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Lately, Quantitative Structure–Activity Relationship (QSAR) studies have been afar used to predict anti-
cancer activity taking into account different molecular descriptors, statistical techniques, cell lines and
data set of congeneric and non-congeneric compounds. Herein we report a QSAR study based on a TOPo-
logical Sub-structural Molecular Design (TOPS-MODE) approach, aiming at predicting the anticancer leu-
kemia activity of a diverse data set of indolocarbazoles derivatives. Finally, several aspects of the
structural activity relationships are discussed in terms of the contribution of different bonds to the anti-
cancer activity, thereby making the relationship between structure and biological activity more
transparent.

� 2008 Elsevier Ltd. All rights reserved.
1. Introduction used to predict anticancer activity taking into account different
Cancer encompasses a group of diseases characterized by the
excessive and uncontrolled growth of cells that invade and impair
tissues and organs and can ultimately result in death. The search
for new anticancer drugs plays a central role in the research pro-
grams of pharmaceutical companies and also of many governmen-
tal organizations.1 Despite these efforts, the World Health
Organization2 estimates that the rate of incidence of such diseases
will increase by 50% by the year 2020. For this reason, new and
effective drugs are urgently needed. In recent years, a large number
of anticancer agents have been discovered that act at different lev-
els3 and have higher efficacy and lower toxicity than existing treat-
ments. These databases can be exploited with the help of
automated and multivariate data analysis methods.4,5 The latter
relates the molecular structures with their biological properties
by establishing computational models able to assign activity values
to new untested compounds.6,7

Here, the role of Quantitative Structure–Activity Relationship
(QSAR) techniques should be remarked as these have been widely
ll rights reserved.
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molecular descriptors, statistical techniques, cell lines and data
sets of congeneric and non-congeneric compounds.8–16 In particu-
lar, it should be highlighted the success of the topological sub-
structural molecular design (TOPS-MODE) approach in producing
adequate QSAR models to classify the anticancer activity of several
types of organic compounds. For instance, Estrada et al.8 developed
a TOPS-MODE QSAR-based model that was able to discriminate
anticancer compounds from the inactive ones in a training series.
Specifically, the authors obtained an overall rate of ca. 88% and
91% correct classifications for the training set and external set
compounds, respectively.

An interesting group of compounds are the indolocarbazole
derivatives whose properties such as protein kinase C and topoiso-
merase I inhibitors have been widely studied.17,18 Rebeccamycin
(Fig. 1), a microbial metabolite isolated from cultures of Saccharo-
thrix aerocolonigenes which belongs to this group, is an antitumor
antibiotic that inhibits topoisomerase I by stabilizing the topoiso-
merase I–DNA cleavable complex.19,20 Also, it has been shown that
although topoisomerase I is a target for most rebeccamycin deriv-
atives, the inhibition of other enzymes may also be a contributing
factor to their cytotoxicity (e.g., such as protein kinase C). However,
its toxicity prohibits its use in cancer chemotherapy. SAR studies
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Figure 1. Rebeccamycin scaffold.
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have been carried out with a view to improving the pharmacolog-
ical profile of rebeccamycin,18,21 and have led to establishing a
model of a drug–topoisomerase I–DNA ternary complex. However,
despite their attractiveness, no QSAR study regarding the antican-
cer activity of this kind of compounds has been reported so far.

For these reasons, the present work reports a QSAR modeling
study for the rational selection of anticancer compounds by using
the TOPS-MODE approach along with a diverse data set of indoloc-
arbazoles derivatives.

2. Materials and methods

2.1. Data set

In the present study, we used a data set of 123 compounds
whose anticancer activity against murine leukemia tumor cell line
(L1210) has been reported previously. Eligible compounds were
collected from several sources in the literature.21–34

Among this data are included rebeccamycin analogues from
indolo[2,3-c]carbazole, indolocarbazoles bearing amino acid resi-
dues, sugar units linked to both indole nitrogens, 7-azaindole moi-
eties or different substituents on the indolocarbazole framework.
Another group encompasses dipyrrolo[3,4-a:3,4-c]carbazole-
1,3,4,6-tetraones, substituted with various saturated and unsatu-
rated side chains, indolylpyrazolones and indolylpyridazinedione.
Finally, isogranulatimide and bis-imide granulatimide analogues
modified on the indole moiety and on the imide heterocycles are
included as well. Cytotoxicity was measured by the microculture
tetrazolium assay as described by Leonce et al.35 Endpoint activi-
ties are expressed as IC50, that is, the concentration at which the
Compounds k-MCA

