode
commonly undergoes four larval stages before maturity,
and Ambros’ group found a gene that when mutated
caused the nematode larvae to remain in the first lar-
val stage. What surprised people were that this gene
did not encode a protein coding gene, but rather a very
short RNA, later named ‘microRNA’. Subsequent re-
search showed that this RNA gene could also be found
in the fly, in mollusks, in fish and even in the human
genome. Presently, researchers have found microRNA
genes in fungi and plants, in both mammals and non-
vertebrate animals, and even in prokaryote organisms,
and have demonstrated that these genes have impor-
tant biological functions. In addition to the 21-24 nu-
cleotides long microRNAs, a number of other types of
small RNA have been discovered. In July 2006 two inde-
pendent research groups published data on a novel group
of testis-specific small RNAs that interacted with Piwi-
class proteins of the Argonaute family. These RNAs
were about 26-31 nucleotides long, slightly longer than
the previously described microRNAs, and were labeled
Piwi-interacting RNAs, or piRNAs [19].

Our laboratory has also discovered two new classes
of short noncoding RNAs [20]. The genomic sequences
corresponding to functional noncoding RNAs are named
‘noncoding RNA genes’. The recent years have not only
seen the discovery of noncoding RNAs in the size range
of some hundred nucleotides, but also very long non-
coding transcripts of several thousand nucleotides have
been found. One long noncoding RNA named Xist is
of high importance for reproduction and development in
mammals through its function in the dose-compensation
phenomenon. The expressed region of the Xist gene is
measured in kilo bases, and the Xist transcript can alter
the structure of the mammalian X chromosome, thereby
silencing the entire chromosome [21]. This mechanism
maintains balanced expression levels of genes on the X
chromosome between males and females. Noncoding
RNAs do not only participate in a multitude of fun-
damental biological processes, but are also implicated in
a variety of animal and human pathologies. The non-
coding RNA PCGEM1 was discovered in 2000, and four
years later reported to be involved in prostate cancer de-
velopment [22]. His-1 is a noncoding RNA gene that in
1999 was reported to be connected with mouse leukemia
and shown to participate in oncogenesis and control of
the cell cycles [23]. MALAT-1 is a noncoding transcript
of more than 8000 nucleotides, which in 2003 was re-
lated to non-small cell lung cancer [24]. The emergences
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of noncoding RNAs have aroused new interest in ‘the
RNA world” and ‘RNA as the original molecule of life’.

The ENCODE (Encyclopedia of DNA Elements)
project has provided a deeper and more comprehen-
sive understanding of the genomic complexity. The
ENCODE project is the first systematic attempt to de-
scribe the position and organization of all categories
of functional elements in the human genome. The
ENCODE research topics include protein coding genes,
non-protein coding genes, regulatory regions, and DNA
elements involved in chromosome stability and replica-
tion. Analysis of the 200 most recent data sets revealed
that 93% of the DNA is transcribed into RNA under
some condition, a large number of these transcripts are
noncoding, and some transcripts are apparently ‘fusion
transcripts’ that may be a result of molecular inter-
actions. A large number of novel transcription start
sites were detected, many of which show various histone
modification. The data also showed that modifications
on distal regulatory elements are different from those
of proximal promoters. In short, these new achieve-
ments indicate that histone modifications, DNase sen-
sitive sites and transcription as well as replication are
extensively interconnected. This strongly supports the
hypothesis that the genome has a higher level of func-
tional organization. Consequently, the human genome
itself is an extremely complex network, and the amount
of non-functional DNA (or so-called junk DNA) is in
reality very low. In this picture, protein coding genes
are no more than one of several specific functional DNA
sequence elements. The ENCODE project challenges
the common perception that the genome is composed of
isolated genes in a vast amount of “useless DNA frag-
ments”, and suggests the alternative view of the genome
as a complex network system.

Noncoding sequence, noncoding genes and noncoding
RNA have presented bioinformatics research with un-
precedented favorable opportunities and numerous chal-
lenges. Many years of work on coding gene prediction
and protein simulation has produced a series of compu-
tational methods that are not applicable to noncoding
research. Since presently known noncoding RNAs are
mostly quite short (20-200 nt) and have no three-letter
codons, it is difficult to use statistical methods to iden-
tify their characteristics. Another problem that urgently
needs a solution is more and better methods for predic-
tion of the noncoding RNA spatial structure.

