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Computational modeling continues to play an important role in novel therapeutics discovery and devel-
opment. In this study, we have investigated the use of in silico approaches to develop inhibitors of the
pleckstrin homology (PH) domain of AKT (protein kinase B). Various docking/scoring schemes have been
evaluated, and the best combination was selected to study the system. Using this strategy, two hits were
identified and their binding behaviors were investigated. Robust and predictive QSAR models were built
using the k nearest neighbor (kNN) method to study their cellular permeability. Based on our in silico
results, long flexible aliphatic tails were proposed to improve the Caco-2 penetration without affecting
the binding mode. The modifications enhanced the AKT inhibitory activity of the compounds in cell-
based assays, and increased their activity as in vivo antitumor testing.

Published by Elsevier Ltd.
1. Introduction

Akt, also known as protein kinase B, is a serine/threonine kinase
that is a critical component in the PI3K/Akt survival signaling path-
way. It represents an exciting target for cancer therapy develop-
ment due to its key roles in cell survival, proliferation, and
apoptosis.1,2 The kinase consists of three conserved domains: an
N-terminal pleckstrin homology (PH) domain, a central kinase cat-
alytic domain, and a C-terminal extension domain with a hydro-
phobic motif.3 The activation of Akt is driven by membrane
translocation initiated by the binding of its PH domain to the phos-
phoinositides produced by PI3K. Once it is correctly positioned in
the cell membrane, Akt can be activated through the phosphoryla-
tion of its kinase domain by PDK1 at Thr308. Akt has been found
overexpressed or activated in many human cancers,4 and hence
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it is a validated target for cancer therapy. Many attempts have
been made to develop small molecule inhibitors of Akt. A majority
of these are ATP-competitive inhibitors targeting the kinase do-
main.5,6 However, due to the high degree of homology in the
ATP-binding pocket among different serine/threonine kinases,7

achieving selectivity for these inhibitors remains a major prob-
lem.8 Hence, to overcome these drawbacks, we have adopted a no-
vel strategy to develop inhibitors by targeting the PH domain of
Akt.9 This is based on the fact that the sequence identity of differ-
ent PH domains is usually less than 30%, which renders the possi-
bility of developing selective agents for different targets.8 The
feasibility of this strategy was also demonstrated by development
of the Akt inhibitor D-3-deoxyphosphatidylinositol ether lipid
(DPIEL, PX-316).10 A number of lipid-based derivatives were subse-
quently synthesized and identified as active phosphoinositol (PI
analogs) inhibitors.11–13 However, these compounds have limited
solubility and poor pharmacokinetics.8

The availability of high-resolution crystal structures of human
Akt PH domains14 enabled us to conduct structure-based drug de-
sign of novel Akt inhibitors using molecular docking, which is
widely used in lead identification and optimization.15,16 Using this
approach the interactions between small molecules and the Akt PH
domain can be modeled and their binding affinities can be pre-

http://dx.doi.org/10.1016/j.bmc.2009.08.022
mailto:shuzhang@mdanderson.org
http://www.sciencedirect.com/science/journal/09680896
http://www.elsevier.com/locate/bmc


6984 L. Du-Cuny et al. / Bioorg. Med. Chem. 17 (2009) 6983–6992
dicted in silico. Molecular docking mainly consists of two compo-
nents: the searching algorithm and the scoring function. Briefly,
the docking program creates a simplified computational descrip-
tion for the receptor binding site, and then the translational, rota-
tional, and conformational space of small organic molecules within
that binding site is sampled. Finally the scoring function is used to
estimate the binding free energy of each pose. Although various
docking programs have been developed, there is no single software
that gives accurate predictions on all ligand-target systems. Fre-
quently different combinations of searching and scoring functions
render completely different results.17,18 Therefore, it is critical to
evaluate their applicability to the system of interest before
employing a docking program. The evaluation can be performed
by consideration of docking accuracy (e.g., RMSD between docked
and crystal structures) and scoring accuracy (e.g., discrimination of
active from random compounds). In this study, a series of evalua-
tions of available docking tools, including FLEXX,19

GOLD,20 and GLIDE,21

led to identification of the best combination of docking and scoring
methods for optimization of Akt PH domain inhibitors.