Cl

Cl

Cl

Cl

Scheme 1. Training and predicting s
optical density of treated cells with respect to untreated controls
is reduced by 50%. According to the need of more potent and less
toxic new anticancer drugs, we took into consideration a threshold
value of activity IC50 equal to 10 lM, thereby only the compounds
with an activity value lower than that were considered as active.

In order to obtain validated QSAR models the dataset should be
divided into training and test sets. Ideally, this division must be
performed in such a way that points representing both training
and test sets are distributed within the whole descriptor space
occupied by the entire dataset, and each point of the test set is
close to at least one point of the training set. In this work, we have
applied the k-Means Cluster Analysis (k-MCA) technique to split
the set of compounds and achieve the desired distribution.

2.2. k-Means cluster analysis

The k-MCA can be used in training and test set design.36 The
idea is to carry out a partition of the set of compound under study
in several statistically representative classes of chemicals. The
training and test sets can then be selected from the members of
all these classes. This procedure ensures that any chemical class
(as determined by the clusters derived from k-MCA) will be repre-
sented in both series’ of compounds (training and test). This allows
the design of both training and test sets that are representative of
the entire ‘experimental universe’ (see Scheme 1).

The k-MCA was carried out for active and inactive compounds
in two separated analyses. The first analysis one involved 70 active
compounds, which were split into five clusters with 23, 1, 18, 11
and 17 members, whereas the second analysis yield four clusters
containing 10, 18, 24 and 1 members from a total of 53 inactives
compounds.

Selection of the test set was carried out by taking the com-
pounds with the lowest Euclidean distance in each cluster. We took
into account the number of members in each cluster and the stan-
dard deviation of the variables in the cluster (as low as possible) to
ensure a statistically acceptable data partition into several clusters.
We also examined the following factors both between and within
clusters: the variance, the Fisher ratio and the p-level of signifi-
cance, which was considered acceptable when it was below 0.05.
The variables that were finally used in the analysis showed p-levels
<0.05 on the Fisher test. The results are shown in Tables 1 and 2.

2.3. QSAR modeling

A QSAR modeling approach seeks to uncover correlation of bio-
logical activity with structural features of the compounds (descrip-
tors). Nowadays there is a vast amount of available molecular
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Table 1
Analysis of variance between and within clusters

Set Analysis Variables

l1
Mol l1l15

Hyd l1l15
Hyd

Active compounds Between clusters 59.85 61.06 57.53
Within clusters 9.15 7.94 11.47
F 106.31 124.92 81.80
p-Level <10�6 <10�6 <10�6

Non-active compounds Between clusters 44.42 45.25 45.36
Within clusters 7.57 6.75 6.64
F 95.79 109.52 111.62
p-Level <10�6 <10�6 <10�6
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descriptors with which one can model the activity of interest. Here
we have resorted to the graphed-based molecular descriptors—
spectral moments, designed accordingly to the TOPS-MODE ap-
proach, whose theoretical basis has been widely described in pre-
vious reports.37–39 To mirror fundamental physicochemical
properties that might relate to the present biological endpoint
(anticancer activity), the atomic properties bond hydrophobicity
(Hyd), standard bond dipole moment (Dip) and molar refractivity
(MR) were used as bond weights.

These graph-based descriptors were computed with the MODE-

SLAB 1.5 software,40 from the familiar SMILES inputting of chemical
structures. Specifically, we have calculated the first 15 spectral mo-
ments (l1–l15) for each bond weight and the number of bonds in
the molecules (l0), excluding the hydrogen atoms. Owing to the
non-linearity of the biological process under study, the interactions
between l0 or l1 with all variables were also evaluated.

As to the modeling technique, we opted for a discriminant-
based approach; in this case, the coefficients and statistical param-
eters were obtained by the linear discriminant analysis (LDA)
implemented in STATISTICA (version 6.0).41

In summary, we adopted the following 3-step procedure for
establishing our QSAR model.