2.4 Origin of genetic code and evolutionary research

Since the publication of Darwin’s The Origin of Species
in 1859, the theory of evolution has been a major influ-
ence on the development of human natural science and
natural philosophy. The core of evolutionary research is
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the history of biological evolution (the phylogenetic tree)
and the exploration of evolutionary mechanisms. Along
with continuous development of molecular biology since
the middle of the last century, evolutionary research has
entered the molecular level [25]. At present, research on
molecular evolution is already its most important tool,
and evolutionary research has already developed a set of
computational methods based on sequence information
from nucleic acids, protein and whole genomes. A com-
prehensive computational analysis need to include the
following steps:

Comparison of sequence similarity. This in-
volves carrying out comparisons between the sequence
of interest and sequences in DNA and protein databases,
in order to determine the biological features of the se-
quence, as well as identifying the molecules with high-
est similarity to the sequence of interest. To this end,
it is necessary to employ pair-wise sequence alignment
methods. Commonly used algorithms include BLAST,
FASTA and others [26,27];

Analysis of sequence homology. This involves
comparing the sequence of interest to multiple homol-
ogous sequences from different organisms, in order to
determine its degree of identity to these sequences. It is
the most important step in the computational analysis,
and requires multi-sequence comparison algorithms, of
which the most commonly used is CLUSTAL [28];

Construction of phylogenetic trees. In order to
reconstruct the genetic or ancestral relationship between
different organisms according to the result of the se-
quence homology analysis, a number of different algo-
rithms has been developed, such as PHYLIP, MEGA
and others [29];

Test of robustness. To know whether the recon-
structed phylogenetic tree is reliable, it is necessary to
test for stability or robustness. This is often done by re-
peating the construction of the phylogenetic tree many
times. The phylogenetic tree being accepted only when
a majority (70% or more) of the branches emerge. The
Bootstrap algorithm [30] is commonly used for this pur-
pose, and corresponding software is often included in
software packages used for construction of phylogenetic
trees.

When discussing molecular evolution, it is necessary
to point out the distinction between ‘similarity’ and ‘ho-
mology’. ‘Similarity’ only reflects the resemblance be-
tween two entities, and does not imply any suggestion of
an evolutionary relationship. ‘Homology’, on the other
hand, is similarity based on a common ancestry. Thus,
sequence similarity is an insufficient basis for reconstruc-
tion of evolutionary relationship, and commonly leads
to errors. When it comes to research on extinct species
there are additional factors that merit attention. For ex-
ample, how shall protein or nucleic acid sequences that
are extracted from many thousand year old fossils be

compared to current data? It should also be considered
how sequences may have been altered in the long period
of fossilization?

Biological molecules have different replacement rates.
For example, in the protein fibrin one amino acid residue
is changed every 2 million years, whereas in histones, on
average 30 million years pass for each amino acid replace-
ment. In noncoding sequence, on the other hand, a nu-
cleotide residue may be replaced every 10 to 20 thousand
years [31]. Because of their differing rates of changes, dif-
ferent molecules can be used as time standards in evolu-
tionary research, similar to the hour, minute and second
of a clock. When used appropriately, different sequences
can be used to measure varying evolutionary time scales
[32].

Accompanying the enormous increase in sequence
data, disputes over the relationship between sequence
differences and evolution has grown hotter in recent
years. Quite a few results do not support the molec-
ular clock hypothesis. Since a phylogenetic tree that
is reconstructed on the basis of a given sequence only
will reflect the development of this molecule, it is not
at all certain to represent the real evolutionary relation-
ship among studied organisms. Thus, there may exist
differences between the gene tree and species tree [25].
Meanwhile, the discussion on the relationship between
vertical evolution (leading to orthologous sequences) and
horizontal evolution (leading to paralogous sequences) is
gradually attracting more attention [33].

