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Overview

e Brief Introduction to Mol Bio, Mass Spec and
Gene Arrays

e Motivation for Present Analysis
e Pattern-based meta-classifier
e Case studies

— Prostate CA from mass spec data
— FL/DLBCL Gene Array data
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HUMAN CHROMDSDMES

4 3

R A

Centromere

Chromatid

The human haploid genome contains 3,000,000,000 DNA nucleotide pairs,
divided among twenty two (22) pairs of autosomes and one pair of sex chromosomes.

A chromosome is formed from a single DNA molecule that contains many .

A chromosomal DNA molecule contains three specific nucleotide sequences which are

required for replication: a DNA replication origin; a centromere to attach the DNASto the
.; aitelomere located at each end of the linear chromosome.

Bases: Purines and Pyrimidines
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the geneti< ¢ The third base In
ple, each amino b The second base the codon is found
id is coded for is at the top of along the right
y three mRNA 2nd = the chart. side of the chart.
ases arrangéad 1st
a specific
bquence. + U C A G
U Phenylalanine | Serine Tyrosine Cysteine u
Phenylalanine | Serine Tyrosine Cysteine C
Leucine Serine Stop Stop i
Leucine Serine Stopr Tryptophan C
The first base P L -
in a codon is c Leucine Proline Hist!d!ne Arg!n!na U
found along the Leucine Proline Histidine Arginine C
laft side of the Leucine Proline Glutamine Arginine A
chart. Leucine Proline Glutamine Arginine G
A Iselpurine Threonine Asparagine Serine u
Isoleucine Threonine Asparagine Serine C
Isoleucine Threonine Lysine Arginine A
Methionine Threonine Lysine Arginine G
G Valine Alanine Aspartic acid | Glycine u
Valine Alanine Aspartic acid | Glycine C
valine Alanine Glutamic acid | Glycine A
Valine Alanine Glutamic acid | Glycine G

Working copy of gene

i

Enzymes cut out introns

and splice exons together. %

Molecule used to make a protein

All of the code contained in the m RNA molecule is not needed to produce
the proteins. The sections of m RNA which do not code for proteins are called
introns. As the mMRNA readies itself to leave the nucleus, enzymes cut out and
remove the introns. The remaining exons are spliced back together again by
a different enzyme. This modified mRNA is what comes to the ribosome to

be translated into polypeptides.
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Codon Codon Codon Codon Codon Codon Codon
aa, aa, aa, aa, aa;  aag aa;

Ribosome: Takes in m-RNA, read it from 5’ to 3’ end in codon units

(1 codon = 3 bps) and attaches the appropriate t-RNA so that the correct amino
acid is placed in the growing polypeptide chain The process terminates at stop
codon on mRNA and the newly completed polypeptide is released from ritiosome.
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Introduction to Gene Arrays and
Mass Spectrometry

PCR : Polymerase Chain Reaction
30 - 40 cycles of 3 steps :

‘ {lﬂ‘ﬂb'ﬂ" ‘““"M‘ m _ Step 1 : denaturation|

‘ 1 minut 94 °C
T

II ¥ Step 2 : annealing i
M

s T T
|
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§ % 45 seconds 54 °C
§ 3 ,
R 3
3 WW 1 ¥ W forward and reverse
! s primers 1!

l 3 Step 3 : extension ’
TN

/
o 2 minutes 72 °C
=3 . only dNTP's

T : - '
¥ gy | }
‘ l l l 5 (Andy Vierstracie 1999)
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DNA microarray maling
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Analysis

Non significant gene expression
Cy3/CySratio »>05and <2

Cy3 intensity

—
M“Hﬁ

Cy3 intensity

e Detailed Protocols:

e Animation of
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Affymetrix Chips

An Alternative is to synthesize the DNA directly onto the matrix

Actual size of GeneChip™

Millions of DNA strands built up in each cell

500,000 cells on each GeneChip~ array
Actual strand = 25 base pairs

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Shining a laser light at GeneChip causes tagged DNA fragments that hybridized to glow

Hybridized DNA

Analysis of Chip data

e Free downloads of many analysis tools

e Genes@work:

e Broad Institute (MIT)

e Other Useful Sites to browse:
e NCBI;

e Entrez Genome:

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 10
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Mass Spec
WCKE protein chip
L= bl W A i
e— g ) § :
m'—. 0 Tave : £ oy
 _,<<’ % ' s % OL_LL.UJ-:.;. i

B

SELDI-TOF (Surface Enhanced Laser Desorption lonization - Time of Flight) :

Robotic sample dispenser applies 1 yL serum to surface of protein-binding chip. Subset
of proteins bind to chip surface. Bound proteins treated with a MALDI (Matrix-Assisted
Laser-Desorption lonization) matrix, washed and dried. Chip inserted into a vacuum
chamber and irradiated with a laser. Laser desorbs adherent proteins, which are
launched as ions. ‘Time of flight' (TOF) is a measure of m/z.