Step 1: Model set-up. This proceeds as follows.

(i) Select an appropriate training set of chemicals by k-MCA.
(ii) Input the molecular structures, through the SMILES codes.

(iii) Return the spectral-moments descriptors using an appropri-
ate set of bond weights.

(iv) Find an adequate QSAR model from the training set by a dis-
criminant-based approach.
Table 2
Analysis of the descriptive statistics of the variables in each cluster

Set Statistics Variables Cluste

Active compounds Mean l1
Mol 0.411

l1l15
Hyd 0.133

l1l1
Hyd �0.070

Standard deviation l1
Mol 0.456

l1l15
Hyd 0.306

l1l1
Hyd 0.350

Variance l1
Mol 0.208

l1l15
Hyd 0.094

l1l1
Hyd 0.122

Inactive compounds Mean l1
Mol �0.239

l1l15
Hyd 0.807

l1l1
Hyd 1.377

Standard deviation l1
Mol 0.461

l1l15
Hyd 0.369

l1l1
Hyd 0.675

Variance l1
Mol 0.213

l1l15
Hyd 0.136

l1l1
Hyd 0.456
Step 2: Model evaluation. Assess the performance of the QSAR
model, particularly regarding its applicability and predictive
power.

Step 3: Fragments activity identification. Ascertain the activ-
ity of the different fragments based on the bond contributions
computed with the QSAR model.

2.4. Model set-up

The task is to obtain a mathematical function Eq. 1 that best de-
scribes the anticancer activity P, as a linear combination of the pre-
dictor X-variables (the spectral moments lk) weighted with the
coefficients ak. Such coefficients are to be optimized by means of
LDA using the training set compounds.

P ¼ a1X1 þ a2X2 þ � � � þ akXk þ a0 ð1Þ

In developing the models, P values of +1 and �1 were assigned to
active and inactive compounds42, respectively, but a posteriori
probabilities are used instead to assert the models’ classification
of compounds. In particular, when the probability of being active
did not differ more than 5% from that of being inactive, the case
was considered as unclassified by the model.

In most cases, LDA is suitably applied in QSAR studies as long as
the problem of selection of variables is faced and solved. In so
doing, particular care should be taken to avoid overfitted models,
that is, models with too many included predictor variables and
poor external predictivity. Also, one should be aware of possible
collinearity among the variables. Moreover, one should easily de-
tect the presence of influential outliers and then modify the data
set accordingly.

In this work, the forward stepwise (FS) technique was applied
to select the molecular descriptors (X-variables) with the highest
influence on the anticancer activity. In addition, to tackle the mul-
ticollinearity problem and avoid overfitting, we have orthogonal-
ized our descriptor variables according to the Randić
procedure.43 Such procedure was introduced by Randić, several
years ago, as a way of improving the interpretation of models built
from interrelated indices. Furthermore, an analysis of the applica-
bility domain of the model was carried out to explore the presence
of potential outliers and compounds that influence model parame-
ters resulting in an unstable model. A distance based method, spe-
cifically the leverage approach44, was employed in our QSAR
modeling. So, we computed the leverage values for every com-
pound and these were plotted against the standard residuals. From
this plot (the so-called William’s plot), the applicability domain
r 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

5.269 0.212 0.250 �1.253
5.347 �0.748 1.259 �0.518
4.404 �0.868 1.477 �0.211
0 0.285 0.481 0.235
0 0.320 0.571 0.234
0 0.132 0.703 0.470
0 0.081 0.231 0.055
0 0.103 0.326 0.055
0 0.018 0.494 0.221

0.610 �0.582 5.388
�0.575 �0.142 5.684
�0.554 �0.336 4.263
0.441 0.320 0
0.487 0.255 0
0.181 0.294 0
0.194 0.103 0
0.237 0.065 0
0.033 0.086 0
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was established inside a squared area within ±2 standard devia-
tions and a leverage threshold h* (h* = 3p0/n, with p0 the number
of model parameters and n the number of training compounds).

