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We have investigated the combined use of partial least squares (PLS) and statistical design
principles in principal property space (PP-space), derived from principal component analysis
(PCA), to analyze farnesyltransferase inhibitors in order to identify “activity trends” (an
approach we call a “directional” approach) and quantitative structure—activity relationships
(QSAR) for a congeneric series of inhibitors: the benzo[f]perhydroisoindole (BPHI) series. Trends
observed in the PCA showed that the descriptors used were relevant to describe our structural
data set by clearly identifying two well-defined structural subclasses of inhibitors. D-Optimal
design techniques allowed us to define a training set for PLS study in PP-space. Models were
derived for each biological assay under evaluation: the in vitro Ki-Ras and cellular HCT116
tests. Each of these assay-based sets was subdivided once more into two subsets according to
two structural classes in this BPHI series as revealed by the PCA model. The response surface
modeling (RSM) methodology was used for each subset, and the corresponding RSM plots helped
us identify “activity trends” exploited to guide further analogue design. For more precise activity
predictions more refined PLS models on constrained PP-spaces were developed for each subset.
This approach was validated with predicted sets and demonstrates that useful information
can be extracted from just a few very informative and representative compounds. Finally, we
also showed the potential use of such a strategy at an early stage of an optimization process
to extract the first “activity trends” that might support decision making and guide medicinal

chemists in the initial design of new analogues and/or lead followup libraries.

Introduction

Ras proteins play an important role in signal trans-
duction process involved in cell proliferation. Mutated
and constitutively activated Ras proteins have been
found in 30% of human cancers.12 p21-Ras proteins (Ha,
N, Ki4A, and Ki4B) are small guanine nucleotide-
binding proteins that undergo a series of posttransla-
tional modifications which include the prenylation of
Ras by the protein farnesyltransferase (Ftase).® These
posttranslational modifications promote cell membrane
association of Ras which is mandatory for its biological
activity, e.g. cell growth and tumorigenesis. Since far-
nesylation of mutated Ras proteins is required for cell
transformation,* inhibition of Ftase emerged as an
attractive target for therapeutic intervention in the
cancer field and prompted significant effort to discover
potent inhibitors of Ftase as novel anticancer agents.>

Ftase is a bisubstrate, FPP and p21-Ras protein,
enzyme. The inhibition of its activity may be obtained
with compounds able to mimic and/or to compete with
either FPP or p21-Ras proteins. The discovery of some
p21-Ras CAAX tetrapeptides® inhibiting Ftase stimu-
lated intensive rational drug design of CAAX mimics
leading to peptidic,” pseudopeptidic, and peptidomimetic
inhibitors.8~10 Besides drug design, intensive screening
efforts of natural products!! and chemical libraries!?13
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led to the discovery of potent FPP-competitive nonpep-
tidic inhibitors of Ftase. Several lead series have been
published so far.1* RPR104213 (Figure 1), a submicro-
molar FPP-competitive inhibitor of Ftase, is a repre-
sentative of one of these discovered lead series. Since
RPR104213 was our initial most potent Ftase inhibitor
exhibiting significant inhibition of Ha-Ras processing
in whole cells (THAC hamster fibroblasts®), we focused
on this particular series of benzo[f]perhydroisoindole
(termed BPHI) derivatives for further optimization.
Starting from RPR104213, this optimization process led
to an analogue, RPR115135 (Figure 1), with improved
enzymatic and cellular Ftase inhibition and then to
RPR130401 (Figure 1) exhibiting evidence of in vivo
cytostatic activity in animal models.’®

Concomitant with this effort a statistical analysis was
performed to obtain predictive models on both enzymatic
Ki-Ras/SPA and HCT116 colony formation biological
tests by means of a novel combined method using
principal properties derived from principal component
analysis,’® D-optimal designs,’” and partial least
squares!® methods. The objective of such an approach
is to unveil or evaluate untested compounds in this
series leading to new interesting compounds with
improved biological and pharmacological profile or
potential backups. The generated models may also help
in gaining a new insight in the molecular features
determining the biological profile and to point out new
untested combinations of substituents to lead to another
structural optimum by a directional approach.t®
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Figure 1. Numbering of BPHI and chemical structures and biological activities of (+)-RPR104213, (+)-RPR115135, and (+)-

RPR130401.

