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Abstract—The primary functions of cancer chemotherapeutic agents are not only to inhibit the growth or kill the cancer cells, but to
do so without eliciting unreasonable cytotoxic effects on the healthy cells and to withstand the ability of the cancer cells to develop
resistance against it. This has unfortunately been proven so far to be a very difficult objective. In this perspective, the ability of small
molecules (anti- tumor agents) to ‘see’ different cell types differently can be a key attribute. Thus the term ‘differential cytotoxicity’ is
normally used to describe the drug’s specificity. In the present paper, we have quantified differential cytotoxicity from a study of the
chemicals tested in the National Cancer Institute’s Developmental Therapeutics Program. The MULTICASE (Multiple Computer
Automated Structure Evaluation) methodology was used to discover statistically significant structural fragments (biophores) related
to the differential cytotoxicity of the compounds. We found that even small structural features often become important in this regard
which is evident from the biophores that were found in structurally diverse chemicals. By utilizing the difference between the raw and
normalized differential cytotoxicity indices, we found that the a,b-unsaturated carbonyl group (O@CAC@CH2) is the major bio-
phore associated with compounds with essentially parallel concentration profiles in the cell lines in question. These compounds have
high non-normalized differential cytotoxicity but considerably low normalized differential cytotoxocity. The models developed were
cross validated for their predictive ability.
� 2008 Elsevier Ltd. All rights reserved.
1. Introduction

The National Cancer Institute’s (NCI) Developmental
Therapeutics Program (DTP) has screened thousands
of compounds against 60 cancer cell lines derived from
tumors from a variety of human tissues and organs.1–4

These cell lines are known as NCI-60 cell lines and cur-
rently they include cells from eight melanomas, six leu-
kemia, eight breast cancers, two prostate, nine lung,
seven colon, six ovary, eight kidney, and six central ner-
vous system cancers.5,6 NCI screens approximately
10,000 compounds for anti-cancer activity every year
against these cell lines. More than 70,000 different chem-
ical compounds, including all common chemotherapeu-
tics, have been screened so far and are available for
download from the NCI web site.� Besides drug screen-
ing data, NCI has also published gene expression pro-
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files for the untreated cell lines for thousands of genes.
Inaccessibility of human tumors and normal tissue for
anti-cancer compound screening has made such cell lines
invaluable for anti-cancer drug discovery and early
evaluation.

Free online availability of the NCI-60 screening results
has made it a rich data source for cheminformatics, bio-
informatics, data mining, and drug designers and helped
to provide new insights in the challenging field of cancer
chemotherapy. Examples include identification of
molecular mechanisms for cellular drug resistance,7–12

study of the drug sensitivity-gene expression correla-
tions,13 systematic variation in gene expression,14 corre-
lating molecular substructures with gene expression15,16,
and so on.

Drug activity profiles acquired from the growth inhibi-
tion assay performed on the panel of 60 cell lines pro-
vide important information on the mechanism of
action of various compounds. Past studies have used
the activity profile of a compound typically as a vector
of 60 GI50 (50% growth inhibitory concentration)
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values.17 Two compounds are considered acting through
similar mechanisms if their profiles are similar.18 Some
studies also correlated the drug profiles with the gene
expression profiles in the cell lines and discovered rele-
vant genes.19,20

In the present work, we quantified the ability of anti-tu-
mor compounds to elicit differential growth inhibitory
profiles (differential cytotoxicity) among the panel cell
lines and treated the resulting index as a biological prop-
erty of the compounds. This index we believe is a func-
tion of the presence of certain specific structural features
in the compounds. Indeed, after MULTICASE analy-
sis21 we identified several structural features which were
significantly statistically related to this index.

Differential cytotoxicity of anti-tumor agents is of signif-
icant research interest from early on.22–26 This attribute
becomes particularly important since we do not have ac-
cess to the data for the effects of these compounds on
normal cell lines. If a compound does not have the abil-
ity to distinguish between the cancer cell lines while elic-
iting its cytotoxicity, there is a possibility that it will be
toxic to normal cells as well. Although the reverse can-
not be said with high confidence for the compounds with
differential activity, at least they offer a possibility to
narrow down the screening results. Another equally
important issue is that of the cancer cells’ ability to de-
velop resistance towards chemotherapeutic agents. Can-
cer cells often develop unique solutions for survival by
targeting key regulatory steps in the apoptotic process.�

Screening profiles of compounds with marked ‘differen-
tial’ growth inhibition and/or cytotoxicity have been of
particular interest for studying mechanism of actions
of compounds, as well as for the selection and prioritiza-
tion of compounds for in vivo evaluation.2

In the past studies, a compound with differential cyto-
toxicity and known mechanism of action is treated as
a ‘seed’ compound and has been used to search for other
compounds in the NCI database which display similar
differential cytotoxicity pattern.22 Although this strategy
helped find novel and unrelated leads acting through
similar mechanisms, it does not help in explaining why
the compounds exhibit differential cytotoxicity in the
first place, which might enable us to discover interesting
leads and design better compounds.