2.5. Model evaluation

Various diagnostic statistical tools were used for evaluating our
model equations, in terms of the criteria goodness-of-fit and good-
ness-of-prediction. Measures of goodness-of-fit have been esti-
mated by standard statistics7 such as the Wilk’s lambda (k), the
Mahalanobis distance (D2), the Fisher’s ratio (F), and the corre-
sponding p-level (p), the percentage of good classification and
the proportion between the cases and adjustable parameters
(q > 4) in the equation, as well as the Matthew’s coefficient (C).45

The Wilk’s k statistic implies perfect discrimination for k = 0 and
the absence of discrimination when k = 1. The Mahalanobis dis-
tance indicates the separation of the respective groups, showing
whether the model possesses an suitable discriminatory power
for differentiating between the two respective groups. Goodness-
of-prediction of the discriminant models has been assessed by
means of external validation. Notice that validation of the models
with compounds not used in the model setup is a crucial but nec-
essary step to ensure generalization, and also of major relevance
for future QSAR studies.

2.6. Bond contributions

One of the greatest advantages of the TOPS-MODE approach,
over other traditional QSAR methods, stems from its sub-structural
nature. This means that one can transform the QSAR model into a
bond additive scheme and thus describe the endpoint activity as a
sum of bonds contributions related to different structural frag-
ments of the molecules.46

Bond contributions are based on the local spectral moments,
which in turn are defined as the diagonal entries of the different
powers of the weighted bond matrix:

lT
kðiÞ ¼ biiðTÞk ð2Þ

where lT
kðiÞ is the kth local moment of the bond i and bii(T) are the

diagonal entries of the weighted bond matrix, and T is the type of
the bond weight (Hyd, Dip, and MR).

For a given molecule, one can substitute the values of the local
spectral moments computed by Eq. 2 into Eq. 3 below and, thus,
gather the total contribution to the anticancer activity of its differ-
ent bonds:

P ¼ ao þ
X

k

ak � lT
k ð3Þ

These contributions represent the additive features of the property
modeled and they can be expressed as fragment contributions, the
sum of the contributions of different bonds that are inside the sub-
structure whose contribution is under examination.
3. Results and discussion

The final partition of the data derived in a structurally represen-
tative distribution of chemicals into training and predicting series.
A training set of 58 active and 42 inactive compounds was ob-
tained, whereas a test set of 12 active and 11 inactive compounds
(see Tables 1 and 2 in Supplementary data). It is worth noting that
there are two clusters that contain only one member each one.
These two cases are the only dimmers in the whole data set, being
109 active and included in the prediction set while 110 inactive
and included in the training set. At first sight, both could be consid-
ered as potential outliers; however their inclusion in this QSAR
study might be important due to the structural information that
they can provide related to the large difference between their
activities values—compound 109 is about 73-fold more active than
110 (see Fig. 2).

The best classification model derived from the training set, by
combining the LDA and FS techniques along with the TOPS-MODE
representation, followed by Randić’s orthogonalization, is given
below together with the statistical parameters of the LDA.

P ¼ 0:64�1XlMR
1 � 1:83�2Xl0l

Dip
6 þ 0:39�3Xl1l

Hyd
15

� 0:79�4Xl1l
Hyd
1 þ 0:91 ð4Þ

N ¼ 100 k ¼ 0:60 D2 ¼ 2:65 Fð4;95Þ ¼ 15:625
p < 0:0001 C ¼ 0:637 q ¼ 8:4

The large F index, and small p value are indicative of the model’s
statistical significance. In addition, the values of the Wilks statistic
(k) and of the Mahalanobis distance (D2) show that the model dis-
plays an adequate discriminatory power for differentiating both
groups. Notice also that the correlation coefficient is always be-
tween �1 and +1, and that this coefficient can often provide a
much more balanced evaluation of the prediction than, for in-
stance, the percentage.47 Furthermore, the high value for the Mat-
thew’s coefficient indicates a strong linear relationship between
the molecular descriptors and the output of the model.48 Finally,
the high value of q = 8.4 shows that the model is not over-fitted
by an excess of parameters; this parameter is expected to be >4
for linear models.49

As can be seen in Table 3, this discriminant model showed
excellent results in the training and external prediction series used
to validate the model. A different, better threshold for the a priori
classification probability can be estimated by means of the receiver
operating characteristics (ROC) curve.50 A pronounced ROC curve is
depicted in Figure 3 with the area under curve markedly higher
than 0.5 – the area under the curve expected for a random classifier
(diagonal line).51

