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We have developed a drug discovery strategy that employs variable selection quantitative
structure-activity relationship (QSAR) models for chemical database mining. The approach
starts with the development of rigorously validated QSAR models obtained with the variable
selection k nearest neighbor (KNN) method (or, in principle, with any other robust model-
building technique). Model validation is based on several statistical criteria, including the
randomization of the target property (Y-randomization), independent assessment of the training
set model’'s predictive power using external test sets, and the establishment of the model's
applicability domain. All successful models are employed in database mining concurrently; in
each case, only variables selected as a result of model building (termed descriptor pharma-
cophore) are used in chemical similarity searches comparing active compounds of the training
set (queries) with those in chemical databases. Specific biological activity (characteristic of
the training set compounds) of external database entries found to be within a predefined
similarity threshold of the training set molecules is predicted on the basis of the validated
QSAR models using the applicability domain criteria. Compounds judged to have high predicted
activities by all or the majority of all models are considered as consensus hits. We report on
the application of this computational strategy for the first time for the discovery of anticon-
vulsant agents in the Maybridge and National Cancer Institute (NCI) databases containing
ca. 250 000 compounds combined. Forty-eight anticonvulsant agents of the functionalized amino
acid (FAA) series were used to build kNN variable selection QSAR models. The 10 best models
were applied to mining chemical databases, and 22 compounds were selected as consensus
hits. Nine compounds were synthesized and tested at the NIH Epilepsy Branch, Rockville,
MD using the same biological test that was employed to assess the anticonvulsant activity of
the training set compounds; of these nine, four were exact database hits and five were derived
from the hits by minor chemical modifications. Seven of these nine compounds were confirmed
to be active, indicating an exceptionally high hit rate. The approach described in this report

can be used as a general rational drug discovery tool.

Introduction

Epilepsy is a chronic disorder, characterized by recur-
rent unprovoked seizures. In the United States, some
2 million people, including 340 000 children, suffer from
epilepsy and its sequelae.r Currently the main treat-
ment for epileptic disorder is the long-term and consist-
ent administration of anticonvulsant drugs.223 Unfortu-
nately, current medications are ineffective for more than
a third of the patients with epilepsy.* Many continue
to have seizures, while others experience disturbing side
effects (e.g., drowsiness, dizziness, nausea, liver dam-
age).> Current therapies have failed to adequately
control this disorder, documenting the need for new
agents with different mechanisms of action.
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Over the years, we have advanced a series of anti-
convulsant agents termed functionalized amino acids (1,
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FAA).6~8 The molecular target(s) of FAA compounds has
not been identified. Nearly 250 FAAs have been pre-
pared and evaluated in animal seizure models. Of these,
12 conformed to general structure 2 and provided
protection against maximal electroshock (MES) induced
seizures,®10 at doses comparable to or better than those
for phenytoin.!* The MES test is a proven method for
the identification of new drug candidates for partial
and generalized seizures. While these studies have
provided structural patterns beneficial for FAA activity,
it has become increasingly difficult to formulate a useful
SAR, as the diversity of molecular structures has
increased.

10.1021/jm030584q CCC: $27.50 © 2004 American Chemical Society
Published on Web 03/20/2004


http://dontstartme.literatumonline.com/action/showImage?doi=10.1021/jm030584q&iName=master.img-000.png&w=183&h=50

Application of QSAR Models to Database Mining

Molecular modeling can facilitate the understanding
of the pharmacological data and permit the development
of novel anticonvulsants. Since the structure of macro-
molecular targets of FAA action remains unknown,
ligand-based methods of analysis, such as pharmaco-
phore mapping and quantitative structure—activity
relationships (QSAR), represent the most efficient ap-
proaches to rationalize available experimental data and
improve the design of new FAA.

Several QSAR models for FAA compounds have been
developed over the years, including our most recent
variable selection k nearest neighbor (KNN) QSAR
models for 48 chemically diverse FAA anticonvulsants
(see ref 12 and references therein). These models could
be employed for further design and discovery of novel
anticonvulsant agents.

One popular computational approach to rational drug
discovery is database mining, which relies on the
structures of known active molecules as queries.'® Most
often, the queries are derived from three-dimensional
(3D) pharmacophores, which entail essential chemical
structural features in the particular mutual orientation
responsible for the biological activity of a series of
compounds.!* Three-dimensional database mining seeks
to identify novel compounds that match the query. If
the repository of compound samples as well as relevant
biological assays are available, the computational hits
can be validated experimentally, ultimately yielding
useful lead compounds.®

An obvious parallel can be established between the
selection of characteristic pharmacophoric features re-
sponsible for specific biological activity and the selection
of a subset of chemical descriptors implicated in the
most statistically significant variable selection QSAR
models. This analogy led us earlier to define the latter
collection of descriptors as a “descriptor pharmaco-
phore”.16 We proposed that descriptor pharmacophores
can be employed in database mining and demonstrated
that variable selection QSAR models can be used for
both finding molecular structures with the same biologi-
cal activity as the probe molecules in chemical data-
bases!” or virtual chemical libraries!® and predicting the
value of the activity. In this paper, we have refined the
QSAR-based database-mining approach and employed
it for anticonvulsant lead compound discovery.