2.5 Large scale gene expression profile analysis

As the human genome sequencing approached comple-
tion, one question naturally arose: Even though we now
have a complete atlas of all human genes, to what ex-
tent can we now explain human biological functions? A
series of questions were put forward which could not
be answered by the genomic data, such as the timing
and level of gene expression, the extent and timing of
gene product modification, the effects of gene knock-out
and over /expression, and so forth. In essence, knowing
the DNA sequence and its genes does not imply that
we know how the genes exert their functions in time
and space. Much experimental evidence indicates that
there are large variations in the number of genes that
are expressed in different tissues. The brain shows the
highest number of expressed genes, giving rise to 30—40
thousand different transcripts, whereas in other tissues
only some tens or some hundreds of genes are expressed.
Without precise knowledge of the number and extent to
which genes are expressed in any tissue, there is no way
of understanding its functional activity at the molecu-
lar level. Research work also shows that the same tis-
sue may express different sets and numbers genes under
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specific stages of development, as some genes may be ex-
pressed at a younger stage, others during middle stages,
and again others may only be expressed towards ma-
ture or older stages. If the developmental stage and its
state of gene expression are not taken into considera-
tion, there is no way to accurately explain a biological
process. Upon completion of the human genome, there
was thus widespread anticipation that genomics research
would enter a correspondingly richer and more profound
era. The central issue of this era would be obtaining
functional gene expression profiles, and to this end new
technologies were specifically developed, both on the nu-
cleic acid and the protein level. On the nucleic acid level
this technology was the DNA microarray and on the pro-
tein level this was ion exchange chromatography and se-
quence determination technology, the latter also known
as protein mass spectrometry or simply ‘proteomics’.

The DNA microarray is one form of ‘biochip’. The
DNA microarray consists of a large number of DNA
probes fixed to a small slide or chip of silicon, glass
or metal in a certain way. The DNA microarray is
used to assay and research the mRNA level in cells
and tissues, commonly referred to as transcriptome re-
search. The proteome is the complete protein output of
the genome. Presently, a combination of 2-dimensional
(2D) gel electrophoresis and mass spectrometry is used
to analyze the functional gene expression at the pro-
tein level. With the ever-increasing amounts of data
and refinement of experimental techniques for functional
genomics, databases have become an inevitable compo-
nent of support for these technologies, such as Swiss-
Prot (protein sequences), GenBank (nucleic acid se-
quences), PROSITE (protein domains), PDB (protein
3D structure), SWISS-2DPAGE (2D gel electrophoresis
data), O-GLYCBASE (post-translational protein mod-
ification), OMIM (human genes and genomics), KEGG
(metabolism), and others. Without the material in these
databases, the new technology would be of little practi-
cal use. Large scale expression profile analysis also give
rise to additional methodological problems. Expression
profile data and protein profile data does not only con-
sist of numerical data, but also include graphical data
and even data projected in the multi-dimensional time
and space continuum. From a mathematical point of
view, these are not simple NP problems, dynamic sys-
tem problems or uncertainty problems, but are rather a
feature of the gene expression network [34], thus requir-
ing the development of new methods and tools. Also
microarray design needs additional theoretical and soft-
ware support. Thus, both the developments of biochips
and proteomics technology are becoming even more de-
pendent on bioinformatics theory, technology and data
resources.
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2.6 Complex biological networks and systems biology

Complex biological networks are an important founda-
tion for a true understanding of biological structures and
functions, but even if we knew every gene network and
every regulatory or metabolic pathway, this might not be
sufficient to explain how biological structures like cells
and organisms are composed and function. It will be
required to link up all related elements and unite and
integrate all systems. This is the idea which systems
biology is gradually working towards. One might also
say that we move from sequencing the genome to func-
tional genomics, from gene networks to network coupling
and integration, and eventually to systems biology. This
stepwise process is in short the present trend of genomics
research.

In a commentary article in Cell in 2001, Marc Vidal
expounded on the work design of systems biology [35].
The paper assumed that previous research has mostly
been carried out at one given level, such as at the gene
expression level, at the protein folding level, at the enzy-
matics level, at the level of determining protein cellular
locations, and so forth. At present, the research objec-
tives are increasingly becoming more complex, moving
from the genome to the proteome and the transcriptome,
and further on to the interactome, the localizome, the
foldome, the metabolome and so on, each of these in re-
ality being a functional module. In order to provide a
more comprehensive idea of what constitutes a ‘cell’; an
‘organ’, a ‘tissue’, systems biology will inevitably have
to integrate all these aspects of molecular structure and
function.

