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Abstract—Deoxyribonucleic acid (DNA) topoisomerases are involved in diverse cellular processes, such as replication, transcrip-
tion, recombination, and chromosome segregation. Searching new compounds that inhibit both topoisomerases I and II is very
important due to the deficiency of the specific inhibitors to overcome multidrug resistance (MDR). A QSAR study was developed,
employing the 3D-MoRSE descriptors and a set of 64 benzophenazines in order to model the inhibition of the topoisomerases I and
II, expressed by the cytotoxicity of these compounds (ICsy) versus drug-resistant human small cell lung carcinoma line cell H69/
LX4. A comparison with other approaches such as the Topological, BCUT, Galvez topological charge indexes, 2D autocorrelations,
Randi¢ molecular profile, Geometrical, RDF, and WHIM descriptors was carried out. The mathematical models were obtained by
means of the multiple regression analysis (MRA) and the variables were selected using the genetic algorithm. The model relative to
the 3D-MoRSE descriptors was considered as the best, taking into account its statistical parameters. It was able to describe more
than 82.2% of the variance in the experimental activity once the outliers were extracted.

© 2006 Elsevier Ltd. All rights reserved.

1. Introduction

Deoxyribonucleic acid (DNA) topoisomerases are in-
volved in very diverse cellular processes such as replica-
tion, transcription, recombination, and chromosome
segregation. Such enzymes solve topological problems
related to DNA double helical structure by breaking
and rejoining DNA strands. There are two major classes
of topoisomerases, the topoisomerases I, which break
and reseal one strand of DNA, and the topoisomerases
IT that alter DNA topology by catalyzing the passing of
an intact DNA double helix through a transient double-
stranded break made in a second helix and has a critical
role in DNA processing required for the separation of
chromosomes to complete mitosis.!
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Topoisomerase inhibitors have been widely used in the
treatment of cancer. The inhibitors of topoisomerase I,
for instance, camptothecin analogs such as irinotecan
and topotecan have been reported for the treatment of
colon cancer.> Furthermore a number of antitumor
drugs, including the anthracycline doxorubicin, the
epipodophyllotoxins etoposide and teniposide, and
amsacrine are thought to be cytotoxic by virtue of their
ability to stabilize a covalent topoisomerase II-DNA
intermediate (the cleavable complex).!

However, a deficiency of these specific inhibitors, for both
types of topoisomerases, results in an inability to over-
come multidrug resistance (MDR).>* Research of new
compounds that present a dual inhibition toward topo-
isomerases I and II is very important. There has been
extensive research of dual inhibitor enzymes, like intopli-
cine,’> XR 5000 (DACA),° and TAS-103.7 Moreover, due
to the similarity in the shape between the acridines and
phenazines have been reported the synthesis and antitu-
moral activity of phenazine derivative, specifically, substi-
tuted phenazine-1-carboxamides, being the most active
the 8,9-benzo[o]phenazine-1-carboxamide compounds.5-°
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Quantitative structure—activity relationships (QSAR)
have been broadly used for some years mainly in medical
research.'%1% This methodology makes use of the molec-
ular descriptors offering valuable and simple information
about the structure of the molecules which is used later in
the elaboration of the predictive models. The employment
of this methodology allows cost savings by reducing the
laboratory resources needed, and the time required to cre-
ate and investigate new drugs with certain desired biolog-
ical activity. For this reason, QSAR is a useful alternative
tool in the research of novel compounds with dual inhibi-
tion toward the topoisomerase enzymes.

In addition, several works including QSAR studies
employing physicochemical descriptors and multiregres-
sion analyses (MRA) have been reported. For instance,
Garg et al.!® formulated a QSAR for two sets of DNA-
binding topoisomerase agents (bis-acridines and bis-
phenazines) showing for the acridines only a small
negative hydrophobic effect and for the phenazines a
strong hydrophobic effect. They suggested that, despite
the structural similarity of the compounds, different
modes of enzyme and/or DNA binding may be involved.'>

Mekapati et al.'® developed seven QSAR models for the
anticancer activity (growth inhibition) of various tumor
cells by bis(11-oxo0-11H-indeno[1,2-b]quinoline-6-carbox-
amides), bis(phenazine-1-carboxamides), and bis- (naph-
thalimides), finding positive hydrophobic interactions in
two models, consistent with other QSAR studies.

More recently, Verma'” developed sixteen quantitative
structure—activity relationships (QSAR) for different sets
of compounds that are camptothecin analogs, 1,4-naph-
thoquinones, unsaturated acids, benzimidazoles,
quinolones, and miscellaneous fused heterocycles to
understand chemical-biological interactions governing
their inhibitory activities toward topoisomerases I and II.

