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Background

o

» Multiple Myeloma (MM) is ‘i o B

a uniformly fatal malignancy "= =« @ g @ .4y
of the plasma cells. 2 002 ¢ Q_

» Monoclonal Gammopathy °* noa®

of Undetermined Significance (MGUS) Is a
benign plasma cell disorder.

o MGUS has a very similar laboratory
presentation to MM, but has no symptoms.
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Background
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» The molecular mechanisms ' <%, . O )

of MGUS and MM are very " =« @ g @ .4y
similar. v 9

. » P Ocy

» This makes the two : A g

disorders difficult to distinguish.

o 2% of all cases of MGUS convert to MM each
year, but it is very hard to predict which.
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Discrimination of MGUS and MM

o Standard laboratory classification of MGUS
and MM Is quite accurate (except in early
MM), but prognostically uninformative.

o Currently this is done by measuring the level
of a monoclonal immunoglobulin in the serum
or urine and the overgrowth of plasma cells in
the bone marrow.

o < 10%plasmacytosis and < 30g=L monoclonal protein
In serum with no symptoms ) MGUS

s > 10%plasmacytosis and > 30g=L monoclonal protein
In serum with other symptoms ) MM
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Variability Within MGUS and MM

o Survival among MM patients can commonly
range from 2 months to 8 years.

o MGUS is also highly variable in its conversion
to MM.

o Thus, the discrete classi cations of “MGUS”
and “MM” do not adequately capture the
variability within this continuum.

o A new, better way of classifying and stratifying
these 2 related diseases Is needed.



Motiv ation
# Cancers are caused by genetic mutations
(inherited or acquired).

o These mutations lead to altered gene
expression patterns.

o Gene microarray technology can detect these
altered gene expression patterns.

Further

DNA Damage DNA Damage «—('C Metastasis %@
S T &P T @D & >
-
Normal Cells Tumor Cells Cancer Cells ¢
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Gene Microarray Technology

Microarrays can qualitatively and
guantitatively measure expression levels of
thousands of genes simultaneously.

This technology has already been used to
classify cancers that are morphologically
Indistinguishable.
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"The Central Dogma"

DNA

TTGCATGTAGTATGAAGCAGTCGAAAGT Replication
AACGTACATC ATACTTCGTCAGCTTTC A

Transcription

RNA

UUGCAUGUAGUAUGAAGCAGUCGAAAGU

Translation

Protein
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How Microarrays Work

1. Cells are collected from a patient.

2. The RNA is extracted from the cells and
labeled with a flourescent dye.

3. The RNA is placed onto a gene chip and
allowed to hybridize with its complementary
strands.
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How Microarrays Work

Labeled Sample (RNA)

Hybridization

)|

4. The chips are “read” by measuring the
amount of flouresence at each point on the
chip.

A Flash animation depicting microarray technology can be found at
http://www.bio.davidson.edu/courses/genomics/chip/chip.nhtml
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Probes (DNA)

103000430

Gene Chip Surface




How Microarrays Work

Figure 1: Affymetrix GeneChip™M probe array. Image courtesy of Affymetrix.
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How Microarrays Work

Figure 2: Data from an experiment showing the expression of thousands of genes on a
single GeneChip™ ™ probe array. Image courtesy of Affymetrix.
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Microarray Methodological Details

To generate our datasets, we used

Affymetrix'™ (Version 5) High Density
Oligonucleotide Microarray Analysis.

A single microarray experiment yields 25,250
data points.

12,625 Absolute Difference values

12,625 Absolute Calls

We used Affymetrix's normalization algorithm
to preprocess the raw data.

http://www.affymetrix.com/support/technical/technotes/statistical_reference guide.pdf
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Goals

To use Supervised machine learning and
data mining tools to:

Develop molecular diagnostic models for
distinguishing Normal vs. MGUS as well as
MGUS vs. MM.

Gain insight into the mechanisms of
disease progression.

Uncover new therapeutic targets.

To identify optimal methods for use In
analyzing microarray data = specifically when
working with MM and MGUS.
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Appr oaches Used

Which supervised data mining algorithms are
most appropriate for microarray data?

Logistic Regression

Decision Trees

Support Vector Machines (SVMs)
Unweighted Ensembles of Voters (EOVS)
Bayesian Networks (BNs)

Nailve Bayesian Networks



Methodology

For each of the approaches, we used 10-fold
cross validation to estimate the prediction error.

