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ABSTRACT

The United States National Cancer Institute conducts an anti-
cancer drug discovery program in which ~10,000 compounds
are screened every year in vitro against a panel of 60 human
cancer cell lines from different organs. To date, ~62,000 com-
pounds have been tested in the program, and a large amount of
information on their activity patterns has been accumulated.
For the current study, anticancer activity patterns of 112 ellip-
ticine analogs were analyzed with the use of a hierarchical
clustering algorithm. A dramatic coherence between molecular
structures and their activity patterns could be seen from the
cluster tree: the first subgroup (compounds 1-66) consisted
principally of normal ellipticines, whereas the second subgroup
(compounds 67-112) consisted principally of N2-alkyl-substi-
tuted ellipticiniums. Almost all apparent discrepancies in this
clustering were explainable on the basis of chemical transfor-

mation to active forms under cell culture conditions. Correla-
tions of activity with p53 status and selective activity against
cells of central nervous system origin made this data set of
special interest to us. The ellipticiniums, but not the ellipticines,
were more potent on average against p53 mutant cells than
against p53 wild-type ones (i.e., they seemed to be “p53-
inverse”) in this short term assay. This study strongly supports
the hypothesis that “fingerprint” patterns of activity in the Na-
tional Cancer Institute in vitro cell screening program encode
incisive information on the mechanisms of action and other
biological behaviors of tested compounds. Insights gained by
mining the activity patterns could contribute to our understand-
ing of anticancer drugs and the molecular pharmacology of
cancer.

The NCI is conduc'ting an anticancer drug discovery pro-
gram in which ~10,000 compounds are screened every year
in vitro against a panel of 60 different human cancer cell
lines (Monks et al., 1991; Boyd, 1997). Currently included in
the screen are cells from eight melanomas, six leukemias,
and eight cancers of breast; two of prostate; nine of lung;
seven of colon; six of ovary; eight of kidney; and six of CNS.
The purpose of the screen is to provide the initial evaluation
of compounds for cytotoxic or growth-inhibitory activity against
a diverse panel of cancer cell types. Compounds that show
interesting activity patterns are selected for subsequent in vivo
testing. This screen profiles, or “fingerprints,” the tested com-
pounds in terms of their anticancer activity patterns.

To date, ~62,000 synthetic compounds, plus a larger num-
ber of natural product extracts, have been tested. Similarity

1 Current affiliation: R.O.W. Sciences, Inc., National Center For Toxicolog-
ical Research, Jefferson, AR 72079.

in activity patterns very often indicates similarity in mech-
anism of action, mode of drug resistance, and molecular
structure of the tested compounds. Several different algo-
rithms have been introduced to use the information in the
discovery of anticancer drugs and for understanding the mo-
lecular pharmacology of cancer (Weinstein et al., 1997). The
COMPARE program (Paull et al., 1989, 1995; Koo et al.,
1996; Boyd, 1997) has proved useful in finding agents with
activity patterns similar to that of a “seed” compound and in
finding compounds with activity patterns that correlate well
(positively or negatively) across the 60 cell lines with the
expression levels of particular cellular targets. Back-propa-
gation neural networks (Weinstein et al., 1992), Kohonen
self-organizing maps (van Osdol et al., 1994), principal com-
ponent analysis (Koutsoukos et al., 1994; Shi et al., 1997a),
hierarchical cluster analysis (Shi et al., 1997a; Weinstein et
al., 1997), and multidimensional scaling (Shi et al., 1997a)

ABBREVIATIONS: NCI, United States National Cancer Institute; CNS, central nervous system.
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have been used to predict mechanism of action or organize
compounds into families based on activity patterns. This
“information-intensive” approach to the molecular pharma-
cology of cancer and anticancer drug discovery (Weinstein et
al., 1992, 1994, 1997; Shi et al., 1997a) has proved useful in
identifying subgroups of compounds related to particular bi-
ological targets. Growth-inhibitory activity for a single cell
line is not very informative, but activity patterns across the
60 cell lines provide incisive information on the mechanism of
action of screened compounds and on molecular targets and
modulators of activity within the cancer cells.