In addition to binding affinity prediction, ADMET properties
are also important in lead optimization.22,23 Among them,
absorption and bioavailability are greatly affected by cell perme-
ability. Several in vitro methods are available for permeability
assays,24,25 of which the Caco-2 cell model is the most widely
used. Various in silico models have also been developed for pre-
diction of Caco-2 permeability. Hou et al.26 used multiple linear
regressions to derive computational models with 100 com-
pounds. Nordqvist et al.27 created a statistical model using 46
collected compounds. Ekins et al.28 employed 3D-QSAR to ana-
lyze the Caco-2 permeability of a series of 28 inhibitors of rhino-
virus replication. In our study, we found that appropriate
permeability is crucial to the activity of Akt PH domain inhibi-
tors.29 To analyze the influence of chemical modification on cell
permeability, we developed robust in silico models using vari-
able selection k nearest neighbor (kNN) method.30 Our models
achieved accurate prediction and were used to guide our design
of new compounds with enhanced cell permeability and activity.

Besides permeability prediction, the elucidation of metabolic
sites could be significantly helpful in designing new compounds
with a better pharmacokinetic profile, as bioavailability, activity,
toxicity, distribution, and final elimination may depend on meta-
bolic biotransformations. However, experimentally this is a task
that requires many techniques and consumes a considerable
amount of compounds. Herein, we employed METASITE

31 to identify
possible sites of metabolism in cytochrome-mediated reactions.32

The information can be used to detect positions that should be pro-
tected in order to avoid metabolic degradation.

Guided by these in silico predictions, lead compound Akt PH do-
main inhibitors were systematically modified. As a result, we have
derived a better drug candidate that exhibits sub-micromolar inhi-
bition in cell-based in vitro assays as well as low micromolar
in vivo antitumor activity in a mouse xenograft model of pancre-
atic cancer.9,33
Figure 1. The whole workflow of developing novel inhib
2. Materials and methods

The whole workflow of developing novel inhibitors to target the
Akt PH domain is demonstrated in Figure 1. Before the virtual
screening for hit identification, three commercially available dock-
ing programs (FLEXX, GOLD, and GLIDE) were evaluated on this biolog-
ical system. The best combination of the docking and scoring
functions was employed to analyze the interaction between the
protein and small molecules. The hits obtained from the virtual
screening were validated via biological testing. Subsequently, lead
optimization was performed based on combined approaches of
molecular docking for binding prediction and QSAR modeling for
ADME studies. Detailed methods applied in this process are de-
scribed below in subsequent paragraphs.

2.1. Preparation of chemical databases for the evaluation of
various docking approaches

In order to identify adequate docking and scoring functions to
study the interactions between the Akt target and its inhibitors, a
database was compiled for the evaluation of different combina-
tions. The database contains 10 known Akt PH domain binders9

(Table 1) and 990 NCI molecules randomly chosen from the NCI
diversity set34 as negative decoys in our evaluation since none of
the compounds showed activity in our experimental screening.
The 3D structures of the known Akt PH domain inhibitors were
prepared using MOE,35 according to the following steps. The wash
function in the software was employed to eliminate the chemical
counter ions and to calculate the protonation state of ionizable
groups of all 1000 ligands, at the physiological pH of 7.4. Hydrogen
atoms were added and energy minimization was conducted using
the MMFF94s force field and charges. During docking the ligand
flexibility was considered and the programs automatically sample
sufficient conformational space within the binding site using de-
fault parameters. As the starting point, the lowest energy confor-
mation was utilized for docking.

2.2. Preparation of protein 3D structure for molecular docking

The protein crystal structure 1UNQ14 with high resolution
(0.98 ÅA

0

) was retrieved from the Protein Data Bank (PDB) and used
for docking. In addition to 1UNQ there are several bound structure
complexes available for Akt PH domains. However, the structural
difference among them is very small. For instance, the RMSD for
the backbone atoms of 1UNQ14 and 2UVM36 was only 0.64 ÅA

0

. We also
investigate on the active site residues (defined as the residues 6.5 ÅA

0

around Lys14, Glu17, Arg23, and Arg86) and found that the RMSD of
them was only 0.58 ÅA

0

. These results demonstrated that the two
structures are very similar. No steric clashes were observed after
merging the X-ray pose of the ligand of 2UVM36 into the 1UNQ14

binding pocket. Hence, the binding site of 1UNQ14 is considered open
enough to accommodate a variety of ligands, and thus can be used for
the docking studies with a rigid binding pocket.
itors to target the Akt pleckstrin homology domain.