In order to compute an index for the differential cyto-
toxicity of the compounds, we have used three different
concentrations (GI50, TGI and, LC50) for each com-
pound as opposed to using a single inhibitory concentra-
tion (GI50). Each of these three member vectors makes
up a profile for a compound for one cell line. Figure 1
shows composite profiles for two different compounds.
We categorize a compound as one with differential cyto-
toxicity if its profiles (total 60 for the cell lines) show
considerable variation (1, Fig. 1). The index calculation
� United States Patent 7125997, http://www.freepatentsonline.com/

7125997.html.
methodology is a very simple one and is explained in the
‘Data’ section.

The MULTICASE methodology21 was used to find the
structural fragments or ‘biophores’ related to the differ-
ential cytotoxicity of the chemicals. The program is well
suited for this purpose because it has the ability to gen-
erate very detailed structure–activity relationships from
the input data. Although several biophores were found
to be statistically significant, we only have listed and dis-
cussed some of the major ones in this paper. Among the
identified biophores, some relate to well-known anti-
cancer compounds. However, others were also found
that were not as obvious because they appear in struc-
turally very diverse chemicals.
2. Data

The data were obtained from the NCI web site for DTP
Human Tumor Cell Line Screen§ and downloaded in the
form of three files representing three different growth
inhibition concentrations; �logGI50 (�log of the con-
centration that causes 50% growth inhibition), �logTGI
(�log of the concentration which causes total inhibition
of cell growth/cytostatic effect), and �logLC50 (�log of
the concentration required to kill 50% of the cells/cyto-
toxic effect). These files only contain the NCI’s internal
ID number (NSC No.) of each compound. We used
these NSC numbers to cross search using the Enhanced
NCI Database Browser– and the SMILES codes for
each of the chemicals were downloaded. The structures
that could not be found with the enhanced browser were
obtained from a SD file (September 2003 release), pro-
vided in the DTP web site. The raw activity and struc-
tural data were converted to a Microsoft Access�

Database and, using appropriate queries, the data were
finally converted to a format similar to that shown in
Table 1. Compounds having elements other than the or-
ganic set (C, N, O, S, P, Cl, Br, I) and those which have
been tested in less than 50 cell lines for all the three con-
centrations (GI50, TGI, and LC50) were removed. The
process afforded us the required information for 26377
compounds.

Concentration triplets (�logGI50, �logTGI, and
�logLC50 values) for each compound were used to cal-
culate its differential cytotoxicity (DC) indices. For a
particular compound, the purpose of the DC index is
to quantify how different the concentration profiles are
from one another. We have treated the three concentra-
tions for each cell line as a point in the 3-dimensional
space and calculated the Euclidean distances from each
point to the others. For each compound, two slightly
different versions of DCI were calculated; in the first
one, the Euclidean distances over the entire cell line were
averaged (raw DCI) whereas in the second one, the pro-
files were first normalized by subtracting the mean from
each profile and then the Euclidean distances were calcu-
§ http://dtp.nci.nih.gov/docs/cancer/cancer_data.html.
– http://129.43.27.140/ncidb2/.
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Figure 1. Examples of two compounds with markedly different inhibitory concentration profiles. Compound 1 has a significant differential

cytotoxicity while compound 2 has low differential cytotoxicity.

Table 1. A sample of the information content of the main database

NSC No. Cell linesa Structure LCONCb GI50
c TGId LC50

e

89 NCI-H23

HO

O

N

�4.00 4.209 4.131 4.053

NCI-H522 6.159 5.977 4.978

A549/ATCC 4.186 4.086 4.000

. . . .

. . . .

. . . .

171 NCI-H23

NH

OOH

O

O

�4.00 4.000 4.000 4.000

NCI-H522 4.000 4.000 4.000

A549/ATCC 4.000 4.000 4.000

. . . .

. . . .

. . . .

. . . . . .