Our approach to the discovery of anticancer drugs and the
molecular pharmacology of cancer involves three kinds of
databases (Weinstein et al., 1994, 1997): 1) anticancer activ-
ity data (A) for compounds across the 60 human tumor cell
lines, 2) chemical structural information (S) for the tested
compounds, and 3) information on possible targets or modu-
lators (T) of activity in the 60 cell lines. Currently, the size of
database A is ~62,000 X 60. The number of targets or mod-
ulators characterized in the cell lines is well beyond 100 and
growing quickly (Bates et al., 1995; Li et al., 1997; Myers et
al., 1997). The S database can be encoded in terms of any set
of two- or three-dimensional molecular structural descriptors
or experimentally measured or theoretically calculated phys-
icochemical properties. The NCI Drug Information System
(Milne et al., 1994), a major resource for drug discovery
(Klopman et al., 1997), contains structural information for
nearly 500,000 molecules, including the 62,000 tested to
date. For the analysis and display of these large databases,
we developed the DISCOVERY program set, which maps
coherent patterns in the data rather than treating the com-
pounds and targets one pair at a time (Myers et al., 1997;
Weinstein et al., 1994, 1997).

One particular example of the application of our approach
was the identification of a series of p53-inverse compounds
(Weinstein et al., 1997). The p53 tumor suppressor gene is
mutated in >50% of human tumors, more than any other
gene examined to date (Hollstein et al., 1991; Harris, 1996).
p53 functions as a transcriptional regulator with the ability
to both transactivate and suppress gene transcription. It is
activated in response to DNA damage and can orchestrate a
number of cellular responses to genotoxic stress, including
G1 arrest and apoptosis (Harris, 1996). The p53 sequences in
the NCI 60-cell line screen have been determined (O’Connor
et al., 1997). Nineteen of the 60 lines are p53 wild-type, and
41 are p53 mutant. Our analyses showed that the majority of
clinical agents for cancer treatment seemed more active on
average in this screen against the p53 wild-type cell lines
than against the p53 mutant ones (O’Connor et al., 1997;
Weinstein et al., 1997). We termed these compounds p53-
direct. It seemed desirable to search for compounds (p53-
inverse) that were more active against p53 mutant cell lines,
at least in this assay. To search for such compounds, we
analyzed the database of activity patterns using the COM-
PARE and DISCOVERY program sets. As part of that pro-
cess, cluster analysis led to the identification of 1057 agents
belonging to 37 cluster families that seemed predominantly
pbH3-inverse. One particularly interesting group of such com-
pounds was a subset of the ellipticine family, which forms the
focus of the current study.

Ellipticine (5,11-dimethyl-6H-pyridol[4,3-b]lcarbazole; Fig.
1) is one of the simplest naturally occurring alkaloids with a
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Fig. 1. The ellipticine analogs can be classified on the basis of chemical
structure into three subgroups: the normal ellipticines (E), N2-substi-
tuted ellipticiniums (@), and 1,2-dihydrogenated ellipticines (H).

planar structure. It was first isolated in 1959 from the leaves
of the evergreen tree Ochrosia elliptica Labill (Apocynaceae),
which grows wild in Oceania (Goodwin et al., 1959), but its
biological activities were not recognized at that time. In 1967,
the synthesis and anticancer activity of ellipticine, 9-me-
thoxyellipticine, and other derivatives were reported (Dalton
et al., 1967). Since then, extensive attention has been paid to
the design, synthesis, and structure-activity relationships of
this class of compounds (Gribble, 1990; Acton et al., 1994;
Anderson et al., 1994; Jurayi et al., 1994; Devraj et al., 1996a,
1996b; Shimamoto et al., 1996). Several groups have reported
that some ellipticine analogs, specifically ellipticiniums, are
selectively active against cancer cell lines of CNS origin (Ac-
ton et al., 1994; Anderson et al., 1994; Jurayi et al., 1994), and
Boyd and colleagues (Vistica et al., 1994; Kenney et al., 1995)
found that cellular uptake was a determinant of the CNS
selectivity. Studies on the mechanisms of cytotoxicity and
anticancer activity of the ellipticine analogs indicate a com-
plex set of effects (Kohn et al., 1975; Gribble, 1990; Sains-
bury, 1990), including 1) DNA intercalation, 2) inhibition of
topoisomerase 2, 3) covalent alkylation of macromolecules,
and 4) generation of cytotoxic free radicals.

