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What i1s Bioinformatics

BBroad Definition

A The study of how information technologies are
used to solve problems in biology

BNarrow Definition

d The creation and management of biological
databases in support of genomic sequences

BOxford English Dictionary
(proposed)

d Conceptualizing biology in terms of molecules and
applying information techniques to understand
and organize the information associated with these
molecules, on alarge scale
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Aims of Bioinformatics

Bl Simplest

dOrganize data in a way that allows researchers
to access information and submit new entries
as they are produced

H Higher

d Develop tools and resources that aid in the
analysis of data

B Advanced

dUse these tools to analyze the dataand
Interpret the results in a biologically meaning
manner
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Subjects of Bioinfromatics

Data Sour ce

Data Size

Topics

Raw DNA sequence

8.2 million sequences
(9.5 billion bases)

Separating regions
Gene product prediction

Protein sequence

300,000 sequences (~300 amino
acids each)

Sequence comparison,
alignments, identification

M acr omolecular

13,000 structures (~1,000
atomic coor dinates each)

Structure prediction, 3D
alignment Protein geometry

structure
measur ements
Genomes 40 complete genomes Molecular simulations
(1.6 million — 3 billion bases Phylogenetic analysis
each) Genomic-scale censuses
Linkage analysis
Geneexpression ~20 time point measur ements Clustering, correlating
for ~6,000 genes patterns, mapping data to
sequence, structural and
biochemical data
Literature 11 million citations Digital libraries Knowledge

databases

M etabolic pathways

Pathway simulations

Univerdity at Buffalo The Sate University of New York

C3CE@

el



DNA the molecule of life .

Trillions of cells

Each cell:
46 human

chromosomes ﬁ

2 meters of
DNA (
3 billion DNA '\ 1

subunits (the
bases: A, T, C, G)

Approximately
30,000 genes
code for proteins
that perform most
life functions

Figure taken from http://www.oml.gov/hgmis
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DNA Microarray Experiments

excitation scanning
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PCR product amplification
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overlay images and normalise

S e

Hybridise target
to microarray l

analysis

http://www.ipam.ucla.edu/programs/fg2000/fgt_speed7.ppt
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Gene Expression Data

