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The NCI60 database is the largest available collection of compounds with measured anti-cancer activity.
The strengths and limitations for using the NCI60 database as a source of new anti-cancer agents are
explored and discussed in relation to previous studies. We selected a sub-set of 2333 compounds with
reliable experimental half maximum growth inhibitions (Glsp) values for 30 cell lines from the NCI60 data
set and evaluated their growth inhibitory effect (chemosensitivity) with respect to tissue of origin. This
was done by identifying natural clusters in the chemosensitivity data set and in a data set of expression
profiles of 1901 genes for the corresponding tumor cell lines. Five clusters were identified based on the
gene expression data using self-organizing maps (SOM), comprising leukemia, melanoma, ovarian and
prostate, basal breast, and luminal breast cancer cells, respectively. The strong difference in gene expres-
sion between basal and luminal breast cancer cells was reflected clearly in the chemosensitivity data.
Although most compounds in the data set were of low potency, high efficacy compounds that showed
specificity with respect to tissue of origin could be found. Furthermore, eight potential topoisomerase
II inhibitors were identified using a structural similarity search. Finally, a set of genes with expression
profiles that were significantly correlated with anti-cancer drug activity was identified. Our study dem-
onstrates that the combined data sets, which provide comprehensive information on drug activity and
gene expression profiles of tumor cell lines studied, are useful for identifying potential new active
compounds.

© 2011 Elsevier Ltd. All rights reserved.

1. Introduction

fundamental understanding of xenobiotic interaction within the
human organism by using combinations of experimental, model-

As modern cancer therapies seek to identify new anti-cancer
agents with increased specificity towards particular cancer types
and reduced side effects, there is a great need to identify com-
pounds that act up on selective molecular targets and manipulate
only relevant pathways. Identification of such drugs demands
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ing, and analytical methods.

Much attention is thus being devoted to analyzing and integrat-
ing available data, and to examine potential relationships among
chemosensitivity (biological response to drug treatment), gene
expression data on tissue of origin and biological pathways,'
hereby identifying genetic biomarkers.*

The NCI60 screening panel®~’ is the most extensive compound-
activity database of diverse chemicals tested for anti-cancer activity.
The panel comprises data on 60 different human cancer cell lines
derived from nine organs and has served as the basis for a bulk of
studies in the literature.

As similar activity patterns often indicate similar mechanism of
action (MOA) and mode of drug resistance,®° a number of different
algorithms have been developed in order to utilize the information
in the NCI60 database for drug discovery.®” Paull et al.’® showed by
analyzing the NCI screening data that compounds with similar
mechanism of cell growth inhibition exhibit a similar activity pat-
tern. This work laid the foundation of the COMPARE algorithm,
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which ranks all the compounds in the NCI database based on their
similarity of response in the 60 cell lines with the corresponding
response of a seed structure.!®"'? The COMPARE approach has con-
tributed to successful identification of many new anti-cancer
agents.“‘B‘M

By using Tanimoto similarity testing Shivakumar and Kraut-
hammer!® showed that structurally similar compounds had highly
correlated anti-cancer activity patterns within the NCI60 drug
screen. Chakravarti and Klopman identified several significant
structural features (biophores) related to the cytotoxicity of the
compounds tested against NCI6O0 cell lines using the MultiCASE
(Multi-Computer Automated Structure Evaluation) method.'®

The NCI60 cell lines have been subject to extensive profiling
based on mRNA,'”~2! microRNA?? and protein®%?324 expression
studies. These data were summarized in the recent CellMiner rela-
tional database and query tool.®

The gene-drug correlations between chemosensitivity profiles
of cell lines towards drugs and the corresponding gene expression
patterns of untreated cell lines were investigated in several studies.
These analysis were used to identify genes where the expression
was affected by specific drugs?®2’ and to propose candidate genes
as predictive markers for anti-cancer drug sensitivity.#?8-33 On the
other hand, Wallgvist et al.>* concluded that gene expression levels
do not generally correlate with chemical response, but do rather
reflect a generic toxic condition.

In recent studies, integrative feature selection schemes were
developed to identify chemosensitivity determinants from gen-
ome-wide transcriptional profiles and protein expression levels
in NCI6O cells.>>3% It has been demonstrated that integrating
chemosensitivity and gene expression data provides valuable help
in the search and verification of drug targets.>” Drug-gene associ-
ations were successfully predicted by integrative evaluation of
gene expression and drug response data,>® and in the same study
transcriptional responses to drug treatment were predicted and
tested on data from the Connectivity map.>®

In the present work, we extracted a sub-set of compounds with
reliable experimental half maximum growth inhibition values
(Glsp) from the NCI60 anti-cancer drug screen database. A series
of analyses was conducted in order to examine the specificity of
these compounds in relation to the tissue of origin. First, variations
in experimental Glsq activity values were compared with the varia-
tions in the measured gene expression profiles for the correspond-
ing cell lines. Second, we analyzed the chemosensitivity data set in
order to identify compounds with high efficacy and selectivity
towards a specific tissue of origin. Third, the structure-activity
relationship (SAR) profiles were explored, and compounds exhibit-
ing high structural similarity with standard anti-cancer agents
identified. Fourth, the correlation between drug activity patterns
and gene expression profiles for known anti-cancer agents was
examined.