Because cardiovascular toxicity and hemolysis were ob-
served during preclinical studies, development of the parent
compound, ellipticine, was halted. Interest shifted to the
9-substituted derivatives, including 9-hydroxyellipticine,
9-methoxyellipticine, and Elliptinium (Celiptium). Only lim-
ited activity was observed in clinical trials with 9-me-
thoxyellipticine and 9-hydroxyellipticine. Although phase II
clinical trials of Elliptinium yielded moderately promising
results, none of the ellipticine derivatives have reached clin-
ical practice in the United States. However, members of the
ellipticine family may still yield clinically useful anticancer
drugs if their mechanisms of action and relative activities in



tumors with particular molecular characteristics are better
understood (Gribble, 1990; Sainsbury, 1990).

For this study, we collected information on 112 ellipticine
derivatives that have been tested in the NCI anticancer drug
discovery program. We were interested in them partly be-
cause of their potent anticancer activity and partly because
some of them seemed to be p53-inverse (Weinstein, 1997)
(i.e., they seemed more active against p53 mutant cell lines
than against p53 wild-type cell lines in the NCI screen).

We initially classified these ellipticine analogs into three
subtypes (Fig. 1) according to their chemical structures. A
molecule was classified as type E if it was a normal Ellip-
ticine (the D ring was a noncharged pyridyl ring); type H if
the D ring was 1,2-dihydrogenated; and type Q if the D ring
was an NZ-substituted pyridyl ring with a permanent posi-
tive charge (i.e., quaternized). In our data set, 30 compounds
were type E, 28 were type H (including three 1,2,3,4-tetra-
hydroellipticine analogs), and 54 were type Q, according to
the above classification criteria. As shown in Discussion,
there are pathways by which some of the ellipticine analogs
can be transformed from one type to another under cell
culture conditions.

Materials and Methods

Cell screen and activity data. Details of the NCI cell screening
protocols and reporting procedures have been described previously
(Paull et al., 1989, 1995; Monks et al., 1991; Jurayi et al., 1994; Boyd,
1997). Briefly, dimethylsulfoxide solutions of the compounds are
diluted routinely by a factor of 500 with aqueous medium. Aliquots of
the resulting aqueous solutions or suspensions are tested against the
cells in microtiter plates for 48 hr of exposure, and cell growth then
is assayed spectrophotometrically by staining for total cellular pro-
tein with sulforhodamine B. The growth-inhibitory activity of a
tested compound is expressed in terms of the quantity — log(GIj;,),
where GI;, is the concentration required to inhibit growth by 50% in
comparison with the untreated control. For each compound, 60 ac-
tivity values (1 for each cell line) make up the activity pattern, or
fingerprint, of the compound. Overall, our database included 14%
missing values, each of which was replaced by the mean value for the
drug in question before further data analyses. It should be noted that
sulforhodamine B staining is not the only method for obtaining an
index of cell growth, but it is a standard one. The screening capacity,
reproducibility, and quality control all seemed favorable when the
sulforhodamine B staining method was used (Boyd, 1997).

Cluster analysis. We used the agglomerative hierarchical clus-
tering (“hclust”) function in the S-Plus statistical package (StatSci
Division, MathSoft, Seattle, WA) to cluster compounds in terms of
their in vitro activity patterns across the 60 cell lines. At each step in
the clustering process, the two clusters (or individuals) nearest to
each other by some chosen criterion are combined to form one larger
cluster, a process called “merge.” The procedure continues to aggre-
gate clusters together until there is only one. Compounds similar in
activity pattern appear together, and dissimilar ones appear to be
widely separated in the resulting cluster tree.

A convention is needed at each merge of the cluster tree to specify
which cluster should go on the top and which should go on on the
bottom (i.e., in terms of the orientation in Figs. 2 and 4). For a data
set of n individuals, there are n — 1 merges. Therefore, there are 2" *
possible orderings of the leaves in a tree. The convention used in
hclust orders the clusters so that the “tighter” (more homogeneous)
one is always on the top. Individuals are considered the “tightest”
clusters possible and therefore always are put on the top when
merged with clusters. If a merge involves two individuals, they are
placed in order by observation number in the data set.