Our aim was to carry out a QSAR study relative to a set of
benzophenazines as dual topoisomerase I and II inhibi-
tors. For this purpose, we used 3D descriptors, specifically
the 3D-MoRSE, owing to the flexibility of these descrip-
tors, since they afford the possibility for choosing an
appropriate atomic property and in this way we could
adapt them to the specific problem under study. Besides,
these descriptors present an advantage as they code with
fixed-length representation of 3D molecular structure,
allowing us the comparison of data sets comprising mol-
ecules of different size, and number of atoms.!8:1°

2. Results and discussion

The model selection was subjected to the principle of
parsimony.”’ Then, we chose a function with higher
statistical significance but having as few parameters as
possible. For that reason, although several models were
developed for the 3D-MoRSE, changing the number of
variables in every step of the analysis, the preliminary
best model that we found was described with the follow-
ing equation and with the statistical parameters of the
regression presented next:

—log(ICsp) = —0.79(=£0.12) - Mor07m
—1.19(£0.25) - Morl1lm
+ 3.80(£0.52) - Morl6m
+10.13(£2.00) - Mor12v

—2.15(£0.62) - Mor26v
— 0.28(£0.06) - Mor03e
—0.72(£0.27) - Mor24e
—9.50(£1.91) - Mor12p
+ 3.38(£0.55) - Morl18p
+ 1.25(+0.52) (1)

N=64, R*=0.726, S=0.321, F=15946  p<10>,
p=64, AIC =0.141, FIT = 0.986, g2y 00 = 0.619,
ch_]_oo = 0379, qéV-LGO = 0594, SCV-LGO = 0391,
where N is the number of compounds included in the
model, R? is the square of the correlation coefficient, S
is the standard deviation of the regression, F'is the Fish-
er ratio, p is the significance of the model, and p is the
ratio between number of cases and adjustable parameter
numbers. AIC is the Akaike’s information criterion and
FIT is the Kubinyi function. Furthermore, we calculated
the validation parameters shown previously like cross-
validated squared regression coefficient ¢> and the stan-
dard deviation S, of the LOO and LGO procedures.

The parameter ¢ is used as a criterion of both robust-
ness and predictive ability of the model. Many authors
consider high ¢* (for instance, ¢*> > 0.5) as an indicator
or even as the ultimate proof that the model is highly
predictive.?! As we can see, the model proponed by us
as the best one presents appropriate values of statistical
parameters. Nevertheless it would be interesting to show
the analysis that we carried out to determine the best
model with the 3D-MoRSE descriptors family.

As we mentioned above, we developed several models
for the 3D-MoRSE descriptors changing the number
of variables in every step of the analysis. In other words,
once a model was developed, we calculated their statis-
tical parameters and tested if the addition of a new var-
iable to the model was justified. If it were the case, we
compared the results with the previous models and we
repeated again and again this analysis whenever we
included a new variable.

In this connection it was very important to calculate the
parameter p, as a criterion in order to know when to
stop the introduction of new variables in the develop-
ment of the model. Our data set contains 64 compounds
and the maximum number of variables is fourteen for
the minimum value of p (4.267).

This criterion was not the only one employed to deter-
mine the optimum number of variables to include in
the development of the models. Another criterion that
we used is the ratio between the number of cases and
variables included in the model. It has been reported
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that this relation is appropriate when there are five cases
per variable (5:1) as a minimum value.?? As our data set
consisted of 64 compounds, the maximum number of
variables is twelve. We also applied the Akaike’s infor-
mation criterion and Kubinyi function to determine if
a variable should be included in the model. That is to
say, if the Akaike’s information criterion decreases in
value when adding an additional variable and the Kub-
inyi function increases in value, then, the introduction of
this new variable is justified.

The equations that describe the models relative to eight
and ten variables are shown below with their statistical
parameters.

—log(ICsp) = —0.69(£0.12) - Mor07m
—1.27(£0.26) - Morl1lm
+ 3.92(£0.54) - Morl6m
+ 3.13(£0.57) - Mor18p
—0.26(£0.06) - Mor03e
— 2.37(£0.65) - Mor26v
+9.18(£2.08) - Morl2v
— 8.37(£1.97) - Morl12p
( )

+0.73(£0.51 (2)

N=64, R*=0.691, $=0.338, F=15.350, p< 107>,
p =711, AIC =0.152, FIT = 0. 959, ¢y 00 = 0.591,
SCV—LOO = 0389, qzCV-LGO = 0579, SCV—LGO =0.

—log(ICsp) = —0.64(£0.12) - Mor07m

— 1.59(£0.28) - Morl1lm
+4.49(40.55) - Mor16m
+ 3.10(£0.56) - Mor18p
—0.26(£0.06) - Mor03e
— 1.59(£0.67) - Mor26v

+ 12.38(£2.23) - Morl2v

— 11.61(£2.13) - Mor12p

+ 0.55(£0.19) - Mor06v
—0.57(£0.28) - Morl4p
—0.02(£0.71) (3)

N=64, R*=0.701, $=10.329, F=18.8, p< 107>,
p=8.0, AIC = 0.114, FIT = 1.162, g2y, o0 = 0.620,
SCV-LOO = 0372, q2CV-LGO = 0593, SCV-LGO =0.391.