2. Material and methods
2.1. Data mining from PubChem BioAssay database

The PubChem BioAssay database,*® was downloaded to a local
system. An in-house program was written to parse and load XML
documents into MySQL, and cell activity data for human tumor cell
line growth inhibition assays were extracted. The cell line panel
incorporates a total of 73 different human tumor cell lines of di-
verse histological origin derived from nine types of tumors, includ-
ing all the NCI60 cell lines. For each cell line, growth inhibition was
tested for between one thousand and forty thousands com-
pounds,*' for which three dose response parameters Glso (50%
growth inhibition), TGI (total growth inhibition) and LCsq (50% of
cells killed) were measured for each compound. All the analysis

in this paper are based on the Glsg values, as it is the most com-
monly used response parameter for estimating growth inhibition.

2.2. Data sets

2.2.1. Chemosensitivity data set (data set A)

A cleaned data set of —logo(Glsg [mol/l]) values for 30 NCI60
tumor cell lines was used in our analysis. All available NCI60 cell
lines from five different organs were selected, that is, nine mela-
noma (ME), two prostate (PR), seven ovarian (OV), six breast (BR)
and six leukemia (LE) cell lines. The overall data set was cleaned
by removing all compounds that had missing data points or were
considered to have unreliable experimental —log;o(Glso) values
for one or more of the 30 cell lines considered. An experimental
value was considered unreliable (1) if a compound was only tested
once, or (2) if a mean value from multiple experiments for a given
compound was listed without a standard deviation. The reproduc-
ibility among the experimental values could not be evaluated in
the absence of a standard deviation for multiple data points or if
only one experimental value was available. Thus we generated a
sub-set of compounds with reliable experimental values for all 30
cell lines.

Out of more than 60,000 compounds in the raw data set, the
cleaning procedure reduced the data set to 2333 compounds for
the final analysis. The mean —log;o(Glso [mol/l]) for all the com-
pounds in data set A is 5.48 with a standard deviation of 0.80
and range from 2.21 to 11.51. By using the same filtering criteria
for extracting a comparable cleaned data set for all the NCI60 cell
lines, a sub-set containing less than 300 compounds was extracted.
As we wanted to ensure appropriate data quality for our analysis,
we choice to focus this work on cell lines from a smaller number
of target organs.

2.2.2. MOA (mechanism of action) data set (data set B)

—log10(Glso) values for 62 known standard anti-cancer agents
were extracted from data set A. These compounds are within the
list of 122 compounds with anti-cancer activity and reasonably
well known mechanism of action (MOA).*? These 62 compounds
were included in both data set A and B.

2.2.3. Gene expression data set (data set C)

The gene expression data were derived from NCI60 transcript
profile data sets based on Affymetrix HG-U133A&B chips. The
raw data set containing 60 cell lines each profiled with a total of
44,566 probe sets was downloaded from the Genomics & Bioinfor-
matics Group (GBG) web site.*> The gene expression data set was
pre-processed and filtered in the following way. For better possi-
bility of carrying out comparative analysis between the chemosen-
sitivity and gene expression data, the same 30 cells lines that were
covered by data set A were considered. Data from each of the two
array platforms (HG-U133A and HG-U133B) of the gene expression
data set was normalized individually using robust multichip anal-
ysis (RMA).** The standard deviation (SD) was calculated for each
gene as a measure of the variability in the gene expression pattern
across the 30 cell lines, and the data set was filtered to generate a
sub-set of genes with SD >0.8. In the case of multiple probe sets
measuring the same gene, we chose the probe set that yielded
maximal SD. The remaining genes were removed. This resulted in
a sub-set containing the 1901 genes with the largest variability
among the 30 cell lines (data set C), which we used for our analysis.

2.3. Chemical structure analysis
Chemical structure information for the compounds contained

in data set A were extracted from the PubChem Substance data-
base in 2D SDF (standard data format). Structure information was
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available for 1669 of the compounds from data set A and for 44
drugs from data set B. MDL*> MACCS 2D fingerprints (166 Keys)
were calculated for each molecular structure using MOE (Molecular
Operating Environment), a modeling software suite from Chemical
Computing Group.*® The MACCS fingerprints were subsequently
transformed into strings of binary fingerprints, representing the
presence or absence of specific chemical substructures, and the sim-
ilarity between the compounds in data sets A and B was estimated
by calculating Tanimoto coefficients*’ for the binary MACCS finger-
prints. Before carrying out this analysis, all the compounds con-
tained in both data sets were removed from data set A.