In conventional molecular biology a gene is expressed
as a protein, which has a given structure to accomplish
a particular function, or in other words, the thinking
follows a line from sequence to structure to function.
Presently, accumulating evidence suggests that the ex-
pression of a single gene is often not sufficient to elicit a
biological event, and that the occurrence of a biological
event requires the simultaneous expression of a group of
genes, thus being the result of the concerted action of
several proteins. Consequently, a more realistic view
of biological function would be a group of correlated
genes and their interacting proteins acting in a molecu-
lar network. This picture of biological function arising
from a constantly interacting macromolecular network
describes the changes in theory and research practice
brought about by systems biology. Having entered the
era of systems biology, genomics will shift towards the
integration of biological data from different sources in
order to simulate the complex and dynamic biological
processes. Systems biology would thus emphasize data
integration and modeling of complex processes, and pay
particular attention to system kinetics and the influence
of the environment on the system dynamic behavior.
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The theory and practice of conventional biological re-
search is essentially multi-information integration and
system modelling. Systems biology will by no means re-
place other disciplines, but will clarify results from stud-
ies on the gene and protein level. It will do what molecu-
lar biologist and geneticist normally do not do, that is, to
connect and integrate data from these two fields in every
possible way. Thus, systems biologists strive to link to-
gether data from different levels and systems of research,
by seeking out any relationship or interconnected activ-
ity between an event occurring between different systems
or levels. Systems biologists are thus looking for a par-
ticular interaction between different systems or levels of
data. To achieve this, it is necessary to integrate all in-
formation from the gene, RNA and protein levels. This is
essentially the research theory of systems biology. Sys-
tems biology research should include three parts: The
first would be to assemble and integrate all theoretical
work and experimental data on different levels of bio-
logical systems. Based on these data, the second step
would be to suggest a model that can describe the co-
ordination of these systems at various levels. The final
step would be to use this model to predict what future
events would occur in the system.

To exemplify this, we will describe a few models sug-
gested by our research group.

2.6.1 Spectral analysis method applied to a protein
interaction network [36]

Spectral analysis is an efficient method for revealing the
deep structure of large scale complex data. A famous
example is the outstanding study by David Gibson, Jon
Kleinberg and Prabhakar Raghavan on the extraction
of information from the link structure of the Internet
[37,38]. We applied the spectral analysis method to dis-
tinguish topological structures in the complex protein-
protein interaction network. With this method, the net-
work is represented by a non-directional graph G(V, E),
that is, a vertex set including every protein as a ver-
tex V.= {P1, P,..., P}, and an edge set defined as
E = {P,, P;}, where there is an interaction between pro-
tein P; and P;. The symmetrical n x n adjacent matrix
is defined as A = (aij),

0.(P.P,) ¢ E. ®

_ {1, (P, Py) € B,
(/.

The spectrum of the adjacency matrix is then an im-
portant estimate of the characteristics of vertices that
are propagated through the interactions. Consider giv-
ing each vertex a score X indicating its ‘importance’.
Through its interactions, a vertex with a high score
would then increase the score of its neighbors, and the
scores of two interacting vertices would thus be mutually

strengthened, leading through several cycles of calcula-
tion to the determination of their scores:

n
AXi:Zaij XX]‘. (3)
j=1

The iterative method by Gibbs et al. was applied to
break the cycle. An interesting point is that X; will ap-
proach a given value independent of its starting value.
It can be shown that this value is an eigenvector of ma-
trix A, and thus an inherent property of protein inter-
actions. To this comes that since A is a symmetrical
matrix, all its eigenvectors will be orthogonal to each
other, and their properties may also be orthogonal. In
other words, each eigenvector may display a particular
property not belonging to any other eigenvector. From
a topological point of view, the graph spectrum helps
elucidate the hidden structure of the complex interac-
tion network. We found that for an eigenvector with
a positive eigenvalue, components with relatively high
absolute values tended to form a quasi-clique (i.e., pos-
itive and negative extremes separately tend to form an
internally connected clique), whereas for an eigenvector
with a negative eigenvalue, its component proteins tend
to quasi-bipartites (i.e., the protein in two opposite sets
are not connected within each set, but tend to form con-
nections with protein in the other set).