The quality of the statistical parameters for the model
with eight variables was adequate, although the inter-
cept of the equation turned out not to be significant.
Insofar as the p value was equal to 7.11 and the relation-
ship between the number of cases and the number of
variables in the model was 8:1 (>5:1) we investigated
the possibility of improving the statistical results by
introducing a ninth variable into the model. It was

determined by genetic algorithm that the variable
Mor24e would be added to the model. The introduction
of this new variable conformed to the Akaike’s informa-
tion criterion (decrement from 0.152 to 0.141) and the
Kubinyi function (increased from 0.959 to 0.986). The
statistical parameters in this model improved with
increases in the value of the R, ¢, and F, and a decrease
in the value of S.

In order to find better results and a more predictive
model, we introduced a tenth variable and analyzed
the statistical parameters (Eq. 3). In spite of the
improvement in the other parameters of the comparison,
the value of the Kubinyi function got worse (decrement
of 0.986-0.906) as well as the Akaike’s information cri-
terion (increase of 0.141-0.143) and the intercept of the
equation was not significant. We determined that the
model with nine variables was best and would be used
for the analysis.

Although we determined that the 3D-MoRSE descrip-
tors family was statistically significant we carried out a
comparison of different methodologies to validate our
model. The results obtained from this comparison are
presented in Table 1.

We can see in Table 1 that every model was developed
using 12 variables except for the model proposed by
our research, due to the reasons explained above.
We determined that 12 variables were required to
achieve optimum statistical parameters and this was
supported by the Akaike’s information criterion and
other tests.

The models with twelve variables relative to the
Topological, BCUT, and 2D autocorrelations have
comparable R? value (0.67, 0.602, and 0.664, respec-
tively) but lower than the R? reported for the model
relative to the 3D-MoRSE descriptors. The Galvez
topological charge indexes, Randi¢ molecular profile,
Geometrical, and WHIM descriptors are included in
another group with R? values lower still than those
reported for the group analyzed previously (0.373,
0.502, 0.534, and 0.592, respectively, and all of them
lower than 0.600).

It is important to highlight the low predictive capability
of all of the models with respect to these descriptors, ex-
cept the model that contains the Topological descriptors
and presents a ¢> value of 0.527, the rest reported a ¢°
value lower than 0.5.

In lieu of these facts and the likenesses established, com-
parison between the models with the RDF and 3D-
MoRSE descriptors was undertaken. The R? parameter
is very similar with values of 0.70 and 0.726, respective-
ly. The other statistical parameters were similarly trend-
ing with the model of the 3D-MoRSE descriptors
yielding superior results, except for the Akaike’s infor-
mation criterion that is slightly lower for the RDF
descriptors. With respect to the predictive capabilities,
the 3D-MoRSE approach yielded a significantly higher
¢ value (0.619 vs 0.538).
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Table 1. The statistical parameters of the linear regression models obtained for the nine kinds of descriptors involved in the comparison

L. Saiz-Urra et al. | Bioorg. Med. Chem. 14 (2006) 73477358

Kind of descriptor Variables R? N F p 92y 100 Scv-Loo AIC FIT

Topological 12 0.67 0.363 8.64 0.527 0.434 0.154 0.498
BCUT 12 0.602 0.398 6.438 0.398 0.49 0.186 0.371
Galvez topological charge indexes 12 0.373 0.5 2.524 0.098 0.662 0.293 0.146
2D autocorrelations 12 0.664 0.366 8.409 0.471 0.459 0.157 0.485
Randic molecular profile 12 0.502 0.446 4.286 0.232 0.553 0.233 0.247
Geometrical 12 0.534 0.431 4.875 0.291 0.536 0.218 0.281
RDF 12 0.70 0.346 9.898 0.538 0.429 0.140 0.572
3D-MoRSE 9 0.726 0.321 15.946 0.619 0.379 0.141 0.986
WHIM 12 0.592 0.404 6.158 0.397 0.490 0.191 0.356

All models contained twelve variables, except with 3D-MoRSE descriptors.

Consequently, we conducted a comparison of the same
methodologies mentioned above, using all of the models
relative to the 3D-MoRSE descriptors in order to empha-
size the differences among this methodology and the rest,
especially the RDF descriptors, because their results are
the most similar to the 3D-MoRSE results. We developed
the models taking into account only nine variables with
the aim of equaling the conditions under study. The
results of this comparison are given in Table 2.

As we can see, the only model that has predictive capa-
bility besides the 3D-MoRSE is the RDF model. How-
ever, the values of its statistical parameters of the RDF
model are significantly lower than those of the 3D-
MOoRSE descriptors. The proposed model contains the
best descriptors in order to predict the anticancer activ-
ity. It is the simplest, with just nine variables has and
yielded the best statistical results. We proceeded to test
whether the superiority of the 3D-MoRSE descriptors
to the other methodologies in this training set for this
biological property was the result of collinearity among
variables. Collinearity was avoided by making an
orthogonalization of molecular descriptors because
interrelatedness among different descriptors can result
in highly unstable models.

