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Summary 
Objectives: Recent important advances in 
the human genomics and post-genomic 
“omics” are now bringing about a new medi-
cal care which we call “omics-based medi-
cine”. In this article, we investigated the de-
velopment and future possibilities of omics-
based medicine. 
Methods: We divided the development of 
omics-based medicine into three generations 
in order to clarify the main clinical goals and 
characteristics of informatics method of each 
generation, together with its future possibil-
ities. 
Results: The first generation of omics-based 
medicine started with “genomic medicine” 
based on the inborn individual differences of 
genome. It has opened the study of genetic 
polymorphism of the diseases and promoted 
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the personalized medication based on the 
pharmacogenetic/pharmacogenomic differ-
ence of the drug response. In the second gen-
eration of omics-based medicine, owing to 
the advances in the high-throughput technol-
ogy, vast amount of the various post-genomic 
disease omics data containing comprehensive 
molecular information of diseased somatic 
cells has become available. It reflects the on-
going state of diseases more closely and en-
ables the predictive medicine such as progno-
sis prediction of disease by applying the data-
driven analysis. Finally, due to the rapidly 
growing knowledge about the cellular molec-
ular network, system-level understanding of 
the disease, called systems pathology, be-
comes possible. It can fully exploit the sub-
stantial contents of disease omics and will 
lead to a comprehensive understanding of dis-
ease process by using model-driven analysis.  
Conclusion: Omics-based medicine and sys-
tems pathology will realize a new person-
alized and predictive medicine. 
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1. Introduction 
Recent drastic advances in the human ge-
nomics and subsequent studies of post-
 genomic comprehensive molecular infor-
mation, collectively called “omics” [1, 2] 
such as transcriptomics, proteomics, and 
metabolomics, are giving rise to new possi-
bilities of medicine. In realizing this pos -

sibility, a rapidly progressing informatics, 
called “clinical bioinformatics” [3], or in a 
more recent term, “translational infor -
matics” [4] is playing an indispensable role 
by deriving clinically meaningful informa-
tion from the vast amount of omics data. 

To date, application of comprehensive 
molecular information to medicine has 
been referred to as “genomic medicine” [5, 

6], which aims to realize “personalized 
medical care”, based on the inborn (germ-
line) individual differences, or “polymor-
phisms”, of the patient’s genomic informa-
tion. Some personalized medical cares have 
already been put into clinical practice. For 
example, “personalized medication” is now 
in clinical use for several drugs; for which 
pre-prescription genotyping or protein 
assay is necessary. This pre-diagnostic test 
prevents undesirable side effects and en-
sures the effectiveness of those drugs to the 
individual patients. 

Meanwhile, owing to the recent prog-
resses in high-throughput technologies 
such as various types of DNA microarrays 
[7–11] or mass spectrometers (MS) [12, 
13], post-genomic omics information, or 
simply “omics” data have become available 
in clinical context. A lot of studies have re-
vealed that omics information provides 
more comprehensive and substantial infor-
mation as to the ongoing process of dis-
eases than just “genetic disposition” of 
them, so that it could be used in actual 
clinical practice such as early diagnoses, 
subtype classifications, and prognoses of 
diseases [14–16]. With this background, 
omics information observed in diseased 
state (“disease omics”) is expected to bring 
about a new kind of medical care, which 
would be more predictive or preventive 
than conventional genomic medicine. This 
new stage of molecular medicine needs a 
new term to distinguish itself from ge-
nomic medicine. We may call it simply 
“omics-based medicine” [17]. 

In use of disease omics for predictive or 
preventive medicine, omics data have been 
first analyzed on their direct level by ap -
plying data-mining or exploratory statis -
tics (“data-driven analysis of omics data”). 
Taking a typical example, efficient sets of 
genes called “signature” have been deter-
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mined by applying data-mining or ex-
ploratory statistics to gene expression pro-
files of diseased cells in order to make a pre-
diction of disease prognosis such as the 
 recurrence of cancers within several years 
after the surgery [14, 16]. Another example 
is statistical pattern analysis of the pro-
teomic data. Extraction of the character-
istic patterns from the protein mass spectra 
by using sta tistical feature analysis is con-
ducted for an early detection of cancer [18, 
19]. These attempts have in some cases 
gained remarkable successes, but in most 
cases the results were not sufficient for 
further clinical application. It becomes 
soon recognized that vastness of omics data 
with its extremely high inter-dependency 
often prevents data-driven approaches 
from obtaining decisive results.  

On account of the rapidly growing 
knowledge about the cellular molecular 
network and its alternations in diseases, it 
becomes clear that, except for rare genetic 
diseases, most of the diseases are not caused 
by mutation of one or two genes, but rather 
caused by the cooperative effects of aber-
rations of several genes and proteins. These 
cooperative effects result in alternations in 
signaling pathways or gene regulatory net-
works, producing the disease phenotypes. 
Hence diseases would be better understood 
as a phenotype caused by “systems distor-
tion of the molecular network” due to the 
interrelated malfunction of genes and pro-
teins. This view of diseases is particularly 
true for common complex diseases, like or-
dinary cancers which are now considered as 
“pathway disease” [20]. Thus, system-level 
understanding of diseases based on the 
knowledge of alternated molecular path-
way is now thought to be crucial to fully 
 exploit the substantial contents of disease 
omics and to comprehensively understand 
what is going on underlying them (“model-
driven analysis of omics data”).  

We have been proposing this kind of sys-
tems approach to diseases as “systems pa-
thology” for several years [21, 22] in the 
sense that it is a proper application of sys-
tems biology [23–25] to diseases. This stage 
of omics-based medicine, namely that 
based on the systems-pathological under-
standing of diseased pathway, could be 
called “omics-based systems medicine” or we 
may call it simply “systems medicine” like 

other advocates [26] if the aimed meaning 
of this concept is correctly understood. 

Anyhow, we would like to emphasize 
that this new type of medicine, based on the 
vast amounts of omics data and system-
level understanding of the whole disease 
process, would not have been possible and 
will not be progressed in the future with -
out cooperation of, so to speak, “(post-
 genomic) omics informatics” or “systems 
pathology”.  

In this article, we describe the essential 
features and development of the omics-
based medicine along with those of in-
formatics used for it as we depicted briefly 
above. Needless to say, genomics is, ordi-
narily, included in the omics. Hence, in de-
scribing the development of the omics-
based medicine, we start with a concise re-
view of genomic medicine as its first gener-
ation, and then we proceed to the post-ge-
nomic omics-based medicine as the second 
and current generation, and finally de-
scribe omics-based systems medicine as the 
third generation with its future possibil-
ities. We think this “three-generation para-
digm” would be quite suitable for discuss-
ing the characteristics and main clinical 
goals of each generation, together with the 
generation-specific informatics used to 
 attain these goals. 