Table 1
Akt PH domain binders
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The compound 1 is the ligand from the PDB structure 1UNQ,14 compound 2 from the PDB structure 2UVM.36 The compounds 3–10 were previously reported as inhibitors
targeting the PH domain of Akt.9,33

a KD.
b Ki.
c IC50.

L. Du-Cuny et al. / Bioorg. Med. Chem. 17 (2009) 6983–6992 6985



6986 L. Du-Cuny et al. / Bioorg. Med. Chem. 17 (2009) 6983–6992
SYBYL
37 was used to fix the protein with missing residues/atoms.

All hydrogen atoms were loaded, and crystal waters and ligand
were subjected to removal from the complex structure. PDB2PQR
was utilized to calculate the pKa values of protein residues to
determine the residue charging status which was used in our dock-
ing.38 In addition, the structure was slightly relaxed using the AM-
BER7 FF99 force field available in SYBYL. Based on structural analysis
and literature reports,14,36,39 the binding pocket of the Akt PH do-
main was defined to include all residues within 6.5 ÅA

0

around resi-
dues Lys14, Glu17, Arg23, and Arg86, which are essential for the
protein–ligand interactions. These residues are involved in hydro-
gen bonding interactions and are responsible for the protein con-
formational change induced upon the binding of ligands.14
2.3. Docking methods and scoring functions

Three commercially available docking packages, FLEXX,40
GOLD,41

and GLIDE
42 were employed for docking studies using default

parameters unless otherwise noted. No early termination was al-
lowed in GOLD.41 The flexibility of a ligand was taken into account
by GOLD

41 via flipping the ring corners and hydrogen atoms of the
protonated carboxylic acids. Internal hydrogen bonds of a ligand
were included to restrict the flexibility. GLIDE

42 was set to permit
the conformational modification of amide bonds in order to con-
sider docking flexibility. In all examinations, the protein was trea-
ted as a rigid body. Only the poses with the best scores were
retained for further rescoring. For all ligands, docking solutions
were rescored using the CScore module of SYBYL7.337 and GOLD
Score in GOLD3.2.41 The CScore module comprises five scoring func-
tions: ChemScore, D_Score, F_Score, G_Score, and PMF Score. All of
these scoring functions were evaluated for the system.
2.4. Docking enrichment

Docking enrichment was evaluated to estimate the ability of
different scoring functions to differentiate the known inhibitors
from decoys. The enrichment was calculated using Eqs. 1 and 2,
where Y specifies the percentage of true actives recovered (Eq. 1),
and the number of compounds included in the database is repre-
sented by X (Eq. 2).43

Y ¼ Lt

NL
� 100 ð1Þ

X ¼ Lt þ Dt ð2Þ

Lt is the number of identified true positives (actives) in the subset;
NL is the total number of true actives; Dt is the number of decoys in
the subset; (Lt + Dt) is the total number of compounds in the subset.
2.5. Protein pharmacophore

In order to examine the pharmacophore match between the
docked ligands and the protein, the protein binding site was char-
acterized by the GRID force field.44 GRID calculations were exe-
cuted using a grid box enclosing the target with 1 ÅA

0

beyond each
dimension. During the GRID calculations, the GRID directive Move
was set (Move = 1) to allow the flexibility of the protein side
chains. The molecular interaction fields (MIFs) were computed to
determine the energetically favorable binding sites for three
probes: the hydrophobic (DRY), the amide nitrogen (N1, H-bond
donor), and the carbonyl oxygen (O, H-bond acceptor). Local min-
ima were identified for these three MIFs and they were selected
from the GRID energy maps and used to define the protein phar-
macophore features.45
2.6. Cell permeability modeling

We have curated a dataset including 109 compounds with
known experimentally determined Caco-2 permeability from vari-
ous resources.26,46–48 The compounds with permeability are listed
in the Supplementary data. They are very diverse structures and
consist of different type of drugs such as anticancer drugs, antibi-
otics, neurological agents, and so on. Using this dataset, QSAR mod-
els were developed to perform in silico prediction. MOE

35 was
employed to generate 184 2D descriptors for the compounds. The
descriptors were then normalized to avoid disproportional weight-
ing. Eleven compounds (10%) were randomly selected as an exter-
nal evaluation set, and the rest were divided into 50 training and
test sets using the Sphere Exclusion (SE) algorithm as described
previously.49,50 The dataset was treated as a collection of points
in the MOE descriptor space. In brief, the SE method consisted of
the following steps: (i) select randomly a compound; (ii) include
it in the training set and construct a sphere around this compound;
(iii) select compounds from this sphere, and include them alterna-
tively into the test and training sets characterized by different
probe sphere radii; (iv) exclude all compounds from within this
sphere for further consideration. If no more compounds are left,
stop. Otherwise, select a compound corresponding to the lowest
dij and go to step (ii), where dij is the distances between the
remaining compounds and sphere centers. The created multiple
training and test sets were used to build robust and predictive
models.