The QSAR model obtained with the 3D-MoRSE (Eq. 4)
after orthogonalization and standardization is given
below, together with the statistical parameters of the
regression analysis.

—log(ICsy) = —0.21(40.04) - Q'Mor07m

—0.22(£0.04) - @*Morllm
+0.16(40.04) - @’'Mor16m
—0.14(%0.04) - Q*Mor26v
—0.17(0.04) - Q°Mor03e
—0.20(£0.04) - Q°Morl12p
+0.14(40.04) - Q'Mor18p
—0.08(£0.04) - Q*Mor24e
+0.04(+0.04) - Q°Morl2v
— 2.24(%0.04) (4)

N=64, R2=0.727, S=0.321, F=15.946, p < 10~°,
p =64, AIC = 0.120, FIT = 0.991, g2y, o0 = 0.619,
SCV—LOO =0.379.

As a result of orthogonalization the variables Mor24e
and Morl2v became insignificant. This fact might result
because during the orthogonalization process, the infor-
mation contained in the variable to be orthogonalized,
that is common to the information contained in the vari-
ables previously orthogonalized, is finally eliminated
when the variable undergoes the process. In other
words, in this case the variables Mor24e and Morl2v
did not provide new information and that is why they
turned out not to be significant. This aspect is shown
in the next table (Table 3).

As we can see, there is an increase in the R? values in the
every step for all variables in this report. Though, specif-
ically in the case of the step from Mor26v to Mor24e,
the increase of R* value is only 0.02, whereas the other
increases are, at least, higher than 0.059.

These two variables were eliminated from the previous
model, which resulted in the following equation:

—1og(ICs) = —0.21(£0.04) - Q'Mor07m
—0.22(+0.04) - @*Morl1m
+0.16(40.04) - @*'Mor16m
—0.14(%) - Q*Mor26v
—0.17(%0.04) - @°Mor03e
—0.20(£0.04) - @°Mor12p
+0.14(40.04) - Q’Mor18p

( )

— 2.24(+0.04 (5)

N=64, R*=0.701, $=0.329, F=18.8, p< 1072,
p =8.0, AIC =0.114, FIT = 1.162, g2y o0 = 0.620,
ch_]_oo = 0372, q2CV-LGO = 0593, SCV—LGO =0.391.

To further test the QSAR model, it was important to
examine the data outliers. The level of outliers can be-
come a serious problem because the model is unable to
predict ‘real’ biological activity. In this context, we
looked for the presence of outliers in Eq. 5. The number
of outliers extracted ranged from 0 to 6. The extraction
of 10% of the general data is classically accepted in the
literature as the threshold for this procedure. The two
tests that we used to detect the presence of outliers were
a standard residual higher than 2 x §, where ¢ is equiva-
lent to the standard deviation, and deleted residual, The
structure of these outliers is shown below and the new
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Table 2. The statistical parameters of the linear regression models obtained for the nine kinds of descriptors involved in the comparison
Kind of descriptor Variables RrR? S F qéV-LOO Scv.Loo AIC FIT
Topological 9 0.629 0.374 10.163 0.488 0.439 0.192 0.631
BCUT 9 0.539 0.417 7.006 0.390 0.480 0.238 0.435
Galvez topological charge indexes 9 0.342 0.498 3.118 0.049 0.599 0.340 0.194
2D autocorrelations 9 0.601 0.388 9.024 0.445 0.457 0.206 0.561
Randic molecular profile 9 0.418 0.468 4.308 0.163 0.562 0.300 0.267
Geometrical 9 0.505 0.432 6.121 0.309 0.51 0.256 0.380
RDF 9 0.624 0.376 9.945 0.526 0.423 0.194 0.618
3D-MoRSE 9 0.726 0.321 15.946 0.619 0.379 0.141 0.986
WHIM 9 0.475 0.445 5.424 0.324 0.504 0.271 0.337

All models contained nine variables.

Table 3. Forward stepwise step-by-step analysis
Morllm Mor07m Morl2p Mor03e Morlém Morl8p Mor26v  Mor24e Morl2v b, R? S p-level
—0.218 —224 0.148 0.529 2x10°°
—0.218 —0.210 —224 0284 0489 3x10°°
—0.218 —0.210 —0.201 —224 0408 0448 7x10°°
—0.218 —0.210 —0.201 —0.167 —224 0495 0417 12x107*
—0.218 —0.210 —0.201 —0.167  0.164 —224 0578 0385 1.67x10°*
—0.218 —0.210 —0.201 —0.167  0.164 0.144 —224 0642 0357 7.83x107*
—0.218 —0.210 —0.201 —0.167  0.164 0.144 —0.138 —224 0.701 0329 1.213x1073
—0.218 —0.210 —0.201 —0.167  0.164 0.144 —0.138 —0.080 —-2.24 0721 0.321 0.053
—0.218 —0.210 —0.201 —0.167  0.164 0.144 —0.138 —0.080  0.041 —2.24 0.727 0.321 0.310

statistical parameters for each successive extraction are
given in Table 4.