WCX2 (weak cation-exchange surface)

Motivation for Present Analysis

e Promise of Gene Chips and Mass
Spec not translated to treatement

e No consensus on method, lack of
robustness, not accepted by medical
community

e NEED FOR ROBUST PREDICTION

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 11
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Prostate cancer

Prostate cancer accounts for over 25% of
all cancers in men (395,000 new cases/year)

e Risk increases with age

e Increased incidence since 80's (probably
from increased use of PSA screening)

e Screening role is controversial

: : The Stages of
Diagnosis Prostate Cancer

Low risk : Minimal disease, stage T1c st

. age Tlc
or limited T2a (tumor covers < 1/2 of : The fimn
onelobe), Gleason score below 7 and can't be felt
PSA < 10 ng/mL e W/ . byDRE

Medium risk: Stage T2b (tumor can LR eTAR _ Stage T2a

be felt on both sides of prostate but no W — Tumlout: involves
evidence of spread), Gleason score =7, : : Dsft\e 0 '?z )
10 ng/mL < PSA < 20 ng/mL : ageT.

K Tumour involves

- both lobes

High risk: Spread to surrounding ~ Stage T3-T4
tissue - Stage T3 or Gleason score> 7 [REEEY g’ T
or PSA level > 20 ng/mL =N\ = spread to

Gy surrounding
A tissue

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Cancer is a Proteomic Disease
Should be Visible in Serum Protein

CA cell interacts with
tissue microenvironment

Genetic mutations modify
pathways to create
survival advantage for cell

Tumor growth, invasion,
angiogenesis pathways
are modified

Pathogenic pathways
extend to tumor / host
interface

| Cytosmstal ind parsced dar mar smodsing.
| aotn polymarzation and myos: contRoton,
e e, y
Motility

What is the promise of proteomics?

Early detection

Accurate staging

Increased survival/cure rates
Avoid surgery, morbidity

Protein pathways may suggest better HT,
markers other than PSA and perhaps lead to
individualized therapy

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 13
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Data preprocessing

Input data Creating training and test data
Normalization

Noise estimation

/\

Robust feature selection Biology-based feature
Filtering selection
Support set selection Filtering

Support set selection

v ‘

IINDIVIDUAL CLASSIFIERS |

Artificial Neural Support Vector | |Weighted k-Nearest Decision Trees | |Logistic
Networks Machines Voting System Neighbors (C4.5) Regression
(LAD)
Pattern data - - Raw data
(training) ¢ I Calibration I > (training)

IPrincipaI Components Iﬁ

IINTERMEDIATE CLASSIFIERS |

| < Validation
| META-CLASSIFIER I—) (test data)

|Classifier (Weighted Voting)

Patterns

Observed dataset Desired identification
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Patterns

Positive patterns Negative patterns

Pattern-based classification

Positive patterns Negative patterns

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 15
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Algorithm to extract spanned patterns — linear time in # of patterns

Level 1 Levelk Level N (Stop)
W W,

\L Final collection

Pattern data

Positive cases

/l

Unclassified cases

I | "EI!I!I}I!I!J

Negative cases

Training Test

++ ettt FF - P ko o o e
Patterns Patterns
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Case Study 1: Prostate CA

Data: MALDI-TOF/SELDI-TOF C16 Chipergen Biosystems
JNCI_Data_7_30_02  http://ncifdaproteomics.com/

Cases:
253 controls
69 prostate cancer

Features: 15,154 peptides

Data preprocessing

Data comes with baseline subtracted, peaks aligned

Randomly extract 2/1 training/test sets in both
phenotypes

X —mean(Xx)
stdev(x)

Normalize and smooth: e

Estimate Sample Noise as median of variances

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)

