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Abstract—A set of 14 indane carbocyclic nucleosides were synthesized and experimentally assayed for their inhibitory effects in the
proliferation of murine leukemia (L1210/0) and human T-lymphocyte (Molt4/C8, CEM/0) cells. The compounds have promising
inhibitory activity judging from the IC50 values obtained for all these cellular lines. Multiple linear regression analysis was then
applied to build up consistent QSAR models based on quantum mechanics-derived molecular descriptors. The derived models
reproduce well the experimental data of both three cells (r2 �0.90), display a good predictive power r2CV � 0:86

� �
and are, above all,

easily interpretable. They show that frontier-orbital energies and hydrophobicity are mainly responsible for the activity of the synthe-
sized compounds and also, suggest similar mechanisms of action. The final QSAR-models involve only two descriptors: the lowest
unoccupied molecular orbital energy and the solvent accessible-hydrophobic surface area, but describe a sound correlation between
predicted and experimental activity data (r2=0.931, r2=0.936 and r2=0.931 for the cells L1210/0, Molt4/C8 and CEM/0, respectively).
# 2003 Elsevier Ltd. All rights reserved.
Introduction

Carbocyclic analogues of nucleosides (CANs) are com-
pounds in which the furan ring of the nucleoside is
replaced by a carbocyclic system. This modification
makes carbocyclic nucleosides more resistant to hydro-
lases than the natural nucleosides themselves, but does
not prevent their enzymatic conversion to nucleotide
analogues. CANs are thought to inhibit the DNA
synthesis, that is they act as chain terminators in that,
following their incorporation into the growing DNA
chain, they do not allow further chain elongation.1,2 As
a result, they can possess antiviral, antineoplastic activ-
ity or other potentially biological properties.3,4

In the past, it has been thought important to improve
the biological activity of CANs by decreasing their sus-
ceptibility to degradation by nucleoside phosphorylase.5

This can be achieved, for instance, by a proper chemical
modification of the sugar ring which does not deterio-
rate their activity. Following this line of thought, we
have recently designed a number of derivatives of the
carbocyclic nucleosides Carbovir and Abacavir.6�8 The
strong anticancer properties of these compounds
prompted us to examine the structural/activity features
of their aminoalcohol moiety and further, to modify it in
an attempt to improve their liposolubility. To this end, 14
novel derivatives in which the cyclopentene ring is replaced
by an indane system have been synthesized in one of our
laboratories. Based on the hypothesis that selective in vitro
activity of a compound against cancer cell lines can predict
its activity against the corresponding human’s tumors, the
synthesized compounds have been assayed on different
cellular lines, namely on murine leukemia (L1210/0) and
human T-lymphocyte (Molt4/C8 and CEM/0) cells.

The interaction mechanisms of anticancer drugs are still
generally not well understood at the molecular level.
Actually, this is a very complex problem that certainly
benefits from the alternative, more versatile view com-
putational techniques, like Quantitative Structure–
Activity Relationship (QSAR), are able to provide. In
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fact, a reliable predictive QSAR model may offer new
insights into the drugs’ action mode and additionally,
guide molecular screening and design.9�11

The major assumption of any QSAR research is that
structurally similar molecules have similar physico-
chemical properties and thus are thought to have similar
biological action. Generally speaking, molecular prop-
erties like electronic, hydrophobic, steric, hydrogen
bonding and dispersion properties may all be relevant to
characterize the different working processes of drug
action.12,13 In some cases, all molecular descriptors are
important but in other cases only few are determinant,
and the remainders are playing only a minor part.14

This is indeed the case in the present study, since we
have found that electronic properties, in particular
frontier-orbital energies, and hydrophobicity can corre-
late drug activity remarkably well.
Synthesis and Evaluation of Anticancer Activity