Taking into account the two tests employed, the 44 and
47 compounds showed the highest potentialities to be
considered as outliers. Compound 44 is structurally sim-
ilar to compound 43 with an important difference, the
position of the OMe substituent in relation to the side
chain of the same ring as can be seen in Figure 1.

This fact caused us to explore if the ortho effect might be
present in the compound 44. This effect could be one of
the causes of the change in its conformation, causing the
substituent be out of plane. On the other hand, the pres-
ence of an intra-molecular hydrogen bond, between the
amide carbonyl and the protonated acridine nitrogen,
and in the case of molecules more acidic, between the
amide N-H and the phenazine nitrogen has been report-
ed previously for active conformation of phenazines.’

In compound 44, the ortho effect could impede the for-
mation of a possible intra-molecular hydrogen bond ow-
ing to the change in its conformation. It is possible that
this compound interacts in another unknown way with
the receptor.

In order to understand what properties of compound 47
caused it to be an outlier we compared compound 47
with compounds 46 and 48 in order to understand
why it is an outlier (see Fig. 2).

As we can see, in this set of compounds the major differ-
ence is the substituent in ortho position with respect to
the side chain. All these structures are able to form an
intra-molecular hydrogen bond between the substituent
in ortho and the side chain (to the oxygen atom from

C=0), and also between the acridine nitrogen and the
side chain (to the amide N-H). Therefore, these mole-
cules might have the necessary conformation to consider
them activate in front of the receptor, in spite of the
ortho effect present in these molecules.

Compound 47 presented one interesting property
which differentiates it with respect to the other ones.
This is the dual possibility of the NH, group to form
hydrogen bonds due to it having two hydrogen atoms.
Moreover, it has been reported before for acridine
derivative, the interaction with the ADN by a
specific hydrogen bond between the protonated N,
N-dimethylamino  group of the side chain
( CONH(CHz)zN(CH3)2) and the N7 from the guan-
ine in the major groove.?? Then, it could be possible
an interaction between the second hydrogen atom
from the amine group in the compound 47 and the
receptor in a different mode.

The following equation was obtained without the
outliers:

—log(ICsy) = —0.21(%0.03) - Q'Mor07m
—0.26(£0.03) - @*MorlIm
+0.14(+£0.03) - @*Morl6m
—0.11(%0.03) - Q*Mor26v
—0.16(+0.03) - Q°Mor03e
—0.18(+0.03) - Q°Mor12p
+0.17(=£0.03) - Q’"Mor18p
—2.21(%0.03) (6)
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Table 4. Structures and statistics parameters of the outliers

Compound Structure

RrR? S F Boo  Stoo  AIC FIT

44 H,;CO
OCHj
CONH(CH2),N(CH3)»
47 H;CO :E;\
CONH(CH,),N(CHg),

\
59 H;CO =
N
CONHC(CHj),CH,N(CHg),
N
X
25 )—o =
N
CONH(CH,),N(CHg),
N
X
35 HaCOCH,CO =

CONH(CH,)oN(CHy),

18 HzCO,C :E;
CONH(CH,)oN(CHg),

0.721 0.307 20.28 0.637 0.35 0.102 1.279

0.748  0.290 2291 0.666  0.333

0.100 1.444

0.770  0.277 25372 0.697  0.318  0.098 1.613

0.787 0.265 27.481 0.716  0.306  0.091 1.763

0.806  0.255 30.202  0.737  0.297  0.086 1.962

0.822 0.246 33.001 0.761 0.286 0.080 2.158

N =58, R*=0.822, S =0.246, F = 33001p<10_
p=8.0, AIC = 0.080, FIT = 2.158, g2y o0 = 0.761,
SCV—LOO = 0286, qZCV-LGO = 0731, SCV—LGO =0.304.

This final model yielded the best statistical results with
just seven variables; hence its interpretation becomes
simpler still.

In order to make the analysis easier, we developed Table 5
where the individual contribution of the variables to the
percentage of the explained variance and their definition
are shown. It highlights the contribution of the variables
weighted by atomic mass, accounting for the 48.5% of
the experimental variance, and being this one, higher than
the experimental variance explained by the rest of descrip-
tors with other weights like atomic polarizabilities
(21.0%), atomic Sanderson electronegativities (8.3%)
and atomic van der Waals volumes (4.4%).