2.4. Correlation analysis

All correlations presented in this manuscript were Pearson
product-moment correlations (PCCs). The PCC (r) between the
chemical response vectors of 2333 compounds was calculated for
each pair of cell lines. Similarly the PCC between the gene expres-
sion profiles of 1901 genes for each cell line pair was calculated.
The average PCC was evaluated for each tissue of origin and be-
tween different tissues of origin based on chemosensitivity (r.)
and gene expression (1), respectively. Then the calculated global
degree of similarity between chemosensitivity and gene expression
profiles, using the variable ‘correlation of correlation’ (cc), as intro-
duced by 2°. This correlation is given by

D iciTeiileii — N DiciTeiiiciTai

\/ <Ei<jrgij 1 (ijrc,-j)z) <E,»<jr§,,- % <Zi<jrglj)2>

where rg; and rg;; represent the correlation between all distinct cell
lines i and j based on their chemosensitivities and gene expression,
respectively. N denotes possible pairwise combinations for any gi-
ven cell panel. For all 30 cell lines, N=30 x (30 — 1)/2 =435 corre-
lations were calculated.

The gene-drug correlations were also evaluated by PCC, but in
this case the chemosensitivity values for each compound in the
30 cell lines were correlated with the gene expression data of the
same compound in the 30 lines. Similarly, the correlation between
chemosensitivities for two selected compounds in the 30 cell lines
was explored.

All color charts and color code matrices were generated using
the R statistical environment.*®

cC =

2.5. Clustering

Self-organizing maps (SOM)*° were applied for the clustering of
the cell activity data and gene expression data using the SOM-Tool-
box for Matlab 5.5%°1 Basically, the SOM tool performs as unsuper-
vised clustering based on similarities between data vectors, in this
case chemosensitivity or gene expression patterns for the cell lines
studied. Thus cell lines with similar patterns cluster naturally
together, and this method gives a visual and easily interpretable
overview of multi-dimensional data. The use of SOM is illustrated
in greater detail in a metabolite profiling study.>?

In our work, logistic transformation, which scales the data vec-
tors to be in the range 0 and 1, was applied on the data sets. Linear
initialization and batch training algorithm were used. The following
parameters were used: Hexangular map lattice, sheet map shape
and map grid size of 8 x 4. Average quantization error and topo-
graphic error were used as measures of map quality. The training
length was set to 100 epochs based on stabilization of the quantiza-
tion error. The U-matrix representation was used to visualize the
clustering of cell lines on individual neurons (map units) and the
distances between neighboring neurons. The distances, which were
calculated as the Euclidean distances between the data vectors

representing each neuron, were subsequently used to evaluate the
overall clustering of the data. Light gray color represents small dis-
tance, and all neurons in a light gray area were considered to occupy
the same cluster. Cell lines separated by dark color are more dissim-
ilar and the dark ridges in the SOM graph represent cluster bound-
aries. The labels for the cell lines assigned to each neuron are shown
on the corresponding empty grids. Hit histograms were used to indi-
cate how the best matching units of the data sets were distributed
on the SOMs. Marker style was set to pie charts. The size of the
pie in each unit describes the number of data points (cell lines) clus-
tering on each neuron and the colors represent the different classes.

Hierarchical clustering was used to cluster the compounds in
data set A with respect to similarities in the chemosensitivity pro-
files across the 30 cell lines. The average linkage method and
Euclidean distance were used in the R statistical environment.*®
The clustering was done in order to make the graph easier to read.

2.6. Identification of tissue specific compounds

In order to identify compounds with high potency to become
effective within a specific group of cell lines, a series of Python
scripts were written. Clusters of cell lines with similar gene expres-
sion profiles were identified. For each of these clusters, the average
potency was calculated, and the data set was searched for com-
pounds with one log unit larger average potency in one cluster
compared to the other clusters.

3. Results and discussion

3.1. Clustering analysis of the chemosensitivity and the gene
expression data sets

In order to examine the degree of tissue specificity exhibited by
the chemosensitivity data, self organizing maps (SOM) clustering
and correlation analysis were performed for data set A (Glso data
described in the methods section) and data set C (gene expression
data), respectively. The overall differences in chemosensitivity
were then compared with the differences in gene expression
profiles of the corresponding tissues.