Scheme 1. General Synthesis of BPHI?
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a (i) Methyl vinyl ketone, KOH, MeOH (reflux); (ii) p-TsOH, toluene (reflux); (iii) Mel, DBU, acetone (reflux); (iv) MesSi-CH,-N(Bn)-
CH20-n-Bu, TFA (cat.), CH,ClI; (rt); (v) ArMgX (CeCls), Et,0, toluene (0 °C to rt); (vi) excess CF3SOzH, CH,CI; (0 °C to rt).

This paper describes the validation of this new
approach in statistical molecular design as a decision
making tool in lead optimization for project chemists.
We also investigate the applicability of this modeling
approach at an early stage of lead discovery process.

Chemistry

Various chemical routes have been developed to
synthesize BPHIs.2° A full paper, which will detail the
different synthetic pathways, the in vitro structure—
activity relationships, and the in vivo biological activity
of BPHIs, will be soon submitted for publication.?!

As outlined in Scheme 1, the more versatile approach
successively involved as key steps: (1) annelation reac-
tion of substituted phenylpyruvic acids with methyl
vinyl ketone leading to 6-arylcyclohexen-4-onecarbox-
ylates; (2) 1,3-dipolar cycloaddition of N-n-butoxy-N-
trimethylsilyloxybenzylamine leading to 4-aryl-7-oxo-
perhydroisoindole-3a-carboxylates; (3) introduction of
the second aromatic ring (usually by Grignard reaction),
followed by intramolecular Friedel—Crafts reaction to
9-aryl-2-benzyl-4,9-ethano-2,3,3a,4,9,9a-hexahydro-1H-
benz[f]isoindole-3a-carboxylates, whose side chain at
position 2 and functional group at position 3a of the

BPHI skeleton were further modified by conventional
methods.

Computational Methods

We used chemometrics and molecular modeling to better
understand the structural features affecting the biological
responses. Usually, to gain insight into structure—activity
relationships (SARs) one changes a substituent one at a time.
This leads to set of molecules which may not contain informa-
tion enough for ranking the importance of individual features
in affecting biological activity. The use of design strategies to
select molecules of interest is particularly valuable as it
permits to select only a few molecules for further consideration
in such a way that they contain the widest information useful
to derive the most reliable QSAR models. Usually such a
method uses fractional design (FD) or fractional factorial
design (FFD)?223 to select molecules of interest. Within FD one
has to consider as many molecules as there are substitution
sites and substituents possible. D-Optimal®*17 designs can be
used as an alternative to FD in constrained situations, e.g.
when some regions of the variable space are excluded or when
the data set is discrete as with molecular structures. The
D-optimality criterion consists of determining the n experi-
ments (or structures) in the accessible domain which contain
together the maximum amount of information. In other words
the D-optimal algorithm selects a few points optimally span-
ning the domain of interest.
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Clementi et al.'’ and Wold et al.’® suggest an overall
chemometric strategy for drug design studies which relies on
design in latent variables and partial least square (PLS)
modeling. The PLS algorithm appears to be the most appropri-
ate tool for establishing the quantitative relationship between
a biological activity profile and a matrix of structural descrip-
tors, especially in detecting the structural features affecting
the biological activity and in providing reliable predictions. The
combination of methods such as principal component analysis
(PCA) and PLS seems to be particularly appropriate in QSAR
both for the exploratory analysis of the structural data and
for establishing the quantitative relationship under the same
descriptor space. The selection of a designed set of informative
molecules to explore at best the structural variation in the
series ensures the reliability of derived models. In addition to
predictions we exploited these models using the response
surface modeling (RSM) technique?*~2¢ to point out trends,
favorable directions, and activity regions, i.e. optimums. The
principle of RSM is to assume that the variation of the PLS
predicted responses is functionally related to the factors, i.e.
the principal properties used. A polynomial model is postulated
to link the responses to the factors using linear, quadratic,
and interaction terms. The polynomial coefficients are esti-
mated by a PLS method. The RSM is a powerful tool which
allows an easy interpretation of the models by visual inspection
of 2D or 3D plots, especially for finding optimums or pointing
out the interplay between different factors.