Nevertheless, a deeper analysis is necessary to interpret
the application of these kinds of descriptors. In this
context, we can say that 3D-MoRSE descriptors could
return a negative value because within the original equa-
tion is the following function:

sin(s - 7;;)

()

S'l",'j

where s measures the scattering angle and r; represents
the interatomic distances between atoms i and j. As we
can see in the chart (Fig. 3), the descriptor values as
well as the sign depend, to a large extent, on the values
of s and rj. For these reasons, we cannot say that cer-
tain variable has a particular influence on the biologi-
cal activity, either negative or positive, only taking
into account the coefficient sign at the final regression
equation reported above, as the case when the indepen-
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\'i CONH(CHy)oN(CHa),
\'i CONH(CH,),N(CHag),

Figure 1. (a) Compound 44 and (b) compound 43.

\'i CONH(CH,)oN(CHg)o

\'i CONH(CH,),N(CHa),
\'i CONH(CH,),N(CHa)»

Figure 2. (a) Compound 46; (b) compound 47; and (c) compound 48.

dent variables used for the biological activity modeling
are only positive. In this study, when the coefficient
and the independent variable (descriptor) have the

same sign, the contribution of this last one is positive,
else, negative.

All these things considered, we might focus the analysis
on the variable group weighted by the atomic mass,
since two of these, Morllm and Mor0O7m, are the most
meaningful. With the aim of making this analysis in the
most useful way, we developed the following table.

Note in Table 1 of the supplementary material, the par-
ticular structural features of these compounds and how
useful they will be for a possible comparison among
them, so as to interpret the descriptors that are present
in the final regression equation. In other words, in Table
6, we only showed the backbone of the data and also
nine compounds more. These nine compounds were
chosen because they form three groups with comparable
structural features. For example, in every group the
compounds are isomers, taking into account the posi-
tion of the substituent in the benzene ring fused to the
phenazine. When we compare across groups, the differ-
ence is the nature of the substituent, while the positions
in the benzene ring is the same. The substituents used
were CH3-O, OH, and NO, as can be seen in Table 1
of the supplementary material.

It can be seen in Table 6 that the values for the descrip-
tors Morl1m and Mor07m were the highest for the com-
pounds 8, 9, and 10, when apparently the structural
features were not so different. Besides, it can be seen
how the above-mentioned descriptors’ values are even
higher relative to others, when weighted by other atomic
properties, for these specific compounds set with the
NO, group. This fact allows us to hypothesize about
the importance of their contribution when the difference
in regard to the atomic mass, among the different sub-
stituents, is persistent, no matter what kind of contribu-
tion is exerted, either negative or positive.

We made a comparison among the compounds con-
tained in Table 6, splitting them into groups in regard
to the position of the substituents. We can make the gen-
eralization that the compounds with NO, are the most
active for all positions, except, for position number four,
in spite of presence of the highest value for the Mor07m
descriptor. This fact could be supported by the contribu-
tion of other weightings, such as atomic polarizability,
that increase the importance of its contribution to the
biological activity that it exerts. The values reported
for these kinds of descriptors for compound 10
(Morl2p = 1.81 and Morl8p = —0.14) are worse than
for compounds 4 (Morl2p = 0.48 and Morl8p = 1.09)
and 7 (Morl2p=-0.16 and Morl8p =0.32). It is
important to note the negative sign in the coefficient of
the Morl2p descriptor, and the positive one in Morl18p
and to remember that they were also considered the sec-
ond most meaningful group according to its contribu-
tion to the explained variance, with 21% as we
reported above.

Nonetheless, not only is weighting important in the anal-
yses of the results obtained with the 3D-MoRSE descrip-
tors, but also others which were previously men-
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Table 5. Contribution from the variables to the pattern

Variables Definition R? global R for every variable
(step by step) in the model
Morllm 3D-MoRSE—signal 11/weighted by atomic masses 0.244 0.244
Mor07m 3D-MoRSE—signal 07/weighted by atomic masses 0.416 0.172
Morl2p 3D-MoRSE—signal 12/weighted by atomic polarizabilities 0.527 0.111
Morl8p 3D-MoRSE—signal 18/weighted by atomic polarizabilities 0.626 0.099
Mor03e 3D-MoRSE—signal 03/weighted by atomic Sanderson electronegativities 0.709 0.083
Morlém 3D-MoRSE—signal 16/weighted by atomic masses 0.778 0.069
Mor26v 3D-MoRSE—signal 26/weighted by atomic van der Waals volumes 0.822 0.044

\/4”: 2r = O

Figure 3. Chart relative to the function y = sin(x)/x, where x = s - r;.

n\7/>\/ "X

Table 6. Descriptor values with the observed and predicted values for a sample of compounds from the data set