We examined 2 conditions at a time (MGUS
vs MM, MM vs normal, MGUS vs normal)

For each set of conditions the patients were
divided up randomly into 10 groups

Each group had roughly the same distribution
of the two conditions.



Methodology

Each of the 10 groups was held aside while
the algorithm was trained on the other 90% of
the data. This was repeated 10 times.

Each algorithm used the same 10 groups *
patients were not re-grouped for each
algorithm.

The accuracies on the held-aside data were
determined.

These accuracies over the 10 folds were
compiled into the overall accuracies of each
algorithm.
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Data Set

Gene expression microarray data on 222
highly purified plasma cell samples

156 newly diagnosed Multiple Myeloma
patients

32 patients with MGUS
34 normal, healthy donors
Algorithms used on this type of data must be

able to deal with the non-uniform distribution
of data points across classes.



Input file form used

Accession Number class
A28202 AB00014 AB00015
Person 1 P 1142.0 A 321.0 P 2567.2 e Myeloma
Person 2 A 586.3 P 586.1 P 759.0 ... | MGUS
Person3 | A 105.2 A | 559.3 P 3210.7 || ... | Myeloma
Person 4 P 42.8 A 692.1 P 812.0 e MGUS

Figure 3: lllustration of the input file form for data mining runs. For each Accession
Number, there is an Absolute Call of either Absent (A) or Present (P) and an Average
Distance (AD) value. AD compares hybridization with 25-mers that are known to appear
in a gene against hybridization with the same 25-mers except that the middle (131" ) base
has been changed to its complement.
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Logistic Regression

Gene L19779 Logistic Regression Analysis
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P~ RN

7N o A o Vo lvl T T T T T LI

0.8

04r

Predictive Probability

0 ! SHEREBO0
1000 10000 100000 le+0€
Expression Level (log scale)

a+ bx

Figure 4: The logistic procedure finds the 2best-fit-curve® of the form = -2 that

1+ ea+ bx
separates the two classes of data for each gene.
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Figure 5: Plotting the held-aside examples on these curves results in 2predictive proba-
bilities® for each gene. These probabilities on the top p genes are combined and used to

classify new examples.
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Decision Trees

X04898 rnal at

Myeloma (76)

> -1453/ <= -1453.4

Normal

(1)

Myeloma
(75)

Figure 6: Example decision tree for Myeloma vs Normal data. Single decision trees are
directly interpretable, but provide very limited information because of the emphasis that
they place on single 2good-predictors® Because this decision tree has only one 2level? it
is also referred to as a 2decision stump.?
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Suppor t Vector Machines

Normal

Figure 7. Support vector machines (SVMs) maximize the 2margin® between the bounding
planes.
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Suppor t Vector Machines

4 = 3.5627244229813595396438711403089 10 12 43 = 5.8862508877702210773416306782626 10 12
5 = 2.5540568853697465261039034298171 10 12 46 = 3.1304221192815217402053350048013 10 11
g = 2.9743480105240216300258073135745 10 13 47 = 3.2245338697842914165727392562437 10 13
17 = 1.622625401180709946285813013707 10 12 5o = 2.9936090017496582806141789794832 10 13
14 = 1.3482092528423377643109827323138 10 11 61 = 2.5847971650904005330972452017409 10 11
51 = 1.6316999160198477346554084137298 10 12 64 = 1.1167616737173964582930202218717 10 11
3 = 3.5300503605894770301449329344089 10 12 67 = 2.7643880608667294064813714409901 10 11
o5 = 1.04575860063064744533551868498 10 11 71 =1.6482209938445251625649549522619 10 13
A g = 8.2915004716070301657692546639064 10 12 75 =-1.2294121053634246621270117874689 10 11
30 = 7.090043266776840637820698577112 10 12 78 = -4.9558230050706333672931139006264 10 11
31 =5.1970502257530206419876911029797 10 11 gy  =-1.8742092610524455666809308268549 10 12
36 = 1.4778770472298374719540378223604 10 11 g6 = -1.9287866684058292506270398519414 10 11
37 = 2.4602889365144345791421943611519 10 11 95 =-1.8838354888680847573119814892997 10 11
40 = 3.6095049887373241944752884233444 10 11 96 = -4.0853582517483234412572852483917 10 11
41 = 2.5882221470086245850770783624996 10 11 g7 =-2.9231839203610967212820317905043 10 11
42 =-1.0801101194561801851440636655744 10 10 103 = -2.8536609371763672774136000332963 10 11