All these calculations were performed with SIMCA 6.01%"
and MODDE 4.0.28

Data Sets. 1. Structural Data Set. A set of 484 BPHIs
was selected based on the activities in the Ki-Ras and HCT116
assays (ICses < 100 uM). Out of this set there was one subset
of 229 compounds having Ki-Ras activity data and a second
one of 127 compounds which had HCT116 data. Two major
structural subclasses coexist in the data set: a first subclass
of 363 compounds exhibiting an acid or ester group at position
3a (Figure 1) and a second subclass of 121 structures exhibiting
an amide or analogue group at the same position. All 2D
structures were converted to 3D using the CONCORD pro-
gram.?® SMILES® files or the 3D SD files®! were used for
descriptor calculation.

2. Calculated Descriptors. 2D topological and physico-
chemical descriptors were calculated using the Cerius? soft-
ware®? on the whole set of selected structures. The nature of
the descriptors used and the corresponding references are
available as Supporting Information. Most of the descriptors
describe steric, electronic, and lipophilic properties as well as
topological and information indices. In addition to these
descriptors calculated by the Cerius? program we added the
octanol/water partition coefficient (ClogP) for the whole set of
molecules using the Daylight Software® and the polar surface
area (PSA) based on Palm’s work3*~3 and slightly modified
in-house.%®

In total a set of 45 descriptors were used.

Results

The following strategy was applied to obtain models
that predict directions to guide lead optimization based
on trends in SARs as well as good activity prediction
models. We first analyzed the initial data set by PCA
to check if our descriptor space is representative of the
data set under study, then we used D-optimal design
to point out informative compounds on which PLS
models were calculated in principle property space (PP-
space). This was performed by dividing the original data
set into subsets according to the assay of interest (in
vitro Ki-Ras or cellular HCT116) and to structural
subclasses. Second, to obtain not only trends in SARs
but also more accurate predictions, we developed more
refined models on more constrained PP-space. Finally,
we also checked that using such an approach some
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Figure 2. Score plots of PLS-DA model for Ki-Ras data. Acid-
like cluster members are represented by a (acid function at
position 3a of BPHI skeleton) and o (ester function at position
3a of BPHI skeleton). Amide-like cluster members are repre-
sented by m (amide, hydroxamate, and hydrazide at position
3a of BPHI skeleton).

interesting trends for initial optimization stages could
already be derived at an early stage of the optimiza-
tion process. The results of each step are presented
below.

Data Set Analysis. Using these 45 descriptors we
performed a PCA with autoscaling to unit variance on
the whole set of 484 compounds that extracted three
significant principal components explaining 88% of the
variance in this descriptor matrix. The PCA score plot
(not shown) shows two major clusters. By analyzing
these in more detail one can notice that each cluster is
representative of a chemical BPHI subfamily. One
subfamily contains an acid or ester group at position
3a, and the second one contains an amide or related
chemical group at this same position. A PLS model,
using log transformed responses, on the entire set of
compounds described by the original variable set could
not be achieved (R? and Q2 were too low). This may be
due to the observed groupings in the PCA score plot.
We thus decided to use PLS discriminant analysis?®
(PLS-DA) to check if it could discriminate between the
two clusters for each of the biological tests Ki-Ras and
HCT116. The compounds were divided into two groups
according to their observed biological data: class 1 for
ICs0s less than 1 uM and class 2 for 1Css greater than
1 uM. A three-component model could be obtained for
the set of 229 molecules having Ki-Ras data and a two-
component model for the 127 molecules with HCT116
data. The explained variations in the descriptive matrix
are respectively 82% and 80% (cumulative R2X), and the
explained variations in the responses are respectively
71% and 69% (cumulative R2Y). The internal predictive
power is 68% (cumulative Q2) for the former model and
67% for the second one. Figure 2 shows the PLS-DA t,t;
score plot for Ki-Ras data set. One can notice two well-
separated groupings with few “misclassified” com-
pounds. Moreover the third t score adds significant
information (an additional 8% of explained variance)
and allows a better separation leading to even less
misclassified compounds. Similar groupings can be
observed as well with the HCT116 data set (plot not
shown). This clearly shows that the compound’s descrip-
tive variables for each assay-based compound set dis-
criminate the two chemical subfamilies.
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Table 1. Summary of D-Optimal Statistical Parameters

Giraud et al.