. . . . . .

a Details of the cell lines can be found at the NCI web site: http://dtp.nci.nih.gov/docs/misc/common_files/cell_list.html.
b log of the highest molar concentration tested.
c�log of the concentration that causes 50% growth inhibition.
d�log of the concentration that causes total growth inhibition.
e�log of the concentration required to kill 50% of the cells.
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lated (Normalized DCI). The objective of the normaliza-
tion is to avoid awarding high DCI values to those mol-
ecules whose profiles are parallel to each other and differ
only slightly in shape and slope. This situation is docu-
mented by the examples of Figure 2. For the first com-
pound (1, Fig. 2) a significant decrease in the DCI
value can be seen after normalization whereas, the sec-
ond one (2, Fig. 2) retained a high DCI value even after
normalization. On the basis of the differences in the raw
and normalized DCI values, the compounds in the data-
base can be divided into three categories:

i. Compounds which retain a high DCI value after
normalization,

ii. Compounds whose DCI values drops significantly
after normalization and,

http://dtp.nci.nih.gov/docs/misc/common_files/cell_list.html
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Figure 2. Effect of normalization on the differential cytotoxicity index of two compounds. Normalization results in a significant lowering of the DCI

value for compound 1, whereas compound 2 retains a high DCI even after normalization. The parallel nature of the concentration profiles is evident

in the first compound.
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iii. Compounds which have poor DCI value both
before and after normalization.

The rationale behind the use of the second category of
compounds is to find relevant structural features that
are associated specifically with compounds that have
essentially parallel concentration profiles, allowing us
to draw a connection between mechanisms of action of
cytotoxic compounds and their dose profiles. Exploiting
this simple difference between the two versions of DCI
might give us a crude discriminatory insight in the pos-
sible effects of the cytotoxic compounds on the complex
cellular machinery.
3. Methods

3.1. MULTICASE methodology

The MULTICASE program21,27 is based on a hierarchi-
cal statistical analysis of a database (called the training
set) composed of a number of chemicals with their bio-



k http://aiche.confex.com/aiche/2007/techprogram/P97795.HTM.
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logical activity data. The program aims to discover bio-
phores, that is, substructures that appear mostly in ac-
tive molecules and may therefore be responsible for
the observed activity. It starts by identifying the statisti-
cally most significant substructure existing within the
learning set. This fragment, labeled the top biophore,
is seen as responsible for the activity of the largest pos-
sible number of active molecules. The active molecules
containing this biophore are then removed from the
database and the remaining ones are submitted to a
new analysis leading to the identification of the next bio-
phore. This procedure is repeated until either the activity
of all the molecules in the learning set have been ac-
counted for or no additional statistically significant sub-
structure can be found. For each set of molecules
containing a specific biophore, MULTICASE identifies
additional parameters, deemed modulators, which can
be used in the construction of a quantitative structure–
activity relationship within this reduced set of conge-
neric molecules. Modulators consist of the presence of
certain substructures or the value of calculated parame-
ters such as the highest occupied and lowest unoccupied
orbital energies, octanol–water partition coefficient, and
so on. The process is automated and proceeds with min-
imal human intervention. The knowledge that the pro-
gram gains during the training process can then be
used to predict the biological activity of new chemicals
that were not included in the training set. The MULTI-
CASE methodology and its applications have been
extensively published in the scientific literature.21,27–31

3.2. MULTICASE database preparation

Data subsets were constructed from the full database of
26377 compounds with an objective to answer three
questions:

i. What are the structural features associated with a
high differential cytotoxicity?

ii. What are the structural features related to the dif-
ferential cytotoxicity associated with compounds
whose DCI value reduces significantly when raw
DCI is transformed to normalized DCI?

iii. Key structural features that are associated with non-
selective cell killing in compounds so that such struc-
tural features may be avoided in future drug design.

To answer the first question, databases were prepared
with normalized DCI values treated as activity. The nor-
malized DCI for the compounds varied from zero to
1.9644. We have categorized compounds as actives if their
normalized DCI is above 0.468, marginally actives if this
value is between 0.418 and 0.468 and inactive if it is below
0.418. We prepared three different databases of 6500 com-
pounds each by randomly selecting compounds from the
full set. Each of them contains �2000 active, �500 mar-
ginally active and �4000 inactive compounds. After
MULTICASE analysis we have considered only those
biophores which appeared in two or more databases.