17



Accurate Diagnosis and Staging: Statistical Techniques to Distinguish Cancer Types from Protein
Mass Spec and Gene Array Data

Normalization and Smoothing

Raw spectrum

Intensity

Normalized spectrum Smoothed spectrum

Intensity

miz (Da)

Data reduction: Step 1

Univariate filtering (original data + 100 perturbed datasets)
signal-to-noise (top 25%)
F-test (p-value 0.001)

t-test (g-value 0.001)
Pearson correlation with ideal phenotype (top 25%)

Select only features that pass ALL tests

Leaves us with only 512 m/Z values

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Data reduction: Step 2

e Peptides with nearby m/Z values highly
correlated
e Binning
— bin label = average m/z
— bin intensity / sample = average intensity sample /
bin
— bin weight = # peptides in bin
e 39 data bins
— (22 m/Z < 2000 kDa & 17 m/Z > 2000 kDa)

Data reduction: Step 3

e Pattern-based selection
— Create large collections of patterns
— Sort m/Z bins by their frequency in patterns
— Iterate until # bins relatively small

— record weighted voting sensitivity/specificity at
each step

e Final support set has 11 bins

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Collection of

Representative
m/z

#mlz
values
included in
bin

Average intensity

Cancer | Non-cancer
cases

bins selected by the

1

0.4

10

filtering approach
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Examples of patterns in proteomic data

1.2

A Non-cancer
m Cancer

3473.308 ( Da)

m/z

0 0.2 0.4 0.6
m/z =1279.613 ( Da)

0.8 1
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Pattern data

Prostate cancer

Controls

Positive patterns Negative patterns

Training data

Individual classifiers

ANN, SVM, WV, KNN, CART, LR

Test data

Trained / calibrated (leave-one-out):
raw data
pattern data

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Artificial neural networks

Hidden layer

Input layer

Linear support vector machines

[ ]
. o [ ]
Find a maximum ° L% e
[ J
margin hyperplane in Positive

pattern space (Vapnik) Negative 4

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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k-Nearest neighbors

e Training data : samples in normalized peptide space

e Prediction for test data: The dominant class of the k-nearest
neighbors in Euclidean metric

Weighted voting

Pattern data:
— each pattern P is a voter

— weight = fraction of correctly classified cases
by the pattern

— each test case: compute sum of weights of
triggered positive patterns and negative
patterns

— classify by highest weight

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Logistic regression

e Dataset of two phenotypes (e.g., cancer vs. non-
cancer)

e Transform into logit space

e Find phenotype predictor as a linear combination
of data values in logit space

Insightful Miner

Decision trees / forests

e Find rules in training data:

— find root peptide which best classifies samples by
phenotype

— iterate on each branch to find two new peptides
which best split each branch by phenotype

— if necessary prune weak support nodes

e CART =Classification and Regression Trees (Entropy /
Gini)

e Many trees = forest

e Metaclassifier based on several forests with 50 trees

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 24
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Meta-classifier

weight =N*(Sp-50)*(Se-50)

Training Test
Classifier WeIght I tivity | Speafiaty | Sensitvity | Spedificty
(%) (%) (%) (%)
ANN 0.061 93.48 98.82 86.96 97.62
SVM (linear kernel) 0.000 50.00 98.82 65.22 96.43
Trained on raw SVM (quadratic kernel) 0.012 58.70 98.82 69.57 96.43
data KNN (k=5) 0.04 84.78 89.35 69.57 96.43
LOGISTIC_REGRESSION 0.072 100.00 100.00 82.61 94.05
CART (Entropy splitting index) 0.058 91.30 98.82 7391 91.67
CART (Gini splitting index) 0.053 86.96 100.00 78.26 94.05
Weighted voting (comprehensible pattern collection size] ~ 0.071 100.00 99.41 86.96 95.24
Weighted voting (medium pattern collection size) 0.071 100.00 99.41 86.96 96.43
Weighted voting (comprehensive pattern collection size)] ~ 0.069 100.00 97.63 86.96 98.81
ANN (comprehensible pattern collection size) 0.042 80.43 98.22 78.26 95.24
ANN (medium pattern collection size) 0.038 78.26 96.45 78.26 96.43
Trained on  JANN (comprehensive pattern collection size) 0.042 82.61 94.08 73.91 94.05
pattern data |SVM (linear kernel) 0.071 100.00 99.41 82.61 98.81
SVM (quadratic kernel) 0.071 100.00 99.41 82.61 98.81
KNN (k=5) 0.072 100.00 100.00 82.61 98.81
LOGISTIC_REGRESSION 0.069 100.00 97.63 86.96 88.10
CART (Entropy splitting index) 0.043 82.61 95.27 73.91 91.67
CART (Gini splitting index) 0.043 82.61 95.27 78.26 9167
META-CLASSIFIER 100.00 99.41 91.30 98.81