The shape of the cluster tree formed by a particular data set is
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determined by a combination of the distance metric and clustering
method. The distance metric can be euclidean, maximum, Manhat-
tan, binary, or some other user-selected measure. Clustering meth-
ods implemented in S-Plus include average linkage, single linkage,
and complete linkage. For average linkage clustering, the distance
between two clusters is the average of the distances between the
data points in one cluster and the data points in the other. For single
linkage clustering, the distance between two clusters is the mini-
mum distance between data points in the first cluster and data
points in the second. For complete linkage clustering, the distance is
the largest distance between data points in one cluster and data
points in the other.

For this study, we investigated different clustering algorithms but
settled on average linkage clustering. The distance metric used was
1 — r, where r is the Pearson correlation coefficient between the
activity patterns of two compounds. When we compared different
clustering algorithms and distance metrics, it seemed that the com-
bination of average linkage clustering and 1 — r or euclidean dis-
tance gave the most coherent results, but all of the methods except
single linkage yielded essentially the same regularities as those
presented here.

Results

Cluster analysis based on cell screen activity pat-
terns. Fig. 2 is a dendrogram showing the hierarchical clus-
tering of 112 ellipticine analogs based on their anticancer
activity patterns. The cluster tree indicates a distinct sepa-
ration of the compounds into two subgroups, with a remark-
able separation between compounds 66 and 67. By examin-
ing the chemical structures, we found that the first subgroup
(compounds 1-66, denoted as EE) consisted principally of
normal ellipticines (E), whereas the second subgroup (com-
pounds 67-112, denoted as QQ) consisted principally of N2-
alkyl-substituted ellipticiniums (Q). Fig. 3, a clustered corre-
lation (ClusCor) matrix (Myers et al., 1997; Weinstein et al.,
1997), also shows the distinct separation of compounds into
two subgroups. The average pairwise Pearson correlation
coefficients were 0.401 for compounds within the EE sub-
group and 0.464 for those within the QQ subgroup. The
average correlation coefficient between compounds of the EE
and QQ subgroups was only 0.103.

Most of the H-type compounds clustered in the EE sub-
group, with a few exceptions that fell in the QQ subgroup.
Some of the Q-type compounds clustered in the EE subgroup.
We initially thought that these exceptions might reflect ran-
dom experimental noise in the screen data. After examina-
tion of the chemical structures of the “outlier” compounds,
however, we were able to explain the clustering results al-
most completely, as described in Discussion.

To determine how well the in vitro cell screen activity
patterns reflect the chemical structures and mechanisms of
action of tested compounds, we clustered an expanded data
set formed by adding 167 camptothecin analogs to the 112
ellipticines. The cluster tree for the 279 compounds is shown
in Fig. 4 (distance metric, 1 — r; clustering method, average
linkage).

The camptothecins clustered side by side in one major
branch of the tree, with two exceptions (1 and 274). The
activity patterns of compounds 1 and 274 were different from
those of the remainder of the data set; they merged last in the
cluster tree. Further examination revealed, however, that
this apparent dissimilarity was an artifact. In the NCI
screen, if a compound is not sufficiently active to inhibit cell
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Fig. 2. Dendrogram showing the hierarchical clustering of 112 ellipticine analogs based on their activity patterns across 60 human tumor cell lines.
First column, compound numbers in cluster order. Second column (E, H, or @), original structural type of the compound. Third column (E, E', E", @,
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growth by 50% at the highest concentration tested (usually tion = 0.296) than they were to the QQ-type ellipticiniums
10~ * M), the GI;, value is reported as the highest concentra- (average r = 0.103, standard deviation = 0.162). These ob-
tion tested. These two compounds, 12-nitro-17-hydroxy- servations may reflect the current view that camptothecins
20(S)-camptothecin (1) and 9-amino-20(R)-camptothecin act by a single, specific mechanism of action (i.e., by inhibi-
(274), were almost completely inactive in the screen; only 1 or  tion of topoisomerase 1), whereas ellipticines and ellipticini-
2 of the 60 cell types were sufficiently sensitive for 50% ums act in a variety of ways, including intercalation in DNA,
growth inhibition below the highest concentration tested inhibition of topoisomerase 2, and alkylation of DNA.