The four descriptor variables in Eq. 4 are related to the molar
refractivity (lMR

1 ), the hydrophobicity (l1l
Hyd
15 and l1l

Hyd
1 ), and

the bond dipole moment (l0l
Dip
6 ). It is interesting to compare the

role of each descriptor in modeling the compounds’ activity: For in-
stance, descriptors lMR

1 and l1l
Hyd
15 have a positive contribution to

the anticancer activity, whereas descriptors l1l
Hyd
1 and l0l

Dip
6 have

a negative contribution. Here, it is important to highlight the oppo-
site contributions of l1l

Hyd
15 and l1l

Hyd
1 despite the fact that they

are weighted by the same property. The main difference between
these variables is the order of the spectral moments involved in
the interactions and their significance in the model equation, being
the former factor more significant than the latter. This finding
might be related to the ability of l1l

Hyd
15 to differentiate between

similar chemical structures in the data more effectively than
l1l

Hyd
1 , a difference that is due to the separation between the or-

ders in the interactions.
Finally, an analysis of the applicability domain of the model

was carried out, being the results shown in Figure 4. As can
be seen, three compounds in the training set are out of the do-
main of applicability of the model as are another three com-
pounds from the test set (that is, compounds 86, 90, 95, 96,
109 and 110; see Figs. 1 and 5), and this is a result of their
leverage values. Nevertheless, none of these compounds were
considered as outliers because the values of their standardized
residuals are not greater than two standard deviation units. It
is important to highlight that the compounds out of the domain
from the training set bear structural resemblance to those
belonging to the prediction set and also have similar leverage
values.



Figure 2. Structure of compounds 109 (test set) and 110 (training set).

Table 3
Results of the classification of compounds in the training and prediction series

% Active Inactive Unclassified

Training group (82.11% total)
Active 82.46 47 10 1
Inactive 81.58 7 31 4

Prediction group (81.82% total)
Active 83.33 10 2 0
Inactive 80.00 2 8 1

Receiver Operating Characteristic curve

model classification
random classifier
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Figure 3. Receiver operating charecteristic (ROC) curve for the classification model
(Eq. 4).
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A deeper analysis showed that compounds 110 and 109 have
the highest leverage values (0.816 and 0.440, respectively), which
is not an unexpected result since they formed two single clusters
(as explained before), and are the only two dimmers in the whole
data set. However, it is noteworthy that these compounds are not
to be considered as outliers in contrast to what the cluster analysis
suggested.

On the other hand, compounds 90 and 86 have leverage values
(h90 = 0.154 and h86 = 0.158) very close to the warning leverage
(h* = 0.15). The substructures of compound 90 are included in
numerous molecules in the training set (see Table 1 in Supplemen-
tary data, cases 56 to 92); therefore, the lowest leverage values can
be expected for these compounds in comparison with the others,
which are out of the applicability domain of the model. Conversely,
compound 86 is the only one in the data set that has a glucopyran-
osyl tetra-O-acetyl substituent in its structure, and that influences
its molecular descriptor values, especially lMR

1 , the value of which
increases, thus illustrating the bulkiness, steric and hydrophobic
effects of this substituent on the activity, and leads to a slightly
higher leverage value. Finally, compounds 95 and 96 (h95 = 0.170
and h96 = 0.238) are very similar structurally to the rest of the iso-
granulatimide analogues in the data set (see Table 1 of Supplemen-
tary data cases, cases 93 to 103) apart from the OBn substituent.
Nonetheless, this is a substructure that is not unique in the data
set; there are other molecules—such as 64 and 71—that bear this
substituent even at the same position (e.g., case 71).



Figure 4. Williams plot based on Eq. 4, that is, a plot of the standardized residuals
versus leverage values, with a warning leverage of 0.15.
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Consequently, a new model was developed by removing the
three compounds in the training set that were found to be out of
the applicability domain. This step was carried out to check the ef-
fect of such a change on the statistical parameters of the model. As
Figure 5. Other compounds out of the applicability domain due to a leverage
seen in Table 4, there are not significant variations in the model
parameters. It follows that the influence of these compounds is
not critical for the model and their exclusion is not well supported,
just in agreement with the tentative conclusion mentioned above
concerning the possible importance of the structural information
provided by molecules 109 and 110 for the successful development
of the model.