2.  Genomic Medicine as 
the First Generation of 
Omics-based Medicine – 
Concise Review 
2.1 Genomic Medicine  
for Personalized Care  

The molecular medicine has, as well 
known, begun with “genomic medicine”, an 
advocacy of a new medicine which aims to 
realize personalized care based on the indi-
vidual differences of genomic information. 
As the human genome project [27] pro-
ceeded, it became clear that human ge-
nome has individual congenital differ-
ences. There are various types of polymor-
phisms in human genome, such as variable 
number of tandem repeat (VNTR) of 
microsatellites (repeat unit is 1 to several 
bps) or minisatellites (9 to tens bps), in -

sertion and deletion (indel) polymor-
phism, copy number variation (CNV), and 
so on [28]. But now most widely used poly-
morphisms are single nucleotide polymor-
phisms (SNPs), which are observed, on 
average, every 300–1000 nucleotides in 
human genome (about 0.1–0.3%); thus 
totally 3–10 million SNPs exist for an in -
dividual human genome.  

From the clinical viewpoint, there are 
mainly two important kinds of clinical 
phenotypes, brought by the above genomic 
polymorphisms: 
1. Disease susceptibility (causality), and 
2. Drug responsiveness. 
 
The former means the genetic risk of dis-
ease occurrence, whereas the latter means 
personalized difference in response to 
drugs. Since there have been many excellent 
reviews such as [5, 6] explaining “genomic 
medicine”, we will not describe it here in 
detail, but introduce it briefly with empha-
sis on its difference from the subsequent 
(second or third) generations of the omics-
based medicine, which would be more 
 central subject of this article. 

2.2 Genomic Medicine  
and  Disease Gene Study  

Genomic study about human diseases sub-
stantially started in 1980s, when both ge -
netic maps of whole genome (though they 
might be coarse) and sufficient number of 
DNA markers (randomly spread over the 
genome) became available by using, first, 
RFLP (restriction fragment length poly-
morphism) [28] and then, microsatellites. 
Genetic maps and DNA markers provide a 
framework for determining the loci of dis-
ease-causative genes in the human genome 
(“positional cloning”) [29]. Together with 
advances in the statistical genetics [30] 
such as Mendelian linkage analysis based 
on family trees, several genetic studies suc-
ceeded in positional cloning of disease-
causative genes like those of Huntington 
disease [29, 31], Duchenne muscular dys-
trophy [32] or cystic fibrosis [33]. As a 
matter of fact, such successes in identifica-
tion of disease-causative genes provided 
motivation to begin the human genome 
project. 
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Although early genetic studies have suc-
ceeded in identifying various causative 
genes of monogenic diseases, their preva-
lence is relatively low even altogether. Clini-
cally more important is to clarify the ge -
netic background of the polygenic or 
multifactorial diseases like common com-
plex diseases such as asthma, cancer, dia-
betes, heart disease and mental disorders. 
But unlike the monogenic diseases, we 
sometimes observe several hundreds of 
“disease susceptibility genes” with low ge-
notype relative risk (GRR) [34], which 
means the risk associated with a certain 
 genotype relative to that with the other 
 genotype (non-carrier), for the polygenic 
diseases.  

A certain SNP may be linked to a disease 
susceptibility gene through the mechanism 
of “linkage disequilibrium” [35], which 
brings about the high co-occurrence be-
tween that SNP and the disease susceptibil-
ity gene. In such a case, this SNP can be 
used as a marker which, if it is found, pro-
vides the increased genotype-relative risk 
of that disease. But it is generally seldom to 
find markers for susceptibility genes with 
relatively high GRR, especially for common 
complex diseases.  

To overcome these obstacles, a new type 
of a large-scale trial called genome-wide as-
sociation studies (GWA studies or GWAS) 
[36, 37] has now been undertaken widely. 
GWA studies involve rapidly scanning 
hundred thousands of markers across ge-
nomes of many people to find genetic vari-
ations associated with a particular disease. 
There have been many large-scaled GWA 
studies conducted, among which, for 
example, studies on the diabetes are well 
known because the different GWA studies 
discovered a new common susceptibility 
gene TCF7L2 [37–39]. GWA studies be-
come possible due to a new kind of DNA 
array which covers more than 500,000 
SNPs in one chip. The large size of the 
population and comprehensiveness of the 
SNP probes on the chip [40] provide 
GWAS with a higher detection power of 
disease susceptibility genes.  

Another approach to gain higher disease 
susceptibility for polygenic diseases is to 
use the combined pattern of multiple 
SNPs, called “SNP haplotype”. The term 
“haplotype”, shortening of “haploid geno-

type”, is defined as a set of alleles of closely 
linked loci on the same chromosome that 
tends to be inherited together. Likewise, a 
SNP haplotype is defined as a particular 
pattern of sequential SNPs on one chromo-
some which are statistically associated. In 
order to obtain the efficient estimation of 
disease risk for the polygenic diseases, 
single SNP is not sufficient. By using SNP 
haplotype the more exact relative risk of the 
disease can be gained by the SNP haplo-
type-disease association study. This kind of 
information is now being energetically 
 collected by the international Hapmap pro-
ject [41]. 

The disease gene study to determine 
mutations or polymorphisms of disease-
related gene (causative or susceptibility 
gene) reveals the detailed individual differ-
ence in the pathogenesis of diseases. Hence, 
it would contribute to “personalized medi-
cine” in predicting a future possibility of 
the disease occurrence for specific individ-
ual. However, this field of genomic medi-
cine now does not seem to make an im-
mediately effective contribution to clinical 
practice, seeing that even “high GRR” of the 
susceptibility gene for common diseases is 
ordinarily at most about 1.5, though vari-
ous attempts like GWAS or SNP haplotype 
analysis are explored. It would be better 
considered that current disease gene 
studies contribute to the scientific clarifica-
tion of genetic background of diseases 
rather than immediate applications to 
 actual clinical practice.  

It makes a quite contrast to another field 
of genomic medicine, “personalized medi-
cation”, where genomic polymorphisms of 
drug-related genes sometimes cause re-
markable differences in the response to the 
drug. The reason would be that drug has 
appeared relatively recently in the human 
evolutionary history, so that genetic mu-
tations or polymorphisms of drug-related 
genes causing fatal response to drugs still 
remain since there is not a sufficient time 
for human evolution to eliminate them. In 
contrast, genetic mutations and polymor-
phisms of disease genes which cause fatal 
effects have been considerably eliminated 
through the long term in human evolution 
[42]. 

2.3  Personalized Medication 
Based on the Genetic Poly -
morphism 

On the contrary to the slow progress of per-
sonalized care based on disease gene study, 
personalized medication is an immediately 
effective and rapidly advancing field of the 
genomic medicine; tailor-made medica -
tion of some drugs is now put into clinical 
practice. 

