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Abstract—The ubiquitin–proteasome pathway plays a crucial role in the regulation of many physiological processes and in the
development of a number of major human diseases, such as cancer, Alzheimer�s, Parkinson�s, diabetes, etc. As a new target, the
study on the proteasome inhibitors has received much attention recently. Three-dimensional quantitative structure–activity relation-
ship (3D-QSAR) studies using comparative molecule field analysis (CoMFA) and comparative molecule similarity indices analysis
(CoMSIA) techniques were applied to analyze the binding affinity of a set of tripeptide aldehyde inhibitors of 20S proteasome. The
optimal CoMFA and CoMSIA models obtained for the training set were all statistically significant with cross-validated coefficients
(q2) of 0.615, 0.591 and conventional coefficients (r2) of 0.901, 0.894, respectively. These models were validated by a test set of eight
molecules that were not included in the training set. The predicted correlation coefficients (r2) of CoMFA and CoMSIA are 0.944
and 0.861, respectively. The CoMFA and CoMSIA field contour maps agree well with the structural characteristics of the binding
pocket of b5 subunit of 20S proteasome, which suggests that the 3D-QSAR models built in this paper can be used to guide the devel-
opment of novel inhibitors of 20S proteasome.
� 2005 Elsevier Ltd. All rights reserved.

1. Introduction

The ubiquitin–proteasome ATP-dependent pathway,
which was identified more than 20 years ago,1,2 plays a
pivotal role in the regulation of many physiological pro-
cesses3–10 and in the development of a number of major
human diseases,11–17 such as cancer, Alzheimer�s, Parkin-
son�s, diabetes, etc. However, the development of the
studies on its physiological roles in mammalian cells was
rather slow until the introduction of the cell-permeable
proteasome inhibitors that greatly simplified such stud-
ies.18,19 The use of these inhibitors demonstrated that
most of the degradation of the short-lived and long-lived
proteins was catalyzed by the proteasome, while the long-
lived proteins comprise the bulk of the proteins in mam-
malian cells.20,21 Studies using these inhibitors have also

demonstrated that the ubiquitin–proteasome pathway is
essential for many cellular regulatory mechanisms.22

The proteasome is a highly conserved intracellular mul-
ticatalytic proteinase complex (MPC),23,24 which can
catalyze cleavage of peptide bonds on the carboxyl side
of basic, acidic, and hydrophobic amino acid residues in
both natural peptides and synthetic substrates.25–29

Within the ubiquitin–proteasome system, the 26S pro-
teasome is involved, which is composed of a 19S
capped-shape regulatory particle (also termed RP or
19S proteasome) and a 20S catalytic core particle (CP
or 20S proteasome).30 X-ray crystallography of 26S pro-
teasome25,31 further revealed the two following facts: (1)
the 19S proteasome is made up of 18 subunits, which
control the recognition, deubiquitinylation, and unfold-
ing of the protein substrates prior to its translocation
into the 20S proteasome32,33; (2) the cylindrically shaped
20S proteasome is composed of two copies of 14 differ-
ent subunits, arranged as (a1–a7, b1–b7)2 with four
stacked rings. The 20S proteasome is a member of the
N-terminal nucleophile (Ntn)-hydrolase superfamily.34

Among the seven different b subunits, b1, b2, and b5,
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which were originally characterized as post-glutamyl
peptide hydrolytic (PGPH), trypsin-like (T-L), and chy-
motrypsin-like (CT-L) activity,35,36 respectively, are
catalytically active portions with the N-terminal residues
of Thr1. They are responsible for cleaving small chro-
mogenic substrates and cutting polypeptides at their
active sites, meantime generating peptides with 3–22
residues.31,37,38

The fact that the proteasome has been implicated in
many disease states suggests that proteasome inhibitors
have therapeutic potentials. Furthermore, these inhibi-
tors would provide outstanding tools for determining
the role of the proteasome in various physiological
functions. So in recent years, much attention has been
drawn to design, synthesize, and biologically evaluate
various proteasome inhibitors.39 Nowadays, a dipep-
tide boronic acid analogue Velcade (also named bort-
ezomib) was approved by both USA and EU in 2003
and 2004, respectively, for the treatment of multiple
myeloma patients, and now it is also under investiga-
tion in Phase I and II studies for a wide variety of solid
cancers.40–42