We applied the spectral analysis to a yeast protein in-
teraction network consisting of 2617 proteins connected
by 11855 interactions of middle to high confidence, and
calculated the eigenvalues and eigenvectors of its cor-
responding adjacent matrix. By applying the following
criteria to the eigenvectors with highly positive eigen-
values we obtained a set of quasi-cliques: (i) All pro-
teins were ranked according to the absolute value of
their eigenvalues, and the upper 10% were selected for
further analysis; (ii) The proteins were included accord-
ing to their rank, and each entered protein must inter-
act with at least 20% of the previously entered proteins.
The CC-values were used to estimate connectivity, and
the parameters were adjusted to maintain clique qual-
ity; (iii) Each quasi-clique should contain at least 10
proteins. Applying these criteria, we obtained 48 quasi-
cliques, the largest and smallest of which included 109
and 10 proteins, respectively, with an average of 26.6
protein per quasi-clique (allowing a protein to appear in
more than one clique). A similar analysis was applied
to eigenvectors with negative eigenvalues, obtaining six
quasi-bipartites. These two topological structures dis-
played different interaction profiles. In the quasi-cliques
proteins tend to interact among themselves, whereas in
the quasi-bipartites most interactions occur between the
two sets, whereas there are no interactions within each
set. Distinguishing between these two models is not only
applicable to the demonstration of the complexity of in-
teraction networks, but more importantly provides a tool
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for feasible exploration of complex networks in general.
A single quasi-clique may represent several biological
functions. The P-value method can be regarded as a
standard to endow a quasi-clique with a main function.
Hypergeometric distribution can be applied to calculate
the likelihood of protein versus function in a clique, that
is, the likelihood of finding k proteins in n cliques will
have a given function, if C' protein in the entire proteome
G has this function. The P-value of randomly selected

cliques is
C G-C
k—1 n—i

- . (4)

=

The above criteria describe the probability that a ran-
domly selected protein clique would be enriched for a
certain functional category. If the P-value approaches
zero, this signifies the likelihood that the quasi-clique has
a random composition of proteins is very low. The func-
tional categories with the lowest P-value were regarded
as the main functional category of the clique. We calcu-
lated P-values for the MIPS (Munich Information Cen-
ter for Protein Sequences) hierarchical functional cate-
gories, and were able to assign a single functional cat-
egory to 43 of the 48 quasi-cliques, the five remaining
cliques being assigned two or more functions. Analy-
sis of the functional annotations of individual proteins
showed that there was a tendency that most proteins in
a quasi-clique belong to the same functional category,
such as ribosome biogenesis, rRNA and tRNA synthe-
sis, processing, transcriptional control, mRNA splicing,
and others. Only a minority of the proteins had no an-
notated function, or was annotated with a function not
coherent with the main functional category of the clique.

2.6.2 Analysis of motif preferences in transcription
regulatory networks [39]

Transcription regulatory networks (TRNs) can be de-
picted as directed graphs. In such graphs, transcription
factors (TFs) and the genes they regulate (transcrip-
tion target genes, TGs) make up the nodes of the graph,
and the regulatory activities exerted by TFs on TGs
are indicated as an edge pointing from the TF to TG.
The regulatory activity between TFs and their respec-
tive TGs is thus shown as multi-node graph. Some sub-
graphs have been extensively researched owing to their
topological and biological meaningfulness [40,41], such
as feed-forward loops (FFLs), feedback loops (FBLs),
single input motifs (SIMs), and multiple input motifs
(MIMs). These subgraphs are not isolated functional
entities unrelated to other parts of the network. In fact,
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these subgraphs tend to accumulate around highly con-
nected TF's, these often being members of several differ-
ent subgraphs. The topological structure of the network
indicates that the number of T'Gs controlled by a TF fol-
lows a power law distribution, implying that the network
contains a small number of TFs that regulates a large
number of genes. These highly connected TFs have been
named ‘transcriptional hubs (THubs)’, and evidence in-
dicates that the THubs are commonly essential genes for
an organism [42,43]. The TRN can be regarded as a sig-
nal transduction structure through which indicators of
external nutrition or environmental stress is transmit-
ted, and one would expect differences in the behavior
in signal transmission among the TFs [44]. Under dif-
ferent external conditions or developmental stages, the
frequency of different subgraphs (or motifs) in the TRN
has been found to vary [45]. However, there is no strong
understanding of what influences these changes in motif
frequency on a genome-wide scale, and no methodology
for measuring the behavior of TFs towards their down-
stream T'Gs had been published. To solve this problem,
we designed a set of methods to estimate the preference
of TFs for particular TRN subgraphs.