D-optimal design

explained predicted no. of selected condition predicted/
assay subsets variance R? variance Q? model structures Getr (%) number observed
Ki-Ras acids 0.96 0.84 polynom 2° 16 70 55 81/106
amides 0.94 0.80 polynom 2° 12 79 4.6 60/80
HCT acids 0.81 0.70 polynom 2° 11 68 4.1 45/49
amides 0.97 0.84 polynom 2° 13 80 7.0 36/44
Ki-Ras initial set 0.97 0.69 polynom 2° 6 69 7.6 26/31

According to these results the set of BPHI structures,
represented in PP-space, were divided into two distinct
subfamilies for the studies described hereafter and each
biological test was considered separately.

Combined PCA—D-Optimal—PLS Approach. In
this section we will describe the PLS models based on
a set of informative structures extracted from a D-
optimal design using principal components (PPs) as
molecular descriptors. As noticed in the PCA models
mentioned above the three principal components, also
called principal properties (PPs), still retain a high
degree of the descriptive power of the original data.
Because these PPs are limited in number and are
mathematically orthogonal, they are particularly well-
suited as design variables. We thus decided to adopt a
strategy combining PCA and D-optimal design to extract
the most informative molecules to be feed in the PLS
study as a training set.

1. Reference PCA Models. Two reference PCA
models were performed: one for the acid-like compound
set (363 compounds) and one for the amide-like com-
pound set (121 compounds). The analysis on the first
data matrix 363 x 45 (compounds x descriptors) and
the one on the second data matrix 121 x 45 (compounds
x descriptors) resulted in respectively four-and three-
component models with 90% of explained variation for
both models. The first three components of the acid-like
model, here denoted t;, t,, and t3, are dominant and
account for 85% of the variance. An extra fourth
component for this model resulted in a slightly higher
cumulative percentage of variance explained (approxi-
mately 5% increase). However, we consider models
containing more than three components less convenient
for interpretation. Thus, the resulting three components
for both models were used for the all design studies
presented hereafter.

2. D-Optimal Design of Ki-Ras and HCT116
Responses. For these studies we considered only
compounds with in vitro Ki-Ras values ranging from
0.001 to 100 uM and cellular HCT116 data from 0.08 to
100 uM, the limit of 100 «M being considered as totally
inactive. This led to respectively two assay-based sets
of 216 and 124 structures out of the initial 484 BPHI
compounds.

As mentioned above, an initial PLS model performed
on the entire set of molecules did not lead to a satisfac-
tory predictive model for each biological data set. We
decided to subdivide each of the above-mentioned assay-
based sets into subsets with respect to the presence of
an acidic group (or related) or an amide group (or
related) at the 3a position of the BPHI bicyclic system
leading to four subsets. “Acid-like” compound sets
include acids and esters. “Amide-like” compound sets
include pure amides, hydroxamates, and hydrazides. On
each of these subsets a D-optimal design was performed.

13

Figure 3. Molecules selected by D-optimal design for amide-
like family in PP-space (t; and t; scores) for both Ki-Ras and
HCT116 biological responses, respectively shown in black and
gray.

All four D-optimal designs resulted in second-degree
polynomial models with three linear terms (i.e. the PCA
t scores ty, ty, t3), three quadratic terms (i.e. t12, t,2, t39),
and three cross-terms (i.e. t; x tp, ty x t3, t2 x t3). The
summary statistics of these D-optimal designs are listed
in Table 1. The distribution of selected compounds for
the amide-like set is shown in Figure 3. D-Optimal
yielded four subsets of 16 acids and 12 amides for the
Ki-Ras data set and 13 acids and 11 amides for HCT116
that were used as training sets for deriving correspond-
ing PLS models.