Among all the proteasome inhibitors ever studied, pep-
tide aldehydes were the first to be developed and are still
the most widely used inhibitors in in vitro and in vivo
studies for their rapid reversibility and low cost.39,43

They inhibit the proteasome by reacting with the
hydroxyl group of the N-terminal threonines of the b
subunits to form a reversible hemiacetal, which has been
confirmed by X-ray diffraction of complex of tripeptide
aldehyde (Ac-Leu-Leu-nLeu-al, commonly termed
ALLN or MG101) and 20S proteasome.25 Aldehyde
inhibitors have fast dissociation rates, and are rapidly
oxidized into inactive acids by cells and are transported
out of cells by the multi-drug resistance (MDR) system
carrier.44 Consequently, in experiments involving cul-
tured mammalian cells and yeast, effects of these inhib-
itors can be rapidly reversed by removal of the
inhibitors.45 However, due to their poor selectivity and
specificity, their usage was greatly limited. So designing
more selective and specific aldehyde inhibitors is an ur-
gent task. Though many different aldehyde inhibitors
have been synthesized and experimentally assessed,39

up to now, no QSAR or three-dimensional quantitative
structure–activity relationship (3D-QSAR) studies on
them were reported. The purpose of the present study
was to build predictive 3D-QSAR models by using
comparative molecule field analysis (CoMFA)46 and
comparative molecule similarity indices analysis
(CoMSIA)47 methods, and using them to find the corre-
lation between the structure and activity of the inhibi-
tors and design more potent and selective inhibitors.

CoMFA and CoMSIA are computer programs that are
particularly effective in correlating the 3D structures of
the molecules and their bioactivities based on statistic
techniques.48 These two methods sample the potential
fields surrounding a set of ligands and construct 3D-
QSAR models by correlating these 3D fields with the
corresponding experimental activities of ligands inter-
acting with a common target receptor.

2. Results and discussion

2.1. 3D-QSAR models

The statistical results obtained from standard CoMFA
and CoMSIA models are summarized in Table 3. The
CoMFA models were constructed from steric and elec-
trostatic descriptor fields, and the CoMSIA models were
built by varying the steric, electrostatic, hydrophobic,
and hydrogen-bond donor and acceptor descriptor
fields. The q2, SPRESS, r

2, F, and s values were computed
as defined in SYBYL. The training set was initially
checked for outliers. Generally, if the residual of an
inhibitor between observed pKi and predicted pKi values
is greater than 1 logarithm unit, the inhibitor is consid-
ered as outlier. According to this rule, inhibitors MG216
and MG217 are regarded as outliers. We examined these
two molecules and found that a hydroxyl was inserted
between P4 position and aldehyde group for MG216,
and between P3 and P4 position for MG217, respective-
ly. Therefore, these two compounds did not share the
same scaffold as the other compounds, and the potential
field distributions surrounding the molecules are differ-
ent from the others. The hydroxyl group may form
hydrogen bonds with the amino acid residues of the b
subunit. The variation of hydrogen-bond donor contri-
butions from 0.165 to 0.118 may account for this. Thus,
both CoMFA and CoMSIA models based on the 47
compounds led to a lower cross-validated correlation
coefficient q2 of 0.516 and 0.463, respectively. However,
after dropping these two compounds from the training
set, the 3D-QSAR models re-performed by the remain-
ing 45 compounds produced a much higher cross-vali-
dated q2 of 0.615 for CoMFA and 0.591 for CoMSIA
(see Table 3). Therefore, the models based on the 45
compounds are much better than those based on 47
compounds. So the following results and discussion
are based on the 45-compound models.