The kNN pattern recognition principle30 and a variable selection
procedure were applied to develop QSAR models for Caco-2 cell
permeability predictions. Concisely, a subset of nvar descriptors
(number of selected variables) was selected randomly. Simulated
annealing was used to sample the entire descriptor space to con-
verge on the subset of the same size which afforded the highest va-
lue of q.2 The descriptor subsets of different sizes were optimized
using Leave-one-out (LOO) cross-validation procedure to obtain a
variety of models with acceptable q2 greater than a certain thresh-
old (the default threshold value 0.5 was used). The training set
models with acceptable q2 were then validated on the test sets to
select predictive models with R2 exceeding 0.6. During modeling,
default parameters were employed unless otherwise stated. Addi-
tionally, in order to exclude the possibility of chance correlation, Y-
randomization experiments were conducted three times, as de-
scribed previously,15,51 for the training sets but with randomized
permeability values. Due to the high diversity of the dataset, strin-
gent conditions were also employed to insure the reliability of the
predictions by using a small arbitrary applicability domain
(Z = 0.1), as published elsewhere.13,39

2.7. Metabolism modeling

Ideal drug candidates should be metabolically stable. To this
end, METASITE

31 was employed to identify the potential metabolic
sites of the compounds and to design analogs with improved met-
abolic properties. Briefly, the software uses two factors to analyze
the metabolism probability of a site: the similarity between the
CYP450 enzymes and the ligand, and the chemical reactivity of
the substrate. The similarity evaluation of the CYP450 enzyme
interaction site and the substrate is performed through the calcu-
lation of two sets of ‘chemical fingerprints’ descriptors: one for
the CYP450 enzymes and the other one for the substrate. Addition-
ally, the program considers the chemical reactivity of the substrate
by taking into account of the activation energy required for
production of reactive intermediates. The ranking for potential
metabolic sites is based on the above similarity analysis and chem-
ical reactivity.



Figure 2. The X-ray crystal structure (green) and the GOLD (yellow) docked pose of
the ligand (inositol-(1,3,4,5)-tetrakisphosphate) in AKT PH domain (using PDB
structure 1UNQ).
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2.8. Chemistry and biological evaluation

Synthesis of the compounds was conducted as described previ-
ously for compounds 3–89 and 9–14,33 respectively. Kd and Ki were
measured using surface plasmon resonance (SPR) spectroscopy,33

and IC50s for cell inhibition of phospho-Akt in BxPC-3 pancreatic
cancer cells were measured as previously described.9

3. Results and discussion

3.1. Evaluation of the accuracy of the pose prediction

1UNQ14 and 2UVM52 are Akt crystal structures available in
the PDB,53 co-crystallized with the native ligand inositol-
(1,3,4,5)-tetrakisphosphate, and with benzene-1,2,3,4-tetrayl tet-
rakisphosphate, respectively. These two complex structures are
very similar with RMSD = 0.64 ÅA

0

for backbone atom alignment
and RMSD = 1.03 ÅA

0

upon the all-atomic superimposition in the
proteins. Therefore, the structure 1UNQ, which has the higher
resolution, was used for docking. In order to keep the original
binding mode of the ligand in the crystal structure, the X-ray
pose of the ligand in 2UVM was merged into the 1UNQ binding
pocket for comparing X-ray structures and docked poses, as fre-
quently employed.17,18 The ability to recognize the native bind-
ing mode of a ligand to its target depends on the searching
algorithm and scoring function of the docking approach. Search-
ing algorithms are required to be able to sample the global min-
imum of the conformational space, and scoring functions are
required to rank that pose as the best.