The preparation of compounds 1–11 (Scheme 1)15 pro-
ceeds via generation of benzonorbornadiene (II) by
means of the [4+2] cycloaddition of benzyne, generated
in situ from 1-bromo-2-fluorobenzene, to cyclopenta-
diene in THF. Treatment of benzonorbornadiene with
ozone and quenching with dimethyl sulphide afforded
dialdehyde III, which upon treatment, without prior
isolation, with lithium aluminium hydride gave diol IV.
Two methods were then compared for protection of the
left-hand hydroxyl of IV: reaction with acetic anhydride
and pyridine, and transesterification with vinyl acetate
catalysed by Novozym1 435. Both gave mixtures of IV,
V and the diacetylated product with similar yields of V
(around 55%), but with the enzymatic process workup
was easier and the recovery of IV was greater. 6-
Chloropurine was first condensed with V by a standard
Mitsunobu reaction16 in the presence of triphenylpho-
sphine and diethylazodicarboxylate, but with this
method we were unable to achieve yields greater than
40%. More satisfactory was an indirect route via mesy-
late VI (obtained from V by treatment at 0 �C with
methanesulfonyl chloride, triethylamine and DMAP):
reaction of crude VI with 6-chloropurine in DMF in the
presence of NaH and 18-crown-6 ether gave the con-
densation product VII. Purinylcarbonucleosides 1–7, in
which the purine 6-substituent is an NHR0 or OR0 group,
were obtained directly from VII by treatment with the
corresponding nucleophiles NH2R

0 or R0OH. Treatment
of VII with boronic acids under Suzuki conditions17 using
potassium carbonate as base, tetrakis(triphenylphos-
phine) palladium as catalyst and toluene as solvent and
deprotection with NaMeO/MeOH gave compounds 8–11.

Pyrimidine derivative 12 (Scheme 2)18 was prepared by
reaction of VI with 3-benzoyluracil in DMF in the pre-
sence of NaH and 18-crown-6 ether and deprotection
with NaMeO/MeOH. By a similar strategy the cytosine
analogue 14 was prepared from VI by reaction with N-
Scheme 1.
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benzoylcytosine and subsequent deprotection. On the
other hand, the attempted reaction of 3-benzoylthymine
with VI was unsuccessful. More satisfactory was a
standard Mitsunobu reaction. Treatment of V with
thymine in the presence of triphenylphosphine and
DEAD and similar deprotection, as described above,
afforded thymine derivative 13.

The synthesized indane derivatives were evaluated for
their anti-tumor effects on the proliferation of murine
leukemia cells (L1210/0) and human T-lymphocyte cells
(Molt4/C8 and CEM/0). The inhibitory activity was
estimated as IC50, that is the concentration required to
reduce cells’ proliferation by 50%, according to themethod
of De Clercq.9 Then, as usual, such data was changed to
�log(IC50) to be of practical use in the following QSAR
modeling. Table 1 presents the experimental data for the
inhibitory activity of the synthesized compounds.
Procedure

Computational methods

The structures of all compounds were first drawn with
the aid of QUANTA software package,19 running on a
Scheme 2.
Table 1. Indane derivatives’ inhibitory activitya on three different cellular lines: L1210/0, Molt4/C8 and CEM/0
Compd
 L1210/0
 Molt4/C8
 CEM/0
IC50�SEM
 �log(IC50)
 IC50�SEM
 �log(IC50)
 IC50�SEM
 �log(IC50)
1
 100�5
 �2.53
 81�1
 �2.44
 82�2
 �2.44

2
 71�1
 �2.32
 37�2
 �2.04
 49�3
 �2.16

3
 54�9
 �2.20
 24�1
 �1.85
 29�2
 �1.93

4
 85�7
 �2.40
 58�2
 �2.24
 68�0
 �2.31

5
 77�10
 �2.42
 43�2
 �2.16
 48�1
 �2.21

6
 108�11
 �2.54
 66�5
 �2.33
 73�2
 �2.37

7
 100�5
 �2.33
 100�5
 �1.79
 100�5
 �1.79

8
 10�1
 �1.45
 3.4�0.3
 �0.980
 3.2�0.3
 �0.954

9
 5.7�0.7
 �1.19
 1.6�0.04
 �0.636
 1.4�0.5
 �0.578

10
 3.3�0.2
 �0.927
 0.81�0.16
 �0.317
 0.63�0.15
 �0.208

11
 6.8�1.6
 �1.25
 3.2�0.8
 �0.919
 2.7�0.8
 �0.845

12
 >200
 �2.87
 >200
 �2.87
 >200
 �2.87

13
 112�18
 �2.59
 81�2
 �2.45
 81�12
 �2.45

14
 >200
 �2.87
 >200
 �2.87
 >200
 �2.87

aInhibitory activity estimated as IC50 (50% growth-inhibitory concentration in mg/mL) and then transformed to �log(IC50).
S.-W. Yao et al. / Bioorg. Med. Chem. 11 (2003) 4999–5006 5001