Certain genetic polymorphisms may be 
involved in the functions related to the 
drug effects, causing inter-individual dif-
ferences in response to the drugs, and 
 giving rise to the classification of “re-
sponder” and “non-responder”. The branch 
of pharmacology studying influences of 
 genomic variation on drug response in 
 patients is now called pharmacogenomics 
or pharmacogenetics (PGx, abbreviation 
for both). The concept of pharmacoge -
netics has been used more than 40 years to 
denote the study of single genes and their 
effects on inter-individual differences in 
drug metabolizing enzymes. In the con -
trary, pharmacogenomics is relatively a 
new concept after human genome project 
to denote the study of not just single genes 
but the functions and interactions of all 
genes in the genome in the overall variabil-
ity of drug response [43]. But the distinc-
tion between the two terms is considered 
rather arbitrary, however, and now the two 
terms can be used interchangeably. 

As mentioned above, PGx is one of the 
most successful fields among “genomic 
medicine”. Journal of the American Medical 
Association (JAMA) described in 1998 that 
about two million patients per year suf-
fered from drug side-effects and among 
them, about 100,000 patients died, which 
amount to the 4th or 5th major cause of 
death in the United States [44]. Food and 
Drug Administration (FDA) in US [45] 
promotes to use the pre-diagnostic DNA 
tests to examine the drug responsiveness 
which are compulsory for some drugs to 
avoid useless side-effects.  

Individual differences of drug response 
are mainly ascribed to two classes of genetic 
polymorphisms. One is called phamaco -
dynamics (PD) polymorphism and is due 
to the polymorphisms of genes for proteins 
related to drug action such as a drug recep-

Co
m

pr
eh

en
si

ve
 e

H
ea

lt
h

For personal or educational use only. No other uses without permission. All rights reserved.
Downloaded from www.methods-online.com on 2012-05-24 | IP: 38.107.179.233



tor or a protein kinase. The other is called 
phamacokinetics (PK) polymorphism and 
is due to the polymorphisms of genes for 
proteins responsible for the absorption, 
distribution, metabolism and excretion 
(ADME) process of the drug, such as drug 
metabolizing enzymes or transporters.  

The PD polymorphism of drug re-
sponse is often found in the molecular 
 target drugs of several recent anticancer 
agents. The noteworthy example is Gefiti-
nib (Iressa), which is the anticancer drug to 
lung cancer (epidermal growth factor re-
ceptor-tyrosine kinase inhibitor; EGFR-
TKI), especially effective against advanced 
non-small cell lung carcinoma [46]. This 
drug has very remarkable effect on a 
“super-responder” who dramatically im-
proves with administration of Gefitinib 
even after the lung carcinoma has spread all 
over the one lung [47]. This drug is effective 
especially for adenocarcinomas of Asian 
 female at the rate of 25–30%, but only 3% 
effective for US male and 17% for US fe-
male. It, however, may cause “serious side 
effects” contracting interstitial lung dis-
order for 2% of Japanese, and one third dies 
from this disorder. Hence, to avert the dan-
gerous risk of medication to the non-re-
sponder, genetic screening is inevitable. 
The difference of response of this drug is 
now ascribed to the specific mutation in 
EGF receptor and it is reported that drug 
effect becomes 10 times greater for the pa-
tient with this mutation [48].  

Another well-known example is Trastu-
zumab (Herceptin), an anticancer drug for 
breast cancer using a monoclonal antibody. 
This drug is effective for the patients of 
breast cancer who over-express HER2 
(human epidermal growth factor type 2) 
receptor [49, 50]. FDA has decided that pre-
diagnostic DNA test using immunohisto-
chemistry (IHC) and fluorescence in situ 
hybridization (FISH) test is compulsory for 
administration of this drug. 

The PK polymorphism diversifies the 
patient’s individual response of certain 
drugs, ranging from “extensive metabo -
lizer” whose metabolizing enzyme elimi -
nates the drug too fast to make it less ef -
fective, to “poor metabolizer” who meta-
bolizes the drug poorly so that the drug 
 remains too long within the patient to 
 produce the excessive effect. The most well-

known polymorphism of drug metabo -
lizing enzyme widely related to the drug 
 effects is the family of cytochrome P450 
(CYP). To date, more than 50 isoenzymes 
of CYP in human are known. The classifi-
cation of this enzyme is based on the degree 
of homology of the genetic sequences. The 
drug effects of many important drugs such 
as anticancer agents like 5-fluorouracil 
(5-FU), Irinotecan, or anti-tuberculosis 
agent like Isoniazid and so forth, depend on 
the polymorphism of CYP. There are many 
excellent reviews on the polymorphism of 
CYP and its effect on drug metabolism. We 
will not describe it here in general but 
briefly introduce several aspects of the per-
sonalized medication, taking Warfarin as 
an example.  

Warfarin is the most widely used anti-
coagulation drug prescribed to inhibit the 
synthesis of clotting factors, thus prevent-
ing heart attacks, strokes, and blood clot-
ting. It is also known for its narrow thera-
peutic range; excess dose causes bleeding 
whereas insufficient dose causes thrombo-
sis. Furthermore, this narrow therapeutic 
range widely varies among individuals, 
with more than 10 times variation: Hence, 
the maintenance dose of this drug has to 
be monitored carefully by frequent blood 
 testing to ensure the adequate yet safe dose 
is taken. Warfarin inhibits the vitamin K 
 epoxide reductase complex subunit 1 
(VKORC1) from synthesizing vitamin K 
necessary for the blood coagulation, thus 
exhibiting the anticoagulation action. As to 
the polymorphism for the drug effect of 
Warfarin are CYP2C9 (*1, wild type and *3, 
low activity type) for PK polymorphism 
and VKORC1 (-1639G >  A, G allele, high 
transcript activity) for that of PD. Recent 
study reported the patient’s initial response 
is determined largely by VKORC1 genotype 
[51]. As mentioned before, FDA guidance 
recommended pre-diagnostic DNA tests; 
some are compulsory and others are either 
recommended or referential, to examine 
the drug responsiveness. As for Warfarin, 
the pre-diagnostic DNA test is recom-
mended. 

Tailor-made medication of drugs is 
thought to be prevailing along with the 
 advances of the pharmacogenomics and 
pharmacogenomics [52]. 

3. Advantages and Possi -
bilities of Medicine Based 
on Post-genomic Omics – 
the Second Generation of 
Omics-based Medicine 

As early as the midst of 1990s, while the 
human genome project (HGP) was still in 
progress, post-genomic omics such as the 
transcriptomics, or proteomics had be-
come available due to the rapid advances in 
high-throughput technologies. Although 
each of the post-genomic omics is original-
ly derived from the same genome sequence, 
it possesses own original information, 
through various post-genomic (post-tran-
scriptional, or post-translational) pro-
cesses such as alternative splicing, post-
translational modification or epigenetic 
modification. Now post-genomic omics 
has been developing prominently; some of 
its applications have been approved by FDA 
for the clinical use. 

There is a remarkable difference be-
tween genomics and post-genomic omics 
in relation to clinical medicine. The ge-
nomic medicine which utilizes congenital 
polymorphism of the “germ-line” genome 
sequence that is identical all over the tissues 
and remains same during the whole life. In 
contrast, most of post-genomic omics is re-
lated to comprehensive molecular infor-
mation of “diseased somatic cell”, which 
might vary during the time course of dis-
ease and also differ among the tissues, so 
that omics is thought to much more reflect 
the current state of the disease, providing 
more direct information than genomic in-
formation.  