Figure 1 shows a SOM representation of the clustering of the
different cell lines (Table 1) based on the chemosensitivity data
(data set A). It can be seen that the leukemia cell lines and the
remaining cell lines are separated (the dark colored belt on the
underlying distance map). Thus the cell lines are clearly divided
into two separate clusters, with two cell lines, ME1 (LOX-IMVI)
and BR1 (MCF?7), placed on the cluster boundary. Three main clus-
ters were formed for the corresponding gene expression data (data
set C) (Fig. 2), one with the leukemia cells, another containing the
BR2 (MDA-N) breast cells and all but one of the melanoma cells,
and a third with the remaining cell lines. Two of the breast cell
lines, BR1 (MCF7) and BR4 (T-47D), were placed on one of the clus-
ter boundaries. BR2 (MDA-N) clustered with the melanoma cell
lines, especially with ME9 (MDA-MB-435), in both data sets A
and C. These two cell lines were previously suggested to be breast
cancer cell lines, but are now classified as melanoma cells.!”?2

Clear separation was seen between the basal-like (BR3, BR5,
BR6) and the luminal-like (BR1, BR4) breast cancer cells in both
data set A and C, reflecting the difference between these two cell
types. Furthermore, while all the ovarian and the prostate cell lines
clustered closely together with respect to tissue of origin, the dis-
tance map revealed that these cells show somewhat larger vari-
ability with respect to chemical response (medium gray color,
Fig. 1).

Thus, five different clusters were identified in data set C;
leukemia, melanoma, ovarian and prostate, basal-like breast, and
luminal-like breast cancer cells. For data set A, the leukemia cells



170 P. Wan et al./Bioorg. Med. Chem. 20 (2012) 167-176

4.3
U-matrix
2.83
w
1.35

Figure 1. The SOM clustering of the 30 cell lines based on the chemosensitivity data
(data set A) in U-matrix (left) and label map (right) representations. The cell lines
are colored according to their tissue of origin: green—leukemia (LE), yellow—breast
(BR), red— melanoma (ME), cyan—ovarian (OV), blue—prostate (PR). The label map
shows the position of each cell line using the codes listed in Table 1. The underlying
gray-scaled distance map of the U-matrix is used to identify cluster boundaries
within the data, with the main cluster boundary clearly seen as a dark colored belt
separating the leukemia cancer cells from the other cell lines.

Table 1
The names of the 30 NCI60 cell lines included in the current study, listed together
with the abbreviations used in this study.

Label Cell line
ME1 LOX-IMVI
ME2 M14

ME3 MALME-3M
ME4 UACC-62
ME5 UACC-257
ME6 SK-MEL-2
ME7 SK-MEL-5
MES8 SK-MEL-28
ME9 MDA-MB-435
PR1 PC-3

PR2 DU-145
ov1 NCI/ADR-RES
ov2 OVCAR-3
ov3 IGROV1
ov4 SK-0V-3
ov5 OVCAR-4
0ov6 OVCAR-5
ov7 OVCAR-8
BR1 MCF7

BR2 MDA-N

BR3 BT-549

BR4 T-47D

BR5 MDA-MB-231/ATCC
BR6 HS-578T
LE1 RPMI-8226
LE2 SR

LE3 CCRF-CEM
LE4 K-562

LE5 MOLT-4
LE6 HL-60(TB)

formed a separate cluster, and a clear separation was seen between
basal-like and luminal-like breast cells, however no distinct clus-
ters were found for the remaining tissues.

Previously published hierarchical clustering analyses of gene
expression, protein expression and chemosensitivity data for all
the 60 cell lines from the NCI60 drug screen add further support
to the above classification. As in our study, the gene expression data

5.37

U-matrix

0.779

Figure 2. The SOM clustering of the 30 cell lines based on gene expression profiles
(data set C) in U-matrix (left) and label map (right) representations. The cell lines
are colored according to their tissue of origin: green—leukemia (LE), yellow—breast
(BR), red—melanoma (ME), cyan—ovarian (OV), blue—prostate (PR). The label map
shows the position of each cell line using the codes listed in Table 1.

were generally seen to cluster well with respect to the tissue of ori-
gin, and strong consensus can be seen between clustering based on
the cDNA set,'®'7 and the Affymetrix HG-U133A data set.?? The
same main clusters were also identified in the mRNA consensus
set and the protein expression set.2’ Leukemia and melanoma cells
were seen to form separate clusters in all cases. Clear separation be-
tween basal-like and luminal-like breast cells was observed in each
of these data sets, in which the luminal-like breast cells clustered
closely together and the basal-like cells were in most cases a part
of a larger cluster rich in CNS cells. The clustering of ovarian and
prostate cells was clearer in our work, possibly because we focused
our analysis on 30 cells from five types of tissue. Thus, it can be con-
cluded that the division of the cells into five clusters is supported by
other, previously performed, comparable analyses.

For the chemosensitivity data a number of clusters related to
tissue of origin can be identified both in our analysis and in other
studies,'®>321 although the clustering is considerably less clear
than that for the gene expression and the protein expression data.

