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Data set (Golub et al. 1999)

*Training Set

27 ALL 11 AML
8 T-cell 19 B-cell 6 Faillure 5 Success

eI ndependent Set

20 ALL 14 AML
1T-cell 19 B-cell 2 Faillure 2 Success

We chose to use the Golub and al. data set.

As abrief summary the training set used to develop a method and a set of classifying
parameters, was composed of Bone marrow samples from patients suffering from acute
lymphoblastic leukemia (ALL) and acute myeloid leukemia (AML). The ALL comported
to subtypes: T-cell and B-cell, and on the AML information about the treatment failure or
success was recorded. The and the Independent set was use to test that method, and some
of its samples were derived from peripheral blood.
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Highlights of the previous study

*Neighborhood analysis
v"36/38 training set
v'29/34 independent set

*Self Organizing Map

Using the neighborhood analysis they were able to classify 36 of the 38 samplesin the
training set and 29 of the 34 independent samples.
They aso use self organizing map for automatic discovery of the classes.
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Major Classification Issues

«Avs P
» Scaling factors
ALL

Affymetrix outputs contains a Present (P) or Absent (A) call for each gene.

Can those calls give out interesting information? How shall they be used in an analysis?
Another concern was the normalization factor from dide to slide. Does it really work?
How reliableisit?

Aswe can see on this graph (the samples are on the X-axis and separated into ALL and
AML patients, and then the number of genesis on the left) Absent calls are predominant.
We can also notice that there is alarge variation of the number of genes expressed from
sample to sample: 1352 genes for the lowest and 2877 for the highest with an average of
approx. 2000.



Slide 5

-900 1100 3100 5100

Expression level

This graph represent the distribution frequency of the Expression levels of the A and P
calsfor the sample #1.

The expression levels are on the X-axis and the frequency distribution ison the Y axis.
We can see that A has a cusp shape around 0.

P isasymmetric and has along tail. The two distributions are very different and they
overlap.

Any threshold based solely on the expression level will contain a mix of this population
which would make them difficult to model.
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Differential vs. Selective Expression

We trust the differences of expression
levels within aslide more than the
expression levels between dlides.

Expression level variation across subjects
Is not normally distributed

We trust the differences of expression levels within a dide more than the expression
levels between the dlides.

The second point is that the expression level variation across subjects is not normally
distributed
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What can we learn from Selective
Expression ?

\'A \'A

ALL AML ALL AML
genel PPPPPPPP.. AAAAAAA..
gene2 AAAPAAAA.. PPPPPPP..

For each gene:
»Convert to binary data (P=1, A=0)

» Cadlculate the average expression call for the 2 groups.
Sort genes by the highest absolute value of the difference

Can we learn something with the presence and absence calls (selective expression)?
So for each gene in each sample we considered only the Present or Absent call.
We looked for genes that were consistently present for a group and absent in the other

one.
Converted the calls into binary data, and took the average difference for each group then

we took the absolute difference value of those 2 average difference.
We performed this for all 7129 genes and we sorted all the genes according to the highest

difference.
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Significant Genes

ALL
CYSTATIN A 0.14
KIAAQ035 gene, partial cds

MY L1 Myosin light chain

LEPR Leptin receptor
Zyxin

MB-1 gene

HOXA9 Homeo box A9

AML
exemplar

This slide represents part of the genes selected in our method and we can see that some of
them were also selected in other studies (Golub et a.).

So the average selective expression value for one group represent sort of the “ideal
behavior” of asamplein agroup. We cal this aso an exemplar.

Later on wel compute the distance of the training and independent samples to those 2
exemplars.

The fact that we were selecting some of the same genes was good news but wasn’t
enough to validate the method on its own.
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Real Grouping vs. Random Shuffling
AML/ALL case

— ALL/AML

— Randomized
set

L 101 151 201
Genes sorted by |Diff.|

We performed arandom shuffling of the samples within the categories. On the Y -axis we
have the absolute difference of the average of 1 and O for each group and on the X-axis
we have the number of genes (sorted by their higher absolute value difference).

The AML/ALL difference curve is 6 standard deviation above the random difference
curve.
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Computing the distance to the
exemplars

The exemplar vector is the gene by gene average
of the members of each of the 2 groups

The dimensionality of the vectorsis the number
of genes with significant selective expression

Each subject has a Euclidian distance to each of
the two exemplars.

We then went on computing the distance to the AML and ALL exemplars.

The dimensionality of the exemplar vector is the number of genes we want to include to
discriminate between the two groups (10, 20, 30, 50, 100).

We take the distance for each subject to the exemplar or “Ideal Case”.
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With the 10 most selective genes

Dist. ALL Exemplar Dist. AML Exemplar

AML" CAML

Using selective genes we are able to classify the
two groups ...

But can we improve the classifier?

With the ten most selective genes we obtain those 2 graphs. On the X-axisis the distance
to the ALL exemplar on the left and AML exemplar on the right. On the Y -axis we have

the frequency distribution of the samples. In pink we have the ALL training samples and

in blue the AML ones.