In a previous publication,? we described the develop-
ment of multiple KNN QSAR models for 48 FAA anti-
convulsants; the models were extensively validated
using several criteria of robustness and accuracy.1?2°
Herein, we describe the application of these models to
mining two publicly available chemical databases, i.e.,
the Maybridge?! and National Cancer Institute (NCI)22
collections containing ca. 250 000 compounds combined.
Our objective was to identify new lead compounds and
experimentally confirm their predicted anticonvulsant
activity. The 10 best models with the highest validated
predictive power from our previous study'? have been
used for database mining. Twenty-two compounds,
which were predicted to have high activities by all or
the majority of all models, were chosen as consensus
hits. Nine compounds were synthesized and sent to the
Anticonvulsant Screening Program (ASP) at the Na-
tional Institutes of Health (NIH) to test for the anti-
convulsant activity; four of these compounds were
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Figure 1. Flowchart of database mining that employs predic-
tive QSAR models.

among the 22 computational hits and five were designed
on the basis of two of the hits. Seven out of nine tested
compounds were confirmed to be active, indicating an
exceptionally high experimental hit rate. The success
of this study suggests that our approach, which com-
bines QSAR modeling and database mining, can be
explored as a general rational drug discovery tool and
applied to a large variety of available datasets of
biologically active compounds.

Computational Details

Application of QSAR Models to Database Min-
ing. Our database-mining strategy makes use of vali-
dated QSAR models developed for the available series
of biologically active compounds. The general flowchart
of the database-mining procedure is shown in Figure 1
and includes the following major steps.

1. Develop validated variable selection QSAR models
for a dataset of compounds with known structures and
activities; define descriptor pharmacophores!® and ap-
plicability domains'® for all models.

2. Compute chemical descriptors used in QSAR model
development for all compounds in the available chemical
database(s); in our studies we have used molecular
topological indices calculated with the MolConnZ pro-
gram.2®

3. Calculate chemical similarity values (we use the
Euclidean distance in the descriptor pharmacophore
space) between all active probes (i.e., molecules used for
QSAR model development) and every structure in the
database.

4. Rank all database structures by their similarity to
a probe(s), and select M structures within certain
similarity threshold.

5. Predict biological activity values for these M
structures based on preconstructed QSAR models using
applicability domain.

6. Select structures predicted by all (or a majority of)
QSAR models to have high values of biological activity
as computational hits.

We now discuss individual steps outlined above.

QSAR Modeling and Descriptor Pharmacophore
Identification. In our previous study of anticonvul-
sants,'? we applied two variable selection QSAR algo-
rithms, genetic algorithm (GA) or simulated annealing
(SA) partial least squares (GA/SA-PLS)172425 and kNN
analyses,?® to build predictive models for the FAA
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dataset. Both of these methods have been shown to
produce predictive models for other datasets as well24-26
and can be easily automatized and adapted to the task
of database searching, or virtual screening.1”1® Both
methods typically employ multiple descriptors derived
from 2D molecular topology (e.g., molecular connectivity
indices or atom pair descriptors), which eliminates the
conformational and alignment ambiguities inherent to
most 3D QSAR methods. Stochastic optimization algo-
rithms such as GA or SA are used to build robust QSAR
models characterized by high values of cross-validated
R2 (g?). All models derived in our previous studies!? were
subjected to extensive validation using several impor-
tant criteria for predictive QSAR modeling. These
criteria are discussed extensively in our recent paper;°
they include the randomization of the target property
(Y-randomization), independent assessment of the train-
ing set model predictive power using external test sets,
and the establishment of the model applicability do-
main. All specific details of the calculations can be found
in an earlier publication.'? For this paper, we have used
only kNN models developed with the MolConnZ descrip-
tors.

As discussed in the Introduction, we have defined
descriptor pharmacophores as a subset of descriptor
types implicated in successful variable selection QSAR
models.’817 The similarity searches between known
active FAA molecules and compounds in chemical
databases were conducted using descriptor pharma-
cophores found in those variable selection QSAR models
that satisfied our rigorous validation criteria.

Selection of Similarity Probes. Forty-four com-
pounds out of 48 FAAs with the anticonvulsant activity
with EDsp less than 100 mg/kg, which is considered
promising by the NIH standard, were selected as the
similarity probes for database mining. The structures
and activity of these 44 compounds were reported in
Table 1 of our previous paper;'?2 this table is also
included in the Supporting Information for reference.