It was first necessary to determine the aggregation of
TF's and motifs. We concentrated mainly on the THubs.
Network hubs are often determined applying a threshold
to the node distribution curve, regarding as hubs those
nodes whose connectivity surpasses the threshold. With
respect to basic subgraphs, we selected circular (‘closed’)
and tree-like (‘open’) motifs. A regulatory motif was
called open if and only if it topologically forms a single
closed circle, regardless of regulatory orientation. Simi-
larly, a motif was called a ‘tree’ (or ‘open’) if and only
if it did not contain any closed circle as part of the sub-
graph. We only considered three and four node rings
or trees, as motifs with two nodes are respectively ei-
ther trivial or nearly non-existing, and motifs with more
than four nodes were not included due to limitations on
computational capacity. These motifs covered all basic
motif forms, that is, all other motifs can be composed
from this selection of motifs. After selecting TF and
motif sets, the preference (A,) of a TF (H) for a given
motif (P) was determined as follows:

Aw(H,P) =

> X ey

sg€SG(H,P) keN(sg)

where SG(H, P) denoting the set of all motifs (P) down-
stream of a TF (H), sg being a member of the set
SG(H, P), and N(sg) the set of nodes in sg. d(H,k)
is the shortest path from the TF (H) to a node (k) in
the network, and the weight factor 1/(d(H, k) +1)? was
introduced to quantify the reducing effect of increasing
distance from the TF (H) on its ‘signal strength’. For
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each TF-motif pair, the preference of the TF for the
motif was calculated. However, since the number of reg-
ulatory motifs downstream of a TF is variable, and sim-

ilarly, and the overall frequency of different motifs in
|

Aw(H;, Pj)/ZjeSG Aw(Hivpj)
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the TRN differed greatly, the preference values cannot
be directly compared. To remove the influence of this
variation and thus enable direct comparison of TF pref-
erences, the following equation was applied:

An(Hi, Pj) =

where Ay (H, P) is the normalized preference of tran-
scription factor H for motif P, THubs denotes the TF
set (all being THubs), and SG denoting all regulatory
motifs (all 3- and 4-node rings and trees). This equation
calculates the normalized preferences of all THubs for all
motifs. The preferences of one TF for all subgraphs were
called the ‘subgraph preference profile (SPP)’ of this TF,
and constitute the vector of the normalized abundances
of all subgraphs in the motif set (SG). The matrix of
all subgraph preferences of all TFs was subsequently re-
ferred to as the ‘subgraph preference landscape’.

To provide a measure of the statistical significance of
difference in subgraph preferences, we created a num-
ber of random networks with the same number of in-
bound and outbound edges, and observed the difference
between the true network and the random networks. By
repeating the above calculations, we obtained a measure
of the sub graph preferences in the random networks,
and could also observe the robustness and stability of
the TRN.

Applying the above method, we investigated the re-
lationship between THubs and their downstream sub-
graph preferences in TRNs of brewer’s yeast. The anal-
ysis included TRNs constructed based on data from 5
specific growth conditions (cell cycle, sporulation, di-
auxic shift, DNA damage and stress response). A sixth
TRN was constructed based on the complete data set,
labelled the static TRN®). The analysis showed clearly
that different TFs tended to employ different regulatory
subgraphs, indicating that the ‘subgraph preferences’ re-
flected some important tendencies in the behaviour of
THubs under different growth and cellular conditions.
The significance of this study lies in the realisation that
the variations in the subgraph preference landscape sug-
gest changes in TFs under different external conditions,
and hints at the biological mechanisms involved in these
changes.

2.6.3 Noncoding RNAs are participants in complex
biological network [46]

Much evidence suggest the existence of a large number
of noncoding RNAs in higher organisms, and results
from the ENCODE project indicates that 93% of the

ZiETHubs AW(H’U ‘Pj)/ZiETHubs ZjGSG Aw(Hi’ PJ) 7

(6)