A B | ¢ D E | F | G | H
sample1  reference sample 2 reference 1 07605 -1.11968) 161092 001725 -0.91658) 039625 -D.50644 0223919
[2 | 122081 -OBIDBA, -14015 0408471 -0.32483) -0.40B45 OEE7481 09933
+ S ‘ NREN [ 3| 065037 093968 -1.87056 -1.75382 0985 028842 037445 1216714
[4 | -0.91754) -1.90086) -1.66162 -1.07273 -0.54844| 0.243838| 0064647 -0.22084
|5 | 003953 107316 20859 0312404 082085 -DB3B4| 074902 032529
|6 | -1.42209 0214419 130109 020728 -0.42058) -0.95167 -0.BE251 -184193
[ 7| -0.5303 1209095 -1.23953 0355066 -0.5467| -0.50250) -0.31395 -0.57044
|8 | 078512 071537 -10B43 -0.00374 -088283| -0.37029) -0.42753 (593289
[9| -0.47879) -1.02277 -1.01239 -0.33202 0.33503| 0882159 0979181 -0.2768
[10] -0.72898| -0.64282) -1.04118 0.13236| -0.18425| -0.17339| 0.524335 -0.97261
|11 -1.54334 -0.O09BB -123333 0801135 035393 -0.0496 0422014 -1.30041
[12] 0734163 0.336594) -1.74651 0.177696 -0.36607| -1.01617| -0.91572 0285304
| 13| -0.08299 -103067 -156255 -0.3963 0.020534| -D,00045 063036 070778
ifel Lals] [14| 0.75259| 0.88778| -1.20852 0.703398 0.79132) -1.07037| 0267377 -0.10077
looeen i [16 D11 0130088 -1 16391 -01ADSE -1 10368 -1 23961 -092942 () AD3BG4
laanae [15| -1.50545 -0.22578 0.446751 -1.05506 -1.52191| -1.15962) -1.14207 -1.33665
| |17 | -1.88455 -0.19B05 DE22872 134748 109371 -D.4543 054814 -1.05605
[18] 071679 -0.97629 095762 0964454 0.420057| 0.314381) 07907 -0.43584
[19] -0.15942) -0.59916 -1.86775 1519711 0.420999| 0167825 0.447172 -0.46267
mitroanay |20 -0B5254 0467307 -0.11772 138083 (.060B| 0.214798) 0317073 06338
[21] 0.126219 -0B7144) -1.40036 0776659 -184147| -0.20126| -0.79696 056284
[22] -1.03492) 0206928 -1.16701 0951558 -0.94569| -0.94715) -0.57483 -0.83308
|23| 088773 08205 -1.18472 0869415 042327 039738 026231 -138634
[24] 01957 -0.727 -1.27685| 0266671 -0.05476| -0.2753| -0.30622 06208
[25] -1.26151) 0630099 -0.16565 0127351 0.021867| 0.022302| 0.12727 075273
e 4 |25 09317 059283 070058 054885 0,244 -003328) 0003402 096184
X Foor [27 | -1.0008B| -0.79028) -1.00607 -0.04573 -0.24725 -0.12933 -DODY6 070748
I 12 13 |28 000831 -1.49009 -15084 -0.07404 -0.02446) D.068175) 0217438 0411357
¥ ! 3 |29 | 0328348 -0E2071 -181574 -0.20051 072874 -0.74451 -0.28102 0400385
W G e ) |30 069745 0.059834 -0.47114 O.B31B06 0.208612 016735 0.506605 -0.19187
tH | r } P 31| 061731 095206 -0.65578 0.919952 0129399 007423 0.645191 011715
Dl ; , [32| -1.11754 1.088884) 0351571 -0.1779 086105 -089208 028012 080815
a X, N R [33] -0.4B69% -1.18017) -1.16216 0.215408 0.104611| 0.42643) 0768182 -0.60385
“+3] TRk LS |34 -1.60415 -0.45408) 036539 0206911 -0.03672| 0.021101) 0691408 -1.03612
P ; : |35 044974 -1.17055 -125839 -0.23573 0.188901  0.03BB02 0788574 02853
. : : [36| 05399 0.993603 044663 -0.20089 -1.1892| -1.19608| -1.36657 03804
: : |37 0.180332) 0.193094) -0.14022 -0,39450 -0.96483| -0.71266| -0.54127 0056965
tanget samples |38 0031928 -021BE2 108205 (013115 072443 -0B2681  -0.84847 0709053
[39] 1.346822) 0.313961) -1.21197| -0.62669 -1.07646| -1.08814| -1.34569 0736034
[40] 0.350505| -1.2221| -1.43624| 0394193 -0.09287| -0.24353| 0203362 0534564
|41 -1.52892 0.159885) -0.26768 1253434 (0.627216| 0777085 1095608 -136229
[42] -1.28297 -1.01468) -0.49656 2444438 -0.25267| -063069| 0.04216 -0.10562
[43] 10545 -0.10843) 0376249 0125520 -0.44340| -0.03025| 0263266  -0.4077

Gene Expression Data Matrix

» Each row representsa geneG,; ;
* Each column represents an experiment condition S ;
* Each cell X;; isareal valuerepresenting the gene expression level of

gene G; under condition S;;

Xij > 0: over expressed
* Xj; < 0: under expressed

* A time-series gene expression data matrix typically contains O(103)
genes and O(10) time points.
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Gene Expression Data

sample 1 sample 2

sample 3

genes

samples

- two-way analysis
« sample space

* gene space

-(:é Univerdity at Buffalo The Sate University of New York

e asymmetric dimensionality

* 10 ~ 100 sample / condition
* 1000 ~ 10000 gene
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Microarray Data Analysis

» Analysis from two angles
» sample as object, gene as attribute
* gene as object, sample/condition as attribute
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Challenges of Gene Data

Analysis (1

B Gene space: Automatically identify clusters of genes
which express similar patterns in the data set
JRobust to huge amount of noise
J Effective to handle the highly intersected clusters

