Introduction

While novel protein and gene-expression based methods of tumor classification are beginning to affect
clinical oncology, too little headway is being made in identifying effective treatments for these newly
identified patient groups. To this end, we have taken a chemical genomics approach to biomarker
identification by exploring the relationship between gene expression and compound sensitivity data using the
datasets from the sixty cell lines employed by the NCI's Developmental Therapeutics Program screen for anti-
cancer drugs. We measured gene expression for 40,000 genes using spotted cDNA microarrays in these cell
lines and employed the publicly available growth inhibition (G150) data for 41000 compounds and calculated
Spearman correlations for all pairs of gene expression and compound sensitivity patterns. Genes with
patterns of expression across the cell lines which are highly correlated with compound sensitivity are
candidate clinical biomarkers of drug efficacy, potentially even direct effectors of drug action, or targets for
novel drug development.

Gene expression

Cellline1 Cellline2 Cellline3 ... CelllineN
Gene 1 0.68 0.19 1.13 0.07
Gene 2 0.02 -0.12 2.09 -0.62
Gene 3 0.29 0.29 0.54 0.28
GeneN| 0.14 0.72 1.02 0.45 Spearman correlations
Drug1 Drug2 Drug3 ... Drug N
Gene1| 0.15 -0.74 0.75 0.40
] o Gene 2| 0.67 0.21 0.32 -0.19
Growth inhibition (GI50) Gene3| 0.06 045 -0.26 0.41
Cellline1 Cellline2 Cellline3 ... CelllineN
Drug 1 5.983 6.476 4.37 5.616 Gene N| -0.81 0.96 0.84 0.64
Drug 2 3.095 3.205 3.064 3.999
Drug 3 6.281 5.077 4.05 6.231
Drug N 5.987 4.623 3.894 5.906

While several other studies have shown examples of validated drug:gene associations from similar
analysese-9- 1-5, we wanted to assess our overall confidence in the likelihood that any significant
correlation would not be spurious. This is especially significant when assessing the approximately
450 million correlations derived from analyses such as this. Applying a standard Bonferroni alpha
correction to this number of multiple hypotheses would suggest that only correlations above ~0.75
are likely to be valid. Anecdotal evidence suggests that this is far too conservative. Here we test the
predictive power of these correlations using a novel test set of seven cell lines for which compound
sensitivity data is available.
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The huge number of drug:gene combinations makes it difficult
to use standard statistics to know the likelihood that a given
correlate is true, yet a large fraction appear to be valid.

Correlations are validated using an
additional 7 cell lines as a test set
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In order to assess the predictive power of gene-compound correlates, we
measured gene expression on seven additional cell lines (‘NCI7') for which
compound sensitivity data was available. We then determined whether
candidate correlates nominated in the 'NCI39' datasets (which includes
only those NCI60 cell lines whose tissue type were represented in the
NCI7) could predict relationships between genes and compounds in this
test set of cell lines. This bar graph depicts the percent of candidate
correlates from an analysis of the NCI39 that also showed significant
correlations (p<0.05) across the NCI7, the percentage of validated
correlates being adjusted for the degree that the analysis was
underpowered.

Although an analysis of only seven cell lines is very underpowered, a
substantial fraction of tested gene-drug correlates showed the correct
sign, and the percent validated increased with the increasing correlation
coefficient of the nominated gene-drug relationship in the NCI39 training
set. This degree of validation far exceeds that which would be expected if
a Bonferroni correction were appropriate.

Analysis of the predicted false discovery rate is consistant with the NCI7 validation

Available NCI60 microarray gene expression data, including the novel

AGI data set employed in this study, are well measured.
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These graphs depict the reproducibility
of three different published NCI60 cell
line gene expression data sets and the
new data reported herein. As a metric
of the reproducibility of the data, we
compared the patterns of gene
expression across the sixty cell lines
of replicate measurements of
individual genes either within arrays
(top) or measurements of the same
gene compared across datasets
(bottom). As expected, the comparison
of replicates measured on the same
array showed the greatest
reproducibility, but for most genes,
even between studies (including the
use of different RNA preps and
different array platforms) most genes
showed a highly conserved pattern of
gene expression across the sixty cell
lines.
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As a second estimate of the error rate of the gene-compound correlates, we
determined a g-value for each correlate. The g-value measures the predicted
false discovery rate associated with a significant test when multiple hypotheses
are tested , i.e. a g-value of 0.05 implies that for every 100 significant correlates,
five false correlates are expected®.