(10~* Mm). Therefore, there was not enough information en- p53 status and CNS-related indices. To explore the
coded in the activity patterns to characterize the biological p53- and CNS cell-related properties of the ellipticine ana-
behavior of these two compounds. If it were possible to test logs, we defined two activity indices: 1) CNS.sel (mean. CNS

them at higher concentrations, their activity patterns might — mean.0.60), where mean.CNS for a particular compound is
emerge, and they might cluster with the other camptoth- the mean activity for the 6 CNS cell lines, and mean.60 is the
ecins. mean activity across all 60 cell lines. A positive CNS.sel

As shown in Figs. 4 and 5, the camptothecins are more value indicates greater potency in cells of CNS origin. 2)
similar to each other in activity pattern than are the ellip- p53.MW (mean.p53M — mean.p53W), where mean.p53M is
ticines. The average pairwise Pearson correlation coefficient the mean activity for the 41 p53 mutant cell lines, and
(r) between activity patterns for the camptothecin set was mean.p53W is the mean activity for the 19 p53 wild-type cell
0.696 (standard deviation = 0.207), whereas that for the lines. A positive p53.MW value indicates a p53-inverse agent.
ellipticine analogs (including both EE and QQ compounds) Values of CNS.sel and p53.MW were calculated for the 112
was only 0.267 (standard deviation = 0.256). In fact, the ellipticine analogs, as shown in Fig. 6. The compounds in Fig.
EE-type ellipticines were somewhat closer in activity pattern 6 were arranged in the same order as in the cluster tree (Fig.
to the camptothecins (average r = 0.248, standard devia- 2). Clearly, most compounds in the second subgroup (QQ) of
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the cluster tree (67-112) seemed both p53-inverse and CNS
selective, whereas most compounds in the first subgroup (EE,
1-66) were neither p53-inverse nor CNS selective. There was
a high correlation between p53.MW and CNS.sel (» = 0.800).
Because only 1 (SF-539) of the 6 CNS cell lines is p53 wild-
type, we initially suspected that the p53-inverse property of

200

250

the QQ subgroup simply might be a result of the superior
activity of these compounds against the CNS cell lines. We
therefore excluded the 6 CNS cell lines and calculated the
p53.MW(no CNS) index. Fig. 7 indicates that there was no
major difference between p53.MW and p53.MW(no CNS).
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o
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Fig. 7. Chemosensitivity differences p53.MW and p53.MW(no CNS) for
112 ellipticines. Compounds are listed in cluster order from Fig. 2. There
is a high correlation (r = 0.975) between the two indices, indicating that
the apparent p53-inverse status of ellipticinium compounds was not
attributable to the CNS cell lines alone.



248 Shi et al.

The general trends of the indices essentially were un-
changed. The relationship between p53.MW and p53. MW (no
CNS) could be described by the following statistically highly
significant linear equation: p53.MW = 0.0289 +
1.114%p53.MW(no CNS), with » = 0.975 and n = 112.

This relationship indicated that the apparent p53-inverse
status of the ellipticiniums (QQ) was not an artifact of the
CNS selectivity. It seemed possible that the p53-related ac-
tivity index, p53. MW, might indeed reflect some kind of in-
herent difference between the EE and QQ subgroups in
terms of their inhibitory activity against the p53 wild-type
and mutant cell lines.

We then decided to calculate the p53.MW index within
each organ-of-origin subpanel of cell lines; the results are
shown in Fig. 8. The numbers of cell lines per subpanel were
insufficient for statistical analysis, but p53-inverse status
seemed most prominent in the colon, CNS, and kidney sub-
panels. They were the main contributors to the overall p53-
inverse status of the QQ subgroup. Differences between in-
dices for EE and QQ subgroups were not seen for the
leukemia, melanoma, ovarian, or breast subpanels. There
were many missing values for the breast subpanel because
the breast cell lines were not included in the cell screen
program during its early stages. Because both prostate cell
lines in the screen were p53 mutant, a p53.MW index for the
prostate subpanel could not be calculated. For the non-small
cell lung cancer lines (Fig. 8B), the situation was different:
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the difference in p53.MW index between the EE and QQ
subgroups was considerable, but the mean value for the QQ
subgroup was —0.122. Therefore, this subpanel of cell lines
did not contribute to the overall p53-inverse status of the QQ
subgroup.