2.2. Predictive power of CoMFA and CoMSIA models

In order to test the predictive power of the CoMFA and
CoMSIA models obtained by the training set, other
eight inhibitors (Table 2) that were not included in the
training set were used as a test set. Table 4 summarizes
the results obtained from the CoMFA and CoMSIA
predictions. The plots of predicted versus actual binding
affinities for the test set inhibitors are shown in Figures
4A and B, which represent models based on CoMFA
and CoMSIA, respectively. Both CoMFA and CoMSIA
models performed well in the prediction of the activities
of the test inhibitors. The predicted correlation coeffi-
cients (r2) are 0.944 for the CoMFA model and 0.861
for the CoMSIA model. In almost all the cases, the pre-
dicted values were close to the observed pKi values, devi-
ating by less than 1 logarithm unit in binding affinity to
the 20S proteasome. Especially for inhibitors MG101,
MG119, and MG142, both CoMFA and CoMSIA mod-
els gave ideal predictive values, all of which are less than
0.3 logarithm units. Since all the inhibitors were built
with the template of crystal conformation of MG101,
the difference between predicted versus actual values
may be explained by comparing different flexible
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Table 1. Structures of 47 inhibitors in the training set and their actual activities
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Table 1 (continued)

Compound P1 P2 P3 P4 pKi
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Table 1 (continued)

Compound P1 P2 P3 P4 pKi
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substituents in P1, P2, P3, and P4 positions. MG119
share common t-butyl substituents in P2 and P3 posi-
tions with MG101, but a less flexible ethyl instead of
n-butyl substituent in P4 position, so the local minimiza-
tion conformation is close to crystal one and a good pre-
diction was obtained. As for the substituents in P1
position, they affect the binding affinities much less than
those in P4 position, which is clearly shown in Figure 5.
Figure 5 shows n-butyl group in P4 position of MG101
penetrates deeply into the active site of b5 subunit and
can effectively interact with MET45 and ALA49 resi-
dues by hydrophobic interaction, which was proved by
the hydrophobic field contribution 0.411 of CoMSIA re-
sults listed in Table 3 and the hydrophobic contour map
of CoMSIA results shown in Figure 7B. But acetyl
group in P1 position of MG101 lies outside of the active
site and interacts with adjacent subunits. The same
explanation can account for the case of MG142. Howev-
er, the predictive results of the other five inhibitors are
not as perfect as those of other three inhibitors. It may

be caused by the more flexible substituents in P1, P2,
P3, and P4 positions.

2.3. The CoMFA contour map analysis

The steric field contribution accounts for 0.655, while
the electrostatic field contribution only accounts for
0.345, which suggests that the electrostatic interactions
are not crucial in explaining the variations in inhibition
potency of these molecules, and the generated CoMFA
models explain well the variations between molecules
having differences in steric interactions. Figure 6A
shows the steric contour maps for the CoMFA model
with the most active inhibitor MG167 (Ki = 0.015 nM)
as a reference. Green and yellow polyhedra indicate re-
gions where bulky groups will improve or decrease the
activity, respectively. Sterically favored regions (green
polyhedra) around P2 (2-naphthyl methyl) and P4 (t-bu-
tyl) positions suggest an increase in the activity for the
compounds having bulky substituents at P2 and P4

Table 1 (continued)

Compound P1 P2 P3 P4 pKi
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All the chiral carbon atoms are in S form unless otherwise indicated.
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Table 2. Structures of eight inhibitors in the test set and their actual activities

Compound P1 P2 P3 P4 pKi

MG101

O
6.85

MG119 O

O
7.30

MG136 O

O
6.00

MG142 O

O
9.70

MG152 O

O
H3CO 8.22
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H
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6.16

MG183 HO
O

O

H, H 7.41

MG209 O

O
H3CO 8.04

Table 3. Summary of 3D-QSAR analysis results obtained using CoMFA and CoMSIA

PLS statistics 47-compound models 45-compound models

CoMFA CoMSIA CoMFA CoMSIA

q2 0.516 0.463 0.615 0.591

SPRESS 0.887 0.944 0.818 0.835

r2 0.819 0.802 0.901 0.894

F 76.701 50.545 85.311 79.296

s 0.503 0.574 0.416 0.430

PLS components 3 4 5 4

Field contributions (%)