The high explained variances as well as the predictive
power for all these models (R? ranging from 81% to 97%
and Q? ranging from 69% to 84%) show that they are
representative of the corresponding data set, there-
fore validating the four subsets defined as described
above. Two quality criteria for such design models are
accessible within MODDE and were examined: the
Gefiiciency’*® (Gerr) and the condition number. G com-
pares the efficiency of a D-optimal design to a fractional
factorial (=100%). A Gess above 60% is recommended.
The condition number is a measure of the orthogonality
of the design: the lower this number the better the
design. Orthogonality is indicated by the value 1. A
value below 8 is recommended. The data shown in Table
1 (Gefr respectively of 70% and 79% for the Ki-Ras
models and 68% and 80% for the HCT116 models as
well as condition numbers in the range of 4—7.0) denote
that the D-optimal design efficiencies are satisfactory
for all these models.

These models allowed the prediction of biological
corresponding activities for the remaining compounds
of each subset with respectively 76%, 75%, 92%, and
82% of compounds correctly predicted within 1 log unit
of the observed value (see Table 1).

3. RSM: Mapping Regions of Interest. The RSM
methodology was used to interpret the models by
scrutiny of 2D or 3D plots displaying the biological
response variation in the local PP-space. The postulated
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Figure 4. RSM graphs pointing out favorable and unfavorable regions in the PPs (t; and t; scores) for the acid-like family for

both Ki-Ras (left) and HCT116 (right) biological responses.
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Figure 5. RSM regions of Figure 4 back-projected in reference PP-space for the acid-like family: (a) Ki-Ras and (b) HCT116.

nonlinear model including the quadratic and interaction
terms allowed some flexibility to check the impact on
the predictive power of these terms. We observed that
by omitting such terms statistical parameters of the
resulting models were significantly affected (data not
shown). According to this it seems that the biological
responses for our compounds are nonlinear. We used
this tool in order to identify the subspace of interest for
Ki-Ras and HCT116 responses and the promising
“directions” for the design of new BPHI analogues. In
Figure 4 are shown the acid-like family contour plots
for t; and t3 scores for the biological Ki-Ras and HCT116
response models (contour values in uM). We can notice
for Ki-Ras that the favorable region for active molecules
is concentrated in the center of the plot and very

unfavorable regions are found at the corners. In the
HCT116 response contour plot the favorable region is
distributed along a narrow channel and a very unfavor-
able region is identified for highly negative t; and t3
values. Interestingly when we plot the three reference
compounds RPR104213, RPR115135, and RPR130401,
the direction in the RSM plot is in agreement with their
relative potency (see Figure 1). In addition we also
observe that the favorable region for the HCT116
response is embedded in the Ki-Ras one. As a conse-
guence, as we optimize the in vitro Ki-Ras activity, the
model predicts that we may also optimize the cellular
HCT116 activity.

The reliability of these models developed with a few
informative compounds was checked by projecting com-
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Figure 6. RSM graphs pointing out favorable and unfavorable regions in the PPs (t scores) for the amide-like family for both

Ki-Ras (left) and HCT116 (right) biological responses.

pounds back onto the corresponding reference PP-space.
Figure 5a shows the acid-like compounds (Figure 4)
back-projected onto the reference PP-space for the Ki-
Ras model. We observed that compounds having t scores
corresponding to favorable RSM regions indeed were all
active. No inactive structure was located in this region.
By scrutiny of some structures spread over different
regions we can identify the structural characteristics
representative of the favorable and unfavorable regions.
Favorable structures bear an acid group at position 3a
and small ortho substitution (methoxy group) at the
phenyl ring of the side chain, whereas for unfavorable
ones, the absence of the carboxylic group at position 3a
and the steric hindrance of the ortho substitution are
the main disfavorable structural characteristics. Simi-
larly, Figure 5b shows the corresponding plot for
HCT116 response. An aromatic ring at position 2 and
the substitution nature of the aromatic ring at position
9 discriminate between active and inactive compounds.
A more subtle modification at position 5 (see compound
RPR131168) led to very unfavorable compounds.