In order to find the appropriate combination of the scoring
functions and searching algorithms, FLEXX, GOLD, and GLIDE were
employed to dock the ligand crystal structures to their co-crys-
tallized receptors. FLEXX is a flexible docking method that uses
an incremental construction algorithm to place ligands into an
active site and the placement of the ligand is scored on the basis
of protein-ligand interactions including hydrogen bonds, salt
bridges, metal contacts, and lipophilic interactions.40 On the
other hand, GOLD uses a genetic algorithm to explore the full
range of ligand conformational flexibility.41 The mechanism for
ligand placement is based on fitting points, which are created
to consider the hydrogen bonding and hydrophobic interactions
between the ligand and protein. A molecular mechanics-based
scoring function is employed by GOLD to rank the docked poses.
Different from these two methods, GLIDE approximates systematic
searches of the conformational, orientational, and positional
space of the docked ligand,42 where an initial rough positioning
and scoring phase that dramatically narrows the search space is
followed by torsionally flexible energy optimization on an OPLS-
AA non-bonded potential grid. The best candidates are further
refined by Monte Carlo sampling of pose conformations.

The differences between the X-ray and docked poses of the li-
gand are listed in Table 2. For both 1UNQ and 2UVM ligands, FLEXX

and GOLD delivered excellent docking accuracy. The whole ligand
was correctly docked except the slight deviation of the phosphate
moieties (Fig. 2). This may be due to the fact that the phosphate
group is ionized and thus all oxygen atoms are equivalent and
barely differentiable to the docking programs. In comparison with
Table 2
Molecular docking of ligands from 1UNQ and 2UVM to crystal structure 1UNQ

Ligands RMSD of docked versus crystal structure (ÅA
0

)

FLEXX GOLD GLIDE

1UNQ ligand 1.39 1.84 4.81
2UVM ligand 2.00 1.93 3.73
FLEXX and GOLD docking results, GLIDE did not accurately reproduce
the binding mode found in the crystal structures. Therefore, only
the best poses obtained from FLEXX and GOLD were further rescored
using different scoring functions.

3.2. Evaluation of the accuracy of scoring and ranking

The enrichment plots obtained with different scoring func-
tions are displayed in Figure 3 for FLEXX and GOLD. As illustrated,
the percentage of identified actual binders (Y-axis) was plotted
against the number of compounds screened (X-axis). The ideal
curve (black on the leftmost in Fig. 2) is demonstrated for the
case where all true actives can be recovered in the top 10 hits,
and the gray dashed line represents the random screening. GOLD

fitness was found to be more robust as its enrichment curve is
closer to the ideal one. When the GOLD pose was used for scoring
with GOLD score, the first five real actives were identified within
the top 30 hits and all 10 actives ranked within the top 90 com-
pounds. However, the ranking by the PMF scoring function,
based on the FLEXX or GOLD poses, is not as good as the others.
For example, six real binders were ranked on the top 733, which
is even worse than the random screening (Fig. 1B). It is notable
that for the GOLD poses, scoring functions including strong hydro-
gen bonding terms, such as GOLD score, FlexX score, and Chem-
Score, provided good enrichment results. All of the 10 real active
compounds could be found within the top 500 compounds.
D_Score takes the charge and van der Waals interactions be-
tween the protein and ligand into account and it performed bet-
ter than PMF (based on a set of Helmholtz free energies of
interactions for protein–ligand atom pairs). We also found that
hydrogen bonding and charge–charge interactions are particu-
larly important for Akt PH domain and its ligands. This conclu-
sion agrees with the fact that the Akt binding site is highly
positively charged and possesses several residues, such as
Lys14, Arg23, and Arg86, involved in the ligand binding.

Based on our evaluations, GOLD docking and GOLD scoring were
found to be the best combination for this ligand–receptor system.
The enrichment experiment demonstrated how efficiently the
known binders were identified from the 1000 compound pool
compared to a random screening. As indicated in Figure 3B, the
GOLD docking and scoring (colored in deep blue) is the only combi-
nation for which all of the 10 inhibitors were ranked in the top 83
of 1000 compounds. This combination was thus employed in fur-
ther structure-based lead optimization efforts.
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3.3. QSAR model for the prediction of Caco-2 permeability

Our QSAR process produced 41 models with q2 values for the
training set greater than 0.5 and R2 values for the test set com-
pounds greater than 0.6. The best models were selected based on
multiple modeling parameters, including the value of q2, R2, the
number of selected variables as descriptors (nvar), the number of
compounds in the test set (n) and several others, as described pre-
viously.15,51,54,55 Generally, a good model was expected to have
high values of q2, R2, n, and a low value of nvar. For instance, as
demonstrated in Figure 4, the best QSAR model was obtained using
five descriptors to predict 51 compounds in the training set with
q2 = 0.95 (black filled circles), 47 compounds in the test set with
R2 = 0.64 (gray triangles) and 11 compounds in the external evalu-
Figure 4. Experimental versus predicted Caco-2 permeability using one of the
QSAR models. This model has 51 compounds (black dots) in the training set, 47 in
the test set (gray triangles), and 11 in the external set (blue stars). Five descriptors
were selected for the calculation. q2 = 0.95, R2