S 0.565 0.174 0.655 0.197

E 0.435 0.246 0.345 0.205

H 0.243 0.411

D 0.165 0.118

A 0.172 0.068

q2, squared cross-validated coefficient; SPRESS, root mean predictive error sum of squares; r2, squared conventional coefficient; F, F test value; s,

standard error of estimate; S, E, H, D, and A denote the steric, electrostatic, hydrophobic, and hydrogen-bond donor and acceptor, respectively.
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positions. This is indeed the case for MG142, MG150,
MG165, MG166, MG167, MG168, MG170, MG171,
MG178, and MG191, all of which showed less than
1 nM binding affinity and have bulky groups at P2
and P4 positions. For example, sterically favored 1-
naphthyl methyl group occupies P2 positions of
MG142, MG150, MG166, MG168, and MG170, respec-
tively, and bulky 2-naphthyl methyl occupies those of
MG165 and MG167, while P2 positions of MG171,
MG178, and MG191 are substituted by bulky indole-
3-methyl and benzothiofuran-3-methyl, respectively.
As for P4 positions, these compounds all have a sterical-
ly favored t-butyl groups, except for MG142 with a
comparatively smaller n-propyl substituent. But for
inhibitors MG111 (Ki = 210 nM), MG118
(Ki = 3800 nM), and MG232 (Ki = 4900 nM), because
they have sterically disfavored methyl, hydrogens, and
dimethyl substituents at P4 positions, respectively, they
were less potent. However, it is an exception for
MG153 with a much bulky substituent, p-benzyloxy
benzyl, at P4 position, which shows a poor binding affin-
ity of 285 nM. Perhaps, this is due to the collision be-
tween the too long arm and the residues in the 20S
proteasome in addition to the small group at P2 posi-
tion. Detailed analysis indicates that the structural fea-
tures of other inhibitors also concord with the contour
maps. The presence of a large yellow isopleth around
the aromatic moiety of P1 position indicates that less
bulky substituents are favored at this position.

Electrostatic fields based on the PLS analysis of the
CoMFA models are shown in Figure 6B with MG167
as a reference. A large red isopleth above the phenyl ring
of P1 position represents an area where a negative
Gasteiger–Hückel (GH) charge is favored. Methyl
group at P1 position of MG101, bearing positive GH
charges on the C atom, decreases the activity
(Ki = 140 nM), while benzyloxy group at P1 position
of MG114, having negative charges on the O atom
and benzyl ring, increases the activity greatly
(Ki = 47 nM). Negatively charged aldehyde group is
essential for high activity, which is represented by the
red favorable isopleth near this area. A small red poly-
hedron beside the P2 positions indicates electron-rich
groups are beneficial to the activity. Such as, MG168
with a negatively charged bulky 1-naphthyl group at
P2 position showed a potent activity of Ki 0.49 nM;

while the C atom at P2 position of MG169 was cyclized
with neighboring N atom by a positively charged n-pro-
pyl greatly decreased the activity (Ki = 700 nM). A large
region of blue contour near the P4 position suggests that
positively charged groups such as t-butyl (MG132) in-
stead of negatively groups such as benzyl substituted
by halogen atoms (MG157, MG158, MG160, and
MG161), hydroxyl (MG131), p-nitryl (MG135), p-meth-
oxy (MG152), and p-benzyloxy (MG153), respectively,
allyl (MG139), propargyl (MG140), and indole-3-meth-
yl (MG151) increase activity. Furthermore, positively
charged hydrogens surrounded by a blue polyhedron
at P1 positions are beneficial to activity.

2.4. CoMSIA contour maps analysis

CoMSIA calculates both steric and electrostatic fields,
as in CoMFA, but additionally uses hydrophobic,
hydrogen-bond donor and acceptor fields. Since a
Gaussian function is used to determine the distance
dependence, therefore, the similarity indices can also
be calculated at grid points inside the molecule, not just
outside, as with CoMFA.47

Figure 7 provides graphical representation of the CoM-
SIA models. To aid in visualization, the most potent
inhibitor MG167 was overlaid in the maps once again.
Figure 7A shows the combination of CoMSIA steric
and electrostatic field contour maps. Green and yellow
polyhedra indicate regions where more steric bulk or less
steric bulk will enhance the activity, respectively. Red
and blue polyhedra represent regions where negatively
charged or positively charged groups will increase the
activity. Just as discussed in Section 2.3, P2 and P4 posi-
tions are surrounded by two large green polyhedra,
which suggests bulky substituents, such as naphthyl
methyl and t-butyl groups (for example, MG165,
MG166, MG167, MG168, and MG170), are favored.
A small yellow polyhedron beside the methyl of P2 posi-
tion indicates small groups instead of bulky groups

Figure 1. The starting conformation of MG101.