A similar analysis is performed for the amide-like
family. Figure 6 shows the RSM plots for Ki-Ras and
HCT116 in the same t; and tz PCA scores (PPs). These
figures reveal an important feature: an opposite trend
in the RSM plots for favorable activity “directions”. This
“anticorrelation” between Ki-Ras and HCT116 re-
sponses is a major difference with respect to the acid-
like subset. The tz3 component is the main component
that reveals this phenomenon. Indeed, while the Ki-Ras
activity is optimal for positive tz values, it is greatly
unfavorable for the HCT116 one. Conversely, a good
HCT116 activity is obtained for negative t; values and
positive t; values, while poor Ki-Ras responses are
observed for these values. To get a deeper insight into
the molecular characteristics involved, we investigated
the influence of the various original descriptors on the
PCA t3 component. Figure 7 shows the corresponding
loadings plot. It appears that seven descriptors are
highly influencing ts and thus are involved in the
explanation of this biological profile. As expected it is
not just a single factor which is responsible for this
specific profile but the interaction between all these
factors. However, just by taking each variable sepa-
rately into account we may be able to draw some
conclusions about the main factors involved. As HCT116
activity increases with negative t; values, more potent
compounds may be obtained by controlling Hbdonor,
polar surface area, and Cic descriptors while trying to
design compounds with larger negative values for the

0.2

0.04
3]

-0.24

6 10 20 % 4
Figure 7. Third PCA loading p[3] plotted versus descriptors.

connectivity (IC, BIC, SIC) and desolvation free energy
(Fh20) descriptors.

4. PLS on Regions of Interest. Initially, due to the
unavailability of Ki-Ras protein, the first compounds
were evaluated using Ha-Ras as protein substrate. We
then evaluated the ability of inhibitors to prevent the
farnesylation of a Ki-Ras related peptide, which is more
relevant according to clinical status of Ras. Conse-
qguently, not all BPHI analogues were tested in the Ki-
Ras and HCT116 tests. Additionally, in the course of
the lead optimization process, we turned our focus only
on “pure” acid and “pure” amide compounds. So the
examination of more “localized” activity regions for the
corresponding subsets, i.e. excluding the related chemi-
cal group at position 3a of the BPHI scaffold, is of
interest to virtually screen proposals with the aim to
identify only those supposed to lead to very potent
compounds as potential prototypes for in vivo evalua-
tion. We derived such refined models by excluding those
compounds lying in unfavorable areas for each corre-
sponding structural subset. The following PLS models
were thus developed in a standard approach by using
the original variable space.

Table 2 shows the statistics for the corresponding PLS
models. The high explained variances as well as the
predictive power for all these models (R2X ranging from
66% to 80% and R?Y from 59% to 78%) show that they
are representative of the corresponding data set. The
values for the predictive power (Q2?) are around 0.6, thus
clearly showing that prediction of Ki-Ras and HCT116
biological responses is possible. The error for such
predictions is within 0.5 log unit.

The HCT116 models led us to select 12 molecules
(predicted activity of less than 1 uM): 5 belonging to
the PLS domain, 3 at the frontier of this domain, and 4
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Table 2. Summary of the Statistics for Refined PLS Models for
Pure Acid and Pure Amide Sets

Ki-Ras HCT116
acid amide acid amide
R2X 0.79 0.80 0.77 0.66
R2Y 0.64 0.59 0.78 0.66
Q? 0.59 0.56 0.69 0.60
R2vV (0; 0.06) (0; 0.05) (0; 0.07) (0; 0.07)
Q2v (0; —0.03) (0; —0.05) (0; —0.09) (0; —0.06)
Nb of molecules 86 58 31 41
Table 3. Validation Set
Ki-Ras (uM) HCT (uM)
compd pred obsd pred obsd
1 0.05 0.17 0.96 0.88
2 0.07 0.13 1.20 0.99
3 0.10 0.10 1.30 5.60
4 0.17 0.09 1.80 5.10
5 0.23 0.13 1.20 5.10

out of the PLS expertise domain. These latter have
predicted biological activities that are extrapolated, and
thus predictions may be rather speculative. All but one
were well-predicted. The failure to predict well one
molecule can easily be interpreted by the fact that it is
totally out of the “expertise” domain of the QSAR model.
Activity predictions by model extrapolation are obvi-
ously less precise than interpolation, thus more subject
to failures.