Molecular Descriptors and Similarity Calcula-
tions. Molecular topological descriptors were calculated
with the MolConnZ program?3 for both probes and data-
base molecules. Since absolute scales for the various
MolConnZ descriptors can differ by orders of magnitude,
range scaling was used to avoid giving descriptors with
significantly higher ranges a disproportionably higher
weight upon the molecular similarity calculations.
Euclidean distance was used as the measure of similar-
ity in the multidimensional descriptor space. The latter
distance dj; between any two compounds i and j in
N-dimensional descriptor space was calculated as

)

where X, and X, are the values of nth descriptor for
compounds i and j, respectively, and the summation is
over all descriptors. Compounds with the smallest
distance (highest similarity) from the active probe were
considered as hits and subjected to the prediction of
their activity based on QSAR models.

Applicability Domain of QSAR Models. Formally,
a QSAR model can predict the target property for any
compound for which chemical descriptors can be calcu-
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lated. The training set models are developed in KNN
QSAR modeling by interpolating activities of the k
nearest neighbors of each compound to predict the
activity of that compound.2® This procedure allowed us
to derive a special applicability domain (i.e., similarity
threshold) specific to each particular KNN QSAR model
to avoid making predictions for compounds that differ
substantially from the training set molecules.'® In our
studies, this threshold, Dr is calculated from the train-
ing set models as follows

D=y +Zo )

Here, y is the average Euclidean distance between each
compound and its k nearest neighbors (where k is the
parameter optimized in the course of QSAR modeling),
o is the standard deviation of these Euclidean distances,
and Z is an arbitrary parameter to control the signifi-
cance level. We set the default value of this parameter
Z at 0.5, which formally places the allowed distance
threshold at one-half of the standard deviation (assum-
ing a Boltzman distribution of distances between k
nearest neighbor compounds in the training set). Thus,
if the distance of the external compound from at least
one of its nearest neighbors in the training set exceeds
this threshold, the prediction is considered unreliable.

Databases. Two publicly available databases have
been explored: the Maybridge?! and the NCI?? data-
bases, including 55 273 and 237 771 chemical struc-
tures, respectively. The NCI database was curated; thus,
metal-containing compounds as well as compounds with
incomplete chemical structures (which could not be
processed by MolConnZ) were excluded, leaving 194 736
compounds for database mining. The total collection of
compounds subjected to database mining included
250 009 molecules.

Results and Discussion

QSAR Modeling of FAA Compounds. The devel-
opment of rigorously validated QSAR models for 48
chemically diverse FAA anticonvulsants was reported
earlier.12 Model building included multiple divisions of
the original dataset into a training and test set (see ref
27 for details). Multiple QSAR models (760 total) were
generated independently for all training sets and vali-
dated using the test sets. Generally, we accept models
with leave-one-out cross-validation (g?) values for the
training set greater than 0.5 and R? values for predicted
vs actual activities of the test set compounds greater
than 0.6 as the most significant criteria.l® Only the 10
best models obtained from multiple KNN-QSAR analy-
ses using MolConnZ descriptors in our previous study'?
were used for database mining. The training and test
set sizes were 43 and 5, 39 and 9, and 38 and 10
compounds, respectively, and the optimal number of
descriptors was in the range between 12 and 20 (see
Table 6 in our previous paper;*? this table is also
included as Table 2 in the Supporting Information for
reference).

Database Mining. As illustrated in Figure 2, vali-
dated QSAR models and descriptor pharmacophores
derived from these models were used to mine chemical
databases for novel lead anticonvulsant agents.

All compounds in the databases within the chosen
similarity cutoff value (0.5 Euclidean distance units) of
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Figure 2. Consensus database-mining workflow based on QSAR modeling.

any of the probes were selected, resulting in 4334 initial
mining hits total. Because of the differences in the
descriptor pharmacophores, the resulting 10 hit lists
were not identical. Thus, the initial list was additionally
refined by selecting consensus hits, i.e., molecules found
in all 10 individual hit lists, reducing the initial list to
50 compounds only.

The anticonvulsant activity of these 50 consensus hits
was predicted using 10 QSAR models with applicability
domains specific to each model. This procedure resulted
in the final prediction of biological activity for only 22
compounds found within all 10 individual applicability
domains. Table 1 shows the structures and averaged
predicted activity of these 22 compounds. Four of these
molecules were chosen for synthesis and experimental
testing directly, and five compounds were designed as
analogues of two of these hits (see below). Table 2 lists
the chemical structures and predicted anticonvulsant
activities for these nine compounds. Additional details
of mining the individual databases and selecting hits
for the experimental validation are described below.

Hits from the NCI Database and Their Experi-
mental Validation. Application of the 10 best QSAR
models to mining the NCI database resulted in 432, 175,
309, 766, 410, 202, 341, 443, 219, and 174 hits, respec-
tively. Only 27 compounds were identified in all 10
searches, and their activities were predicted by all 10
QSAR models. Eleven compounds with consistently high
predicted MES values (EDs less than 100 mg/kg) were
selected as consensus hits.

