ool sl A A|353 A23(20024 5%)

= A Korean J Prev Med 2002;35(2):83-91
= ~ie
A A B skal 87 A e] st
o o017 TRl L
153
Agigta o) Heet ool gtmd
~
Bioinformatics and Genomic Medicine
Ju Han Kim
Department of Preventive Medicine, Seoul National University College of Medicine
Bioinformatics is a rapidly emerging field of biomedical research.  emphasizing recent advances in biochip-based functional
A flood of large-scale genomic and postgenomic data means that  genomics and proteomics. Basic data preprocessing with
many of the challenges in biomedical research are now challenges  normalization, primary pattern analysis, and machine learning
in computational sciences. Clinical informatics has long developed  algorithms will be presented. Use of integrated biochip informatics
methodologies to improve biomedical research and clinical care by  technologies, text mining of factual and literature databases, and
integrating experimental and clinical information systems. The  integrated management of biomolecular databases will be
informatics revolutions both in bioinformatics and clinical  discussed. Each step will be given with real examples in the
informatics will eventually change the current practice of medicine,  context of clinical relevance. Issues of linking molecular genotype
including diagnostics, therapeutics, and prognostics. and clinical phenotype information will be discussed.
Postgenome informatics, powered by high throughput
technologies and genomic-scale databases, is likely to transform . i
our biomedical understanding forever much the same way that Korean J Prev Med 2002,35(2):83-91
biochemistry did a generation ago. The paper describes how these ~ ———re—— . . . .
technologies will impact biomedical research and clinical care, Key Words: onmfor.matic.s, Genomics, Proteomics, Medical
informatics, Microarray
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Figure 2. Measuring minimum editing distance by dynamic programming. Among
the 3 possible pathways from upper (deletion), left (insertion), and
upper-left (match or mutation) cells to each cell, D(i,j), only the optimum
paths are marked. For example, although there are 3 possible paths to
the cell defined by B and B, only the diagonal path for match or
mutation was selected, the score of which is 0 because B and B are the
same characters (i.e., they are matched). The score for the cell defined
by B and | can be 1 with insertion from the left cell with score 0, 2 with
mutation from the upper-left cell with score 1, or 3 with deletion from the
upper cell with score 2. Just repeating the steps will fill up the whole
table and reveal the two paths for global match with score 2.
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Table 1. Genomic sequences with the genes of known and unknown functions
(From Church et al., 1997 Science 277:1433)

Organism #Genes % Unknown Function

S cerevisiae 6034 49%
E coli 4288 38%
B subtilus 4000 42%
Synechocystis sp. 3168 56%
A fulgidus 2471 52%
H influenzae 1740 42%
M thermoautotrophicum 1855 56%
H pylori 1590 43%
M jannaschii 1692 54%
B burgdorgeri 863 42%
M pneumoniae 677 51%
M genitalium 470 31%
Total 28848 47%
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Figure 3. A strategy for functional genomics with biochip informatics.
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Figure 5. Clustering expression profiles by Relevance Networks (from Butt &

Kohane, 2000)
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Figure 6. Partitional clustering of yeast cell division cycle data by Self-Organizing
Maps(SOM). (From Tamayo et al., 2000)
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