Silicon Graphics O2/R10000 workstation. Molecular
structures were then fully optimized with the PM3 semi-
empirical Hamiltonian20 implemented in the GAUS-
SIAN98 program,21 running on a Pentium IV, and elec-
tronic descriptors were extracted from the Gaussian files
using home-developed scripts. Here, it should be remarked
that the molecular structures pertain only to the com-
pounds’ global minimum energy conformation, and
indeed, calculated averages from a Boltzmann distribution
of the most populated conformations in solution would be
desirable. But the point of any QSAR model is to have a
set of readily calculated descriptors, and such an approach
would require much more extensive calculations.

Subsequently, the optimized structures were retrieved
back to QUANTA for further analysis. Therein, sol-
vent-accessible Connolly surface areas22,23 (i.e., the sur-
face traced out by the surface of a probe water sphere
rolling over the van der Waals molecular surface) and
the corresponding enclosed molecular volumes were
calculated for each compound. Final equation coeffi-
cients and statistical parameters were determined by
multilinear stepwise regression with SPSS24 using usual
techniques for retaining variables, including cross-
correlation and multicollinearity diagnostics.25 In keep-
ing with statistical standards, correlation equations were
only considered to be acceptable if the (adjusted) pro-
duct correlation coefficient, r, accounted for more than
80% of the variance (r2 �0.80).

QSAR modelling

A QSAR modeling approach seeks to uncover corre-
lation of biological activity with molecular structure.
The relationship is most often expressed by a multi-
linear equation that relates molecular structural features
to the desired activity:
activity ¼
X

i

xiai þ b

where x stands for the particular molecular feature
(descriptor) and a, b are the parameters to be optimized
using a known data set. As the name implies, a linear
equation only identifies linear relationships between the
molecular descriptors and the bioactivity to be pre-
dicted. However, in some cases extremely non-linear
relationships exist and thus other more sophisticated
methods have to be applied, such as artificial neural
networks or genetic algorithms.26

Nowadays there is a vast amount of available molecular
descriptors with which one can model the activity of
interest. This complicates the task of selecting those that
will be more suitable, especially when one tries to define
an accurate, robust and (most importantly) inter-
pretable model. Furthermore, as the compounds’ inter-
action mechanisms are frequently unknown, the
assumed QSAR models are to some extent arbitrary.
Chance correlations are also to be expected coming
from either an incorrect model formula or noise. We
resorted here to a supervised variable selection model-
ing, carefully analyzing collinearity between variables
and restraining the number of included variables to
avoid possible spurious relationships.

When a chemical compound is administered to an
organism, two events must occur for a biological
response to be triggered. Firstly, the compound has to
be transported to the site of action (receptor), and sec-
ondly, it must interact with the target in an adequate
manner. To code these processes into a valid QSAR
model, the following strategy has been pursued. To
begin with, the molecular descriptors were roughly
clustered into two groups. The first one—here referred
to as class I—aims to describe the interaction effects. It
includes quantum calculated electronic descriptors, such
as the energies of the highest occupied molecular orbital
(HOMO) and of the lowest unoccupied molecular orbi-
tal (LUMO), Mulliken atomic charges27 or dipole
moments. On the other hand, the second one—class
II—tries to model the drug delivery and size effects, and
contains the computed hydrophobic/hydrophilic sol-
vent-accessible surface areas and molecular volumes,
including 2D descriptors as the octanol–water partition
coefficient. All these descriptors as well as certain com-
bination of them (e.g., the energy gap between the
HOMO and LUMO) were then taken as possible pre-
dictor variables in the multiple linear regressions for the
outcome measure �log(IC50). Notice that such combi-
nations might offset the linear approximation assump-
tion of the model. Table 2 summarizes and defines the
predictor variables used in this work.
Results and Discussion

Following the strategy outlined before, we began by
finding the most relevant descriptor variables for each
class. Firstly, all descriptors that had a rather low
correlation with activity rj j < 0:3ð Þ were immediately
discarded. Then, highly collinear descriptors rj j > 0:9ð Þ
were identified by examining the cross-correlation
matrix. Descriptor Mr, for example, was found to be
highly correlated to descriptors PHO (r=0.97) and
LogP (r=0.92). Rather than deleting any of such
descriptors, they were not included together in the
regressions. Multilinear stepwise regressions were then
carried out with the groups of variables considered.
Even then, some suggested equations were rejected by
mechanistic reasons. For instance, we refused a model
that included only two descriptors from class II (e.g., for
the L1210/0 and Molt4/C8 cells, an equation with only
PHO and LogP), since it is quite improbable that elec-
tronic effects have no contribution to the activity.