The two compounds initially chosen for experimental
evaluation featured a fully substituted terminal amide
group, a functional unit not anticipated to provide an
active compound based on prior experience (cf. com-
pounds 3 and 5 in Table 1).28 For example, we showed
that the amide 30 displayed excellent activity in MES-

OCHj
LR
N N._Ph
H o
30R=H
31R=CHs

induced seizure test in mice (MES EDsy = 8.3 mg/kg),
while the corresponding fully N-substituted amide 31
exhibited little activity (MES EDso > 100, <300 mg/kg).
Another interesting feature of these compounds was the
presence of the carbobenzyloxy (Cbz) group, which was
absent in any of the training set compounds.’? The
importance of this group was corroborated by inde-

pendent observations by Geurts et al.,?® who showed
that compounds incorporating the Cbz moiety indeed
displayed anticonvulsant activity. Finally, we purpo-
sively opted not to prepare compounds that contained
the PhCH,;N(H) moiety (compounds 8 and 12 in Table
1) since it has been already shown in FAAs (e.g., 2) to
be beneficial for anticonvulsant activity.5-8 Several
additional compounds (25—29), which were close ana-
logues of computational hits 3 and 5, were designed de
novo. Where applicable, we prepared the racemic com-
pound mixtures, since we did not know if either isomer
would exhibit preferential activity. In total, seven
compounds were synthesized and submitted to the
NIH's ASP for evaluation using the MES test (a
standard test for the anticonvulsant activity, which was
used for the training set compounds as well). The results
of testing available at this time are shown in Table 2.

The experimentally confirmed anticonvulsant activi-
ties for 3, 5, and 25—29 demonstrate the ability of our
database-mining approach to identify molecules with
chemical substructures that differed from those ob-
served in the FAA training set. All seven compounds
were tested in mice (ip) and rats (po). Each compound
was tested at least at three doses, 300, 100, and 30 mg/
kg in mice, and one dose, 30 mg/kg, in rats. The
biological testing results (Table 2) indicate that upon
biological screening in mice, five out of seven tested
compounds showed anticonvulsant activity with MES
EDs less than 100 mg/kg, which is considered promis-
ing by the NIH standard. Interestingly, all seven
compounds, when evaluated in the MES test in rats,
were active (MES EDsp < 52 mg/kg) (experimental data
on rats for the entire training set were not available,
and therefore, no QSAR models were built).

Hits from the Maybridge Database and Their
Experimental Validation. Mining of the Maybridge
database using the same 10 best QSAR models that
were employed in mining the NCI database yielded 156,
89, 127, 104, 93, 170, 138, 182, 113, and 141 hits,
respectively. Only 23 compounds were identified in all
10 searches, and their activities were predicted by all
10 QSAR models using the respective applicability
domain criteria. Eleven compounds with consistently
high predicted MES values (EDsp less than 100 mg/kg)
were selected as consensus hits.

Two out of 11 consensus hits were synthesized and
tested by the NIH, and both compounds were found to
be active. Again, we elected not to prepare compounds
that contained either PhCH,;N(H) or a structurally
related moiety (Table 1: 16, 17, 19, 23, 24), because of
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Table 1. Consensus Hits of Database Mining Found within All Individual Applicability Domains with High Predicted Average
Activity Based on the 10 Best KNN-QSAR Models

NCI Cod Predicted Maybridge Cod Predicted
Entry ]\}’0 : Structure Activity® Entry ]\?0 ’ Structure Activity"
No. : (EDsq, mg/kg) No. ) (EDsg, mg/kg)
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a Predicted mice MES (maximal electroshock seizure test) EDsq value in mg/kg. P Database mining hits that were synthesized and sent

to NIH for experimental test.

their apparent structural similarity to known FAA
anticonvulsants such as 2. Rather, we chose 14 and 18
as our test compounds, since the earlier SAR study on
2 showed that deletion of the methylene group within
the PhCH,;N(H) moiety resulting in a corresponding
FAA arylamide led to a loss in anticonvulsant activity.3°
One of the compounds, 14, exhibited significant anti-
convulsant activity, providing MES EDsg values be-
tween 30 and 100 mg/kg (in mice), and another, 18, was
found to be a highly potent anticonvulsant agent with
a MES EDs, of 18 mg/kg in mice (ip) that was compa-
rable to the activity of phenobarbital (MES EDsg = 22
mg/kg).3! Both compounds were found to be very active
in rats (po) as well, and the potency of 18 (MES EDsy =
11 mg/kg) exceeded that of phenytoin (MES EDsy = 30
mg/kg)'* and was comparable to that of phenobarbital
(MES EDsp = 9.1 mg/kg)3! (Table 2). An interesting find-
ing is that 18 is a metabolite of lidocaine (lignocaine),
which is widely used as a local anesthetic®? and cardiac

antiarrhythmic.33 In vitro metabolism of lidocaine to 18
is mediated by CYP3A4.34 Our results indicate that
besides known anesthetic activity, 18 is likely to have
an anticonvulsant activity as well.