In order to gain an insight into the structure–anticancer activity
relationship and to obtain a better interpretation of the model, an
analysis of the contribution of the fragments to the classification
was carried out. Firstly, the work was developed by taking the
diversity of the data as a starting point and three groups were well
established according to the core structure of the compounds and
the substituents. The first group included rebeccamycin analogues,
the second group bis imide granulatimide analogues and the third
one isogranulatimide analogues (see Fig. 6). In some compounds in
the three groups an indole unit is replaced by a 7-azaindole moiety.

Most of the rebeccamycin analogues are active and, for this rea-
son, we will focus mainly on seeking information about the contri-
butions of different substituents in an attempt to establish which
contribute to a larger extent in making a particular compound ac-
tive. It has been reported that the antitumor activity of rebeccamy-
cin is linked to its capacity to inhibit topoisomerase I by forming a
ternary DNA topoisomerase I–rebeccamycin complex that prevents
the relegation of the cleaved DNA strand.52 Additionally, it has be
reported that the sugar residue attached to the indolocarbazole
chromophore is critical for the drug’s ability to interfere with topo-
isomerase I as well as for the formation of intercalation complexes,
with the indolocarbazole chromophore oriented parallel to the
value higher than the warning one from the training (A) and test (B) sets.



Table 4
Parameters of the non-orthogonal model and the variations after removing the potential influential compounds (cases 90, 95 and 110)

Model a0 l1
MR l0l6

Dip l1l15
Hyd l1l1

Hyd % Actives % Inactives Total %

Former model 0.39 4.92 �5.39 2.35 �1.79 81.03 83.33 82.00
New model 0.40 5.25 �5.72 2.03 �1.51 81.03 82.05 81.44
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Figure 6. Core of the main structures in the data set.

Figure 7. Main fragments studied for those rebeccamycin analogues bearing a carbohydrate unit attached to either only one indole nitrogen or both.

Table 5
Contributions of the most important fragmentsa in some rebeccamycin analogues

Case R1 F1 F21 F22 F2 F31 F32 F3 F4 Pb

Compounds with the sugar unit linked to both indole frameworks
18 Br �0.081 1.424 0.992 2.416 1.430 0.992 2.422 �0.294 5.116
14 CHO �0.664 2.059 0.346 2.405 2.056 0.346 2.402 �1.373 3.316
15 OH �0.598 2.027 0.231 2.258 1.841 0.231 2.072 �1.332 3.142
16 NO2 �0.621 1.903 �0.007 1.896 1.900 �0.007 1.893 �1.203 2.534

Compounds with the sugar unit linked to one indole framework
25 CHO �0.795 1.915 0.333 2.248 1.751 0.332 2.084 �1.710 2.228
1 H �0.504 1.827 — 1.827 1.681 — 1.681 �1.227 2.206
28 OH �0.729 1.877 0.230 2.107 1.722 0.230 1.952 �1.686 2.065
29 COOMe �0.946 1.601 �0.267 1.334 1.420 �0.267 1.153 �1.773 0.118

a Fragments F1, F2, F3 and F4 are those shown in Figure 6. Fragments 2 and 3 were split into two substructures, representing subscripts 1 and 2 the indole and substituent
moiety in the two fragments, respectively.

b Anticancer activity.

R. Molina-Ruiz et al. / Bioorg. Med. Chem. 17 (2009) 537–547 543
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base pair plane of DNA and the carbohydrate interacting with the
grooves.31 According to these studies, and taking into account the
fact that most of the rebeccamycin analogues in the data set have
Figure 8. Study of the modifications on ind

Table 6
Contributions of the most important fragmentsa in rebeccamycin analogues 47, 40 and 54

Case F11 F12 F1 F2 F3 N

47 �0.540 0.210 �0.330 1.794 1.693 �
40 �0.463 0.084 �0.379 1.443 1.481 –
54 �0.945 – �0.945 0.986 0.718 –

a Fragments F1, F2, F3 and F4 are those shown in Figure 7. Fragments F1 and F4 wer
sugar, while subscript 2 the substituent moiety in both fragments.