A Potential to visualize the clustering results
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Co-expressed Genes

Gene Expression Data Matrix Gene Expression Patterns

A | B | ¢ | b | E | F | & | H
0.2bg50) 111968 -1 61092 001726 091858 039625 -D.50644) 0.223919
22061 -OBI0GE. 14015 0406471 032483 -040B45 D741 -0.99353
DGAIET -DO30RD 167056 17532 0685 028842 037445 12T e
03764 100086 -1BE162 -107273 D.54R44 0243656 0.0G4647 -0.22084
0030950 107316 20850 0312404 -0E20E5 G364 074002 -0.32929
442208 0214419 130109 020726 042058 095167 -D.85251 -1.B4153
015303 1209095 123959 0355066 -O54F7 GO0 -D.31305 57044
075512 07153 10849 000574 DRAZA3 037029 -D.42753 0533289
Q47679 102277 01239 03A202) 03303 0EE2150) 0579181 -0.2768
072666 0R42E2 04118 013236 018425 017330 052433 -0.97261
454334 0B0956 123333 0B01I3E 035383 00496 0422014 -1.39041
0734163 0336604 174650 0177606 -0L3BE07 101617 -D.91572 0.285304

1
1
1

00829 -10%087 156255 03983 0026534 000045 063836 070778
075209 088778 -1.20852 0703398 079132 -1.07037 0257377 010077
081 0130058 116391 015098 -1.10368 -1.23961 092942 0503864
150545 0.20578 DAMETE) 108506 152191 115062 114207 -1 3085
188456 019605 0822872 134748 109971 04543 054614 -1 05905
071679 097829 D972 0964454 0420057 0314381 07907 DA%
01592 05915 16775 1819711 0.429999 0.167825 0447172 DAB287
065254 0467307 011772 1380363 D606 0214798 0317073 06393
0126219 08714 14003 0775663 184147 020126 079696 D50284
1.03492 0206903 116701 0951558 084569 094716 057483 08338
088779 08095 118472 0869415 042977 0378 026231 130634
06197 0707 -1.27885 025871 005476 02753 030622 082088
126181 0630099 016568 0127351 Q021897 0022302 012727 075273
09317 D589 D706 G405 0244 DOFEE 0003407 096184
100086 079008 -100E07 -D04573 024736 01938 00095 070748
009631 148009 16084 007404 002446 0088175 0217438 0411367
0326346 062071 181974 020051 072674 074451 028102 0.40035
069746 006983 047114 0831606 0.208512 016735 0508605 -0.18187
061731 035205 DEEE78 0919952 (0129988 007473 0646191 011715
111754 1086664 0351671 01779 0EEI0S 039209 028012 080815
04669 -1.18017 196218 0215408 0104611 (0.42643 0768182 0603
168415 046408 038639 0288911 003672 0.021101 0691408 -1.03612
044974 117955 -1.26639 023573 0168901 D.03BBO2 0708574 02853 :
e o s omen e o i om VWY lOOKING for co-expressed genes?
0180832 019389 014022 -039453 086483 071266 054127 005695 3 ] ] . g
003198 021852 106205 013115 072443 052681 084647 0709053 _ NCC _ .
1346822 0313961 121197 062639 107646 -1.08914 -1.34569 0.736034 /2 Co expron Indicates co funCtlon,
0305 12201 143524 0394193 008087 024363 0203362 0534584 . . . .
-\BP92 0158388 028768 126334 0627216 0777985 1.085598 -1.36229 374 CO-eXpr on aISO Indlcates CO-regl,IIathn_
128297 101463, 049656 244443 025067 05369 004216 010582
10645 010843 037648 0125929 044348 D036 0263266 04077

S0 S PSR P O PIEY PR P Y PP PEY R FIEY PR Y Y P Y Y Y PN ) Y N R ) ) R R R R R U —
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Challenges of Gene Data Analysis (2)

B Sample space: unsupervised sample clustering
presentsinteresting but also very challenging
problems

—The sample space and gene space are of very different
dimensionality (10! ~ 102 samples versus 10° ~10%
genes).

—High percentage of irrelevant or redundant genes.