The similarities and dissimilarities between the individual cells
lines were explored in greater detail by calculating the Pearson
correlation coefficient (PCC) between the chemical response vec-
tors of each cell line pair (Fig. 3a), and the corresponding PCC be-
tween their gene expression profiles (Fig. 3b). It is seen that the
variation in the gene expression profiles for the 1901 genes in data
set C is generally considerably larger than the variation in chemical
response to the 2333 compounds in data set A. This is not surpris-
ing, as the gene expression data contain specific information on the
genetic variation from one cell line to another, often not reflected
by the chemosensitivity data. Some tissue specificity is, however,
seen in the chemosensitivity data as well.

In both cases the melanoma cells showed strong correlation
with other melanoma cells, also illustrated by the relatively high
mean PCC value (Table 2). Similarly, the breast cancer cells gave
the lowest internal mean PCC in both data sets due to the large var-
iation between basal and luminal cells. In parallel, the breast cells
exhibited the strongest global degree of similarity (cc.,) between
data set A and C, estimated by the correlation of correlation meth-
od in Eq. (1) (Table 2). This analysis also revealed strong correlation
between the ovarian and the prostate cancer cells in both data sets
A and C, which was not as easy to identify in the SOM analysis for
data set A.
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Figure 3. Pairwise correlation matrices for all the 30 cell lines based on chemosensitivity data in data set A (a) and gene expression profiles in data set C (b). Pearson
correlation coefficient was calculated for each cell line pair, see the color code on the right hand side. The cell lines are marked with the codes listed in Table 1.

Table 2

The average PCCs between cell line types, based on the chemosensitivity data (data
set A), r,, and the gene expression data (data set C), r, respectively, and the
correlation of correlation, cc., between the chemosensitivity and gene expression
data

ME PR ov BR LE
rC
ME 0.824
PR 0.812 0.856
oV 0.779 0.806 0.783
BR 0.774 0.792 0.751 0.750
LE 0.733 0.739 0.715 0.704 0.801
Tg
ME 0.751
PR 0.612 0.784
ov 0.576 0.750 0.754
BR 0.588 0.667 0.647 0.592
LE 0.466 0.529 0.499 0.465 0.612
CCeg
ME 0.270
PR -
oV —0.001
BR 0.561
LE 0.471

Thus our results indicate that it is possible to find significant
correlations between chemosensitivity and gene expression data
in cases where cell types from the same tissue are sufficiently dis-
similar, as in the two types of breast cancer cell lines. On the con-
trary, it might be more difficult to identify such effects in cases
where the different cells from the same tissue are highly similar,
as in the ovarian cancer cell lines.

3.2. Tissue specificity with respect to chemical response

The strong similarity observed in the chemical response among
the tumor cell lines from different tissues of origin render it diffi-
cult to identify tissue-specific compounds with global analysis
methods. This can be illustrated by the heat map in Figure 4, where
the compounds in data set A were clustered according to the PCC
similarity of their chemical response vectors in the 30 cell lines.

As an exception, the leukemia cells showed significantly higher
chemosensitivity than the other cells for most of the chemicals
in data set A.

As tissue specificity is important for avoiding toxic lesion in
non-malignant tissue, data set A was analyzed with the aim of
identifying compounds exhibiting tissue specificity. The cell lines
were divided into five groups, each group with similar tissue of ori-
gin according to the clusters identified in the gene expression data:
(1) All melanoma cancer cells without ME1 (LOX-IMVI), (2) all
prostate and ovarian cancer cells, (3) luminal-like breast cancer
cells, (4) basal-like breast cancer cells, and (5) all leukemia cancer
cells. For each of these groups, the mean pGlso (—log(Glso [mol/1]))
value (labeled mean pGlso) and the corresponding standard devia-
tion were calculated for all compounds listed in data set A.

As already seen in the previous analysis, most compounds in
data set A showed similar response throughout the panel of cell
lines. Half of the data set (1134 compounds) were considered as
weakly active in the different tissues, with mean pGlso values be-
tween 5.0 and 7.0. 2150 compounds had mean pGlsy lower than
7.0 in all five groups of cells, and thus only 183 compounds exhib-
ited mean activity larger than this limit in one or more of the
groups.

We searched specifically for examples of compounds with sig-
nificantly higher mean potency in one of the groups compared to
the others. One compound was found with mean pGlsg > 6.0 for
the leukemia cells, while the corresponding values for the other
cell line groups were lower than 5.0. Similarly, we searched for
compounds with mean pGlsp > 7.0 in one group and lower than
6.0 in the remaining four groups. Four compounds in the lumi-
nal-like breast cell group and two in the leukemia group matched
this criteria. By raising both limits by one, two and one compounds
were identified for the same groups, respectively (Table 3).

Although we have only identified a few compounds with rela-
tively high efficacy and specificity towards one of the five tissue
types defined in our analysis, this analysis demonstrates that such
compounds can be found within the data set. Especially it would be
advantageous to be able to identify potential drugs with potency in
the nano-molar (or even the pico-molar) range, rather than in the
micro-molar range, as high potency often provides compounds
which are target selective and tentatively less toxic. From this
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Figure 4. A heat map illustrating variations in chemosensitivity for all the compounds in data set A, the color scale shows the —log;(Glso) values. Compounds with similar

chemosensitivity profiles across all 30 cell lines were clustered together.