Conclusions

Our computational strategies afforded the identifica-
tion of only 22 potentially active anticonvulsant agents
that were selected rationally after computational screen-
ing of more than 250 000 compounds in two chemical
databases. Nine compounds, including four computa-
tional hits and five molecules derived from two ad-
ditional hits by minor chemical modifications, were
selected for synthesis and evaluation. Most of these
compounds (3, 5, 14, 18, 27-29) contained structural
units (e.g., fully N-substituted amide, N-arylamide) that
were previously shown to reduce activity in the MES-
induced seizure test.28:30 Seven of the nine compounds
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Table 2. Results of Anticonvulsant Activity Testing from the Anticonvulsant Screening Project at the National Institutes of Health9

Mice (ip)* Rats (po)’
Cod MESeyp," | MES.aie, Tox,* MES," | Tox,*
Structure 1\}’0 | MP* EDs EDs TDso EDsy | TDs
) (mg/kg) | (mg/kg) | (mg/kg) | (mg/kg) | (ng/kg)
G f
CDLH%O(N\OCHB 30| 6364 | A 121 |>100,<300| ~30 | >30
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5 ey |5 | 0| g T 170 | Geiay | 30 >30
8 oo b >100
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g. H o (ip)
Q H
S| Ty | 26 | 99-100 213%%’ 350 | >100, <300 5228?7'31 >500
8 ' 43 [0.25 130 [0.25
o Chz. N, B [0.25] [0.25] "
g Y 27 | 758 | g_tey A3 | Gaona0) | 20 >30
O
CHs
Al oo, | 28 | 76-77 8(‘;9[0'9255)] 224 }?20[01'23)] 30 | >30
o} — -
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<1
e}
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S| TWY 18 | 4849 | 3y | 375 (34-69) 11 >500

a The compounds were administered intraperitoneally. EDsy and TDsg values are in mg/kg. Numbers in parentheses are 95% confidence
intervals. The dose effect data was obtained at the “time of peak effect” (indicated in hours in the brackets). Data for most promising
compounds are shown in bold. ® The compounds were administered orally. ¢ Melting points (°C) are uncorrected. ¢ MES = maximal
electroshock seizure test. € Tox = neurologic toxicity determined from rotorod test. f Hit compounds selected from NCI and Maybridge

databases.

were confirmed to be active by experimental studies,
indicating an exceptionally high experimental hit rate.
Two compounds, 3 and 26, predicted to have significant
MES-induced anticonvulsant activity in mice (ip), were
found to be only moderately active (EDsy > 100, <300
mg/kg). At this stage, we cannot provide an explanation
for this finding but do note that both compounds when
tested in rats (po) displayed appreciable anticonvulsant
activity (Table 2).

The experimental findings reported in this paper are
exciting in light of our long-term studies of FAA anti-
convulsants. In 1985, the Kohn laboratory discovered
the lead compound N-acetyl-b,L-alanine benzylamide (2,
R, = CH3)%% with a MES EDs of 77 mg/kg in mice (ip),
which is comparable with the activity of 28 (Table 2).
The structure of this compound was later optimized in
the Kohn laboratory using synthetic lead optimization
strategies providing (R)-N-benzyl-2-acetamido-3-meth-
oxypropionamide (2, R, = CH,OCH3).8 This compound
exhibited a MES EDsg of 4.5 mg/kg in mice (ip) and is
currently under phase 11 clinical studies for the treat-
ment of epilepsy and neuropathic pain.3® The work is
now in progress to utilize comparable synthetic strate-
gies in tandem with computational methods to optimize
the structure of compound 28. A similar approach is
being employed for 18 as well.

The traditional approaches to database mining are
based on chemical fragment or subfragment similarity
searches. While this has been an efficient approach that
has enjoyed some successes,6718 it limits the chemical
diversity of selected compounds to those similar to
existing ligands. One of the major goals of our database-
mining experiments was to diversify the chemical

repertoire of anticonvulsant agents. Our search meth-
odologies were based on chemical similarity estimated
by Euclidean distance in the descriptor pharmacophore
subspace of the whole descriptor space as well as on
guantitative predictions from existing QSAR models.
Due to the nature of the descriptors (i.e., connectivity
indices, which are derived from chemical structures but
cannot be easily used in the inverse design experiments
to design structures), such searches are more likely to
result in the identification of novel compounds than
traditional fragment-based search methodologies. The
results reported in this paper demonstrate that our
chemical similarity searches indeed afford the identi-
fication of potent anticonvulsants with chemical sub-
structures that differ from those observed in the train-
ing set, such as Cbz, the fully N-substituted amide
moiety, and the N-arylamide group.