To estimate the g value in these very large data sets, random subsets of the gene
expression and GI50 data were iteratively compared and the distribution of p
values were measured for ~150000 correlations. In the NCI39 dataset a p value
of 5.74x10-6 has a corresponding q value of 0.05, which on average is
associated with a correlation of 0.7, while a q value of 0.20 is associated with a
correlation of 0.59. This estimation of the false discovery rate roughly
corresponds to the distribution of NCI39 correlates found with the incorrect sign
in the NCI7 test.

This lends confidence to the estimation in the NCI60 analysis of a g-value of 0.05
for candidate gene-drug correlates with a coefficient of at least 0.57, far lower
than the correlation cutoff of 0.75 suggested by a standard alpha correction.

'NCI39' analysis
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Gene expression patterns within cell lines are predictive of chemosensitivity
Brian Z Ring, Stella Chang, Robert S. Seitz, L. Winston Ring, Douglas T. Ross. Applied Genomics, Sunnyvale, CA
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Identification of features in the gene expression and compound sensitivity data
via principle component analysis reveals few major analogous characteristics

Component #1: 'Average’ gene expression 35.2% of total variance
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Component #2: 'Mesenchymal’ cell lines 8.4% of total variance
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Component #3: Melanoma and leukemia cell lines 5.2% of total variance
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Compound Sensitivity (GI50)

Component #1: 'Average’ GI50 + Leukemia panel 90.7% of total variance
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A potential limitation in the cross correlation of these data sets, especially in regards to the hope that novel
targets of drugs can be identified, is that large scale features of the gene expression and chemosensitivity data
such as tissue of origin and other physiological factors may drive many of the identified correlations. If so this
would greatly decrease the likelihood that identified genes could be potential novel effectors of drug action, and
diminish the chance that identified associations would translate into clinically useful aids in directing therapies
to susceptible tumors.

Major features in the gene expression and growth inhibition data sets were identified through principal
components analysis. The first principal component in each data set largely corresponds to the average value
for each cell line, though the leukemia cell lines affect this in the GI50 data. Other features identified are the
melanoma lines and a panel of cell lines identified previously from gene expression studies as sharing a
molecular physiology suggested to be related to mesenchymal differentiation’.

The leukemia and 'mesenchymal’ components of the data sets appear to be the most significant features that
may drive correlations between the gene expression and GI50 data, and do not encompass enough of the
variation in the data to account for more than a minority of all correlations. Thus identified, correlations with
similarities to these patterns can be noted and filtered from analyses, if desired.

Component #4: Leukemia cell lines 4.1% of total variance
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The 'mesenchymal’ components in the two data sets
correlate with only moderate strength
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Cell lines employed in these studies

'NCI7' | 'NCI39" NCI6O0

Panel

CCRF-CEM

HL-60(TB)

K-562

MOLT-4

RPMI-8226

SR

Leukemia

A549/ATCC

EKVX

HOP-62

HOP-92

HOP-18 NCI-H226

NCI-H23

NCI-H322M

NCI-H460

NCI-H522

Non-Small Cell Lung

COLO 205

HCC-2998

HCT-116

KM20L2 HCT-15

HT29

KM12

SW-620

Colon

SF-268

SF-295

SNB-78 SF-539

XF-498 SNB-19

SNB-75

U251

CNS

LOX IMVI

MALME-3M

M14

M19-Mel SK-MEL-2

SK-MEL-28

SK-MEL-5

UACC-257

UACC-62

Melanoma

786-0

A498

ACHN

RXF 631 CAKI-1

RXF 393

SN12C

TK-10

UO-31

Renal

IGR-OV1

OVCAR-3

OVCAR-4

OVCAR-5

OVCAR-8

SK-OV-3

Ovarian

PC-3

DU-145

Prostate

MCF7

NCI/ADR-RES

MDA-MB-231/ATCC

HS 578T

MDA-MB-435

MDA-N

BT-549

T-47D

Breast

DMS-114

Small Cell Lung

Conclusions

1) A novel gene expression data set across the NCI60 cell
lines measured using spotted cDNA arrays is very
reproducible in comparison to three publicly available
datasets from independent labs using independent RNA
preps. This is one the of the largest available datasets
measuring the overall reproducibility of gene expression
data measured by gene arrays and demonstrates

impressive reproducibility.

2) Candidate gene-drug correlates identified in the NCI60
data validate at a much higher rate on a set of seven
independent cell lines than a standard Bonferroni alpha
correction would predict. Q-value analysis suggests that
Spearman correlates above a threshold of 0.57 have false

discovery frequency of less than 0.05.

3) Large gene expression patterns as identified by
principle component analysis contribute only moderately
to identified gene-compound relationships.

4) These NCI60 datasets represent a rich source of
chemical genetic hypotheses that have only been

superficially explored to date.
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