Table 3

Compounds showing selectivity with respect to tissue of origin, measured by the average potency of at least one log unit larger in one of the cell line groups compared to the

remaining cell line groups

Limits Upper limit sub-group Compound SID Melanoma Ovarian-prostate Breast luminal-like Breast basal-like Leukemia
6.0/5.0 LE 491601 4.62 (0.29) 4.50 (0.27) 4.93 (0.52) 4.66 (0.36) 6.27 (0.33)
7.0/6.0 BR-luminal 521002 4.80 (0.73) 5.40 (0.99) 7.16 (0.65) 4.63 (0.15) 4.89 (0.77)
BR-luminal 530489 5.20 (0.41) 5.07 (0.26) 7.49 (0.24) 4.94 (0.05) 5.87 (0.45)
BR-luminal 530656 5.06 (0.32) 5.15 (0.39) 7.65 (0.08) 5.05 (0.18) 5.56 (0.09)
BR-luminal 531399 5.23 (0.20) 5.74 (0.64) 7.33(0.26) 5.37 (0.05) 5.87 (0.57)
LE 148445 5.88 (1.14) 5.99 (0.96) 5.77 (0.79) 4.56 (0.04) 7.08 (0.54)
LE 490387 5.60 (0.26) 5.19 (0.39) 5.91 (0.48) 5.21 (0.35) 7.10 (0.19)
8.0/7.0 BR-luminal 534283 6.20 (1.39) 6.23 (1.30) 8.60 (0.00) 5.38 (0.07) 6.74 (1.43)
BR-luminal 534284 6.16 (1.42) 6.33 (1.19) 8.59 (0.02) 5.32 (0.07) 6.83 (1.10)
LE 528801 6.94 (1.17) 6.85 (1.09) 6.87 (1.03) 6.59 (0.79) 8.07 (0.24)

The upper and lower potency limits used in each search are listed, along with the SID (PubChem structure id) numbers of the compounds matching this criteria and the mean
(—log(Glso [mol/1])) values for each cell line group (cluster). The standard deviations are given in the parenthesis.

perspective the three compounds with mean pGlsy > 8.0 were

considered the most interesting.
3.3. Chemical structure analysis of the chemosensitivity dataset

The similarity in potency across the panel of cell lines was also
examined in relation to structural similarity of compounds active
in cancer cell growth inhibition.

Data set A was characterized with respect to the known
anti-cancer agents in data set B using a simple Tanimoto-based
estimate of molecular fingerprints, describing the presence and ab-
sence of specific chemical groups. To avoid comparison between
the same structures, all known anti-cancer agents were removed
from data set A before analysis. Then, all available 2D molecular
structures were extracted from the PubChem Substance database,
comprising 1669 structures for data set A and 44 for data set B
(Glsg data for known anti-cancer agents).

As seen in the heat map representation in Figure 5, the com-
pounds in data set A had the closest structural correlation with
the topoisomerase inhibitors I and II, and the least resemblance
to the alkylating agents in data set B. Only a few compounds
showed strong similarity with some of the anti-cancer agents
(red color), and a significant number of the compounds showed fair
similarity (orange and yellow color). The remaining compounds
were considered to be structurally dissimilar from known anti-
cancer agents, with a Tanimoto similarity <0.6.

We extracted the compounds with Tanimoto similarity >0.8
with at least one of the topoisomerase II inhibitors in data set B,
21 hits for eight different topoisomerase II inhibitors in total. Eight
of these compounds, which were verified by visual inspection as
being highly structurally similar compared to the respective query
structures, were selected for further analysis. Table 4 lists the
range of growth inhibition values of these eight compounds, along
with the Tanimoto similarity and the PCCs between the pGlsg
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Figure 5. A heat map representing the Tanimoto similarity between sub-sets of compounds in data set A (columns) and data set B (rows) with available structure data in the
PubChem Substance database. The Tanimoto coefficient for each compound-drug pair was represented according to the color code shown on the right hand side of the map. It
was seen that data set A exhibited the strongest similarity to topoisomerase II (marked TII) inhibitors.