The success of the computational and experimental
studies reported in this paper lends firm support for all
aspects of our computational drug discovery strategies.
These strategies have been refined over several years
of QSAR modeling research, including methods for
model development,?6 training and test set selection,?’
validation,®?° and database mining.117 The integration
of these techniques and approaches into a comprehen-
sive workflow reported for the first time in this paper
(Figures 1 and 2) afforded a very high experimental hit
rate of a very small collection of computational hits
selected rationally from a very large compound collec-
tion. We believe that this enormous reduction of the
experimental drug discovery search space is attributed
to several important aspects of the workflow and its
individual components. First, we place particular em-
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phasis on the rigorous validation of QSAR models as
well as conservative extrapolation limited to the ap-
plicability domain, which allows us to achieve the
highest possible accuracy in predicted biological activity
of compounds external to the training set. Second, the
similarity metric used in database mining is defined by
the Euclidean distances in the descriptor pharmaco-
phore space as opposed to the full descriptor space.
Third, we select only consensus hits obtained with
multiple validated QSAR models as opposed to the
predictions based on a single best model.

Future studies should provide additional enhance-
ments of the workflow employed in this paper. Thus,
we are currently enlarging the selection of data model-
ing algorithms and descriptor sets in the context of
combinatorial QSAR modeling that we began to explore
recently.3” We suggest that the combined predictive
QSAR modeling and database-mining approach devel-
oped in this paper can be applied to a variety of
experimental datasets and exploited as a general tool
for the design and discovery of novel, biologically active
compounds.

Experimental Methods

General Procedure. To a cold (=78 °C) THF solution
(~0.1-0.2 mmol N-(benzyloxycarbonyl) amino acid/mL of
solvent) containing the N-(benzyloxycarbonyl)amino acid, the
4-methylmorpholine (1.1 equiv) was slowly added. After stir-
ring (2 min), isobutyl chloroformate (1.1 equiv) was added. The
reaction was stirred (2 min) and then the amine (1.1 equiv)
was added dropwise. The reaction was stirred at —78 °C (15
min) and allowed to warm to room temperature (1 h). The
reaction mixture was filtered and the filtrate evaporated in
vacuo. The residue was purified by chromatography on SiO,
gel to obtain the desired product. Using this general procedure,
the following compounds were prepared.

Synthesis of N-(Benzyloxycarbonyl)glycine-N-methyl-
amide (25).?° N-(Benzyloxycarbonyl)glycine (5.00 g, 23.90
mmol), 4-methylmorpholine (2.9 mL, 26.29 mmol), isobutyl
chloroformate (3.4 mL, 26.29 mmol), methylamine (2.0 M in
THF, 13.2 mL, 26.40 mmol), and THF (150 mL) gave crude
25. The product was purified by column chromatography (SiOg;
1:19, MeOH:CHCI,) to obtain 5.03 g (95%) of pure 25 as a white
solid: mp 105—106 °C (lit.2° mp 105—107 °C); R 0.31 (1:19,
MeOH:CHCIs3); *H NMR (CDCls) 6 2.76 (d, J = 4.5 Hz, NCH3),
3.81 (d, J = 5.7 Hz, CH,C(0)), 5.10 (s, OCH,), 5.86 (br t, J =
5.7 Hz, NH), 6.48 (br s, NH), 7.27—7.33 (m, PhH); 13C NMR
(CDCls3) 26.0 (NCHg), 44.5 (CH,C(0)), 67.0 (OCH,), 127.9 (C4),
128.1 (2C» or 2Cgz), 128.4 (2C» or 2Cgz), 136.1 (Cy), 156.6
(OC(O)NH), 169.7 (C(O)NH) ppm.

Synthesis of N-(Benzyloxycarbonyl)glycine-N-ethyl-
amide (26). N-(Benzyloxycarbonyl)glycine (5.00 g, 23.90
mmol), 4-methylmorpholine (2.9 mL, 26.29 mmol), isobutyl
chloroformate (3.4 mL, 26.29 mmol), ethylamine (2.0 M in
THF, 13.2 mL, 26.40 mmol), and THF (150 mL) gave crude
26. The product was purified by column chromatography (SiOg;
1:49, MeOH:CHCI; to 1:19, MeOH:CHCIs) to obtain 5.07 g
(90%) of pure 26 as a white solid: mp 99-100 °C; R 0.41
(1:19, MeOH:CHCls); IR (KBr) 3318, 3051, 2971, 1702, 1655,
1545, 1453, 1373, 1252, 1155, 732, 698 cm™*; *H NMR (CDCls)
6 1.01 (t, J = 7.2 Hz, CH,CHa), 3.19—-3.28 (m, CH,CHs), 3.81
(d, 3 = 5.7 Hz, CH,C(0)), 5.09 (s, OCH,), 6.16 (t, J = 5.7 Hz,
NH), 6.76 (br s, NH), 7.28—7.32 (m, PhH); 13C NMR (CDCls)
14.3 (CH,CHj3), 34.1 (CH,CHg), 44.2 (CH,C(0O)), 66.7 (OCHy),
127.7 (Cs), 127.9 (2C» or 2C3), 128.3 (2C» or 2C3), 136.0 (Cy),
156.6 (OC(O)NH), 168.9 (C(O)NH) ppm; MS (+Cl) (rel inten-
sity) 238 (12), 237 (M* + 1, 83), 194 (12), 193 (100); M, (+CI)
237.123 88 [M* + 1] (calcd for C1,H17N,03 237.123 92). Anal.
(C12H16N203) C, H, N.