The resulting best-fit models are given in Table 3 toge-
ther with the statistical parameters of the regressions,
while the values for the variables are in Table 4. Notice
that these models were derived using the entire data set
of compounds (n=4) since no outliers were identified.
The overall quality of the models is indicated by the
correlation coefficient adjusted for degrees of freedom,
r2, the standard deviation, s, and the Fisher’s statistic, F,
including predictive power by the correlation coefficient
5002 S.-W. Yao et al. / Bioorg. Med. Chem. 11 (2003) 4999–5006



of the leave-one-out cross-validation, rCV
2 .29 The relia-

bility of each term is indicated by the t-ratio statistic,
t-ratio, and the condition index, CI (for a given coeffi-
cient, CI is defined as the square root of the ratio
between the largest eigenvalue and the eigenvalue of
that particular coefficient). Good quality is indicated by
large F and t-ratio values; small s and CI values; and r2

and rCV
2 values close to one.

Table 3 shows that the derived models account for as
much as 90% of the variance in the experimental data
and have reasonable predictive ability r2CV � 0:86
� �

. For
all cellular lines �log(IC50) exhibits a reasonable corre-
lation with a two-parameter relationship (eqs 1–3) in
which the LUMO (the energy of the lowest unoccupied
orbital) term is always present. Only in one case (cell
Molt4/C8) the stepwise regression led to a three-para-
meter equation (eq 0b), which was nevertheless replaced
by an improved two-parameter equation in the next step
(eq 2b). Moreover, these regression equations have an
acceptable dimension as their number of variables is 7
times less the number of observations. Apart from
LUMO, the other descriptor found important for mod-
eling the inhibitory activity is PHO (the hydrophobic
solvent-accessible surface area), or LogP (the Log of the
octanol/water partition coefficient), or Mr (the molec-
ular weight). Overall, the QSAR-model equations indi-
cate that decreasing LUMO and increasing
hydrophobicity (PHO or LogP) or molecular size (Mr)
enhances the activity. Thus, the compounds’ inhibitory
activities on the three cellular lines seem to follow the
same pattern regulation, suggesting similar mechanisms
of action. Contributions from both two classes of
descriptors lie around evenly, LUMO having in some
cases a slightly larger weight (eqs 1a and 1c).

LUMO is a rough measure of the electron-accepting
ability of a compound and, normally, reducing its value
raises up that ability. It is noteworthy that a rather good
correlation between the compounds’ LUMOs and
�log(IC50) is found for all cell lines: the lower the
LUMO values, the higher the inhibitory activity
(r=�0.93, r=�0.92 and r=�0.93 for L1210/0, Molt4/
C8 and CEM/0, respectively). Actually, the chlor-
ophenylpurine derivative (compound 10) has the lowest
LUMO and exhibits the highest activity. This marked
dependence may be helpful in designing other more
effective anticancer candidates: for example, a new can-
didate could be the chlorophenylpurine derivative with
its chlorine atom replaced by a fluorine atom. Notice
that the LUMO of this new fluorine derivative (�0.0374
hartrees) is lower than that of compound 10 (�0.0362
hartrees). To gain further insight into this problem, the
LUMO of the natural DNA nucleosides deoxy-
adenosine, deoxythymidine and dexocytidine (the par-
Table 2. Symbols for the QSAR descriptors and their definition
Class
 Symbol
 Definition
I
 LUMO
 energy of the lowest unoccupied
molecular orbital
HOMO
 energy of the highest occupied
molecular orbital
	LH
 difference between the LUMO
and HOMO energies
rLH
 ratio between the LUMO and
HOMO energies
q+
 most positive atomic charge

q�
 most negative atomic charge

qHd
 charge on a possible hydrogen

bond donor

qHa
 charge on the hydrogen bond acceptor

of the corresponding natural DNA

q50
 charge on the 50-oxygen atom

	q
 difference between the qHd and qHa

charges

m
 dipole moment

a
 atomic polarizability

OCC
 area of weighted EEVA descriptora

for the occupied orbitals

VIR
 area of weighted EEVA descriptora

for the virtual orbitals
II
 PHI
 hydrophilic solvent-accessible surface areab
PHO
 hydrophobic solvent-accessible surface areab
rPP
 ratio between the PHI and PHO surfaces