To answer the second question we sorted the com-
pounds in descending order of reduction in their DCI
values when transformed from raw to normalized states
and labeled the top compounds (with normalized DCI
equal or below 0.468) as actives. A single database of
6500 compounds was built with 433 actives and 6067
inactive compounds.

For the third query, compounds with 5.0 or more aver-
age cytotoxic concentration (negative log concentration)
and with a very low normalized DCI (equal or less than
0.0166) were labeled as actives and rest of them were la-
beled as inactive. A database with 6500 compounds was
built with 538 active molecules with high overall cyto-
toxicity but very low differential cytotoxicity and 5962
inactive molecules.
4. Results and discussion

We will first focus on the biophores obtained by MUL-
TICASE when processing the three databases with nor-
malized DCI values. For the sake of clarity and
conciseness we have discussed only major biophores,
that is, if they appear in two or more databases. The bio-
phores are shown in Figure 3.

Biophore 1 (Fig. 3) appears in all three databases and
statistically it is the most relevant biophore; 94 active
compounds and only 2 inactive compounds carry this
biophore. This biophore mainly consists of a –OH
group and an –O– group separated by three aliphatic
ring carbon atoms. The ring carbon next to the –OH
group contains no hydrogens, the second carbon con-
tains two hydrogens and the carbon next to the –O–
group contains one hydrogen (OH–C–CH2–CH–O–).
Some minor variants of this biophore were also found
which mainly differ in the number of hydrogens on the
carbon atoms and sometimes nitrogen is found in place
of oxygen. This biophore appears in structurally di-
verse molecules and some examples are shown in
Figure 4. It is interesting to note that some of the
well-known anti-cancer drugs happen to have this bio-
phore, for example, paclitaxel, adriamycin, and dauno-
rubicin. These drugs work by different mechanisms;
paclitaxel is an antimitotic agent whereas adriamycin
and daunorubicin interact with DNA by intercalation.
These drugs are widely used in chemotherapy. At least
one research group has used paclitaxel and adriamycin
as reference compounds in assessing the differential
cytotoxicity of fredericamycin A derivatives.32 Another
studyk points out that adriamycin has nearly 20 times
selective inhibition towards tumor cell line MCF7 as
compared to Normal Human Mammary Epithelial
Cells (HMEC).

Biophore 2 was found to exist in 37 molecules with high
differential cytotoxicity. The molecules that contain this
biophore are mostly derivatives of antimitotic agent
colchicine.

It should be mentioned here that antimitotic agents are
known for their differential cytotoxicity. Paull et al.22

http://aiche.confex.com/aiche/2007/techprogram/P97795.HTM
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mentioned in their paper that some of the possible
explanations for greater sensitivity of some cell lines to-
wards antimitotic agents may be relatively low concen-
trations of tubulin in certain cell lines or microtubules
could have some specific function in structural integrity
or metabolism of certain cell lines, rendering them
hypersensitive to antitubulin agents. Also, certain cell
lines could have increased levels of membrane tubulin,
which could act as a specific transport mechanism for
the uptake of antimitotic agents.

Biophore 3 can be a part of 5 or 6-member rings and is
often found within the 2H-pyran-2-one-3,6-dihydro or
2(5H)-furanone ring system fused with another ring.
Although in our databases, the majority of the com-
pounds that contain this biophore are camptothecin
derivatives, the results are certainly not limited to them.
Indeed, heterocyclic benzodioxole lactones also contain
this biophore. Some molecules with this biophore are
shown in Figure 5. Camptothecin is an anti-cancer drug
in use. Abel et al.32 used camptothecin as a reference
compound for assessing differential cytotoxicity of
anti-tumor agents. Mechanism of action of camptothe-
cin derivatives are thought to be the inhibition of the en-
zyme topoisomerase I.

Biophore 4 was another statistically significant biophore
and was found almost exclusively within an acridine ring
system. However, as it can be seen in Figure 3, the bio-
phore spans only over two of the three rings of acridines
and is therefore also found in ring systems like that of 4-
quinolamine derivatives (e.g., NSC-709257).