The overall p53.MW index (Fig. 8I), although not very
large in magnitude, did remain characteristic and significant
with respect to the activity patterns and chemical structural
issues used to generate the QQ and EE subgroups.

Discussion

We noticed that in Fig. 2, 15 Q-type compounds (18, 35-45,
50, 53, and 62) clustered in the EE subgroup rather than in
the QQ subgroup as one might have expected. By examining
their chemical structures, we found that 12 of the 15 com-
pounds were ellipticiniums substituted at the NZ-position
with —CH,—O—CO—R, where R is an alkyl group of two to
six carbon atoms in 10 cases (18 and 35-43) and a phenyl
ring in 2 cases (44 and 45). The other three “misclustered”
compounds (50, 53, and 62) were ellipticiniums substituted
at the N%-position with —CH(CH,;)—0—CO—OCH,CH;. We
suspected that all 15 of these Q-type compounds could be
transformed to the normal ellipticine form by the metabolic
pathway shown in Fig. 9. We have not investigated whether
the conversions depicted in Fig. 9 actually did occur under
cell culture conditions; however, by analogy with what has
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Fig. 8. Chemosensitivity difference (p53.MW)
between p53 wild-type and mutant cell lines
within each organ-of-origin subpanel (compare
with Figs. 6 and 7). A-H, p53. MW index within
each subpanel. I, Overall p53. MW index across
all 60 cell lines. There were many missing val-
ues for the breast subpanel because the breast
cell lines were not included in the NCI cell
screening program until 1992; compounds
tested before that date simply were not tested
for their anticancer activity against these
breast cell lines.
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Fig. 9. Possible pathway for conver-
sion of a subgroup of ellipticiniums (Q)
to active ellipticine form (E’).

been reported in the literature (Varia et al., 1984;
Bundgaard, 1991), these conversions are very likely. The first
step in Fig. 9 is a simple hydrolysis of the ester. It could
happen easily in the presence of esterases (Bundgaard,
1991). The intermediate, N-hydroxymethyl derivative, that
would result from the first step has been shown for similar
types of compounds to be very unstable (Varia et al., 1984).
This intermediate can readily be broken down to formalde-
hyde and the parent compound (Varia et al., 1984,
Bundgaard, 1991), as shown by the second step in Fig. 9.

The simplest interpretation of the clustering is that these
transformations took place sufficiently quickly under cell
culture conditions that the activity patterns of these com-
pounds seemed closer to those of the EE subgroup than to
those of the remainder of the QQ subgroup. As discussed,
these 15 compounds did not show CNS selectivity or p53-
inverse status demonstrated by other Q-type compounds (67,
68, 70-81, 83-92, 94-101, and 103-109). To distinguish
them from the E-type and other Q-type compounds, these 15
compounds were reclassified as type E’ (see Figs. 2 and 9).

Although most of the H-type compounds clustered within
the EE subgroup, a few of them (82, 93, and 102) clustered in
the QQ subgroup. The H subset, in fact, consisted of prodrugs
that might convert to different active forms under cell culture
conditions. Fig. 10 indicates pathways by which these com-
pounds might be converted.

First, most of the H subset (22 of 28) were NZ-acyl-1,2-
dihydroellipticines. They could be converted to the normal
ellipticine structures by oxidation and hydrolysis (Fig. 10,
pathway A) and then would be expected to exhibit biological
effects similar to those of normal ellipticines. Indeed, these
H-type compounds were intermingled with the EE subset in
the cluster tree. These 22 compounds were reclassified as
type E” in Fig. 2 to indicate that they could be converted from
H-type to E-type.