Table 4
The 10 compounds with high structural similarity with known topoisomerase II
inhibitors and their corresponding query structures (marked with *)

SID Tanimoto PCC Lowest —log(Glsy Highest —log(Glso
coefficient [mol/1]) [mol/1])

140790 — - OV1: 4.998 LE5: 7.624
403734 0.80 0.52 BR3: 5.935 LE5: 7.392
412389 0.85 023 0V1:4.734 LE4: 7.489
139837 0.98 —0.03 OV1: 5.655 BR4: 10.540
125750 0.86 036  MES: 7.354 BR3: 7.648
570114* — — 0V4: 4.469 LE2: 6.025
403734 0.90 0.80 BR3:5.935 LE5: 7.392
576309 0.84 0.09 BR4:7.241 BR1: 8.602
572071 0.81 0.76  ME3: 5.713 LE5: 6.723
125750 0.81 042 MES: 7.354 BR3: 7.648
561989 — - OV1: 4.789 LE2: 7.702
301203 0.89 0.86 OV1:4.921 LE2: 7.211
137181* — — ME9: 5.343 LE5: 7.479
529810 0.84 0.62 0V3: 4431 LE6: 6.060

The compounds are listed with their SIDs, their Tanimoto similarity with their
respective query structure and the PCCs between their activity profile and the
correspond activity profile of the query structure. The lowest and highest measured
growth inhibition values (—log(Glso values) for the 30 cell lines are also listed for
each compound.

values of the compounds and the corresponding values of the
query structures for the 30 cell lines. Four hits were identified
for each of the compounds menogaril (140790) and N,N-dibenzyl
dunomycin (570114), respectively. Two of the structures identified
based on these two compounds were the same. One hit was found
for rubidazone (561989) and another one for m-AMSA (137181)
(Table 4 and Fig. 6). All the compounds in Figure 6 are seen to con-
tain three inter-connected aromatic rings, which is a common sub-
structure in topoisomerase inhibitors II that intercalate into DNA.
Menogaril and rubidazone are anthracycline compounds that
possess significant anti-tumor activity due to the inhibition of
macromolecular synthesis >*°°, and rubidazone has been used
extensively for the treatment of acute leukemias and sarcomas.
Two of the hits found for N,N-dibenzyl dunomycin had an
activity profile similar to the drug, with a slightly higher potency

range, and thus they might have a similar binding mode. The two
remaining hits had a higher and more narrow potency range, pos-
sibly because they have polar substituents at a position where
N,N-dibenzyl dunomycin has non-polar groups attached. The hits
found for menogaril had more polar substituents compared to
those found within the drug (query structure), all these molecules
had similar or higher activity compared to menogaril. For m-AMSA,
a structurally similar but somewhat less potent hit was identified.
The hit found for rubidazone had strong similarity in both struc-
ture and activity pattern. Hence, these examples and other similar
studies'® illustrate that structurally similar compounds often have
similar activity (potency) patterns. Compounds can on the other
hand have similar activity patterns without being structurally
similar.

The current method uses a simple similarity measure to identify
hits based on the overall structural similarity with the query
structure, but it does not identify hits with specific structural mo-
tives like pharmacophore type screens and three-dimensional
fingerprints Table 5.

As demonstrated in the above analysis, identification of poten-
tial hits with a very simple similarity measure is a viable option.
The current or other methods can thus be used to screen through
large databases in order to select new compounds for subsequent
experimental testing. Whereas a method like COMPARE has been
proven to be extremely useful for identifying potential new drugs
by searching for compounds with similar activity profiles, the use
of structural similarity can provide new candidate compounds
for measuring new activity profiles.

3.4. Correlation analysis between gene expression and drug
sensitivity

Despite the difficulty in filtering out gene-drug correlations
relevant to the drug action from the huge amount of genes coding
for biological processes involved in cell proliferation and differen-
tiation, we attempted to identify genes that may be associated
with drug sensitivity. Correlation analysis was done for the panel
of the 30 cell lines in the attempt to identify gene expression val-
ues which correlated well with the drug activity.
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Figure 6. Chemical structures and SIDs of eight compounds from data set A with the strongest structural similarity to at least one of the topoisomerase Il inhibitor in data set
B. The corresponding four query compounds (topoisomerase II inhibitors with SIDs 140790, 570114, 561989 and 137181, all marked in red).

We calculated the PCC between the activity patterns of each of
the 62 anti-cancer agents (data set B) and the expression profiles
of each of 1901 genes (data set C) in all 30 tumor cell lines, giving
117862 PCC values in total. To focus our analysis on genes that
showed the strongest correlation with chemosensitivity or che-
moresistance, we imposed a threshold value (|PCC|>0.7). Thus,

128 genes with the strongest positive (PCC>0.7) or negative
(PCC< —0.7) correlation with at least one of the anti-cancer
agents were identified. Whereas the alkylating agents showed
many non-specific gene-drug correlations as expected, the
gene-drug correlations identified for topoisomerase inhibitors I
and II and R/DA and DA antimetabolites were generally more
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Table 5
The 62 MOA drugs in data set B are listed with their common names and SIDs, as well
as the short labels assigned in this work