human genome is transcribed as RNA, of which the far
larger part is noncoding [47]. Consequently, the intro-
duction of noncoding RNAs to the biological network
will increase its size many fold. Even more important
is that the inclusion of noncoding RNA alters the mech-
anisms of interaction in the network on both the tran-
scriptional and post-transcriptional level. Through their
effects on mRNA stability and translational inhibition,
microRNAs exemplify these important regulatory activ-
ities [48]. Realizing the strong influence of noncoding
RNAs on biological networks, research has been initi-
ated to investigate their impact on network complex-
ity. The inclusion of noncoding RNAs has greatly en-
riched our understanding of biological networks. By
interacting with certain proteins, noncoding RNAs can
form a variety of RNA-protein complexes through which
they exert their functions. Examples include the five
snRNAs U1-U2 and U4-U6 which together with more
than 75 different proteins form the spliceosome com-
plex are responsible for pre-mRNA splicing [49], and the
mouse noncoding RNA NRON which combines with 11
proteins to control the intracellular transport of the tran-
scription factor NFAT [50]. Noncoding RNAs may act
through sequence similarity to identify their RNA tar-
get sequences and recruit interacting proteins to exert
their function on the target. C/D box snoRNAs act in
this manner to identify methylation sites on the rRNAs,
and recruits the necessary protein to carry out the mod-
ifications [51]. MicroRNA seed sequences identify tar-
get mRNAs through sequence similarity to the 3’'UTRs,
while the effects on mRNA stability and translation are
mediated by the associated RISC complex [48]. Includ-
ing noncoding RNAs into the molecular networks may
also facilitate research on specific noncoding RNA func-
tions. Similar to the protein interaction network, a large
number of noncoding RNAs may form an RNA-RNA in-
teraction network which takes part in the regulation of
cellular activities, being the equivalent of the cosmolog-
ical light and dark matter. In the past, biological func-
tion has mainly been attributed to proteins, and pro-
teins have thus been the focus of most functional and
regulatory research, revealing large networks involved
in protein synthesis, regulation and metabolism. These
discoveries have made an enormous contribution to our
understanding of the nature of biological activity. The

3) The network data was obtained from http://sandy.topnet.gersteinlab.org/, excluding self-regulatory interactions
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coming years will see increasing research efforts on non-
coding RNAs, as more types of noncoding RNAs will
be detected, their cellular functions being investigated
and their interactions with proteins and roles in cellular
pathways in networks being explored. If in the past we
assumed that biological networks were structured with
protein modules, the future biological network will be
composed of both protein and noncoding RNA, forming
a ‘bicolor’ network. We therefore believe that the con-
cept of a ‘bicolor network’ will inevitably be included in
network and systems biology research.

With respect to coding gene research, network cluster-
ing to identify functional modules and the employment
of network neighbors to predict protein have become the
new weaponry of biological research. The demonstrated
success of these analytical methods should enable an
even better research on the ‘bicolor network’ constituted
by protein and RNA interactions.

Prediction of microRNA targets shows that nearly
1/3 of human genes may be under microRNA control
at the post-transcriptional level, each microRNA on av-
erage regulating several hundred coding genes [48]. A
number of researchers have created post-transcriptional
regulatory mnetworks composed of microRNAs and
their targets. We proposed a new hypothesis: miRNAs
may also regulate a particular group of noncoding
transcripts called mRNA-like RNAs (mlRNAs) at the
post-transcriptional level, thereby creating a noncod-
ing RNA regulatory network. Experimental evidence
has shown that eukaryote cells contain large numbers
of long noncoding transcripts. Some of these resem-
ble protein coding mRNAs in various ways; they are
long, are transcribed by RNA polymerase II, are of-
ten spliced, and are furnished with both a cap and
polyA tail. They, however, do not contain any pro-
longed or conserved open reading frame, and have
thus been called mRNA-like noncoding RNAs [52].
The function of a few mRNA-like noncoding genes
has already been demonstrated, but the large ma-
jority is still functionally unknown. Since mIRNAs
are similar to mRNASs in sequence and structure charac-
teristics, we surmised that mIRNAs might also be tar-
geted by miRNAs. To show this, we borrowed a method
for the analysis of the influence of miRNA expression on
the stability of mRNAs [53]. The method utilizes mRNA
microarray data to estimate the reliability of miRNA
target prediction. Our work made use of the 34000
mlRNA collected by the FANTOM database. Among
these 34000 sequences there are approximately 11000 se-
quences that are included in a set of microarray data
derived from 20 different mouse tissues. We selected 8
miRNAs with verified tissue specific expression as our
miRNA set. As miRNAs can significantly influence the
stability of their target mRNAs, a tissue specific miRNA
should down-regulate its targets in the tissue of miRNA
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expression. We therefore used the software miRanda to
predict targets of the 8 tissue specific miRNAs among
the 11000 mlIRNAs. Applying the Wilcoxon’s rank sum
test on the expression profiles of the predicted targets,
we found that three different miRNAs significantly re-
duced the expression level of the targets in the four tis-
sues where these miRNA were expressed. The signifi-
cance level was similar to that found for mRNA target
analysis under the same conditions. This result extends
greatly the involvement of miRNAs in regulatory net-
works. An even more interesting aspect is that among
the mIRNAs there are a number of miRNA-encoding
transcripts. Thus, these miRNA primary transcripts
themselves may be under miRNA control, potentially
giving rise to a complex network of mutual miRNA-
miRNA regulation.