MULTICASE identified several other statistically sig-
nificant biophores; for example, Biophore 5 was found
to be present mainly in two different types of molecules;
some of them are shown in Figure 6; biophore 6 was
found in compounds which are 2,4-pteridinediamine
and 2,4-quinazolinediamine derivatives. Biophore 7 is
found in benzoylurea derivatives. Biophore 8 was also
found to be present in mainly two different chemical
classes (Fig. 7). Biophore 10 is a part of 2-chloroethyl
alkylamines and biophore 11 is found in pyridyl isoni-
cotinoyl hydrazone derivatives.
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As mentioned earlier, the second part of our study fo-
cuses on finding biophores that are associated specifi-
cally with compounds with DCI values that undergo
marked reduction after normalization. Major biophores
found by the MULTICASE analysis are shown in Fig-
ure 8. A commonality amongst the biophores in this list
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is notable; majority of the biophores shown in Figure 8
contain an a,b-unsaturated carbonyl group, that is,
O@CAC@CH2 (Biophores 1, 2, 6, 7, and 8). Biophores
4 and 5 seem to be different at first glance, but they also
contain this feature. Cytotoxic activity of compounds
containing an a,b-unsaturated carbonyl group is well
known and many of these compounds have significant
anti-tumor activity.33,34 Cytotoxic sesquiterpene lac-
tones are notable examples (e.g., germacranolides,
elephantin, elephantopin, costunolide, and tulipinolide
and many others). Lee et al.35 showed that most imme-
diate and direct factor responsible for cytotoxicity of
these compounds is the introduction of the
O@CAC@CH2 system. It is believed that cytotoxicity
of these compounds results from their chemical reactiv-
ity towards nucleophilic thiols via Michael-type conju-
gate addition resulting in alkylation and thereby
inhibiting a variety of cellular functions and leads the
cell to apoptosis.33 They are reactive towards thiol-rich
enzymes, including phosphofructokinase, glycogen syn-
thetase, and amino acids such as cysteine. Some of the
targets of this group of compounds are membrane
based, for example, the reduced NADH: ubiquinone
oxidoreductase in complex I, which is a membrane-
bound protein of the mitochondrial electron transport
system and the ubiquinone-linked NADH oxidase in
the plasma membrane of cancerous cells.36,37 Halmos
et al.38 reported that cytostatic unsaturated ketonucleo-
sides strongly reduce membrane surface thiol levels and
suggested that selective inhibition of certain key mem-
brane thiols by these compounds might be an important
event in their biological effect. a,b-unsaturated carbonyl
compounds have also been shown to have inhibitory ef-
fect on membrane embedded multidrug resistance pro-
teins (MRP1/MRP2) which belong to the ATP-binding
transporter protein family. The parallel nature of the
cytotoxic concentration profiles of the compounds con-
taining this particular biophore might be the result of
difference in the overall thiol levels of the NCI60 cell
lines39 or the effect of a,b-unsaturated carbonyl on the
membrane transport mechanisms on the individual cell
lines. However, more investigation is needed to bring
certainty to this possibility.

Last part of our study involves finding structural fea-
tures that are found in compounds with cytotoxicity
but with negligible ‘differential’ cytotoxicity. These com-
pounds kill all the cell lines non-selectively. Such fea-
tures are not desirable in a chemotherapeutic agent
and should be avoided in designing new drugs. A data-
base was built to uncover such features containing 6500
compounds and 538 of them were labeled as active. Ac-
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tive compounds are those with high cytotoxicity but
with a very small differential component. The biophores
found by MULTICASE analysis are shown in Figure 9.
Only the top most statistically significant ones are
shown. Biophore 1 occurs in diverse chemical structures
and frequently is a part of side chains in those com-
pounds. However, all the other biophores appear in re-
stricted chemical classes represented by the biophore
itself.

4.1. Validation and predictive ability

In order to test the ability of the models to predict the
differential cytotoxicity potential of new molecules (mol-
ecules that are not present in the model), we have per-
formed cross validation tests. The tests were carried
out for one of the databases with normalized differential
cytotoxicity index as the activity. In the cross validation
tests, 3% of the compounds were taken out randomly
from the total set of 6500 molecules and used as a test
set. The remaining 97% of the molecules were used to re-
build the model and differential cytotoxicity potential of
the 3% test molecules were predicted using this model.
This procedure was repeated 3 times and the results
are shown in Table 2.
It can be seen from Table 2 that an average of 10.4% test
set molecules were not tested during cross validations.
This is because those compounds were determined to
be out of domain by the program and considered unsuit-
able for testing. There could be a number of reasons to
classify a test compound to be out of domain. One of
them is the presence of ‘unknown’ structural fragments
in the test molecules. ‘Unknown’ structural fragments
are those which were not found in the training set com-
pounds. This is also a way to find structural domain that
is not covered by the model.