VM
 molecular volumeb
LogP
 log of the octanol/water partition coefficientc
Mr
 molecular weight
aSum of overlapped Gaussian curves centered on the MO energies; for
an exact definition of the EEVA descriptor see ref 14.
bComputed according to refs 22 and 23.
cEstimated partition coefficient calculated as in ref 28.
Table 3. Most significant QSAR models for modeling the inhibitory activity on the L1210/0, Molt4/C8 and CEM/0 cell lines
Cell line
 No.
 Regression equations
 r2
 s
 F
 r2CV
 t-ratioa
CI
L1210/0
 1a
 � log IC50ð Þ ¼ �55:0 �8:5ð ÞLUMOþ 0:003 �0:001ð ÞPHO� 4:66 �0:25ð Þ
 0.931
 0.171
 88
 0.913
 6.5:3.9
7.5:15.8
2a
 � log IC50ð Þ ¼ �33:2 �11:2ð ÞLUMOþ 0:214 �0:047ð ÞLogP� 3:47 �0:16ð Þ
 0.943
 0.154
 109
 0.917
 3.0:4.6
13.4:4.2
3a
 � log IC50ð Þ ¼ �41:3 �8:2ð ÞLUMO þ 0:009 �0:002ð ÞMr � 5:93 �0:39ð Þ
 0.957
 0.135
 144
 0.946
 5.1:5.5
31.4:7.4
Molt4/C8
 1b
 � log IC50ð Þ ¼ �45:5 �19:0ð ÞLUMOþ 0:248 �0:079ð ÞLogP� 3:55 �0:27ð Þ
 0.899
 0.261
 59
 0.863
 2.4:3.1
0b
 � log IC50ð Þ ¼ �54:0 �15:7ð ÞLUMO þ 0:077 �0:092ð ÞLogPþ 0:003 PHO �0:001ð Þ � 4:81 �0:53ð Þ
 0.934
 0.211
 62
 3.4:0.8:2.6
13.4:4.7:28.8
2b
 � log IC50ð Þ ¼ �63:8 �10:4ð ÞLUMOþ 0:004 �0:001ð ÞPHO� 5:17 �0:30ð Þ
 0.936
 0.208
 95
 0.914
 6.2;4.7
3b
 � log IC50ð Þ ¼ �47:8 �11:5ð ÞLUMOþ 0:012 �0:002ð ÞMr � 6:80 �0:55ð Þ
 0.947
 0.190
 116
 0.925
 4.2:5.3
CEM/0
 1c
 � log IC50ð Þ ¼ �52:3 �11:3ð ÞLUMOþ 0:245 �0:001ð ÞLogP� 3:70 �0:33ð Þ
 0.913
 0.254
 69
 0.880
 2.8:3.2
2c
 � log IC50ð Þ ¼ �72:7 �11:3ð ÞLUMOþ 0:004 �0:001ð ÞPHO� 5:22 �0:33ð Þ
 0.931
 0.227
 88
 0.908
 6.4:3.9
3c
 � log IC50ð Þ ¼ �57:0 �12:4ð ÞLUMOþ 0:011 �0:002ð ÞMr � 6:77 �0:59ð Þ
 0.944
 0.204
 110
 0.925
 4.6:4.6
at-ratio and condition index (CI) for the variable terms in the regression equations (given in the same order). CI values for the terms in eqs 1b–3b and 1c–3c are equal to

those of 1a–3a.
S.-W. Yao et al. / Bioorg. Med. Chem. 11 (2003) 4999–5006 5003



Figure 1. Plots of observed versus calculated (left) and observed versus predicted (right) for eqs 1a, 2b and 2c: (a) L1210/0 cells; (b) Molt4/C8 cells;
(c) CEM/0 cells. The bars denote the errors of the experimental data.
5004 S.-W. Yao et al. / Bioorg. Med. Chem. 11 (2003) 4999–5006



ent compounds of the synthesized compounds 1–11, 12–
13 and 14, respectively) were calculated. The fact that
they have high lying LUMOs (�0.0157, �0.0155 and
�0.0207 hartrees, respectively) lends support to our
guessed LUMO–activity relationship.