Figure 8: The values of ; for the Support Vector Machine learned for Myeloma vs Nor-
mal. (Note: ; for any i not listed is equal to zero.)
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Ensemb les of Voters

An ensemble of voters Is a Myeloma (76) .
collection of “decision stumps” . iss. - 1usa

For each experiment, the top yeloma
20 genes were selected by -
iInformation gain.

Normal

(1)

Each of these 20 genes was given one vote
on the classi cation of each patient.

The majority vote was used as the predicted
classi cation for each patient.
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Top 20 Genes for MM vs Normal

InfoGain Accession Number Split-point MH ML NH NL
0.750858 L19779 7945.5 148 8 0 34
0.727736 AF088219 3046.8 9 147 34 0
0.642507 Al885852 5233.8 143 13 0 34
0.62269 ABO007937 6374.9 14 142 34 0
0.548103 Al189287 1321.4 138 18 0 34
0.548103 726308 2626.5 18 138 34 0
0.530476 M16441 2245.8 19 137 34 0
0.530476 M24122 436.8 19 137 34 0
0.513209 AA557228 2598 20 136 34 0
0.513209 L36033 2320.2 20 136 34 0
0.513209 M28170 2888.7 20 136 34 0
0.499297 U09303 4520.6 12 144 33 1
0.496281 M33680 9301.5 21 135 34 0
0.463375 U70451 (AC) 0.5 133 23 0 34
0.460064 Al799757 10439.7 14 142 33 1
0.431635 AB002299 643 131 25 0 34
0.431635 M25915 2120.2 25 131 34 0
0.431635 U90551 2434 131 25 0 34
0.422846 AA934573 2003.3 16 140 33 1
0.416168 AF020202 (AC) 1 130 26 0 34
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Top 20 Genes for MM vs Normal

InfoGain Accession Number Description

0.750858 L19779 Human histone H2A.2 mRNA

0.727736 AF088219 Human CC chemokine gene cluster

0.642507 Al885852 Human cDNA w162d08.x1

0.62269 AB007937 Human mRNA for KIAA0468 protein

0.548103 Al189287 Human cDNA gd05c04.x1

0.548103 226308 Human isoform 1 gene for L-type calcium channel, neuronal subform
0.530476 M16441 Human tumor necrosis factor and lymphotoxin genes

0.530476 M24122 Human myosin alkali light chain (ventricular) mRNA

0.513209 AA557228 Human cDNA nl75c09.s1

0.513209 L36033 Human pre-B cell stimulating factor homologue (SDF1b) mRNA
0.513209 M28170 Human cell surface protein CD19 (CD19) gene

0.499297 U09303 Human T cell leukemia LERK-2 (EPLG2) mRNA

0.496281 M33680 Human 26-kDa cell surface protein TAPA-1 mRNA

0.463375 U70451 (AC) Human myleoid differentiation primary response protein MyD88 mRNA
0.460064 AlI799757 Human cDNA wc37g12.x1

0.431635 AB002299 Human mRNA for KIAAO301 gene

0.431635 M25915 Human complement cytolysis inhibitor (CLI) mRNA

0.431635 U90551 Human histone 2A-like protein (H2A/I) mRNA

0.422846 AA934573 Human cDNA 0067b04.s1

0.416168 AF020202 (AC) Human Muncl1l3 mRNA
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Nalve Bayesian Networks
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Figure 9: The Bayes net learned for Myeloma vs. Normal (on a previous microarray chip
with 7000 genes) had the structure of a Naive Bayes net.
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Bayesian Networks
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Figure 10: The structure of the Bayes net learned for Myeloma vs. Normal (on a previous
microarray chip with 7000 genes) using only the Absolute Calls.
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Summar y of Accuracies

Percent Correctl y Classi ed

Method MM Normal MM MGUS MGUS  Normal
Logistic Regression | 98.72%  91.18% 89.1% 18.8% 90.63% 97.06%
Decision Trees 97.44% 94.12% | 87.18% 37.5% | 90.63% 94.12%
SVM 98.72% 97.06% | 89.10% 34.38% | 90.63% 100%
EOV 98.08% 100% 57.69% 68.75% | 90.63% 100%
Naive BN 98.08% 100% 91.67% 43.75% | 90.63% 100%
BN 98.72% 100% 93.56% 34.38% | 90.63% 97.06%

Figure 11: Summary of accuracies, by leave-one-out cross-validation, of the 6 data min-
ing techniques on the 3 classi®cation tasks.