Table 4. Residuals of the predictions of the test set by CoMFA and

CoMSIA models

Compound EA PA Residuals

CoMFA CoMSIA CoMFA CoMSIA

MG101 6.85 6.66 6.83 0.19 0.02

MG119 7.30 7.01 7.27 0.29 0.03

MG136 6.00 6.82 6.75 �0.82 �0.75

MG142 9.70 9.71 9.62 �0.01 0.08

MG152 8.22 7.81 7.54 0.41 0.68

MG169 6.15 6.06 6.95 0.09 �0.80

MG183 7.41 7.78 6.54 �0.37 0.87

MG209 8.04 7.98 7.50 0.06 0.54

EA, experimental activity; PA, predictive activity;

Residuals = EA � PA.
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attaching on the methyl are referred to this region. Also
two large red polyhedra covering P1 and P2 positions
indicate regions where negatively charged groups will in-
crease the activity, as discussed in detail in CoMFA. The

presence of a blue region beside the methyl of P2 posi-
tion again proves it is preferred to be positively charged
atoms at this region in consideration of their less steric
bulk. A red isopleth, near the O atom of the carbonyl
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Figure 2. Templates of two models with 55 molecules and 53 molecules. (A) Template of 55 molecules. (B) Template of 53 molecules.

Figure 3. Alignment of inhibitory compounds in the training set. Hydrogens are not shown.
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Figure 4. Predicted versus actual binding affinities for the eight inhibitors in the test set for (A) CoMFA and (B) CoMSIA models. The correlation

coefficients (r2) are 0.944 for the CoMFA model and 0.861 for the CoMSIA model.
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attaching to P2 position, correlates with hydrogen-bond
donor on the receptor. The results agree well with what
has been discussed in Section 2.3.

The hydrophobic field is presented in Figure 7B. White
and yellow contours highlight areas where hydrophilic
and hydrophobic properties are preferred, respectively.
Table 3 shows that hydrophobic field made the largest
contribution to the CoMSIA QSAR models, which sug-
gests that among the descriptors considered, the hydro-
phobicity of inhibitors is the most important factor

affecting the binding affinity. This is consistent with
the hydrophobic properties of the amino acid residues
in the b5 subunit of 20S proteasome.25 Within 3.5 Å
around MG101, ALA20, MET45, ALA46, ALA49,
and ALA50 are all hydrophobic amino acid residues,
which can effectively interact with inhibitors through
hydrophobic interaction (see Fig. 5). Two large yellow
polyhedra surrounding P2 and P4 positions indicate
hydrophobic groups are beneficial to enhance the activ-
ity, for these two positions can interact with ALA20 and
MET45, ALA46, respectively, which is consistent with
the result of Adams et al.49 Two white isopleths around
the P1 position and P4 position of MG167 reveal that
hydrophilic groups at these areas are beneficial to the
activities. These groups are close to the hydrophilic res-
idues LYS33 and GLN53 of b5 subunit. The hydropho-
bic and hydrophilic characteristics of the amino acid
residues in the binding pocket of b5 subunit of 20S pro-
teasome concord well with those of the P1, P2, and P4
positions in the inhibitors.

The graphical interpretation of the hydrogen-bond do-
nor interaction in the CoMSIA model is represented in
Figure 7C. It highlights areas beyond the molecules
where putative hydrogen acceptor groups in the enzyme
can form H-bonds with the molecule thereby influencing
binding affinities. The cyan contours represent locations
where a hydrogen-bond acceptor on the receptor will
improve activity, that is, hydrogen-bond donors in the
ligand directing to these regions are favorable. For
example, there are two cyan areas: one surrounds the
hydrogen atoms of NH group attached to the carboben-
zyloxy, which can form a hydrogen bond with the resi-
dues in the neighboring subunit, the other is beside the
hydrogen atom of the NH group between P2 and P3 po-
sition forming a 2.83 Å strong hydrogen bond with the

Figure 5. The binding of MG101 with b5 subunit in 20S proteasome

(crystal structure coordinates kindly provided by R. Huber). Only the

residues within 5 Å around MG101 are shown for clarity. MG101 is

displayed in ball–stick style and amino acid residues are displayed in

stick style. Green dotted lines: hydrogen bonds between MG101 and

the amino acid residues.