Classifiers trained on raw data

(4444
PrERERE
D)EEE)

Classifiers trained on pattern data

12 <
[Js<s

i

A

Meta-classifier
AAAAMAAAAALAALMAAAAMAAAMMAAMALMALMAMAAMALMAAMAAMAAMAMAMAAMAMAMAMAMAMAMAMAAMAMAMAMAMAMAMAMAMAMAAMAMAAMAAMAMAAAMMAAAMAMAAMAARB AAA

(o] 10 20 30 40 50 60 70 80 90

Non-cancer cases (test data)

Classifiers trained on raw data

TUEERRER IRy
INnHnnnnn

Cancer cases (test data)
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Classifiers trained on perturbed raw data
| ]

|

A

Q) prEED-E
EEp>
> EDD>
EEEED-u

lassifiers trained on perturbed pattern data

L4 -4 -4 >rEED-E
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>
>
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>
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0 5 10 15 20 25
Cancer cases (test data)

Gene Array Analysis: FL vs DLBCL

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 26



Accurate Diagnosis and Staging: Statistical Techniques to Distinguish Cancer Types from Protein

Mass Spec and Gene Array Data

Data Sets

e Shipp MA, et al, Nature Med.; 8(1), 68-74.

e Deisboeck T.S. etal., in press (preprint:
http://www.wkap.nl/prod/a/Stolovitzky.pdf).

e Alexe G, Alexe S, Axelrod DE, Boros E, Weissmann D,
Hammer PL, Artificial Intelligence in Medicine (in
press)

Non-Hodgkin lymphomas

low grade non-Hodgkin lymphoma

t(14;18) translocation: over-expression of anti-apoptotic bcl2
(also in DLBCL, MALT)

25-60% FL cases evolve to DLBCL

DLBCL high grade non-Hodgkin lymphoma
t(14;18) translocation, over-expression of bcl6, small-cleaved cells
less than 2 years survival if untreated

Known biomarkers for FL transformation to DLBCL
* p53/MDM2 (Moller et al., 1999)
* pl6 (Pyniol, 1998)
* p38MAPK (Elenitoba-Johnson et al., 2003)
» c-myc (Lossos. et al., 2002)

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)

27



Accurate Diagnosis and Staging: Statistical Techniques to Distinguish Cancer Types from Protein

Mass Spec and Gene Array Data

Lymphoma datasets

Data: WI (Shipp et al., 2002) Affy HuGeneFL
CU (DallaFavera Lab, Stolovitzky, 2005) Affy HU95Av2

Samples:
WI: 58 DLBCL & 19 FL
CU: 14 DLBCL & 7 FL
Genes:
WI: 6817
CU: 12581

Gresa@ o
et
E3reg keter)

!

Robust é

SEPP1 * oxidative stress

metastases suppressor

SuUpport set ==

DNASE1L3

apoptosis

$*$*Si[:pe:a.

* cell adhesion

apoptosis

* signaling pathway

apoptosis

L REIEI RI RS RA R EA R

LA B2 RA R

cell adhesion

T-cell differentiation

transcription

* fcell cycle

complement activation

* fcell cycle

> signal transduction

cell growth

* apoptosis

cell motility

* * * fcell cycle

> > fjapoptosis

* GMP biosynthesis

L B B2 R

immune response

NF-kappaB cascade

ol cell-cell signaling

LA B2 R

transport

> microtubule movement

protein catabolism

spinocerebellar ataxia

sugar binding

transport

LA I 2 R
Ll I 2 R

cell proliferation
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Examples of FL and DLBCL patterns

Gene Symbol

Prevalence (%)

CLU DLG7

Training set

Test set

Pos

Pos

Neg

>-1.13

97

91

23

95

79

31

WI training data:

0

Each DLBCL case satisfies at |least one of the patterns P1 and P2

Each FL case satisfiesthe pattern N1 (and none of the patterns P1 and P2)

What are These Genes?