For every 100 active compounds in the test set, an aver-
age of 57.9 compounds was predicted active by MULTI-
CASE (sensitivity). On the other hand, for every 100
inactive compounds in the test set, averagely 92.0 com-
pounds were predicted inactive by the program (specific-
ity). Since our original databases were skewed towards
inactive molecules with a 2:1 ratio between inactive
and active molecules, a decrease in the sensitivity is ex-
pected. However, high specificity of the test results com-
pensates for the mediocre sensitivity, that is, the
program recovers 57.9% of the active molecules from
the test set, nevertheless, out of this 57.9% fraction,
85.5% of compounds are true positives. These test re-
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Figure 9. Major biophores associated with compounds that have non-selective cytotoxicity towards the cell lines, that is, those with negligible

differential cytotoxicity. I/A stands for distribution of the biophore in compounds without non-selective cytotoxicity and with non-selective

cytotoxicity, respectively.

Table 2. Results of the cross validation tests

Test no. Concordancea (%) Sensitivityb(%) Specificityc (%) Number of test set molecules No testd (%)

1 78.86 59.50 94.70 196 10.71

2 78.29 59.20 92.80 196 10.71

3 73.71 55.10 88.50 194 9.79

Average 76.95 57.93 92.00 195 10.40

a Concordance is a statistical measure of what is the overall correctness of the test in identifying the negative and positive cases.
b Sensitivity, or recall rate, is a statistical measure of how well the test correctly identifies the positive cases.
c The specificity is a statistical measure of how well the test correctly identifies the negative cases.
d Percentage of test set molecules that were not processed for prediction because the program considered them out of domain of the training set data.
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sults indicate that the models developed can be used
effectively to discover new molecules with desirable dif-
ferential cytotoxicity profiles.

Activity prediction using a MULTICASE model for a
particular compound contains a detailed account of
how the prediction is reached including biophores/bio-
phobes/modulators that were found in the test com-
pound and a probability value which is the likelihood
of the test compound to be active. If the prediction is
correct (i.e., it matches with the actual experimental
activity) then inactive compounds should receive low
(close to zero) probability value whereas the active
compounds receive high probability (close to one) val-
ues. In case of a poor prediction, this situation is re-
versed. A distribution of this probability value in the
activity prediction of the test molecules in the three
cross validation tests is shown in Figure 10. It can be



Figure 10. Distribution of MULTICASE predicted probabilities for a molecule to be active (with high differential cytotoxicity potential) for 586 test

set compounds. The results are an accumulation of the three different test sets generated in the cross validation study. The colors of the bars represent

the actual experimental activity category of the test compounds.
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seen that majority of the inactive molecules were as-
signed a probability between (0.1 and 0.2) whereas
majority of the active test molecules received a proba-
bility on the other end of the scale (0.7–1.0). Amongst
the total of 586 test molecules, 90 of the active mole-
cules were misclassified and therefore received low
probability and grouped with inactive molecules. How-
ever, very few of the inactive molecules were misclassi-
fied and received higher probabilities. It can also be
seen that there is a big gap in the distribution and only
five molecules received probability more than 0.2 and
less than 0.7. This gap offers a better discriminatory
prediction between active and inactive molecules and
a clear cutoff probability value to be used.
5. Conclusions

In this paper we have explored the idea that the ability
of a chemical to exhibit differential cytotoxicity (against
the panel of 60 NCI cancer cell lines) depends on certain
molecular structural features. Using the MULTICASE
program we have found biophores statistically related
to the differential cytotoxicity index. Some biophores
were found to be belonging to group of chemicals acting
through more than one known mechanism of actions. In
addition, we found the a,b-unsaturated carbonyl group
(O@CAC@CH2) as a major biophore related specifically
to compounds which have essentially parallel concentra-
tion profiles. This biophore is well known to react with
cellular targets rich in thiols and membrane proteins act
as transporters. The findings of this study have the po-
tential to aid in the design and discovery of novel anti-
cancer agents.
Supplementary data

The list of compounds containing biophores shown in
Figure 3 is provided as a supplementary file (Bph-
Comps.txt). The file contains NSC numbers and
SMILES codes of the compounds. Also, the database
of 6500 compounds (433 active compounds) which pro-
duced the biophores shown in Figure 8 is provided as a
supplementary file (Database433.txt). This file contains
NSC numbers, active/inactive flags and SMILES codes
of the member compounds. Supplementary data associ-
ated with this article can be found, in the online version,
at doi:10.1016/j.bmc.2008.01.024.
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