Figure 6. Std * coeff contour maps of final CoMFA analysis with 2 Å grid spacing in combination with MG167. (A) Steric contour map. Green

contours (80% contribution) refer to sterically favored regions; yellow contours (20% contribution) indicate sterically disfavored areas. (B)

Electrostatic contour map. Blue contours (80% contribution) refer to regions where positively charged substituents are favored; red contours (20%

contribution) indicate regions where negatively charged substituents are favored.
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carbonyl group of THR21 (see Fig. 5), which indicates
the necessity of the hydrogen atom at this position for
activity. Due to the cyclization of the N atom with adja-
cent C atom in MG169 and MG176, the binding affini-
ties reduce greatly to 700 and 71 nM. Conversely, a
purple polyhedron below the carbonyl oxygen between
P3 and P4 position is indicative of a disfavored hydro-
gen-bond donor region, which can be proved by a
3.02 Å H-bond between its carbonyl and NH group of
ALA20 from another profile.

Figure 7D indicates areas where hydrogen-bond accep-
tors on the ligand promote or decrease binding affinities.
Magenta isopleths (85% contribution) encompass re-
gions where hydrogen-bond donors on the receptor site
are expected, while proton acceptors in the ligand direct-
ing to red regions (15% contribution) decrease the bind-
ing affinities. A red polyhedron beside the carbonyl
oxygen of P2 position suggests that the subunit bearing
hydrogen donors will increase the activity. A large
magenta isopleth between two carbonyls from P2 to
P4 position indicates that hydrogen-bond donors on
the receptor promote activity. From the crystal struc-
ture, it is clear that two hydrogen bonds formed between
these two carbonyls and NH groups of THR21 and
GLY47 with the length of 3.02 and 2.74 Å (Fig. 5).
Another large polyhedron surrounding the oxygen atom
of the aldehyde group reveals that the hydrogen-bond
donor on the receptor stabilizes the hemiacetal and pro-

motes the activity. The aldehyde group formed a 3.04 Å
hydrogen bond with amide NH of GLY47 (Fig. 5).

In general, the CoMFA and CoMSIA contour maps
agree well with the structural characteristics of the bind-
ing pocket of b5 subunit of 20S proteasome in P1, P2,
and P4 positions. However, both in CoMFA and CoM-
SIA contour maps, no information was given at P3 po-
sition, which suggests that this position is not in contact
with any amino acid residue in the active part of b5 sub-
unit but perhaps only contributes to the ADME process.
It was also proved by Groll et al.25

3. Conclusions

Though tripeptide aldehydes are highly flexible, we
obtained 3D-QSAR models with statistical significance
and predictive abilities by using CoMFA and CoM-
SIA methods. And the results can quite well accord
with the actual interaction mode of inhibitor
MG101 with b5 subunit of 20S proteasome. Overall,
the predictive power of the CoMFA models appeared
to be better than that of the CoMSIA models. How-
ever, a combined application of the CoMFA and the
CoMSIA models may be most suitable to predict the
binding affinity of new tripeptide aldehyde inhibitors.
The CoMFA and CoMSIA steric, electrostatic, hydro-
phobic, and hydrogen-bond donor and acceptor

Figure 7. Std * coeff contour maps of final CoMSIA analysis with 2 Å grid spacing in combination with MG167. (A) Steric and electrostatic contour

map. Green contours (0.017 level) refer to sterically favored regions; yellow contours (�0.01 level) indicate disfavored areas. Blue contours (0.017

level) refer to regions where negatively charged substituents are disfavored; red contours (�0.01 level) indicate regions where negatively charged

substituents are favored. (B) Hydrophobic contour map. White contours (0.017 level) refer to regions where hydrophilic substituents are favored;

yellow contours (�0.01 level) indicate regions where hydrophobic substituents are favored. (C) Hydrogen-bond donor contour map. Cyan contours