Compound Morllm Mor07m Morl12p Morl8p Obsd values Pred values Residual
1 0.11 —0.39 —0.47 —0.17 6.89 6.94 —0.05
2 0.75 0.26 —0.67 0.12 6.95 6.65 0.30
3 0.61 0.63 -0.12 —0.73 6.73 6.36 0.37
4 —0.02 0.27 0.48 1.09 7.31 7.01 0.30
5 0.10 0.04 —0.14 0.06 6.55 6.56 —0.01
6 0.35 0.49 —-0.03 0.93 6.71 6.80 —0.08
7 —0.51 —0.22 —0.16 0.32 7.32 7.08 0.24
8 2.04 —3.69 -1.17 1.07 6.99 7.28 -0.28
9 2.20 -2.83 0.58 0.73 7.16 7.00 0.16

10 2.23 —2.59 1.81 —0.14 6.92 6.76 0.16

tioned such as the parameter s and the interatomic dis-
tances r ije

For a compound, if the weighting and the structure are
kept constant, there are thirty-two possible values of
I(s), (3D-MoRSE descriptor) and will quantify the
intensity of the scattered radiation considering these
32 different values of s for this molecule. In other
words, these 32 descriptors will describe the diffraction
pattern for the molecule that has been predetermined
or imposed with the aim to establish a common param-
eter useful in several different studies. In this way, we
would see the signs more marked or typical for the
compound under certain conditions. However, when
a model is developed, the most significant thing is that
a group with certain signs correlates with a biological

activity and then, their values take on a greater impor-
tance according to the specific molecule described.

The influence of the interatomic distance is related to
a large extent to the structure of the different com-
pounds and plays a significant role in the 3D coding
of the molecules. For instance, when a comparison
is made of the results obtained for compounds 8, 9,
and 10, which only differ in the substituent position,
we can see that for this subset of compounds, the
Mor07m descriptor contributes to a greater extent,
with the reported activity being —3.69, —2.83, and
—2.59, respectively.

As we can see in Figure 4, the distances among the dif-
ferent atoms will be the principal means to separate the
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Figure 4. Different interatomic distances that show their influence in the descriptor values at the compounds 8, 9, and 10.

molecules according to their structural features when
the other parameters remain constant. In short, the es-
sence of the difference among the molecules resides in
this parameter that includes the 3D part of the
descriptor.

If we observe once again Table 6, it can be seen that for
the same sign s and weighting, there are great differences
among the values of the descriptors; therefore, the r; is
the parameter in which we should focus our efforts to
better interpret these descriptors.

3. Conclusion

In this study we modeled the anticancer activity, specif-
ically the inhibition of topoisomerases 1 and II, ex-
pressed by the cytotoxicity of sixty-four compounds
(ICsp) against drug-resistant human small cell lung car-
cinoma line cell H69/L.X4 which overexpresses P-glyco-
protein (P-gp). For this purpose, we employed the
3D-MoRSE descriptors.

The results produced by the methodology we proposed
were superior to the other descriptors such as; Topologi-
cal, BCUT, Galvez topological charge indexes, 2D auto-
correlations, Randi¢ molecular profile, Geometrical,
RDF, and WHIM; taking into account the statistical
parameters of the model and the cross-validation results.

The variables that were found to be most significant in
describing the model were atomic masses, atomic polar-
izabilities, atomic Sanderson electronegativities, and
atomic van der Waals volumes.

The analysis of the outliers present also suggested to us
that a certain conformation is necessary, as plane as pos-
sible in the aromatic rings regarding the substituents, for
the interaction between the compounds and the
receptor.

4. Materials and methods
4.1. Data set

Our data set consisted of 64 benzophenazines with dual
topoisomerase I and topoisomerase II inhibitors as anti-
cancer agents, with the necessary concentration to re-
duce the cell number to 50% (ICs,) reported.’

We used only 64 compounds of a total set of 72, because
the other 8 benzophenazines were reported with an inex-
act ICs9 concentration measurement higher than
5000 nM and could not be used in the multiple regres-
sion analysis. The cytotoxicity was measured using the
drug-resistant human small cell lung carcinoma line cell
H69/1.X4 which over expresses P-glycoprotein (P-gp).
After addition of the cytotoxics, the cells were incubated
for 5-6 days before adding Alamar blue (H69/LX4) to
measure cell proliferation.’

4.2. Computational strategies

The DRAGON?* computer software, version 2.1, was
employed to calculate all the molecular descriptors
included in this work. We carried out geometry optimi-
zation calculations for each compound using the quan-
tum chemical semi-empirical method AM12° included
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in MOPAC 6.0%® before calculating the DRAGON
descriptors.

The mathematical models were obtained by means of
the multiple regression analysis (MRA) as implemented
in the STATISTICA software version 6.0.2” The genetic
algorithm (GA) was used as the variable selection strat-
egy, in order to include in the equation the most signif-
icant parameters from the data set.

The GA is a class of methods based on biological evolu-
tion rules.?83% The first step is to create a population of
linear regression models. These regression models mate
with each other, mutate, cross-over, reproduce, and then
evolve through successive generations toward an opti-
mal solution. The GA simulation conditions were
10,000 generations, the number of crossovers = 5000,
smoothness factor = 1, mutation probability for adding
new term = 50%, and 300 model populations.