test = 0.64, and R2
external = 0.81. The

circled compounds are regarded as outliers. (1) artesunate; (2) methyl scopolame;
(3) pirenzepine; (4) olsalazine.
ation set with R2 = 0.81 (blue stars). Y-randomization experiments
indicated that no acceptable model was derived based on our
requirement. Further inspection showed that the q2 for all random
models was always lower than 0.15 for the training sets (see Sup-
plementary data Fig. 1), and thus no R2 for test set compounds was
calculated. This result excludes possibility of chance correlations.

The goal of our modeling is to design better Akt PH domain
inhibitors. To this end, we evaluated the relationship between
the Caco-2 permeability of the compounds and the descriptors se-
lected in our models. The descriptors selected by the model were
TPSA (Topological Polar Surface Area), opr_nring (Oprea Ring
Count), GCUT_PEOP_0 (PEOE Charge GCUT (0/3)), lip_don (Lipinski
Donor Count) and vdw_area (van der Waals surface area). We
found that the molecular flexibility contributed positively to the
Caco-2 permeability. For instance, the opr_nring is an indicator of
molecular flexibility. Lower values of opr_nring mean higher
molecular flexibility, and thus better Caco-2 permeability. How-
ever, other properties, including the total polar surface area,
molecular charges and hydrogen donors, had negative contribu-
tions. One of the examples is cerftriaxone, which has higher values
of TPSA, opr_nring and lip_don, but lower values of GCUT_PEOP_0
(higher charge) than lidocaine, and consequently its Caco-2 perme-
ability is lower (1.30 � 10�7 cm/s vs 6.17 � 10�5 cm/s). Another
example is ibuprofen, which has lower values of opr_nring, TPSA,
and lip_don, but higher GCUT_PEOP_0 values, compared to doxoru-
bicin, and thus it has higher Caco-2 permeability (5.25 � 10�5 cm/s
vs 1.60 � 10�7 cm/s).

In addition to interpreting the relationship among descriptors
and bioactivities, it is also critical to analyze the outliers with
poor predictions by our models. Four outliers are highlighted in
Figure 4. They are artesunate (labeled as 1), methyl scopolame
(labeled as 2), pirenzepine (labeled as 3) and olsalazine (labeled
as 4). All of them were predicted to have much higher permeabil-
ity than the experimental value. One of the possible reasons could
be the wrong assignment of molecular charges. Charges have
strong impacts on permeability of these compounds and their
charged forms have poorer permeability than their neutral forms.
To test our hypothesis, the structures of these compounds were
modified to their ionized forms. Charges were also reassigned,
and then descriptors were recalculated based on the new struc-
tures. Indeed our prediction gained dramatic improvement. For
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instance, sodium artesunate had its Caco-2 permeability pre-
dicted as 2.51 � 10�5 cm/s and pirenzepine 1.20 � 10�6 cm/s,
while their experimental values were 3.98 � 10�6 cm/s and
4.37 � 10�7 cm/s, respectively. The errors were less than one log
unit after the structural modification. These in silico permeability
models were employed in our Akt inhibitor lead optimization as
described in later sections.

3.4. Pharmacophore characterization of the Akt PH domain

The active site of Akt PH domain was characterized with the
GRID force field and virtualized using GView. The GRID isovo-
lumes44 are displayed in Figure 5 for the hydrophobic probe (en-
ergy cutoff = �0.8 kcal/mol) in orange and for the hydrogen bond
acceptor (energy cut off = �10 kcal/mol) in blue. No isovolume
was identified for the hydrogen bond donor probe when threshold
was set to �10 kcal/mol. Our analysis also demonstrated that
Tyr18 and Trp80 were specified as the preferential area for the
interaction with a hydrophobic moiety. Lys14 and Arg25 are favor-
able places on the protein binding site to interact with hydrogen
bond acceptor. This is in agreement with the crystal structure that
showed Lys14 and Arg25 forming hydrogen bonding interactions
with the phosphate on the third position of the inositol ring of
IP4 (inositol(1,3,4,5)tetraphosphate).14 Hence, these relevant resi-
dues can be employed as protein pharmacophores to filter the
docking poses of ligands.