We can see that the ALL samples are closer to the ALL exemplar that the AML samples

and Vice-Versa

So using selectively expressed genes we are able to classify the training data.
But can we do better?
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How scaling relates to expression levels?

L y = 0.0005x - 0.1694

R?=0.5145
1.2

0.7

5
8
g
8
=

0.2 # genes
1000 2000 3000  expressed

The higher the average expression levels, the more
genes are expressed.

» Slides with lower average expression levels have
more genes hidden in the background.

A few dides ago | mentioned the difference between the number of genes expressed
between samples. The scaling factor is based upon the average expression level. There
seems to be a quite straight forward correlation between the average expression level and
the number of genes expressed.

Thisimplies that dides with lower average expression levels have more genes hidden in
the background.
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Ranking method

Separation of the groups could be increased if
genes with low expression levels on
slides with more genes expressed than average

are considered absent

Av. Av.
ALL AML ALL AML

NoRanking AAAPAAAA.. PPPPPPP. 02 1 (0X:)
Ranking AAAAAAAA.. PPPPPPP.. O 1 1

Diff.

So instead of scaling up, we scaled the distribution down by turning off the genes that are
low expressed.

In other words, we're going to take the expression value within a slide (that we trust) and
rank them from highest expression level to lowest, and we set to O the later genes on
dides that have more than average number of genes expressed. The net effect of thisfor
a sample that has more P values, might set the low expressorsto 0 (A) and make the gene
more selective.
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Ranking Optimum

# Samples
12

A l B Samples
Freq.

0.5

Effect of

Ranking on

separation

4

O 1 .lo

1352 2000 2877
# Genes expressed

In green we have the distribution frequency of the samples by their number of genes
expressed. We designed a metric to find the optimum number of genesto keep in order to
improve the separation, in this case we found the optimum to be 2000.
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Distance of the Training Set to the
Exemplars

Dist. ALL Exemplar Dist. AML Exemplar

This graph is similar to the one I’ ve shown you before and we can see that with ranking,
we move the ALL and AML clusters apart.

We have a good separation with 10 genes on the training set. Our next question was.
How does this hold if we change the number of genes selected for the separation?

So we took the first graph and expended it by increasing its dimensionality by changing
the number of genesin the exemplars.
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Distance of the Training Samples to the
ALL Exemplar (before ranking)

51 101
Number of genesincluded in the average

On the Y -axis we have the distance to the ALL exemplar, and on the X-axis we have the
number of genes taken into account.

We have avery good separation of the two groups with ALL being closer to the ALL
exemplar.

It's easily separated with the threshold 0.5 .

Because we equally weighted the genes used in the average the 2 distribution eventually
converge as we add less significant genes.
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Distance of the Training Samples to the
ALL Exemplar (after ranking)

51 101
Number of genesincluded in the average

With ranking on the training set we obtain a comparably good separation.
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Distance of the Independent Samples to the
ALL Exemplar (before ranking)

31 41 51 61 71
Number of genesincluded in the average

Thisisthe distance of the independent samplesto the ALL exemplar.
We see that both groups are well separated except for one sample (66).
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Distance of the Independent Samples to
the ALL Exemplar (after ranking)

41 Bl 61 71

Number of genesincluded in the average

After ranking we have atighter clustering of the ALL samples.
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Results from ALL/AML
classification

» We obtained a perfect separation of the training
set with and without ranking.

» We were able to classify 33 out of 34 independent
samples.
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Other possible classifications

e T-cell vs. B-cell subgroup
e Success or failure of treatment

* Male vs. female subjects

We then wanted to look at other possible classifications: T-cell vs. B-cell, success vs.
fallure and Male vs. femae.
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Real Grouping vs. Random Shuffling
T-cell/B-cell case

101 151 201
— T-cell /B-cell — Randomized set

In the T-cell vs. B-cell case we also have a very good separation of the absolute value of
the difference of sorted genes of the real grouping compared to a random shuffled

grouping.
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T-cell vs. B-cell separation

*Training set distance to the T-cell exemplar

19 out of 20 samples were classified correctly

*The T-cell samplein the independent set from
Peripheral Blood was wrongly classified

We obtained a good separation of the training samples and were able to classify 19 out of
the 20 independent samples.
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Real Grouping vs. Random Shuffling
Success/Failure case

— Success
[Failure

— Random Set

0
1 51 101 151 201

We obtained similar results for female vs.
mal e separation.

In the success vs. faillure and in the female vs. male classification we did not obtained
significant differences between the real grouping and randomized groups.
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Results

*T-cell and B-cell subgroups were well
classified by this method.

*Absence of distinction in the male vs.
female and success vs. failure of treatment
was identified

*Ranking makes suggestive improvements,
that warrant further investigation.
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Conclusion

*Separating the groups according to their
selective expression is a useful technique -
and it is complimentary to prior methods.

*Variants of this method may open new
avenues in the analysis of microarray data.

*Diagnostic microarrays

Separating the groups according to their selective expression is useful.

This approach is orthogonal to other approaches and complementary to them.

The combination of those approaches could open new avenues in analyzing microarray
data.

This method is ssimple, robust and easy to use to develop a diagnostic microarray since it
would contain redundant strongly expressed robust genes.
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