Analysis of residuals and deleted residuals from the
regression equations was used to identify outliers. The
statistical significance of the models was determined by
examining the squared regression coefficient (R?), the
standard deviation (), the Fisher ratio (F), and the ratio
between cases and adjustable parameters (p). This last
statistical parameter was a very important criterion to
determine when to stop the introduction of variables
in the development of the model. The formula of p is
given below.

P=v (8)
where N is the number of compounds included in the
model and X is the number of adjustable parameters
in the equation of the model. A necessary condition
for the development of a linear model is p > 4 and needs
to be kept in mind when introducing variables.?!

4.3. Orthogonalization of descriptors

The orthogonalization process of molecular descriptors
was introduced by Randi¢ several years ago as a way
of improving the statistical interpretation of the model
built by using interrelated indices.*>*® The main philos-
ophy of this approach is to avoid the exclusion of
descriptors on the basis of their collinearity with other
variables previously included in the model. The accept-
able level of collinearity to avoid is a more subjective is-
sue. In our view, the collinearity of the variables should
be as low as possible because the interrelatedness among
the different descriptors can result in a highly unstable
regression coefficient, which makes it impossible to
know the relative importance of an index and underesti-
mates the utility of the regression coefficient model.

The Randi¢ method of orthogonalization has been de-
scribed in detail in several publications,3?3¢ thus, we
will only give a general overview here. The first step in
orthogonalizing the molecular descriptors in a model is
to select the appropriate order of orthogonalization,
which, in this case, is the order in which the variables
were selected in the genetic algorithm search procedure

of the linear regression analysis. The first variable
M0r07m is taken as the first orthogonal descriptor
Q'"Mor07m, and the second one is orthogonalized with
respect to it by taking the residual of its correlation with
Q'Mor07m. The process is repeated until all the vari-
ables are completely orthogonalized, and the orthogonal
variables are then used to obtain the new model.

4.4. Validation of the models

The models obtained were validated Calculatlng the
Cross- Vahdated squared regression coefficient (¢°) val-
ues. The ¢° values are calculated from ‘leave-one-out’
(LOO) test and from ‘leave-group-out’ (LGO) test, also
known as cross-validation.

For LOO a data point is removed from the set, and the
regression recalculated; the predicted value for that
point is then compared to its actual value. This is repeat-
ed until each datum has been omitted once; the sum of
squares of these deletion residuals can then be used to
calculate ¢°, an equivalent statistic to R>. In the LGO
method, 25% of the data was eliminating every time in
one hundred different forms. In this way, we guaranteed
not to use the same group of compounds for every val-
idation. The ¢* values can be considered a measure of
the predictive power of a regression equation: whereas
R? can always be 1ncreased artificially by adding more
parameters (descrlptors) ¢* decreases if a model is over-
parameterized®® and is therefore a more meaningful
summary statistic for QSAR models.

4.5. Comparison with other approaches

The use of 3D-MoRSE descriptors for the prediction
of anticancer activity, explained in the previous
section, was compared with other methodologies. The
Topological,®” BCUT,*®#° Galvez topological charge
indexes,*! ** 2D autocorrelations,*>#’ Randi¢ molecular
profile,*®*° Geometrical,” RDF,® and WHIM>!-57
descriptors were calculated.

Eight models using these methodologies were developed
with the same data set as the QSAR models. The com-
parison was made of the quality of the statistical para-
meters of the regression and the predictive capability
of the models generated.

These yielded additional criteria to compare the quality
of different models. One of these criteria was formulated
by Akaike in 1973.7%%° Akaike’s information criterion
(AIC) takes into account the statistical goodness of fit
and the number of parameters that have to be estimated
to achieve that degree of fit. This criterion is calculated
using the following equation:

AlC = Rss . "2 9)
(n—pr)

where as RSS is the sum of the squared differences be-
tween the observed (y) and estimated response ()'), n
is the number of compounds in the training set, and p’
is the number of adjustable parameters in the model.
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When comparing models, the model that produces the
minimum AIC value should be considered potentially
the most useful.

Another criterion that we used to compare the quality of
the developed models was the Kubinyi function (FIT)
(Eq. 10). This function, closely related to the F value,
was created and proved to be a useful parameter assess-
ing the quality of the models.®%-!
2
FIT = & (f K 1>2 (10)
(n+k7)-(1-R)

where n is the number of compounds in the training set,
k is the number of variables in the equation that describe
the model, and R? is the squared correlation coefficient.

The main disadvantage of the F value is its sensitivity to
changes in k, if k is small, and its lower sensitivity if k is
large. The FIT criterion has a low sensitivity toward
changes in k values, as long as they are small numbers,
and a substantially increasing sensitivity for large k val-
ues.%%%! Finally, the best model will present the highest
value of this function.
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