3.5. Molecular docking of Akt hits to the PH domain

As described in our previous reports,9 we have identified 23 hits
for Akt PH domain. Two of them, compounds 9 and 10, were exper-
imentally tested and confirmed to be active with IC50 of 20 lM and
25 lM, respectively.9 As GOLD docking/scoring was shown to be the
best combination for the system, it was employed to study the
binding of the compounds to the Akt PH domain. The docking re-
sults are shown in Figure 6, along with the crystal structure of
Figure 5. Isovolume of Akt PH domain generated using GRID and displayed in
orange and blue surface for the hydrophobic (�0.8 kcal/mol) and the H-bond
acceptor (�10 kcal/mol) probes, respectively. The critical residues are labeled
around the pharmacophores.
the original ligand, inositol(1,3,4,5)P4 (IP4).14 The docking poses
were selected based on the consideration of the docking scores
and the population of the conformational clusters, together with
molecular visualization of the interaction between the ligand and
the protein pharmacophores. Based on all these criteria, the bind-
ing pose with the lowest estimated binding free energy was chosen
for compound 10, while the binding pose for the compound 9 with
the lowest energy in the cluster with the second largest population
was selected.

Compound 10 is a ‘needle fragment’56 of compound 9, but
exhibits better inhibition of Akt phosphorylation33 and its small
size allows high potential for structural modification and optimiza-
tion. According to our docking study, six hydrogen bonds were ob-
served between the sulfonyl moiety of compound 10 as hydrogen
acceptors and the Akt PH domain residue Arg23, Arg25, and
Lys14 as hydrogen donors. In addition, the nitrogen atoms in the
thiadiazolyl group were observed to strongly interact with residue
Glu17 via hydrogen bonding (Fig. 6). This is consistent with the re-
port by Carpten et al.36 who demonstrated that Glu17 is found fre-
quently mutated in human breast, colorectal, and ovarian cancers.
The mutation of this residue seems to alter the electrostatic prop-
erty of the pocket and may affect the activation of Akt. Our analysis
of docked poses also showed that the 4-position of the phenyl ring
pointed away from the binding site, and hence the modification at
this position was predicted not to affect the binding. However,
based on our QSAR modeling, substitution with a long aliphatic tail
could enhance the permeability of the compound, and thus in-
crease its cellular bioactivity (inhibition of Akt phosphorylation).
This will be discussed below.

3.6. Modification on the aniline moiety to improve cell
permeability

As described above, in order to improve the cellular permeabil-
ity of compound 10, three analogs were initially suggested based
on our molecular docking and Caco-2 QSAR models, followed by
synthesis and experimental evaluation.9 The docking results for
these three compounds are illustrated in Figure 7, and their exper-
imental values of binding affinity, Akt inhibition, and other proper-
ties are summarized in Table 3. The GOLD docking showed that the
compound with a PEGylated tail (compound 12) exhibited a com-
pletely different binding mode to compound 10, and no binding
poses with high population were obtained. Consistently, no bind-
Figure 6. The docked poses with GOLD for compounds 9 (yellow) and 10 (magenta)
together with the X-ray structure of inositol(1,3,4,5)tetraphosphate (green) of
1UNQ. The dash lines represent hydrogen bonds and the electrostatic surface is for
the protein.



Figure 7. The docked poses with GOLD for compounds 10–14 in the PH domain of
Akt. Compounds 10 (magenta), 11 (green), 12 (blue), 13 (yellow), 14 (gray). The
dash lines represent hydrogen bonds and the electrostatic surface is for the protein.

Table 3
Experimental binding affinity and Akt inhibition values measured for compounds 10–14
lipophilicity predicted using MOE
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ing was observed experimentally for this compound (Table 3). We
also found that the compounds with acetyl (compound 11) and
decanoyl (compound 13) tails have comparable binding and simi-
lar binding modes to compound 10 (Fig. 7). However, the decanoyl
derivative was found to be the most active Akt PH domain inhibi-
tor, while no activity was obtained for the acetyl analog. This par-
tially could be due to the high Caco-2 cell permeability of the
decanoyl derivative (4.80 � 10�6 cm/s) (Table 3), as predicted by
our QSAR models. With the hydrophobic tail, the percentage of
the TPSA of the compound is lower. According to the QSAR models
aforementioned, Caco-2 cell permeability increases with lower
percentage of TPSA.