Such QSAR models were also used to rank structures
designed with the aid of the in-house crystal structure
of Ftase and FT protein—inhibitor complexes. Five
BPHI 3a-amide analogues were designed based on
crystal structure and were found located in the most
favorable regions of RSM plots for both Ki-Ras and
HCT116. The refined models described above predicted
these compounds at around 100 nM. Thus they were
proposed for synthesis. The observed biological data
confirmed these predictions (see results in Table 3).

Initial Set and “Crude” QSAR. We also investigate
the applicability of this modeling approach to a real case
project at an early stage of lead optimization. This
implies the rapid identification of the most interesting
as well as informative compounds and more importantly
the unfavorable activity regions with a rather small
starting data set. If successful, such an approach would
be an interesting decision making tool to guide chem-
istry efforts.

To check if there is a potential of deriving “initial”
QSAR models out of a small starting data set and to

6 4
t1

0
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point out the trends regarding favorable and unfavor-
able activity regions, we performed an a posteriori
analysis on a very small set of 31 compounds (23 actives
and 8 inactives) identified at the early stage of this
project. The same directional approach as described
above was performed. Six molecules were selected by
D-optimal (2 inactives and 4 with moderate activity) as
the training set for a PLS model. This model’s statistics
(RXeum» R?Y cum, Q%um) are excellent (see Table 1). Using
this model a RSM plot (Figure 8) helped us identify one
favorable region with molecules having Ki-Ras activities
under 5 uM and two unfavorable regions with Ki-Ras
activities over 20 uM. The essential SAR trends are
rather well-predicted. Indeed, we retrieved the initial
lead in the most favorable region (Ki-Ras response
under 5 uM), and all the molecules belonging to this
region are well-estimated. Conversely, the molecules
lying in the unfavorable regions are all inactive. Al-
though based solely on six training compounds, the
model is reliable and the corresponding RSM pertinent.

Usually at an early stage of the lead optimization one
concern is to identify those features of the lead structure
that are mandatory for the activity of interest. It is
obvious that one exploitation of such a model is to help
identify the minimum requirements for the lead scaf-
fold. As one can see in Table 4, the side chain at position
2 and an aromatic group at position 9 are absolutely
critical to obtain active compounds. As we have identi-
fied the scaffold of interest, we sought the main SAR
trends. For example, the substitution of the 3a position
by an aminocarbonyl group instead of a carboxylic or
carboxamide decreases dramatically the activity. These
results prove that such an approach can be successful
even at an early stage of the lead optimization process.

Discussion

In the course of improving the potency of our FPP-
competitive Ftase inhibitors (BPHI series) we have
investigated the use of a particular QSAR approach, a
combined D-optimal—PLS method in PP-space. In any
QSAR study the critical point is to obtain a reliable
model useful for any analogue design purpose. Such a
model relies on an appropriate training set as well as
on relevant molecular descriptors.

During the initial data analysis phase based on a PCA
(PCA score plot not shown) two clusters consistent with
the structural variation observed at position 3a of the
BPHI scaffold were identified. The explanation for the
few misclassified compounds is straightforward. All

2 4

Figure 8. RSM graphs pointing out interesting and unfavorable regions in the PPs (t scores) of the initial set for the Ki-Ras

response.
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Table 4. SAR Data for the Directional Approach on the Initial Set
Favorable Region Unfavorable Region
Cmpd Structure Ki-Ras SPA Cmpd Structure Ki-Ras SPA
(»M) (M)
110234 0.14 107065 n.d.
113258 0.738 112125 n.d.
113342 n.d. 114912 n.d.
113401 0.42 114081 n.d.
114235 0.25 111019 100
115135 0.025 109043 32
110990 ® 2.08 113579 C n.d.
[+ [«]
cohA R coh A
114306 @ i 2.45 111536 ] 100
0% N/“\J@ Og oy,
o H/N“z L]