Second, three other H-type compounds (82, 93, and 102)
were NZ-methyl-1,2-dihydroellipticines, which could be oxi-

dized to the corresponding ellipticinium derivatives by path-
way B in Fig. 10. As might be expected, these three H-type
compounds clustered with the QQ subgroup (Fig. 2). They
were reclassified as type Q’, indicating that they were prob-
ably converted from H- to Q-type. In fact, Jurayi et al. (1994)
observed the conversion of N2-methyl-1,2-dihydroellipticines
to their corresponding ellipticiniums through oxidization in
air. The activity patterns of these three compounds seemed to
reflect this type of conversion under cell culture conditions.
Compounds 65, 111, and 112 are 1,2,3,4-tetrahydroellip-
ticines. Their activity patterns was distinct from those of
other ellipticine analogs, which is consistent with their
unique chemical structural features.

Cluster analyses were performed on the in vitro cell screen
activity patterns of 112 ellipticine analogs. The results were
in good agreement with previous observations that activity
patterns generated from the screening program could distin-
guish diverse compounds by structure and mechanism of
action (Paull et al., 1989, 1995; Weinstein et al., 1992, 1997).
In this study, we have demonstrated, at a “microlevel” (for a
more homogenous data set), that the NCI in vitro cell screen
program generates incisive information about the mecha-
nisms of action and selective anticancer activity of tested
compounds. After taking into account the biochemical trans-
formations likely to have taken place under cell culture con-
ditions, we found an essentially perfect match between chem-
ical structures and their positions (determined by their
activity patterns) in the cluster trees of Figs. 2 and 4.

The striking coherence between chemical structures and
activity patterns suggested a causal relationship. We sus-
pected that each subset (EE or QQ) might behave in a unique
way in inhibiting tumor cell growth. As mentioned, the EE
subset consists of the normal ellipticines without a perma-
nently charged D-ring, whereas the QQ subset consists of
compounds permanently positively charged on the D-ring.
This structural difference may play a major role in determin-
ing their difference in mechanism of action or the way or
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ways in which these compounds are transported and metab-
olized by tumor cells.

The most immediate reasons for our interest in the ellip-
ticine analogs were the apparent p53-inverse and CNS cell-
selective properties of part of the data set (i.e., the QQ sub-
set). Our previous analyses showed the majority of clinical
anticancer agents to be more active on average against the
p53 wild-type cell lines than against the p53 mutant ones in
the NCI 2-day growth-inhibition assay (O’Connor et al., 1997,
Weinstein et al., 1997). These findings were consistent with
those for a series of Burkitt’s lymphomas and lymphoblastoid
cells (Fan et al., 1994). However, the impact of p53 on che-
mosensitivity is complex and multifactorial; it depends on
the genotypic/phenotypic context of the cell type and on the
nature of the assay (Lowe and Jacks, 1997). In particular, the
two-day sulforhodamine B assay emphasizes rapid growth
inhibition and cytotoxicity, including some apoptosis.

Our analyses (Fig. 8) suggest a context dependence of the
effect of p53 on chemosensitivity. The QQ subgroup seems to

be p53-inverse for the subpanels of colon, CNS, and kidney
origin but not for the subpanels of leukemia, melanoma,
ovary, or breast origin. However, the numbers of cell lines in
each category are small, and other lines should be studied
prospectively to pin down the point.

One might infer that p53 is, directly or indirectly, involved
in the processes that determine the anticancer activity of the
compounds. However, we do not have experimental evidence
for that proposition; the conclusions are correlative not
causal. From the statistical point of view, the differences are
significant. These observations already have triggered more
insightful thinking about the impact of p53 status on chemo-
sensitivity to ellipticines and ellipticiniums.

In a companion study (Shi et al., 1998), we used the re-
cently developed genetic function approximation (Rogers and
Hopfinger, 1994; Shi et al., 1997b) method to model struc-
ture-activity relationships of the ellipticine data set. Molec-
ular descriptors calculated with use of the Cerius? molecular
modeling package (Molecular Simulations, San Diego, CA)



were used to predict a number of activity indices, including
p53. MW and CNS.sel. Good points of agreement between the
activity indices and molecular structural descriptors were
found. Exemplar compounds selected in part on the basis of
the cluster analysis and genetic function approximation stud-
ies will be tested in the p53-isogenic cell sets (Fan et al., 1995,
1997).
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