(0.017 level) indicate regions where hydrogen-bond acceptor groups on the receptor increase activity. Purple contours (�0.01 level) refer to regions

where hydrogen-bond acceptor groups on the receptor decrease activity. (D) Hydrogen-bond acceptor contour map. Magenta contours (85%

contribution) encompass regions where hydrogen-bond donors on the receptor are expected. Red contours (15% contribution) refer to areas where

hydrogen-bond donors on the receptor decrease the affinity.
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potential fields provide insights into important proper-
ties at given positions that are crucial for activities.

4. Materials and methods

4.1. Data set

Biological data are prone to variation between labora-
tories and even between studies within the same labo-
ratory. As a result, 3D-QSAR models built with
mixing biological data are considered risky and unreli-
able. Though a lot of aldehyde inhibitors were synthe-
sized, their biological activities were assessed by quite
different methods. To avoid this experimental bias, we
used the 55 tripeptide aldehydes from the work of
Stain,50 since the biological activities of these com-
pounds were measured under identical conditions.
The Ki values of the 55 molecules were transformed
to pKi, and the molecules were randomly divided into
two groups containing 47 and 8 molecules as the
training set and the test set, respectively. The training
set of the 47 molecules (Table 1) was represented by a
combination of highly active (Ki 0.015–50 nM), moder-
ately active (Ki 50–500 nM), and less active (Ki 500–
4900 nM) molecules, and the Ki values of the test set
molecules (Table 2) were within the same distribution
range as those of the training set molecules. Structural
variations of the parent structure, present in all mole-
cules, were allowed at P1, P2, P3, and P4 positions
(Tables 1 and 2).

4.2. Molecular conformation

All molecular modeling including CoMFA, CoMSIA
analyses was performed on a SGI O2 workstation using
SYBYL version 6.91 software (Tripos Inc., St. Louis,
MO).

The conformation of a template molecule is one of the
important parameters in CoMFA and CoMSIA meth-
ods. In this paper, all the tripeptide aldehydes are highly
flexible, therefore, compared with rigid molecules, it is
more difficult to obtain meaningful CoMFA and CoM-
SIA models. In 1997, Huber et al.25 published the crystal
structure of 20S proteasome (PDB 1RYP), however, it is
not a complex structure with any inhibitors. Due to the
lack of structural data for the aldehyde inhibitor–pro-
teasome complex, a systematic search of the most active
compound MG167 was carried out in SYBYL. The
search was performed by using a rotation increment of
30� for all the torsional angles. Since the number of con-
formations generated was quite large, only those con-
formers within an energy threshold value of 5 kcal/mol
of the local minimized structure were saved. The result-
ed global minimum conformer of MG167 was used as a
template to build the remaining compounds. Fortunate-
ly, soon we acquired the latest crystal structural data of
20S proteasome combined with MG101 that was kindly
provided by Prof. Huber on our request.51 The root-
mean-square distance (RMSD) between the crystal
structure and the conformer of MG101 generated based
on the lowest-energy conformer of MG167 was 0.242 Å.

These two conformations are considered highly similar.
So we took the crystal structure of MG101 as the start-
ing conformation (Fig. 1) and the rest of the molecules
were created from it using the �sketch molecule� function
in SYBYL. A constrained minimization followed by full
minimization was carried out on these molecules in or-
der to prevent the conformations from moving to false
regions. Tripos force field52–54 with a distance-depen-
dent dielectric and the Powell conjugate-gradient algo-
rithm with a convergence criterion of 0.05 kcal/mol
were used. Partial atomic charges were calculated using
the GH method.55,56