2.7 Protein structure modeling and molecular design

Along with the rapid development of genomics research,
the rate of primary protein sequence determination has
also increased. However, the amino acid sequence is in-
sufficient to understand the function of a protein, and it
is necessary to obtain its 3-dimensional structure. At the
same time, pharmaceutical drug design also requires an
understanding of the 3-dimensional structure of the re-
ceptor protein target. This is the imminent challenge put
before the scientist. Presently, X-ray crystallography
and nuclear magnetic resonance (NMR), 2-dimensional
electron diffraction and 3-dimensional image restructur-
ing provide efficient tools for the determination of the
protein spatial structure. However, although being able
to obtain the spatial structure of several macromolecules
in a single day is certainly an improvement, the rate
with which 3-dimensional structures are produced can-
not keep up with the speed of primary sequence acqui-
sition. Besides, these methods are still hampered by a
number of limitations, and a number protein structures
may not be applicable to experimental determination
in the foreseeable future. Consequently, computational
modeling and structure prediction are of great impor-
tance. Computational research will not only provide
structural information, but will also provide informa-
tion of the electronic structure of the protein, such as
energy levels, surface charge, and molecular track in-
teractions, as well as information on dynamic behavior,
such as energy change of biochemical reactions, electric
charge transfer, structural changes and so forth. Such
information is difficult to obtain directly from experi-
mental approaches. The modeling results are of great
significance for understanding the basic processes of bi-
ological phenomena at the macromolecular, submolec-
ular and electronic structure levels. They also pro-
vide a basis for conformational modifications in natural
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macromolecules and for drug design modeled on receptor
structure. In other words, they provide a theoretical ba-
sis for protein engineering. Protein engineering is a new
and developing field that was initiated in the 1980s based
on the relationship between protein function and the
rules guiding protein structure. Employing molecular
design, regulatory gene modifications and gene synthe-
sis, protein engineering aims at making intended changes
in existing proteins in order to create proteins with op-
timized characteristics which better serve human needs.
At the same time it provides science with new techno-
logical possibilities and efficient new tools that greatly
facilitate the solution of important problems in molecu-
lar research.

The computational development in recent years has
endowed applied physics with the theoretical possibility
of handling macromolecular systems composed of more
than ten thousand atoms. In 1987 the American sci-
entist W. F. DeGrado and colleagues at DuPont uti-
lized accumulated rules for protein spatial structure to
meticulously design and produce a 74 amino acid long
artificial protein from peptides [54]. The protein con-
tained all the four characteristic a-helices anticipated by
the designer, and was called the first milestone of pro-
tein molecular design. Later, protein structure simula-
tion and drug design has developed rapidly, and present
protein structure simulation employs such methods as
homology modeling, protein structure threading, and
ab initio design using molecular dynamics modeling or
Monte Carlo simulations. For drug design one may use
the 3D-QSAR method and flexible atom receptor meth-
ods. These methods are already in extensive use, pro-
ducing good results. Among the better known examples
of successful drug design may be mentioned such as anti-
bodies [55,56], AIDS viral compounds [57,58] and others.
At the end of the last century there also emerged servers
offering protein design services to customers. With re-
spect to protein structure simulation it appears that
protein folding configurations are limited, presently esti-
mated to number from a few hundred to a few thousand
[59,60]. This is far less than the number of freedom de-
grees in a protein structure. At the same time, protein
folding configurations are correlated with their compo-
nents and primary sequence, and it should be possible
to determine the ultimate protein structure from its se-
quence information. If biological information is added to
modeling systems it will certainly produce even better
methods for protein simulation.

Bioinformatics is a new field in rapid development
linking biology and informatics. Bioinformatics is a valu-
able discipline that nobody doing genomics research can
do without. Given the rapid development in this field in
recent years it seems inevitable that bioinformatics will
produce brilliant results also in the future.
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