Thus it is expected that, if we make the 
best use of these omics data in clinical 
medicine, it would innovate on the conven-
tional medicine, opening a new stage of 
medical care, which we could call “(post-
genomic) omics-based medicine”. In this 
section, we will describe what kind of new 
clinical possibilities omics information 
 actually brings about to medical care in 
 addition to the conventional genomic 
medicine. 
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3.1 Omics Provides Information 
for Detailed Mechanism of Disease 

3.1.1 Subtyping and Prognosis  
Prediction of Disease 

Post-genomic omics information provides 
detailed information to reveal the structure 
of molecular process of the diseased cells. 
Omics data of diseased cells provides clini-
cally and pathologically unobservable in-
formation which would be utilized for de-
tailed classification of disease. The best 
example is subtyping of diseases based on 
the gene-expression profiling (transcript -
omics) observed by DNA microarrays. The 
study by Golub et al. [14] is the first attempt 
for this; they, taking an example of human 
acute leukemia, demonstrated the feasibil-
ity of cancer sub-classification based solely 
on gene expression pattern without refer-
ring to any previous medical knowledge. 
Alizadeh et al. [15] investigated gene ex-
pression patterns of diffuse large B-cell 
lymphoma (DLBCL), and found the two 
subtypes which could not be found by con-
ventional clinicopathological observation 
and revealed that each of them showed 
quite different prognoses. 

Gene expression patterns do not just 
provide the microscopic information 
about the molecular activities of diseased 
cells, but they also show the tight relation to 
the most macroscopic characterization of 
diseases, namely, prognosis of a disease, 
which can not be correctly predicted solely 
based on the “mesoscopic” observations 
such as clinical and pathological findings. 
Rosenwald et al. [16] used gene expression 
profiling of DLBCL to identify three sub-
groups in addition to the already known 
two subgroups [15] and, based on such 
subgrouping, molecular predictor of pa-
tient’s survival after chemotherapy was for-
mulated, which was found to be indepen-
dent from previous clinicopathological 
prognosis index. Likewise, there have been 
many studies about the predictability of 
disease prognosis based on the transcript -
omics [53]. Sørlie et al. [54] combined 
 several population studies conducted in -
dependently about the gene expression 
profiling of breast cancer to create a classi -
fication of patient subgroups having dis-
tinct prognosis. Conventional pathological 

tests of diseased tissue and clinical observa-
tion were unable to give an exact prediction 
of prognosis. In recent years, two gene-
 expression-based prognostic tests (“Mam-
maPrint” [55] and “OncotypeDX” [56]) to 
predict prognoses of patients of breast 
cancer after the surgery were approved by 
FDA and are now commercially available.  

3.1.2 Response to the Anticancer 
Drug 

Gene expression profiles can also be used 
for prediction of the response to the anti-
cancer drug. Cheng et al. [57] used biopsy 
samples from primary breast tumors be-
fore treatment in order to predict the re-
sponse to treatment by docetaxel based on 
the gene expression profiles of the samples. 
It was concluded that the molecular pro-
files could be used to develop a clinical test 
for docetaxel sensitivity. Ayers et al. [58] 
examined the feasibility of developing the 
multigene predictor of pathologic com-
plete response (pCR) to neoadjunvant che -
motherapy combining fluorouracil, doxo-
rubicin, cyclophosphamide and paclitaxel 
for breast cancer. Based on the gene ex-
pression profiling of the tumor, overall 
78% predictive accuracy was obtained. Dif-
ferences in the response of anticancer drug 
are ascribed not to the congenital polymor-
phism of the drug-metabolizing enzyme 
described in the previous section of ge-
nomic medicine, but to the characteristics 
of the disease pattern, or more precisely, the 
underlying diseased molecular pathway of 
the cancer, which exhibits itself in its gene 
expression profile.  

3.2 Diagnostic Ability  
of Proteomics  

Since omics information is more directly 
related to the state of diseased cells, it can 
also be used for an early detection of dis-
eases. As for the cancer, there are many 
well-established tumor markers but they 
are useful in relatively later stage only to 
confirm that cancer is already established. 
On the contrary to the conventional tumor 
marker, disease proteomics measured by 
mass spectrometry could be utilized for an 
early detection of cancer. Many studies 

have revealed that not just a specific mass 
spectral peak but a whole mass spectral pat-
tern contains the information to detect 
cancer in very early stage, which could be 
extracted by statistical or data mining 
method. For example, it is reported that 
ovarian tumors can be discovered in very 
early stage with the precision of 99%, by 
proteomic examination of patients’ serum 
using SELDI-TOF-MS [18]. 

We conducted a study to compare the 
discrimination power between the prote -
omic information and conventional tumor 
markers with respect to detection of hepa-
tocellular carcinoma (HCC) [59]. It is well 
known that patients suffering from liver 
cirrhosis develop HCC. We collected serum 
specimens from liver cirrhosis patients 
(LC: 20 subjects), early HCC (E-HCC: 
20 subjects) and advanced HCC (A-HCC: 
20 subjects). For proteomic measurement, 
SELDI-TOF-MS was used to analyze the 
patients’ serum, and for the tumor marker, 
AFP and PIVKA-II were measured. Three 
statistical components were extracted from 
mass spectral pattern by using the partial 
least square method.  

Classification results  (�Table 1) showed 
that the advanced HCC could be diagnosed 
at least as HCC by all of the three models. 
On the other hand, the conventional tumor 
markers had poor performance in detect-
ing early HCC compared to peak intensities 
obtained by SELDI-TOF-MS. Further -
more, the highest sensitivity (0.875) for de-
tection of HCC from LC was achieved by 
combining proteomic data and tumor 
markers. Thus, proteomic examination is 
complementary to the well-established 
tumor markers and could be used together 
for the development of more accurate early 
detection method for LC patients. 

3.3 Omics-based Medicine Brings 
about Personalized and Predictive 
Medicine 

Based on the various clinical competence of 
disease omics mentioned in the above sec-
tions, we can describe the essential features 
of the post-genomic omics-based medicine 
more decisively. As we mentioned at the be-
ginning of this section, post-genomic dis-
ease omics could provide the comprehen-
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sive molecular information of “diseased 
 somatic cell”. Hence, it would reflect more 
directly the current state of disease, varying 
in the course of disease. In contrast, the 
“germ-line” genome sequences in genomic 
medicine which remain the same during 
the whole life.  

Omics information is considered to lie 
at the intermediate level of the hierarchy 
from the genotype of the genome to the 
clinical phenotype, so that the relation to 
the clinical phenotype is much closer than 
genomic information (�Fig 1).This “inter-
mediateness” feature of omics data (close to 
clinical phenotype and also to the ongoing 
process of disease) provides its essential 
clinical competence. On the contrary to the 
genomic medicine which suggests “only” 
the possibility of occurrence of a disease in 
the future, the (post-genomic) omics-
based medicine contains more direct dis-
ease-related information from diseased 
cells and is able to predict “when disease 
will occur “and “how disease will develop” 
in more exact way. 