4.3. Alignment

Initially we attempted to use all the 55 molecules to
build the 3D-QSAR models. The common five atoms
of all the 55 molecules labeled on MG101 in Figure
2A were used as the reference atoms to align all the mol-
ecules using the �align database� option in SYBYL. But
the partial least-squares (PLS) results showed it pro-
duced poorly predictive models, with cross-validated
q2 of 0.516 and 0.463 for CoMFA and CoMSIA, respec-
tively. In fact, MG216 and MG217 are quite different
from the other molecules, as their peptide backbones
are longer than other molecules. So we removed the
two molecules from the dataset. Since the remaining
53 molecules share the common tripeptide aldehyde
scaffold and have 9 common atoms (labeled in
Fig. 2B), we aligned all the 53 molecules using these 9
reference atoms and the �align database� option in SYB-
YL and obtained statistically significant models with
cross-validated q2 of 0.615 and 0.591 for CoMFA and
CoMSIA, respectively. The final models were built with
the 53 molecules, among which 45 molecules (listed in
Table 1, excluding MG216 and MG217) were taken as
the training set and the other eight molecules (listed in
Table 2) were selected as the test set. The structural
diversity of the aligned molecules is shown in Figure 3.

4.4. CoMFA studies

All the molecules were placed in a 3D lattice with regu-
lar grid points separated by 2 Å. The van der Waals
potentials and Coulombic term representing the steric
and electrostatic fields were calculated using standard
Tripos force field for CoMFA. A Csp3 atom with a for-
mal charge of +1 and a van der Waals radius of 1.52 Å
served as probe atom to generate steric (Lennard-Jones
6-12 potential) and electrostatic (Coulombic potential)
field energies, which were obtained by summing the indi-
vidual interaction energies between each atom of the
molecule and the probe atom at every grid point. A
distance-dependent dielectric constant was used. The
steric and electrostatic fields were truncated at
±30.00 kcal/mol.

4.5. CoMSIA studies

The aligned molecules were placed in a 3D lattice with
regular grid points separated by 2 Å similar to that of
CoMFA studies. The five physicochemical properties
for CoMSIA (steric, electrostatic, hydrophobic, hydro-

1494 Y.-Q. Zhu et al. / Bioorg. Med. Chem. 14 (2006) 1483–1496



gen-bond donor and acceptor) were evaluated using a
common probe atom with 1 Å radius, +1.0 charge,
and hydrophobic and hydrogen-bond property values
of +1. The attenuation factor a, which determines the
steepness of the Gaussian function, was assigned a de-
fault value of 0.3.57

4.6. PLS analysis and validations

The PLS technique was employed to generate a linear
relationship that correlates changes in the various com-
puted potential fields with changes in the corresponding
experimental values of the binding affinities (pKi) for the
data set of the inhibitors. Employing the CoMFA and
CoMSIA potential energy fields for each molecule as
the independent variable and the corresponding pKi value
as the dependent variable, PLS converts these potential
energy field descriptors to the so-called latent variables
or principal components (PCs) that consist of linear com-
binations of the original independent variables.

To assess the internal predictive ability of the CoMFA
and CoMSIA models, we employ the �leave-one-out�
(LOO) cross-validation procedures. In this procedure,
each data set or compound is excluded one at a time,
and then its activity is predicted by the model construct-
ed from the remaining compounds in the data set.
Cross-validation determines the optimum number of
PCs, corresponding to the smallest error of prediction
and the highest cross-validated q2. PLS analysis was
repeated without validation using the optimum number
of PCs to generate final CoMFA and CoMSIA models
from which the conventional correlation coefficient r2,
a measure of the internal consistency of the models,
was derived. To improve efficiency and reduce �noise,�
a minimum filter value r of 1.00 kcal/mol was used.

4.7. Predictive correlation coefficient

The predictive abilities of the 3D-QSAR models were
determined by predicting the test set of eight compounds
that were not included in the training set. These mole-
cules were aligned in the same way as those in the train-
ing set. The predictive correlation coefficient ðr2predÞ,
based on the molecules of the test set, is defined as

r2pred ¼ ðSD� PRESSÞ=SD;

where SD is the sum of squared deviations between the
biological activities of the test set and mean activity of
the training set molecules, and PRESS is the sum of
squared deviation between predicted and actual activity
values for every molecule in the test set.
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4. Prösch, S.; Priemer, C.; Höflich, C.; Liebenthal, C.; Babel,
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