b Anticancer activity.
a sugar residue attached to the indole unit, we thus focused on two
kinds of analogues—those whose carbohydrate was linked to (1)
only one indole nitrogen or to (2) both nitrogens.
ole, carbohydrate and imide fragments.

on-sugar substituent F41 F42 F4 Pb

0.269 �1.193 2.309 1.115 4.577
�0.519 – �0.519 2.786
�1.504 �2.072 �1.856 �3.460

e split into two substructures, representing subscript 1 the imide substructure and



Figure 9. Main fragments studied for the bis imide granulatimide analogues.

Table 7
Contributions of the most important fragmentsa in some bis imide granulatimide
analogues

Case R1 F1 F2 F31 F32 F3 Pb

56 10-CH2@CH–Ph �0.100 �0.125 0.437 0.646 1.082 1.067
64 8-OBn �0.242 �0.262 0.629 0.367 0.996 0.716
63 8-Me �0.707 �0.716 0.493 0.008 0.501 �0.797
72 10-OH �0.836 �0.840 0.535 0.115 0.650 �0.891
69 9-OH �0.836 �0.840 0.533 0.115 0.648 �0.892

a Fragments F1, F2 and F3 are those shown in Figure 8. Fragment F3 was split into
F31, equivalent to the indole framework, and F32, in which R1 is attached to the
aromatic ring in any position from 8 to 11.

b Anticancer activity.
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On the other hand, the functional modifications on the aromatic
moieties have a significant influence on the antiproliferative activ-
ity of the compounds. We therefore studied the contribution of
some substituents at the 3– and 9–positions for the two kinds of
rebeccamycin analogues described above (see Fig. 7). The values
of the fragments contribution were calculated as described in Sec-
tion 2 and the threshold total value to classify the compounds was
�0.544, in other words, if the model yielded a value higher than
�0.544 the compound was considered active and otherwise it
was classified as inactive.

As can be seen from the results in Table 5, there is a general de-
crease in the contribution of the fragments of the compounds with
the carbohydrate part linked to one indole in comparison to the
other analogues, an effect that is particularly marked by the influ-
ence of F3 lacking a sugar residue and F4. In addition, there is a pat-
tern in the influence of the substituents on the aromatic rings in
both kinds of rebeccamycin analogues. The higher the polarity
the lower the classification value of the molecule. In this sense
the positive effect of the Br substituent (F22 = F32 = 0.992) on the
contribution values of F1 and F4 is remarkable, as exemplified by
case 18, the molecule with the highest probability to be classified
as active (=0.996, see Supplementary data) and the model equation
value (=5.116). Other interesting changes in the activity can be ob-
served in the compounds with the sugar unit linked to one indole
framework, where a comparison of cases 25, 1 and 28 with case 29
is made. Note the low contribution value of the COOMe group
(F22 = F32 = �0.267) and how this has a negative influence on the
remaining fragment values.

However, there are other structural modifications that worth
further study and these include the replacement of an indole unit
by a 7-azaindole moiety, possible substituents on the N-imide
and the position of the carbohydrate framework as well as the nat-
ure of substituents on it. To this end, analysis of these were carried
out for compounds 40, 47 and 54.

The fragments under investigation were essentially the same as
before, though with other splitting (see Fig. 8 for details), and its
contribution values are included in Table 6.

The results in Table 6 show the favorable effect of a substituent
in the N-imide (compare the F1 contribution values of compounds
47 and 40 with that of 54) with a lower dipole moment. However,
note that the length of the chain is very important, as is the planar-
ity of the core of the molecule and the substituent as a whole. In-
deed, this latter factor seems to be critical for the formation of
intercalation DNA topoisomerase I–rebeccamycin analogue com-
plexes, with the indolocarbazole chromophore oriented parallel
to the base pair plane of DNA.31

Analysis of the carbohydrate unit showed the importance of the
position of the rebeccamycin analogue to which it is linked and the
nature of substituents on this unit. Firstly, the contribution values
of the substituents on the sugar part have the following order: I
(2.309) > OH (considered as zero as it is included in F41)� OTs
[O-Tosyl] (�1.856) according to the previous analyses. Moreover,
the different positions of these substituents on the sugar unit show
how their proximity to the rebeccamycin main core is not favor-
able for being classified as active.