Another feature of the omics data other 
than its “intermediateness” is its compre-
hensiveness or its totality, because omics 
data originally comes from the genome se-
quence so that it is essentially “genome-
wide”. Most of the current measurement 
technologies like gene expression micro-
array or SNP chip cover the whole genome, 
though some sort of omics like proteomics 
are currently lacking in some part (very 
large protein molecule information), they 
could practically be used to extract the al-
ternation of its overall pattern by disease. 
The “comprehensiveness” feature of the 
omics data guarantees the validity of the 
predictions of diseases which are made 
based on the disease omics. 

The genomic medicine is thought to 
bring about the personalized medicine, 
whereas the second generation of omics-
based medicine brings about the “predic-
tive medicine”. Disease omics provides de-
tailed information to identify the subtype 
or fine molecular characterization of dis-
ease, which enables the more exact predic-

tion of disease or early detection of disease. 
Of course, when using the term of “omics”, 
we also include genomic information, so 
that the omics-based medicine, if we do not 
restrict it to post-genomic omics, includes 
the advantages of the first generation. It 
might be better to say that omics-based 
medicine in its broad sense (including the 
genomic medicine) is expected to bring 
about “personalized and predictive medi-
cine”. Our characterization of omics-based 
medicine has some common features with 
4P medicine (personalized, preventive, pre-
dictive and participatory medicine) which 
L. Hood stated concerning his concept of 
systems medicine [26]. 

Furthermore, recent biotechnological 
advances have revolutionarily changed the 
situations around the omics-based medi-
cine, where the next generation sequencer 
enables a genome to be sequenced within 
hours to days [60]. The sequencing speed 
which was two million base pairs (bps) per 
day at the end of the human genome 
 project, in 2003, is now over one billion bps 
per day. Next generation sequencers are not 
only for DNA sequencing of genomes but 
also it could be used for other kinds of 
 sequencing such as mRNA-sequencing 
(mRNA-seq) or ChIP-sequencing [61]. 
The mRNA-seq can be used for direct digi-
tal quantification of the sequences instead 
of using conventional hybridization tech-
nique. Hence, it could avoid the hybridi-
zation errors and will allow us to obtain 
quantification data in higher precision. We 
could call these digitally sequenced molec-
ular information “digital omics”.  

Along with the biotechnological ad-
vances, cost of sequencing also becomes 
rapidly reduced, expecting the thousand 
dollar genome, which would mean the 
 arrival of “personal genome” era. 

3.4 Omics Informatics  
in the  Second Generation 

Typical computational methods used in 
this generation could be called “data-driven 
approach”. Vast amounts of omics data are 
analyzed, with or without reference to ex-
ternal criteria (mostly, clinicopathological 
characteristics and patient outcomes). To 
do this, statistical or data-mining (machine 
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a) Prediction model using peak intensities (sensitivity: 0.850, 
specificity: 0.550 for HCC diagnosis) 

Prediction Diagnosis 

LC 11  3  3 

E-HCC  8 12 10 

A-HCC  1  5  7 

b) Prediction model using tumor markers (sensitivity: 0.800, 
specificity: 0.800 for HCC diagnosis) 

Prediction Diagnosis 

LC 16 8  0 

E-HCC  4 8  2 

A-HCC  0 4 18 

c) Prediction model using both peak intensities and tumor 
markers (sensitivity: 0.875, specificity: 0.700 for HCC diagnosis) 

Prediction Diagnosis 

LC 14  4  1 

A-HCC  0  2 15 

LC E-HCC A-HCC 

LC E-HCC A-HCC 

LC E-HCC A-HCC 

E-HCC  6 14  4

Table 1  
Classification accu-
racy estimated by 
leave-one-out 
 cross-validation 
using a) peaks-only, 
b) markers-only, and 
c) peaks-and-
markers models for 
diagnosis of hepato-
cellular carcinoma 
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learning) methods such as Cox regression 
model or support vector machine are used 
to extract the gene set or proteomic pattern 
which could provide clinically useful pre-
diction, early detection and sub-classifica -
tion of disease.  

But mostly the omics data are ill-condi-
tioned where number of variables (e.g. 
number of genes in DNA microarray) by 
far exceeds that of the samples (e.g. number 
of patient cases). Hence, for example, quite 
different sets of genes were proposed best 
to predict a prognosis of the same cancer by 
different research groups. In this genera -
tion, there are several typical studies which 
gained successful analysis of omics data but 
in most cases vastness of omics data with its 
extremely high inter-correlation often pre-
vent obtaining decisive results if using only 
the direct level analysis approach. This dis-
advantage of the data-driven approach to 
the omics data should be noticed, so it is 
widely recognized that any kind of knowl -
edge about the disease process which omics 
data is utilized to analyze must be incorpo -
rated to complement the indecisiveness of 
the data-driven analysis of omics data. This 
trend in some aspect led to the concept of 
systems pathology of third generation of 
omics-based medicine and inclined to use 
the “model-driven approach” for the analy-
sis of omics data.  

In concluding the informatics of the sec-
ond generation, we would suggest a prom-
ising approach in the data-driven analysis. 
In order to make the best use of the omics 
information, a new disease-oriented bio -
informatics or translational informatics 
should be developed to deal “multi-omics” 
data, which could analyze not only each of 
omics data but also the interrelation be-
tween the different modalities of omics 
data. Since the different modality of omics 
has its own omics information, to use 
multi-modal omics data will give us new 
information to compensate the indecisive-
ness of the results obtained by single modal 
omics [62]. 

4. Systems Pathology  
and Omics-based Systems 
Medicine – The Third  
Generation of Omics-based 
Medicine 
4.1 Systems Pathology 
 Com prehends the Whole Process  
of Diseases 

As with the background leading to the 
emergence of systems biology in life sci -
ence, the same situation has come up in 
omics-based medicine where systems ap-
proach is crucially needed to fully under-
stand the whole process of disease. There is 
a situation for necessitating the systems 
 approach to diseases. The “molecule-
oriented” approach where the causes of dis-
eases are sought for specific molecules such 
as a disease-causative gene or a mutant pro-
tein, which has been successful in the 
monogenic diseases studies, is not effective 
for polygenic multifactorial diseases like 
common complex disease. As we already 
mentioned, rapid advances in the knowl -
edge about cellular molecular network and 
its alternations in diseases have made it 
clear that, except for rare genetic diseases, 

most of diseases are substantially caused 
and supported by the “sustainably dis-
torted” molecular networks of signaling 
pathways or gene regulatory networks. Al-
though this distortion is induced by the co-
operative effects of aberrations of genes 
and proteins, the distorted pathway deter-
mines the disease state more directly. Thus, 
system-level understanding of diseases 
based on the knowledge of diseased molec-
ular pathway is now thought to be in -
dispensable to understand the full in -
formation contents of disease omics and 
to comprehend the whole process of dis-
ease (“model-driven analysis of omics 
data”).  