Synthesis of N-(Benzyloxycarbonyl)glycine-N,N-di-
methylamide (27). N-(Benzyloxycarbonyl)glycine (5.00 g,
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23.90 mmol), 4-methylmorpholine (2.9 mL, 26.29 mmol),
isobutyl chloroformate (3.4 mL, 26.29 mmol), dimethylamine
(2.0 M in THF, 13.2 mL, 26.40 mmol), and THF (150 mL) gave
crude 27. The product was purified by column chromatography
(SiOz; 1:49, MeOH:CHCIs) to obtain 4.24 g (75%) of pure 27
as a pale green solid: mp 57-58 °C; Ry 0.36 (1:19, MeOH:
CHCIs); IR (KBr) 3261, 3052, 2929, 1725, 1643, 1546, 1407,
1248, 1170, 1045, 990, 741, 647 cm~*; *H NMR (CDCls) 6 2.96
(s, CHs), 2.98 (s, CH3g), 4.01 (d, 3 = 4.5 Hz, CH,C(0)), 5.13 (s,
OCHy), 5.93 (br s, NH), 7.30—7.38 (m, PhH); 3C NMR (CDCl5)
35.4 (CH3), 35.6 (CH3), 42.5 (CH2C(0)), 66.6 (OCHy>), 127.8 (C4),
127.9 (2C» or 2C3z), 128.3 (2C» or 2Cgz), 136.4 (Cy), 156.1
(OC(O)NH), 167.7 (C(O)NH) ppm; MS (+ClI) (rel intensity) 238
(10), 237 (M* + 1, 75), 194 (14), 193 (100), 154 (31), 129 (67);
M, (+Cl) 237.123 88 [M* + 1] (calcd for C1,H17N,05 237.123 92).
Anal. (C12H16N203) C, H, N.

Synthesis of N-(Benzyloxycarbonyl)glycine-N,N-di-
ethylamide (5). N-(Benzyloxycarbonyl)glycine (5.00 g, 23.90
mmol), 4-methylmorpholine (2.9 mL, 26.29 mmol), isobutyl
chloroformate (3.4 mL, 26.29 mmol), diethylamine (3.0 mL,
26.29 mmol), and THF (150 mL) gave crude 5. The product
was purified by column chromatography (SiO; 3:2, EtOAc:
hexanes) to obtain 5.68 g (90%) of pure 5 as a translucent
solid: mp 40—41 °C; R 0.31 (3:2, EtOAc:hexanes); IR (KBr)
3268, 3066, 2986, 2940, 1726, 1642, 1550, 1454, 1255, 1167,
1049, 1006, 743, 653 cm™%; *H NMR (CDCl3) 6 1.13 (t, 3 =7.2
Hz, CH,CHs3), 1.19 (t, J = 7.2 Hz, CH,CHa), 3.26 (9, J = 7.2
Hz, CH,CH3), 3.40 (q, J = 7.2 Hz, CH,CH3), 4.02 (d, J = 4.2
Hz, CH,C(0)), 5.13 (s, OCH,), 5.85 (br s, NH), 7.30—7.37 (m,
PhH); 13C NMR (CDCls) 12.7 (CH,CHg), 13.7 (CH2CHj3), 40.2
(CH2CH3), 40.7 (CH,CH3), 42.3 (CH,C(0)), 66.5 (OCH,), 127.7
(Ca), 127.8 (2C» or 2C3), 128.2 (2Cy or 2Cs), 136.4 (Cy), 156.0
(OC(O)NH), 166.7 (C(O)NH) ppm; MS (+ClI) (rel intensity) 266
(17), 265 (M* + 1, 100), 221 (32), 157 (16), 154 (11); M, (+CI)
265.154 61 [M* + 1] (calcd for C14H21N»O3 265.155 22). Anal.
(C14H20N203) C, H, N.