3

54

GPR18 G protein-coupled receptor: signaling molecule, expressed in
lymphoid/blood , spleen, testis/ targeted drugs Claritin

CLU Clusterin (cancer gene) (Trougacos t al, Cancer Res 2003):

glycoprotein implicated in tumor formation, in vivo cancer progression,

aging, Alzheimer. The only very low IR stress responsive gene, under

negative control of p53 (down-regulated in cancer tissue - so far known in

colon, esophageal etc)

DLG?7 (cancer gene): cell cycle regulated, over-expressed in human

hepatocellular cells, may play a role in carcinogenesis (Tsou et al.,

Oncogene 2003)

MCM7 (cancer gene) minichromosome maintenance deficient 7 / DNA

replication factor, cell cycle control

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005)
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Pattern data

Positive Negative
patterns patterns

WI training data CUtest data

Error distribution: raw and pattern data

Meta-classifier

Classifiers trained on pattern data
[ ]
[ ]

Classifiers trained on raw data

WI test data CU test data

Dr. Gyan Bhanot, IBM Watson Research Center (KITP Mar 15, 2005) 30
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Biology Based Methods

Feapoaabi2 for radscrpacd
of Cycha B, & dibypdrofoia:
reducmae, PO *

The Cell Cycle J:S.m —

Py -

+ Releases BTF. OF Coeglen
DH4

G, M
Senses DA Danage
@ # phsphorylation by PEC
oF casein Kinase I--activation
21 inbubits PCHA + el
@ Viases activities
@ G, Arrest
{ Trmecribes p21, BADD4S, MDD

By JGF-BP3 = *

-
APOPTOSIS TR okved in excisian

Tepair of DHA

Gene symbol

Support set of EPRS __|PMAIPL |E2F3

GSK3B ACAA2 |[MDM4

90 p53 responsive COL6AL |E2F5* __ |AMPD2

genes HRAS POLA RBBP4

SERPING1{HMGB2 |CCNG2*

CCNA2  [PSMB5 HARS

CCT6A ACTA2 [CASP6

PRKDC |INSR RPS6KA1

CAD SNRPA GRP58

TNFRSF1B[(G1P2 TP53

ZNF184* |IMPDH1 [SMAD?2

ALDOA [MAP2K2 |ATP5C1

KARS TOP2A TIMP3

MAD2L1 |CXCL1 THBS2

GOT1 BAGL MY CBP

CDC25B [TOP1 DTR

PSMA1 MAP4 TIMP3

KIAA0101 |FDFT1 CBS

PCNA MTA1 CDKN2D*

TCF3 CDKNI1A |RELA

CYCl HLAE*

UPP1 PLK1

TOPBP1 |CDKY
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p53 pattern data

Positive Negative
patterns

Wi data CUdata

*In77% FL & 21% DLBCL cases
at most one gene over -expr essed

B DLBCL

*In79% DLBCL & 23% FL cases 1 mFL
at least two genes over-expressed 1

<=1 >=2

#of over-expressed
genes in DLBCL vs. FL
(p53, PLK1, CDK2)
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What are these Genes?

Plk1 (stpk13): polo-like kinase serine threonine protein kinase 13, M-phase
specific

cell transformation, neoplastic, drives quiescent cells into mitosis

plk1 over-expression in various human tumors

inhibits p53 (Ando et al., J. Biol. Chemistry, 2004)

plkl regulates cdc2/cyclinB through phosphorylation and activation of the
cdc25C phosphatase, interacts with mcm7 (Tsvekov et al, J. Biol Chem,
2005)

Takai et al., Oncogene, 2005: plkl potential target for cancer therapy, new
prognostic marker for cancer

Mito et al, Leuk Lymph, 2005: plkl more useful tha Ki-67

cdk?2 (p33): cyclin -dependent kinase: G2/M transition of mitotic cell cycle,
interacts with cyclins A, B3, D, E

Next Steps

Relate protein biomarkers to pathways

Extend meta-classifier approach to
multi-phenotype classification

Combine clustering with meta-classifiers
CLINICAL APPLICATION !!
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Prostate cancer biomarkers

Study

Chip type

Selected peaks (m/z)

Accurate Diagnosis and Staging: Statistical Techniques to Distinguish Cancer Types from Protein
Mass Spec and Gene Array Data

Petricoin et al.