We have been proposing a new concept 
of “systems pathology” for denoting the 
counterpart in omics-based medicine to 
systems biology in life science. “Compre-
hensiveness” feature of omics data makes it 
possible to understand a disease as an 
 integrated whole, underlying the diseased 
omics data. In developing the systems pa-
thology, it would be appropriate to describe 
in what sense diseases should be dealt with 
as a unified system. We will describe several 
systems features of diseases, which make 
disease systems approach appropriate. The 
following features are mostly seen in com-
mon complex diseases. We will exclude the 

Fig. 1 Concept of omics-based medicine: Post-genomic disease omics provides comprehensive mo-
lecular information of “diseased somatic cell”. Hence, it varies during time course of diseases and differs 
among sites of diseases, unlike the “germline” genome sequences in tailored medicine which remain 
the same during the whole life. Omics information lies at the intermediate level of the hierarchy so that 
the relation to the clinical phenotype is much closer to bring about the predictive medicine. 
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rare genetic disease in the description of the 
features. 

4.2 Systems Feature of Disease   

4.2.1 Distorted Molecular Pathways 
as a Primary Cause of Disease 

Owing to advances in the studies on the 
molecular networks, it becomes widely 
known that genes and proteins work to-
gether to form the molecular pathways, 
which accomplish the coherent and com-
plex biological function. Therefore, it 
would be considered that, except for the 
rare genetic diseases, primary causes of 
most of diseases are not the direct effect of 
dysfunction of gene but the integrated ef-
fects of alternated or distorted molecular 
pathways, which are brought about by the 
cooperative effects of aberrations of several 
genes and proteins. In other words, not 
gene but pathway is a primary entity for 
disease. 

Taking an example of cancer, ordinary 
cancer occurs by alternations of signaling 
pathway or gene regulatory network caused 
by aberrations of several (not just one or 
two) oncogenes or tumor suppressor genes, 
eventually leading to the uncontrolled cell 
proliferation. It should be noted that tu-

morigenesis is a multi-step process, where 
several essential alternations in tumori-
genic pathways should participate.  

By the experimental studies [63], intro-
duction of simian virus 40 early region 
(SV40 ER), human telomere reverse tran-
scriptase (hTERT), and H-RAS into the 
normal cultured cell defined a set of genetic 
changes that are sufficient to program the 
tumorigenic phenotype in most human 
cultured cells. The SV40 ER encodes both 
the SV40 large T antigen (LT) and small t 
antigen (ST), where LT inactivates the 
 retinoblastoma protein (pRB) and p53 
tumor suppressor pathways and ST sup-
presses the  activity of protein phosphatase 
2A (PP2A) which leads to the activation of 
MYC, a transcriptional factor to induce cell 
proliferation.  

Hence it would be suggested that there is 
a minimum set of alternations in the mo-
lecular pathways such as immortalization 
(hTERT), cell cycle (pRB), apoptosis (p53), 
cell growth (MYC), angiogenesis, migra -
tion and adhesion (H-RAS) for causation 
of carcinoma. There are also many varieties 
of equivalent minimum gene sets to cause 
tumor, but it should be recognized that al-
ternations in several crucial pathways such 
as those for cell growth, mitosis and in-
vasion together with suppression of apop-
tosis should be necessary for activating 
 tumorigenesis. Hence, we could consider 

ordinary cancer is caused by simultaneous 
occurrence of aberrations of these path-
ways. 

This is not only true for cancer but also 
applies to other diseases, especially com-
mon diseases, where hundreds of genes are 
related to disease causation like hyperten-
sion or diabetes. It is unlikely that each of 
these many genes directly influences the 
causation of disease but several genes 
might work together to form the alter-
nation of certain pathway and joint effects 
of aberrations of these pathways cause and 
sustain the disease. 

4.2.2 Hierarchical Organization  
and Self-sustainability of Disease  

Aberrations of the molecular network are 
not restricted to those of subcellular net-
work such as intracellular signaling path-
way or gene-regulatory network. Cell-cell 
communication or intercellular network 
which is indispensable for coordination of 
the collective behavior of cells or regulation 
of tissue-level function is also the “seat” of 
diseases. For example, intercellular net-
works of cytokines such as interleukins (IL) 
and TNF-α cooperatively work in the im-
mune system for host defense, but over-ex-
pression of these genes causes, for example, 
chronic inflammatory proliferative disease 
(CIPD) [64] such as rheumatic arthritis 
and psoriasis. Furthermore, larger scaled 
physiological control systems such as cir -
culatory, nervous or endocrine system are 
also intrinsically related to disease to form 
systemic level clinical phenotype. 

Hence, it would be appropriate to con-
sider that diseases are an integrated multi-
hierarchical network system, comprising 
subcellular molecular network, cell-cell 
communication, tissue/organ linkage and 
systemic coordination (�Fig. 2). There are 
also inter-hierarchical interactions. Bot-
tom-up causality and top-down causality 
are acting together to make disease an in -
tegrated whole. The bottom-up causality 
could be paraphrased as “aggregative or in-
tegrative causation directed towards higher 
levels of tissues and bio-objects”. In con -
trast, top-down causality also could be 
paraphrased as “dis-aggregative or dis-
tributive causation across tissues which de-
rive from the higher-order whole body, sys-

Fig. 2 Hierarchical organization of diseases and self-sustainability due to the bidirectional causation 
loop: Diseases are an integrated multi-hierarchical network system, comprising subcellular molecular 
network, cell-cell communication, tissue/organ linkage and whole body coordination. Diseases such as 
common complex diseases have a self-sustaining mechanism due to bidirectional causative loop. 
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tem, or organ”. Finally, environmental (life-
style-related) factors also influence the dis-
ease process, especially in common dis-
eases. Thus, diseases integrate such a multi-
hierarchical distorted network and even -
tually manifest it at the level of systemic 
clinical phenotypes. 

The common complex diseases such as 
hypertension or diabetes are the lifelong 
disease lasting 20–30 years or more. For the 
diseased state to be continued for such a 
long time there must be self-sustaining 
mechanism comprised of some kind of a 
feedback loop.  

As an example for the self-sustaining 
mechanism in a hierarchically organized 
system of a disease, we take hypertension, 
where, other than the “bottom-up causal-
ity” which propagates from the molecular 
level to the systemic level, the whole body 
state of the disease drives gene expressions 
to maintain the systemic state of hyperten-
sion. In hypertension, if the blood pressure 
rises due to certain causes such as lifestyle-
related factor or neural-humoral factors 
and if, even after several months, hyperten-
sion is continued, then the genetic activity 
of endothelial cell of capillary begins to 
start the remodeling process of capillary 
vessel to make them stiffer in order to sus-
tain high blood pressure [65]. This could be 
a self-sustaining mechanism of hyperten-
sion. This phenomenon also shows an 
example where inter-hierarchical bidirec-
tional activity is working to sustain the 
overall diseased state. This is some kind of 
“take over” of innate homeostatic morpho-
genetic function, used for maintaining the 
“diseased state”.  