—People usually have little knowledge about how to
construct an informative gene space.
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Sample Clustering

B Gene expression data cluster| ng
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Microarray Data Analysis

Microaray Data
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Our Approaches

B Density-based approach: recognizes a dense area
asa cluster, and organizesthe cluster structure of
a data set into a hierarchical tree.

dcaculate the density of each data object based on its
neighboring data distribution.

dconstruct the " attraction” relationship between data
objects accor ding to object density.

dorganizethe attraction relationship into the
"attraction tree" .

dsummarizethe attraction tree by a hierarchical
"dengity tree".
dderiveclustersfrom density tree.
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Our Approaches (2)

H Interrelated dimensional clustering --
automatically perform two tasks:

B detection of meaningful sample patterns

Bl sclection of those significant genes of
empirical pattern
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Our Approaches (3)

Bl Visualization tool: offers insightful TreeView
iInformation

Hl Detects the structure of dataset
B Three Aspects

Q Explorative
A Confirmative
 Representative

B Microarray Analysis Status
d Numerical methods dominant

A Visualization serve graphical presentations of major
clustering methods

4 Visualization applied
QGlobal visualization (TreeView)
QSammon’s mapping

-(é Univerdity at Buffalo The Sate University of New York



VizStruct Architecture

| gene .
Explorative ! HH p!
Visualization' ﬁ_ SAM FFHP B OC1 :
i 4 g i
A (LT T T T 1] | L
- = ' Informative Visual Classifier
, Gene Selection Classification Evaluation
______________________ Presentaton @~
Visualization

I Tl s o, e feet s
o FHP . *-'_;-.,'. i W A
& " — ?‘:‘f cese !
& o A
M

Confirmative
Visualization

B Explorative Visualization — Sample space
B Confirmative Visualization — Gene space
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Vi1zStruct - Dimension Tour

 Interactively adjust dimension parameters
O Manually or automatically
d May cause false clusters to break

 Create dynamic visualization

—————————————————————————————————————————————————————————————————————————————————————————————
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Visuaized Results for a Time Series Data Set
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Elements of Clustering

B Feature Selection. Select properly the features on which
clustering isto be performed.

B Clustering Algorithm.
A Criteria (e.g. object function)

d Proximity Measure (e.g. Euclidean distance, Pear son
correlation coefficient )

B Cluster Validation. The assessment of clustering results.

B |nterpretation of the results.

.cse@[)%é[a’
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Supervised Analysis

Select training samples (hold out...)

Sort genes (t-test, ranking...)

Select informative genes (top 50 ~ 200)

Cluster or classification based on infor mative genes

D000

Class 1 Class 2
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Unsupervised Analysis

Bl Microarray data analysis methods can be divided into two
categories. supervised/unsupervised analysis.

B Wewill focus on unsupervised sample classification which
assume no member ship information being assigned to any
sample.

QA Sincetheinitial biological identification of sample classes
has been slow, typically evolving through year s of
hypothesis-driven research, automatically discovering
sample pattern presentsa significant contribution in
microarray data analysis.

Q Unsupervised sample classification is much mor e complex
than supervised manner. Many mature statistic methods

such ast-test, Z-score, and Markov filter can not be applied
without the phenotypes of samples known in advance.

.cse@[;%wr
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Problem Statement

d Given adatamatrix M in which the number of
samples and thevolume of genesarein
different order of magnitude (|G|>>| S|) and the
number of sample categoriesK.

d Thegoal istofind K mutually exclusive groups
of the samples matching their empirical types,
thusto discover their meaningful pattern and
to find the set of genes which manifeststhe
meaningful pattern.
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Problem Statement

sanples—- R 2 8 4556 7

gene,

- -
X

% .cse@/)/%&(a’
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Problem Statement (2)

samples— R 28 456 78 9 10
. { gene, [
|nformative

Genes gene, '
gene, '
" gene,
Non-
informative y -
oo | g UL
N -1 I g w— L
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Related Wor k

] New tools using traditional methods :

TreeView e SOM
CLUTO <
aIT -means
CNIO  Hierarchical clustering
GeneSpring  Graph based clustering
J-Express
« PCA
CLUSFAVOR