Computation and Informatics in Biology and Medicine Seminar Series. February 11, 2003. — p.30/39



Discussion of Results

All 6 methods classify Myeloma vs Normal
quite well:

Using paired t-tests, none of the methods
were statistically different (p  0:05) from
one another except for EOV on MGUS vs
MM.

EOV on MGUS vs MM classified the most
MGUS correctly, but the least MM.

No method can accurately discriminate
between MM and MGUS




True Positive Rate

Recelver Operating
Characteristic (ROC) Curves

"Logistic Regression* _
"SVM"

"EQV" —

| | | lIBNII

0.4 0.6 0.8 1
False Positive Rate
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All methods showed poor
discrimination of MM and MGUS

Three possible explanations for this are:

1. There are consistent genetic differences
between these 2 diseases, but limitations of

our current technology prevent us from
seeing them.

Currently, our microarray tests only = of
the estimated 35,000 human genes.

Small variations In expression levels are
not well detected, but may have significant
biological effects.
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All methods showed poor
discrimination of MM and MGUS

Three possible explanations for this are:

2. MGUS and MM are genetically identical and
that other factors (environmental, etc.) control

the progression from MGUS to MM.
3. MGUS really consists of 2 sub-groups:
Those that will remain inactive
Those that will quickly progress to MM



% MGUS classified as: MM Normal

Logistic Regression 87.50% 12.50%
Decision Trees 93.75% 6.25%
SVM 03.75% 6.25%
EOV 84.37% 15.63%
Na ve BN 03.75% 6.25%
BN 03.75% 6.25%

Figure 12: Using the models trained on the MM vs Normal task to classify the MGUS
patients.
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Prediction of MGUS

All 6 methods classify 90%of MGUS
patients as more “MM-like” and 10%as

more “Normal-like”

All 6 methods are consistent in which MGUS
patients are classified as MM and which are
classified as Normal.

We will track which MGUS patients convert to
MM in order to test the biological relevance of
these results.



Conclusions

There is a high predictive power in a small set
of genes

The products of these genes are found In
relevant cellular processes
Cellular adhesion
Cell signaling (ie: WNT signaling pathway)
etc.
These genes will lead to a better insight into

the transformation of normal cells to MM
through MGUS.
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Resour ces

Logistic Regression

SAS (http://www.sas.com)
Decision Trees

C5.0 (http://www.rulequest.com)

Suppor t Vector Machines
SvMlig ht (http://svmlight.joachims.org)
Used linear SVMs which worked better than Gaussian kernels

Unweighted Ensemb les of Voters and Naive Bayesian Networks
EQV (http://www.biostat.wisc.edu/"-mwaddell/eov.html)
Ensemble of voting decision stumps using the top 20 genes and Naive BN
using the top 1% of genes (both by information gain)
Bayesian Networks
BayesNet PowerPredictor (http://www.cs.ualberta.ca/"jcheng)

The data was discretized and limited to the top 100 features (by information
gain) due to the limitations of the system.

Computation and Informatics in Biology and Medicine Seminar Series. February 11, 2003. — p.38/39



Acknowledgments

David Page
University of Wisconsin

Fenghuang Zhan, Bart Barlogie and John Shaughnessy , Jr.
University of Arkansas for Medical Sciences

Johanna Hardin
Pomona College

John Crowley
Cancer Research and Biostatistics (CRAB), Seattle, WA

Jie Cheng
Canadian Imperial Bank of Commerce

Computation and Informatics in Biology and Medicine (CIBM) Training
Program

National Library of Medicine
Grant No. 1T15LM007359-01

Computation and Informatics in Biology and Medicine Seminar Series. February 11, 2003. — p.39/39



	Background
	Background
	Discrimination of MGUS and MM
	Variability Within MGUS and MM
	Motivation