Compound class Names SID

AA Asaley 562499
AA BCNU 479311
AA Carboxyphthalatoplatinum 301233
AA CBDCA 568180
AA CHIP 569367
AA Chlorambucil 69624
AA Chlorozotocin 446503
AA Clomesone 460978
AA Cyclodisone 462884
AA Dianhydrogalactitol 301193
AA Hepsulfam 459000
AA Hycanthone 427813
AA Melphalan 301128
AA Mitomycin C 87663
AA Mitozolamide 463980
AA Nitrogen mustard 538248
AA Piperazine 575677
AA Pipobroman 86412
AA Spirohydantoin mustard 443958
AA Teroxirone 147076
AA Tetraplatin 576794
AA Thio-tepa 72371
AA Triethylenemelamine 75085
AA Uracil nitrogen mustard 92079
AA Yoshi-864 301162
TI Camptothecin derivative 501764
TI camptothecin derivative 577550
TI Camptothecin derivative 484408
TI Camptothecin derivative 484522
TI Camptothecin derivative 484520
TI Morpholinodoxorubicin 576309
TII Amonafide 454647
TII m-AMSA 137181
TII Anthrapyrazole derivative 576375
TII Pyrazoloacridine 466692
TII Bisantrene HCl 575181
TII Deoxydoxorubicin 301228
TII Mitoxantrone 572869
TII Menogaril 140790
TII N,N-Dibenzyl daunomycin 570114
TII Oxanthrazole 575923
TII Rubidazone 561989
TII VM-26 (teniposide) 416461
TII VP-16 (etoposide phosphate) 427063
R/DA 5-Azacytidine 405114
R/DA 5-Fluorouracil 82653
R/DA Acivicin 301209
R/DA Dichlorallyl lawsone 418677
R/DA Brequinar 577126
R/DA Ftorafur (pro-drug) 430704
R/DA 5,6-Dihydro-5-azacytidine 301226
R/DA Methotrexate 67627
R/DA N-(Phosphonoacetyl)-L-aspartate (PALA) 567041
R/DA Pyrazofurin 427861
R/DA Trimetrexate 463773
DA 2'-Deoxy-5-fluorouridine 88034
DA 5-HP 301166
DA 5-Aza-2'-deoxycytidine 419300
DA Hydroxyurea 90752
DA Inosine glycodialdehyde 301177
DA Thioguanine 538243
DA Thiopurine 538245

The labels include the MOA class of each compound, AA for alkylating agents, TI and
TII for topoisomerase inhibitors I and II, and R/DA and DA for RNA/DNA and DNA
antimetabolites.

specific. Thus most of the anti-cancer agents were associated only
with one or a few genes.

Protein annotations encoded by the identified genes in the Uni-
versal Protein Resource (UniProt),>® revealed only a few genes as
potentially relevant for drug action. The expression profile of the
v-myb myeloblastosis viral oncogene homologue (MYB) gene was

positively correlated with menogaril, N,N-dibenzyl dunomycin,
hydroxyurea and dichlorallyl lawsone. This gene is known to be in-
volved in DNA replication and repair. In previous investigations,
the related c-Myb has been identified as the candidate factor for
regulating topoisomerase Ila gene expression in proliferating
hematopoietic cells. Topoisomerase Ila acts as a logical down-
stream effector for the growth-stimulatory effects of the Myb tran-
scription factor family.>’

A few other genes of importance to cell proliferation and apop-
tosis were identified in our analysis. For example, myeloid leuke-
mia factor 1 (MLF1) correlated negatively with menogaril and
VM-26, and transcription factor AP-2 alpha (TFAP2A) was nega-
tively correlated with N,N-dibenzyl dunomycin.

4. Conclusions

In this study, we mined and investigated drug activity patterns
and gene expression profiles of 30 cancer cell lines from five differ-
ent organs from the NCIG0 cell line panel. Five groups of cells with
similar tissue of origin were identified by SOM unsupervised cluster-
ing and correlation analysis, i.e. leukemia, melanoma, prostate and
ovarian, basal-like breast, and luminal-like breast cancer cells. Thus
we used similarities in the gene expression profiles rather than or-
gan types for classifying the cancer cell lines with respect to tissue
of origin. This was done in order to investigate specificity in drug re-
sponse with respect to tissue of origin. High efficacy compounds that
show selectivity towards one of the five groups of cells lines were
identified.

The breast cancer cells had the largest genetic variation and
showed the most variable response to the different chemical agents.
This effect was determined by cellular subtypes of breast cancers,
basal and luminal. In this case, a strong correlation between gene
expression and chemosensitivity data was observed. By treating
the two breast cell lines as separate groups, high efficacy compounds
selective to the BR luminal cancer cell lines were found.

We also performed a structural similarity analysis to further
facilitate the potential use of the chemosensitivity data set. Eight
potential topoisomerase II inhibitors were identified using this
analysis. This analysis suggested that it is possible to find promis-
ing compounds effective in cancer cell growth inhibition with a
simple similarity measure. Such methods can be used to screen
through large databases in order to select compounds from large
data sets for subsequent experimental testing.
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