J Ther similarity measures based on full gene
space are interfered by high percentage of noise.
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Related Work (2)

d Clustering with feature selection:
(CLIFF, leaf ordering, two-way ordering)

1. Filtering the invarient genes

« Bayes model
 Rank variance
« PCA

2. Partition the samples
 Ncut

e Min-Max Cut

3. Pruning genes based on the partition
o Markov blanket filter
e T-tedt
o Leaf ordering

-[é Univerdity at Buffalo The Sate University of New York
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Related Work (3)

J Subspace clustering :
v'Bi-clustering
v d-clustering

-(é .cse@/)%@a/a’
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| ntra-patter n-steadiness

We require each genes show either all “on” or all “ off” within each
sample class.

dVariance of asingle gene:

Var (i,y) = 1 é. (w; ;- VTi,Sy)Z
-1 s,

S

y

J Average row variance:
1 o .
R(x,y)=——=a Var (i,y)
G,|ic,

] 1)Ia a (Wi,j - W, s )2-

2 - y
I G, jI S

G, (s,

.cse@[)%éda’
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| ntra-patter n-consistency(2)

51 52 53 54 55 5B Measure- | Data(A) Data(B)
gl 78 40 70 35 70 45 ment
g2 58 0 50 15 50 95 -
g3| 48 10 40 5 41 16 resdue 0.1975 0.4506
a0 ®
ol * —— , M SR 0.0494 0.4012
— —* * —— .
40 4
0 T, ARV* 339.0667 | 5.3000
- 51 52 53 5d s5 =B
gl 70 71 72 70 57 B
g2| 50 53 57 51 47 49
g3l 20 75 73 70 17 19

.cse@[)%&/a’
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| nter-patter n-diver gence

L “s_~~—""""1 0 Inour model, both
i M “inter-pattern-
—_ ] steadiness' and intra-

iant pattern-dissimilarity"

LT on the samegeneare
14i refl&tw.

JAverage block distance;

D(x,(y,y')) =%
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Pattern Quality

dThepurpose of pattern discovery isto identify
the empirical pattern wherethe patterns
Inside each class are steady and the divergence
between each pair of classesislarge.

1

3 JR(X, y1) + R(X, ¥,)
1% DX, (Y1, Y,))

W =

.cse@[)%éda’
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Pattern Quality (2)

Data(A)

Data(B)

Data(C)

Con

4.25

3.44

4.52

Div

41.60

25.20

46.16

14.2687

9.6074

15.3526

70
]
3n
10
51 52 53 54 55 56 s7 s8 59 s10
—e—ql| 70 71 72 70 B7 25 24 25 7 28
—e—q2 | B0 B3 62 51 a7 20 21 23 19 21
——qg3| 20 25 23 20 17 ] G4 =X 51 B2
(B)
70
a0
30
10
51 52 53 sd =5 56 s7 58 sd s10
——qg1| 70 71 72 70 67 25 24 26 2 28
——qg2 | EO B3 B2 51 a7 20 21 23 19 M
——qg3| 20 25 23 20 17 G0 G4 E3 51 B2
—a—qd | 40 44 42 42 M 43 40 43 42 40
—a—pgh| 39 36 39 36 39 36 39 36 37 36
(€)
70 4
a0 4
30
10 * 4 e &
51 52 53 sd 55 5] s7 55 59 s10
——qg1| 70 71 72 70 B7 25 24 26 ko 28
——0g2| BO B3 B2 51 a7 20 21 23 19 el
——qg3| 20 25 23 20 17 G0 G4 B3 B1 g2
—a—5 | B0 64 62 65 B0 11 11 12 1 10
——qg/ | 19 20 18 20 20 7 71 3 79 71
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The Problem

H Input

1. m samples each measured by n-dimensional genes

2.the number of sample categories K

B Output

A K partition of samples (empirical pattern) and a
subset of genes (infor mative space) that the pattern
guality of the partition projected on the gene subset

reachesthe highest.

.cse@/)%é(a’
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candidate of the infor mative space.