4.2.3 Disease as a Dynamical 
 System 

So far we have discussed on “organizational 
aspects” of disease systems such as its hier-
archical organization and self-sustainabil-
ity. But an equally important systems fea-
ture of diseases is that it develops and 
changes itself in the course of time based on 
its intrinsic “dynamics”. That is, diseases are 
dynamical systems. Take infectious diseases 
by retrovirus such as AIDS for example, 
temporal course of disease after its onset is 
considered to be a coevolutionary process 
between the host immune system and 

human immunodeficiency virus (HIV). 
HIV evolves within the host (patient) a mil-
lion times faster than the evolution of nor-
mal organisms, and it evolves under the se-
lection pressures of neutralization by host 
immune system and anti-viral agents. 
Many methods to describe the within-host 
viral evolutionary process have been devel-
oped such as longitudinal phylogenic tree 
[66, 67], including our method based on 
quasi-species grouping of HIV [68]. These 
studies might lead to characterization of 
intrinsic dynamics common to retroviral 
infectious diseases. 

Dynamics of cancer progression also 
could be modeled from the viewpoint of 
Darwinian evolution of cancer cells. In the 
recent cancer stem cell theory, mutations 
have already taken place in the stem cell 
stage, and it replicated through the devel-
opmental process; from stem cell, progeni-
tor to matured cell. Cancer stem cells which 
subsequently gain the advantageous mu-
tations for proliferation expand their 
clones (clonal expansion). Many dynami-
cal models have been proposed to describe 
the cancer progression from this concept 
[69]. 

There are not so many diseases whose 
dynamics are known. But if system-level 

understanding of disease dynamical struc-
ture is advanced, we could specify common 
characteristic dynamics for certain class of 
diseases, which might be used for quali-
tative prediction of course of diseases.  

Finally, we will take a promising topic 
where the dynamical systems approach will 
be effective, which is “epithelial-mesen -
chymal transformation“(EMT), playing an 
important role in invasion or metastasis of 
cancer [70]. As we have already mentioned, 
cellular molecular network for gene ex-
pression regulation (transcriptional regu-
latory network) is mostly the same for all 
the tissues. But, depending on the cell type, 
the expressions of group of genes whose 
functions are necessary for that type of cells 
are promoted; whereas, those of other 
groups of genes which are not needed are 
suppressed, in order to attain the proper 
function of that type of cell. These com-
binations of up-regulated and down-regu-
lated genes differ among cell types, but such 
combination of gene expression is quite 
normal and stable for each cell type.  

Since we have 210 distinct cell types, if 
we consider the transcriptional regulatory 
network as a dynamical system, it could be 
considered that this network has 210 
“stable solutions” corresponding to each 

Fig. 3  
Cloud topology of pro-
tein interaction network 
(PPI): PPI comprises 
three layers: hub (high-
degree nodes), middle 
layer (inner ring) and 
branch (low-degree 
nodes). Hub and branch 
nodes are depicted outer 
ring, and middle-degree 
nodes are depicted inner 
ring. Drug target pro-
teins are depicted by 
yellow spots, which are 
concentrated on middle- 
and low-degree nodes 
layer (reprinted from 
PLoS Computational 
 Biology [85]). 
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cell type. Each expression profile cor-
responding to a cell type is one of the stable 
solutions of transcriptional regulatory net-
work. 

EMT is a cellular process where cells in 
an epithelium acquire the ability to invade 
the underlying extracellular matrix or ad-
jacent mesenchymal cells. During EMT, 
epithelial cells acquire a mesenchymal ap-
pearance with increased motility and in-
vasiveness. It is a normal process in devel-
opment and is used for the formation of 
three-dimensional structure in the em-
bryo. However, in cancer, it is a key step for 
invasion and metastasis. EMT is character-
ized by the combined loss of epithelial cell 
junction proteins such as E-cadherin and 
integrin, and gain of mesenchymal markers 
such as vimentin and fibronectin related to 
cell motility. 

From our standpoint of systems pathol-
ogy, EMT can be considered as the “phase 
transition” (in large, coherent structural 
change) of the transcriptional regulatory 
network, which is the transition between 
different stable network solutions cor-
responding to epithelial and mesenchymal 
type of cell. Along with the phase transition 
of the transcriptional regulatory network, 
the change of genetic activities of several 
representative genes takes place such as 
E-cadherin (tightly connecting the neigh-
boring cells), integrin (connecting to the 
basement membrane) or vimentin (related 
to the cell filament) and fibronection 
(comprising extracellular matrix). EMT 
makes it possible for cancer cell of epithelial 
origin to invade mesenchymal tissues 
under the basement membrane such as 
connective tissue, muscular tissue and 
blood vessel, by “pretending” mesenchymal 
cell appearance. Based on the concept that 
EMT is “phase transition” of the molecular 
network, for example, we have a clue for 
cellular network approach to reveal what 
extent of aberrations of pathways is neces -
sary and critical to evoke EMT phase tran-
sition for invasion and metastasis.  

With the above system features in mind, 
we can comprehend the disease in the 
whole spectrum. Disease distorts bio-sys-
tems where normal pathway is modified to 
form “sustained disease pathway”. 

4.3 Systems Pathology Informatics 
Fully Exploit the Disease Omics 

Systems pathology, namely system-level 
understanding of diseases, is an effective 
framework to extract the full length of dis-
ease omics data. Based on the recognition 
of the above systems features of disease, 
various important clinical applications 
such as systems analysis, modeling, and 
simulation of disease are now in progress.  

Among the applications of systems pa-
thology, the most widely studied is the 
 estimation of diseased molecular pathway 
underlying diseased omics. The approaches 
to estimate the molecular pathway from the 
gene expression profile, called “reverse en-
gineering approach” [71], were developed 
first for the identification of the “normal” 
cellular functions. One of the first seminal 
studies promoting this approach aimed to 
reveal the gene regulatory networks in Sac-
charomyces cerevisiae from the gene ex-
pression profiles by using Bayesian net-
work identification method [72]. Since 
then, many kinds of methods have been in-
vented. Among them, mainly two kinds of 
methods are now mostly utilized.  

One is the coexpression model which is 
an undirected probabilistic model based on 
the correlation coefficient, partial correla -
tion coefficient (Gaussian graphical model 
[73]) or mutual information (Relevant 
Network [74], ARANCNE [75]) between 
any pairs of the genes. The other is Bayesian 
network model [76], which is a directed 
graphical model for representing prob -
abilistic causality between gene activities. 
Although some of such purely data-driven 
approach showed successes in revealing the 
diseased pathways [77], it is considered 
[78] that there are many limitations in 
purely data-driven approaches for micro-
array data: they need a large sample size and 
capture the only parts of biologically rel-
evant networks.  