Considering now the role of the class II descriptors,
Table 3 shows that the best correlations occur for the
QSAR models that include the Mr descriptor (eqs 3a–
3c). The r values, larger F statistics, and smaller s values
are indicative of the improved statistical significance of
the models. At first sight these QSAR analyses could be
interpreted such that activity was dependent upon
molecular size rather than hydrophobicity. However,
better reliability of the terms of suchMr-based models is
not readily apparent (t-ratio values) and, especially, the
fact they have a CI value greater than 30 points out to a
serial problem of collinearity. Further, QSAR models of
roughly the same quality and predictive ability are
obtained with both PHO and LogP descriptors (eqs 1
and 2), and these being less subjected to collinearity
problems (CIs <<30). Thus a better explanation of the
inhibitory activity of these compounds is that it is
strongly related also to hydrophobicity. Comparison of
eqs 1 and 2 suggests that hydrophobicity is better para-
meterized with descriptor PHO than LogP. Hence, the
best QSAR models for describing the present data are
eqs 1a, 2b and 2c. As can be seen, for all cell lines these
models are satisfactory in both statistical significance
and predictive ability (Fig. 1).

It is important to know the role of hydrophobicity in
modeling the compounds’ activity. The results in Tables 3
and 4 clearly indicate that the more hydrophobic com-
pounds have higher inhibitory activity with respect to all
cellular lines. A careful analysis of the molecular struc-
tures shows that the markedly activity increase of com-
pounds 8–11, in comparison with compounds 1–7, is
certainly due to the larger hydrophobic contribution of
their phenyl moiety. Furthermore, among compounds 1–
7, comparing 6 and 7, compound 7 is more active than 6
for all cell lines, probably owing to its extra methyl group.
For the same reason, as expected compound 9 is also
more active than compound 8. Surprisingly, the abso-
lute hydrophobic solvent-accessible surface area rather
than the portion of hydrophobic area over the total area
contributes most, again suggesting that molecular size
does not matter for this set of derivatives. This is also
confirmed by the fact that the hydrophobic area and the
molecular volume are strongly correlated (r=0.99). Pos-
sibly the activity of the compounds may still be improved
if the size of their hydrophobic area is enlarged.

Finally, some points should be remarked. Most of the
descriptors employed here are subject to errors, like the
quantum mechanics-derived descriptors (which describe
conformationally independent gas-phase molecular
properties), and this can deflate the statistical fit of the
QSARs. This could be solved, for instance, by resorting to
a more refined quantum method and/or conformationally
dependent molecular descriptors.30 As noted before, sev-
eral descriptors were found collinear (e.g., the pairs Mr/
PHO andMr/LogP) and this might as well result from the
rather poor structural variability of this set of indane
derivatives. Ideally testing a larger, more diverse set of
compounds could circumvent such problem.
Concluding Remarks

In this work, 14 novel carbocyclic nucleosides indane
derivatives have been synthesized and investigated
thoroughly. The antitumor properties of these derivatives
have been assessed by their IC50 inhibitory patterns in the
proliferation of murine leukemia and human T-lympho-
cyte cells. The synthesized indane derivatives have fairly
strong antitumor activity considering the IC50 values
attained for the three cell lines. Moreover, they depict the
same activity pattern and trend, thus suggesting similar
mechanisms of action. Among them, the chlor-
ophenylpurine derivative shows the highest activity.

On the other hand, the QSAR study enabled us to char-
acterize the most relevant properties of the very same com-
pounds. Based on the obtained results, it seems reasonable
to conclude that the same molecular structural features are
responsible for the compounds’ biological activity, these
being the electronaccepting ability and the hydrophobicity.
The correlation equations for that activity, even though
they enclose a very simple two-parameter relationship, cor-
rectly predict the experimental data observed for all cells.
Further, they may help in suggesting the types of mole-
cular modifications needed to obtain compounds of this
sort with enhanced biological activity.

Naturally, there is still room for improvement in search
for new potential anticancer agents; indeed, it may be
too much to expect that such a simple linear approach
should work for modeling the activity of chemicals
beyond the present indane derivatives; and, we hope to
be able to report on that shortly.
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