these compounds possessed both chemical groups, i.e.
the acidic and amide groups, and thus PCA was unable
to unambiguously attribute these structures to a specific
structural cluster. PLS-DA is particularly suited for a
data set for which some groupings may be embedded
as it will reinforce them. PLS-DA plot for t; and t, scores
(Figure 2) confirms the trend observed for the PCA.
These results are consistent with the intuitive clas-
sification done by project chemists when analyzing both
structures and biological responses and thus reinforce
the confidence in our descriptor set as representative

of our structural data set. According to these results and
to the fact that data sets with groupings may lead to
difficulties in developing a QSAR model, the data set
was divided into subgroups with respect to the struc-
tural variation at position 3a of the BPHI scaffold and
to the biological responses for further analysis. Indeed
the attempt to develop a good PLS model on the whole
set of compounds was unsuccessful.

We thus investigated the development of PLS models
on the structural subsets for each of the enzymatic and
cellular biological data sets using a training set of
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information-rich structures identified by D-optimal
design experiments, structural descriptors being prin-
cipal properties (i.e. latent variables) that are well-
suited for such techniques. The counterpart of repre-
senting compounds in PP-space is that one loses easy
interpretability; i.e. it will be more difficult to interpret
the factors influencing potency by the original descrip-
tors. But here this is not a major drawback as the
ultimate objective of the present study is evaluating a
whole set of virtual structures by a sound QSAR model
rather than detecting the actual factors influencing
potency and consequently fine-tuning the analogue
design based on this knowledge.

The strategy consisting of subsetting the whole data
set according to the biological response and to the
observed structural classes followed by an experimental
design to extract the most informative compounds
proved to be very efficient in producing sound models
(Table 1). According to these results the models can be
used with confidence for activity predictions and for use
as tools to virtually screen new proposals provided that
they are all within the expertise domain of the models.

We also investigated the analysis of activity trends
by the RSM methodology. This structure—activity visual-
ization tool revealed a very interesting feature for the
amide-like subset. Whereas the Ki-Ras and HCT116
responses are correlated for the acid-like compounds
(Figure 4), they are anticorrelated for the amide-like
compounds (Figure 6). Although we have identified
some major factors influencing HCT116 activity (Figure
7), it is not so straightforward to design compounds with
the appropriate characteristics. But the analogue design
can be performed in an indirect way by plotting new
proposals onto these RSM plots, and in this way one
would point out those structures that are potentially of
interest for synthesis according to the Ki-Ras/HCT116
profile identified.

Another objective of this work was to identify very
potent HCT116 compounds as potential prototypes for
an in vivo evaluation and to rank compounds designed
with the aid of the in-house Ftase crystal structure.
With this objective in mind, we developed refined PLS
models to lead to more accurate predictions, within 0.5
log unit. To do so we constrained the PP-space to a
limited portion by excluding compounds lying in previ-
ously identified unfavorable “activity regions”. In this
way, we excluded observations responsible for some
noise, preventing the setting of a model on the whole
initial set and thus leading to the combined method
described in this paper. This procedure led to high-
quality PLS models for “pure” acids and “pure” amides,
using this time original descriptors and thus allowing
an easier interpretation in term of structure—activity.
Prediction sets were generated and some compounds
identified for further development, highlighting the real
predictive power of our derived models (see Table 3).

Furthermore, we have shown that such a combined
D-optimal—PLS—RSM approach is also applicable at an
early stage of an optimization process using a limited
set of compounds as a start.

We demonstrate in this paper that the use of multiple
designs and multiple models does not lead to any loss
of information or understanding. It is just a consequence
of our knowledge that a model to have any validity must
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be based on, and derived from, a set of homogeneous
data. The same multivariate and interpretation tools
that are used to find the clusters can be used to classify
new compounds. Hence predictions and optimizations
are achieved as easily with multiple models as with a
single one. Moreover, since the separate cluster models
are much simpler than any “global” single model (we
coud not derive in our case...), the clustering also
simplifies the interpretation and the understanding of
the results. The idea to divide structure space into
clusters is a natural thing to do, considering that this
has been done in organic chemistry for a very long time.
Finally, one can foresee an application of such an
approach combining experimental design, RSM, and
multivariate analysis for designing focused, information-
rich libraries for lead exploration and/or optimization.
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