Combination of the transcriptomic data 
and biological knowledge of pathway is 
considered to be more feasible to estimate 
the diseased pathway. For example, gene 
 expression profiles of diseased cells are 
superimposed on the protein-protein in-
teraction network to identify the disease-
causative subnetwork, which is called CGI 
(combining the gene expression and pro-

tein interaction data). Chuang et al. ap -
plied this approach to the gene expression 
profiles of metastatic or non-metastatic 
 patients of breast cancer to identify the 
 subnetwork whose expression levels cor -
relate with the prognosis of metastasis [79]. 
We also superimposed the gene-expression 
profile on the BIND (Biomolecular Inter-
action Network, http://bond.unleashed 
informatics.com/index.jsp) where protein-
protein interaction is combined with gene 
(DNA)-protein (transcription factor) in-
teraction, to identify the causative pathway 
for recurrence of the hepatocellular carci-
noma after surgery [80].  

Another promising approach is eQTL 
[81], which considers gene expression pro-
file one of the quantitative traits (pheno-
types) and applies the statistical genetics to 
explore the aberrations in genetic locus. 
The eQTL approach can relate gene ex-
pression profile to restricted number of 
causative genes. Besides the reverse engi -
neering, the CGI and eQTL, a lot of meth-
ods have been reported for systems pathol-
ogy approach to the diseases. The essen-
tially similar concepts like “cancer systems 
biology”[82] or “systems genetics of dis-
ease” [83] are proposed on the common 
understanding that only the integrative ap-
proach to diseases like systems pathology 
can fully exploit the disease omics.  

Network topological approach is also 
promising area of the systems pathology. 
Jeong [84] revealed that degree (number of 
connections of a node) of protein-protein 
interaction network follows “scale free” 
(power law) distribution which implies the 
hub-branch structure. Many network top -
ological studies have been conducted such 
as those on the disease networks or disease 
gene network [42]. We applied the moving 
stratification method to extract the subnet-
works within the specified degree range to 
find the densely connected middle-degreed 
layer (“backbone”) of protein-protein in-
teraction network (PPI), beside the well 
known hub-branch structure [85]. On this 
three-layered structure of PPI, we mapped 
the target proteins of FDA-approved drugs. 
It was found that they are mainly located in 
middle layer of PPI network (�Fig. 3). This 
result means hub nodes (high-degree pro-
teins) are not suitable for drug target be-
cause of possibility of broad side-effects. 
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However, middle layer proteins are appro-
priate for drug targets with less serious 
side-effects and higher effectiveness as 
backbone proteins. Topological analysis 
does not require the numerical informa-
tion of cellular network like a reaction coef-
ficient, so that it is more feasible to draw 
useful findings about the cellular network 
where quantitative information is difficult 
to obtain.  

Along with this line, what is equally im-
portant and have not been explored yet is 
the qualitative systems analysis and simu-
lation [86] of diseased pathway. Several 
qualitative methods have once been ex-
plored in relation to the common sense 
physical reasoning. As mentioned above, 
quantitative information is difficult to ob-
tain in the cellular network, whereas we 
have a lot of qualitative structural knowl -
edge about the signaling pathway and gene-
regulatory network. A new methodology 
would be expected to structurally or quali-
tatively analyze or predict the behavior of 
the disease pathway. 

5. Discussions  
and  Conclusion 
In this article, we described the essential 
features and development of the omics-
based medicine along with those of the in-
formatics used for it. In describing the de-
velopment of the omics-based medicine, 
we employed “three-generation paradigm”. 
Its first generation started with “genomic 
medicine” and then proceeded to the 
“(post-genomic) omics-based medicine” 
as the second generation, and finally ar-

rived at “omics-based systems medicine” as 
the third generation which is currently still 
in its beginning and is expected for future 
development  

This three-generation paradigm would 
be a quite suitable concept for revealing the 
intrinsic development of omics-based 
medicine. Based on this paradigm, the typi-
cal informatics method used in each gener-
ation is clearly classified: classical statistics 
(statistical genetics) for the first generation 
was succeeded by the data-driven approach 
like machine learning, data-mining or ex-
ploratory statistics, which was eventually 
replaced by model (hypothesis)-driven ap-
proach.  

Another advantage of this three-gener-
ation paradigm is that it provides the uni-
fied platform which can treat three con-
cepts of molecular medicine inclusively: 1) 
“genomic medicine” aiming to realize the 
personalized medicine based on the inborn 
difference of genome, 2) “(post-genomic) 
omics-based medicine” aiming to realize 
the predictive medicine based on the gene 
expression profiles and protein mass spec-
tra which vary depending on the states of 
the disease, and 3) “systems medicine” aim-
ing to realize the wholistic understanding 
of disease based on the knowledge of cellu-
lar pathway and its alternations by diseases 
(�Table 2). 

Although we rather overemphasized the 
newly acquired features of each generation, 
it should be noted that, in the actual medi-
cal activity, the subsequent generation in-
volves that of the preceding generation. For 
example, the second generation of omics-
based medicine involves the personalized 
care in genomic medicine. Hence, systems 

medicine of the third generation is most 
comprehensive medicine involving the per-
sonalized and predictive care. 

Disease is generally considered as a 
“complex system” in the sense that it is a 
hierarchically organized, self-sustainable, 
dynamical system which evolves on its own 
law. We have discussed several intrinsic 
 features of disease as a dynamical complex 
system, such as self-sustainability of hyper-
tension by bidirectional causality, evolu -
tionary dynamics of HIV, cancer clone ex-
pansion, cancer metastasis (EMT) as sys-
tems phase transition, possibility of quali-
tative causal reasoning of disease dynamics, 
and topological location of drug target in 
the protein interaction network.  

It would be expected that quite different 
view of the disease will emerge under the 
light of systems approach to it. However, 
systems approach to disease is theoretically 
in its beginning and much to be done in the 
future.  

On the contrary, in practical application 
of system concept of disease, a number of 
informatics methods are now proposed 
and applied for the reverse engineering to 
estimate the cellular diseased network from 
omics data.  

In conclusion, pathway-based under-
standing of disease, which we call the sys-
tems pathology, is the most promising 
framework to fully exploit the information 
contents of disease omics and compre -
hensively recognize the disease process. To-
gether with its precedent generations, we 
could expect the omics-based systems 
medicine substantially revolutionize cur-
rent medical care to make it more per -
sonalized and predictive.  
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hGeneration Name  Main information Main goal Informatics approach Methods 

1st Genomic medicine Mutations and polymor-
phisms of genome of  
germ line cells 

Personalized (tailor-made) 
medicine 

(Genetically) statistical Statistical genetics, 
 pharmacogenetics, 
 pharmacogenomics 

2nd (Post-genomic) omics-
based medicine 

Comprehensive molecular 
profiles of somatic cells 

Predictive and preventive 
medicine 

Data-driven Data-mining, machine 
learning, exploratory 
 statistics 

3rd (Omics-based)  
systems medicine 

Molecular pathways and 
networks and its alter-
nation by diseases 

Comprehensive (person-
alized, predictive, preven-
tive) medicine 

Model-driven System identification,(re-
verse engineering), system 
simulation, system design

Table 2 Features of the three genera tions of omics-based medicine 
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