Since an amide functional group can potentially be hydrolyzed
in vivo, a non-amide analog 14, supposedly more metabolically
stable, was further proposed for synthesis and testing. It was pre-
dicted to have better Caco-2 permeability using our QSAR models.
Although compound 14 was observed with lower binding affinity
(KD = 40.8 ± 2.5 lM) than compound 13 (KD = 19.6 ± 4.9 lM), it
exhibited higher Akt inhibition (IC50 = 6.3 ± 0.9 lM vs IC50 =
10 lM) (Table 3).9 The exact mechanism is not yet clear, but our
docking study revealed that the carbonyl moiety in the decanoyl
tail of compound 13 formed hydrogen bonds with Arg86. This
might be one of the reasons of its stronger binding (Fig. 7). How-
ever, the decanoyl tail of compound 13 might be cleaved in the cell
through the hydrolysis of the amide moiety. Additionally, the
hydrophobic dodecyl tail of compound 14 is more flexible and less
constrained; therefore it could enhance the binding by interacting
with the membrane, as some models have suggested.57,58 This may
potentially increase its concentration around the membrane where
PIP3 binding and AKT activation occurs.
together with predicted Caco-2 permeability (PeCaco2) using our QSAR models and

2 (10�6 cm/s) Log P KD (lM) IC50 (lM)

0.90 0.45 20

0.86 NB >50

�0.01 NB >50

4.43 19.6 10

6.76 40.8 6.3



Figure 8. Plot of MetaSite prediction for the metabolism of compound 14. The groups metabolic are marked in shaded gray circles. The darker the color, the higher the
probability of metabolism is to occur.

L. Du-Cuny et al. / Bioorg. Med. Chem. 17 (2009) 6983–6992 6991
3.7. In silico prediction of the metabolism of our compounds

In addition to molecular docking and QSAR modeling, an analy-
sis of the potential metabolism of our compounds was also con-
ducted. The cytochrome-mediated metabolically labile positions
of these molecules were studied using the program METASITE.31 De-
fault parameters and all CYP models in the software (CYP1A2,
CYP2C19, CYP2C9, CYP2D6, and CYP3A4) were applied. In the case
of compound 10, the fifth carbon atom of the 1,3,4-thiadiazole ring
has the highest potential to be metabolized according to all CYP
models in METASITE. By adding the dodecyl tail, the potential for
metabolism on this position was minimized, although some carbon
atoms in the dodecyl tail can be hydroxylated. (Fig. 8) The experi-
mental analysis of the metabolism of the compounds will be pub-
lished in forthcoming papers. To date, in addition to its high
cellular activity, in vivo experiments have shown that compound
14 has significant antitumor activity with cessation of tumor
growth.9 A single dose caused significant inhibition of tumor Akt
measured as phospho-Ser473-Akt with up to 70% inhibition at 6 h
and 50% inhibition at 12 h, as published elsewhere.9
4. Conclusion

This study was focused on the development of novel Akt PH do-
main inhibitors. Molecular docking and in silico ADMET studies
were employed to guide chemical design and lead optimization.
As there is no single docking/scoring program which can work uni-
versally on all ligand–receptor systems, a critical assessment of
various combinations of docking and scoring methods for our tar-
get system was conducted. As a result, the GOLD docking and scoring
function were found to be the best combination to analyze the
interactions between the inhibitors and the Akt PH domain.
According to the docking results, an aliphatic chain was proposed
to enhance the interactions but maintain the binding mode.

Based on the QSAR study and metabolism predictions, the mod-
ified hit with a dodecyl tail had the highest Caco-2 permeability
within this series of compounds, and thus enhanced cellular up-
take. In addition, the thiadiazole warhead involved in binding
was predicted to be metabolically stable via cytochrome-mediated
mechanisms. The optimized inhibitor was experimentally vali-
dated with significant in vitro and in vivo antitumor activity. In or-
der to unambiguously identify the drug–receptor binding and
further guide our design of better inhibitors, crystallographic stud-
ies are in progress. Moreover, the discovery of novel inhibitor scaf-
folds is also underway with high-throughput docking and QSAR-
based virtual screening.

We believe that development of novel Akt PH domain inhibitors
for targeted cancer therapy is promising and shall result in more
selective and specific anticancer agents. We also suggest that our
recent successes9,16,33,51,55,59 in identifying novel active anticancer
compounds by a combined application of molecular docking, rigor-
ous QSAR modeling, and ADMET prediction positions our compre-
hensive design approach as a general methodology for computer-
aided cancer therapeutics development.
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