Hydrophobic C16

2092, 2367,2582, 3080, 4819, 5439, 18220

Adam et al.

IMAC-Cu

4475, 5074,5382,7024, 7820, 8141, 9149, 9507,9656

Qu et al.

IMAC-Cu

3963,4080,6542,6797, 6949, 6991, 7024, 7885, 8067, 8356, 9656,9720

Banez et al.

WCX2/IMAC-Cu

3972, 8226, 13952, 16087, 25167, 33270

Lehrer et al.

Hydrophobic H4

15200, 15900,17500

Bhanot et al.

Hydrophobic C16

875,935,1106, 2009, 3370, 3472, 4097, 6713, 6806, 6951,7085

Validation of p53 patterns on CU test data

Patterns

B DLBCL pattern

| FL pattern

6 7 8

9 1011121314 151617 181920 21

Cases
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Cases
1-14: DLBCL

15-21: FL
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Meta-classifier on
multiple support sets

S1: support set of top 100 SNR correlated

genes (Shipp et a., 2002)

S2: support set identified with
Genes@Work (Stolovitzky, 2005)

S3: support set of top 100 genes w.r. t-test

S4: support set of 30 robust genes (current

study)

S5: support set of p53 responsive genes
(top 90 SNR correlated)

Classifier

Weight

Missclassi

fied
samples

Meta
classifier

DLBCL 15

DLBCL 21

DLBCL 26

DLBCL 27

DLBCL 29

Pl -]~

DLBCL 35

DLBCL 36

DLBCL 39

DLBCL 40

DLBCL 46

DLBCL 52

DLBCL 54

DLBCL 56

DLCL 7

DLCL 13

DLCL 14

FL-DM

FL-GL

Error rate

12

Training

Weights

Test

0.00

Sensitivity
(%)

Specificity
(%)

Error rate)
(%)

Sensitivity
(%)

Specificity
(%)

ANN

0.08

94.74

92.31

5.88

82.35

84.62

SVM

0.08

97.37

92.31

3.92

97.06

76.92

KNN

0.09

97.37

100.00

1.96

91.18

84.62

WV

0.07

92.11

92.31

7.84

94.12

76.92

C4.5

0.06

94.74

84.62

7.84

94.12

69.23

g
c
o
=
(]
<
8
|-

LR

0.07

97.37

84.62

5.88

94.12

69.23

ANN

0.10

100.00

100.00

0.00

97.06

76.92

SVM

0.10

100.00

100.00

0.00

97.06

76.92

KNN

0.10

100.00

100.00

0.00

100.00

69.23

WV

0.10

100.00

100.00

0.00

97.06

76.92

Trained on
pattern data

C4.5

0.10

100.00

100.00

0.00

91.18

76.92

LR

0.05

100.00

76.92

5.88

100.00

61.54

Meta-classifier

100.00

100.00

0.00

100.00

76.92
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Slide Preparation

e DNA fragments (probes) chosen from
expressed parts of Open Reading Frame
(ORF) of genes.

e Fragments amplified by PCR

e Spotted on glass slide coated with
polylysine causing DNA fixation by
electrostatic interactions.

e DNA denatured to single strand

Target Preparation

e mMRNA is extracted from two cell
cultures which we want to compare

e MRNA transformed to cDNA by

e cDNA from first culture labelled with
green dye

e cDNA from second culture labelled
with red dye.
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Hybridization

e Green and red labelled cDNA mixed
together to form “target”

e Placed on matrix of spotted single strand
DNA

e Chip incubated overnight at 60 degrees.

e DNA strands in target/probe hybridize to
form double stranded DNA.

Slide Scanning

e Laser used to read each spot and the
fluorescent emission is gathered through
a photo-multiplicator (PMT) coupled to a
confocal microscope.

e Two images are obtained in grey scale
(fluorescent intensities) and relative
(green/red) intensity written to Excel file.

e Image obtained by making two images
(green and red and superimposing them to
go from green to yellow (equal green and
red) to red.
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Importance of Binning:

Additional support set 1
[_] a a

Agditional support get 2

Bin support set

Impoertance of Binning:

Additional support set 1
] [ ] [ ]

Additional support set 2
[ ] [}

Bin support set
]
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