For the sugar link position we focused on the comparison be-
tween the contributions of F2 and F3. Compound 47, which has
the sugar moiety linked to N-indole, shows the highest F2 and F3
values. In addition, the presence of a non-sugar substituent on
fragment 3 of this compound decreases the activity to �0.269. It
follows that this is the most favorable position to be linked by
the carbohydrate. A second study compared compounds 40 and
54, which have the sugar on the 7-azaindole. This showed that
the most negative effects on the activity arise through the attach-
ment of the sugar to the N-pyridine (see the significant difference
between F3 for these compounds: =0.763). In fact, the differences
in the contribution values of the frameworks between these com-
pounds provide useful information for a rational design of new
compounds as compound 47 is the second compound classified
as active, 40 has a moderate value and 54 is one of the few inactive
analogues.

As mentioned previously, the analysis of a second group (see
Fig. 6) that includes bis imide granulatimide analogues was carried
out. The fragments under investigation are shown in Figure 9, and
its contribution values are included in Table 7.

An initial analysis showed that the replacement of an indole or
7-azaindole unit by another imide framework is not favorable for
activity. In fact, it can be seen from Tables 5–7 how the contribu-
tions of the two first fragments mentioned are higher than those
calculated for imides.

On the other hand, the influence of the substituent on the aro-
matic ring is very important, as it is in the other analogues ana-
lyzed before. In this case, it appears that bulky functional groups
might increase the probability of a given compound being consid-
ered as active. The results in Table 7 indicate how substituents
such as CH2@CH–Ph and OBn give rise to the highest contribution
values and also highlights the significant changes in activity for
smaller groups. Indeed, for the methyl group the fragment contri-
butions decrease to a large extent and can even make the molecule
inactive. The slight increase in the activity contribution value of
compound 63 provided by the methyl effect, in comparison to
compounds 72 and 69 (with hydroxyl), suggests that hydrophobic-
ity is a key parameter to take into account along with bulkiness.

Finally, an analysis of the third group was carried out and this
concerns isogranulatimide analogues. Most of these compounds
were classified inactive, with 118 being the only active example.
However, the output value of the model for this molecule was
not so high (P = �0.324) and is very close to the threshold value



Figure 10. Contributions of the most important fragments in some isogranulatimide analogues.
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(�0.544). This finding is very important as it could be considered as
an unclassified compound and its prediction could be doubtful. As
a consequence, this group was unattractive in terms of developing
a structure-activity relationship for optimization. The results are
shown in Figure 10, in which the fragments under study are high-
lighted in various colours and their contribution value is also
shown. In addition, the label for the molecule is given (e.g., 117)
along with the global activity value (e.g., P = �0.705). Briefly, the
figure illustrates that the position of the nitrogens in the imidazole
ring with respect to rest of the molecule is the main factor that af-
fects the activity, with close proximity between the N-indole and
N-imidazole unfavorable for activity. On the other hand, a sugar
unit linked to the 7-azaindole fragment only slightly increases
the activity, and the molecule remains inactive.

4. Conclusions

A QSAR model was developed using the TOPS MODE approach
towards the rational selection of anticancer compounds, from a di-
verse data set of indolocarbazole derivatives, for antiproliferative
activity against murine leukemia tumor cell line (L1210). The mod-
el proved to have suitable statistical quality, as demonstrated by
the fitting and validation parameters.

The TOPS-MODE approach afforded useful information about
the contribution of different fragments in the molecules, as well
as enabling a better understanding and interpretation of the devel-
oped model. Therefore, this is a particularly interesting tool that
can be recommended for future studies in this field.

As for the analysis of the bond contributions, we concluded that
the rebeccamycin analogues have the highest probability to be
classified as active, particularly when the most significant frag-
ments are attached to the core, that is, (1) a carbohydrate unit with
one substituent at the 60-position, (2) substituents at the 3- and 9-
positions on the aromatic ring and (3) substituents on the N-imide
fragment whose steric and hydrophobic properties are balanced.
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