Basic elements:

Qd A state:
O A partition of samples{S,;,S,,...S}
O Asetof genesG'l G
Q The corresponding pattern quality W

Q An adjustment
OForagene | G,insertintoG’
OForagene 1 G,removefromG

O Forasample ingroup S’, moveto other group

Q «

|
Si

-(é Univerdity at Buffalo The Sate University of New York

Startswith arandom K-partition of samples and a subset of genesasthe

|ter atively adjust the partition and the gene set toward the optimal solution.
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Strategy (2)

M iteratively adjust the partition and the gene set
toward the optimal pattern.

dfor each gene, try possible insert/remove
dfor each sample, try best movement.

il

.cse@[)%&/a’
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| mprovement

(] Data Standardization

0 theoriginal geneintensity values—>relative values
W . - W om

W, = e AR \/a_1<w, W)’
I ] S. W =——""—

1 Random order
 Conduct negative action with a probability
 Stimulated annealing

_ DW i 1
p—exp(W, T(i)) TO)=LT(i)= T
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Experimental Results

H Data Sets:
d Multiple-scler osis data
OMSIFN : 4132* 28(14 MS vs. 141FN)
OMSCON:4132* 30 (15MS vs. 15 Control)
d Leukemia data
Q7129* 38 (27 ALL vs. 11 AML)
Q7129* 34 (20 ALL vs. 14 AML)
d Colon Cancer data
Q2000 * 62 (22 normal vs. 40 tumor colon tissue)
A Hereditary breast cancer data
Q3226* 22 ( 7BRCAL, 8 BRCA2, 7 Sporadics)
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Experimental Results (2)

Multiple-sclerosis data

1.0000
0.8000+
0.6000-
0.4000-
0.2000+
0.0000 CLUSFAVO
CNIO CIT R Cluto J-Express Delta EPD*
EMS_IFN 0.4815 0.4841 0.5238 0.4815 0.4815 0.4894 0.8052
MS _CON| 0.4920 0.4851 0.5402 0.4828 0.4851 0.4851 0.6230
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Interrelated Dimensional Clustering

(A) (B) (C) (D)

The approach is applied on classifying multiple-sclerosis patients and IFN-drug
treated patients.

Q (A) Shows the original 28 samples' distribution. Each point represents a
sample, which is a mapping from the sample's 4132 genes intensity
vectors.

Q (B) Shows 28 samples' distribution on 2015 genes.
Q (C) Shows 28 samples' distribution on 312 genes.
Q

(D) Shows the same 28 samples distribution after using our approach. We
reduce 4132 genes to 96 genes.
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Experimental Results (3)

Leukemia data

1.0000- -
0.8000+
0.6000+
0.4000+
0.2000+
0.0000
CNIO CIT CL%SF':AV Cluto J-Express Delta EPD*
oGl 0.6017 0.6586 0.5092 0.5775 0.5092 0.5007 0.9761
mG2| 0.4920 0.4920 0.4920 0.4866 0.4965 0.4538 0.7086
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Experimental Results (4)

Colon & Breast data

1.0000
0.8000-
0.6000+
0.4000-
0.2000+
0-0000 CLUSFAVO
CNIO CIT R Cluto J-Express Delta EPD*
1 Colon 0.4939 0.5844 0.5844 0.5974 0.4415 0.4796 0.6293
Brest 0.4112 0.5844 0.5844 0.6364 0.4112 0.4719 0.8638
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Applications

B Gene Function

[ Co-expressed genesin the same cluster tend to share common rolesin
cellular processes and genes of unrelated sequence but similar function
cluster tightly together.

Q Similar tendency was observed in both yeast data and human data.

B Gene Regulation

[ By searching for common DNA sequences at the promoter regions of
geneswithin the same cluster, regulatory motifs specific to each gene
cluster areidentified.

B Cancer Prediction

B Normal vs. Tumor Tissue Classification
B Drug Treatment Evaluation

..
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B \Ve have developed advanced approaches
for gene expression data analysis which
wor k mor e effectively than traditional
analysis approaches

B Thisresearch areaisexciting and
challenging. Therearealot of interesting
I esear ch I1ssues.
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