Synthesis of N-(Benzyloxycarbonyl)glycine-N-meth-
oxy-N-methylamide (28).% N,O-Dimethylhydroxylamine was
prepared by stirring N,O-dimethylhydroxylamine hydrochlo-
ride salt (1.57 g, 16.13 mmol), K,CO3 (4.46 g, 32.2 mmol), THF
(30 mL), and H,O (3 mL) at room temperature (3 h). N-
(Benzyloxycarbonyl)glycine (2.81 g, 13.44 mmol), 4-methyl-
morpholine (1.6 mL, 14.78 mmol), isobutyl chloroformate (1.9
mL, 14.78 mmol), the previously prepared N,O-dimethyl-
hydroxylamine solution (33 mL), and THF (70 mL) gave crude
28. The product was purified by column chromatography (SiOz;
3:2, EtOAc:hexanes) and then crystallized from EtOAc (15 mL)
to obtain 2.41 g (71%) of pure 28 as a translucent solid: mp
76—77 °C (lit.3® mp 76—77 °C); R 0.31 (3:2, EtOAc:hexanes);
IR (KBr) 3291, 1725, 1661, 1545, 1469, 1252, 1169, 977, 741
cm~1; *H NMR (CDClg) 6 3.20 (s, NCHj3), 3.71 (s, OCHy), 4.14
(d, 3 = 4.8 Hz, CH,C(0)), 5.12 (s, OCH,), 5.61 (br s, NH), 7.30—
7.38 (m, PhH); 1*C NMR (CDCl5) 32.0 (NCHs3), 41.7 (CH,C(O)),
61.0 (OCHg), 66.4 (OCHy), 127.6 (C4), 127.7 (2Cy or 2Cg), 128.1
(2C, or 2C3), 136.2 (Cy), 156.1 (OC(O)NH), 169.5 (C(O)NH)
ppm; MS (+CI) (rel intensity) 253 (M* + 1, 62), 210 (12), 209
(100), 192 (14), 145 (37), 119 (12); M, (+Cl) 253.119 59 [M* +
1] (calcd for C1oH17N,0O4 253.118 83) Anal. (C12H15N204) C, H,
N.

Synthesis of (R,S)-N-(Benzyloxycarbonyl)alanine-N-
methoxy-N-methylamide ((R,S)-3). N,O-Dimethylhydroxyl-
amine was prepared by stirring N,O-dimethylhydroxylamine
hydrochloride salt (1.57 g, 16.13 mmol), K,CO; (4.46 g, 32.2
mmol), THF (30 mL), and H,O (3 mL) at room temperature (3
h). (R,S)-N-(Benzyloxycarbonyl)alanine (3.00 g, 13.44 mmol),
4-methylmorpholine (1.6 mL, 14.78 mmol), isobutyl chloro-
formate (1.9 mL, 14.78 mmol), the previously prepared N,O-
dimethylhydroxylamine solution (33 mL), and THF (70 mL)
gave crude 3. The product was purified by column chroma-
tography (SiO.; 1:49, MeOH:CHCl3) to obtain 3.16 g (88%) of
pure 3 as an off-white solid: mp 63—64 °C; Rf 0.42 (1:49,
MeOH:CHCIs); IR (KBr) 3267, 1709, 1650, 1532, 1254, 1071,
981, 740 cm™L; IH NMR (CDCls) 6 1.32 (d, J = 6.9 Hz, CH3CH),
3.18 (s, NCHg3), 3.74 (s, OCHs), 4.73 (dq, J = 8.1, 6.9 Hz,
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CH3CH), 5.03—5.13 (m, OCHy), 5.84 (br d, J = 8.1 Hz, NH),
7.28—7.34 (m, PhH); 3C NMR (CDCls) 18.2 (CH3CH), 31.9
(NCH3), 46.9 (CH3CH), 61.3 (OCH3), 66.4 (OCHy), 127.7 (C4),
127.8 (2C» or 2Cgz), 128.2 (2C,» or 2Cgz), 136.3 (Cy), 155.5
(OC(O)NH), 173.0 (C(O)NH) ppm; MS (+ClI) (rel intensity) 268
(14), 267 (M* + 1, 100), 223 (42), 206 (38), 159 (26); M, (+ClI)
267.135 15 [M* + 1] (calcd for C13H19N,04 267.134 48). Anal.
(C13H13N204) C, H, N.

Synthesis of (R,S)-N-(Benzyloxycarbonyl)alanine-N,N-
diethylamide ((R,S)-29). (R,S)-N-(Benzyloxycarbonyl)alanine
(2.80 g, 12.54 mmol), 4-methylmorpholine (1.5 mL, 13.79
mmol), isobutyl chloroformate (1.8 mL, 13.79 mmol), diethyl-
amine (1.4 mL, 13.79 mmol), and THF (100 mL) gave crude
29. The product was purified by column chromatography (SiOg;
1:49, MeOH:CHCI;) to obtain 2.33 g (67%) of pure 29 as a clear
oil: Rf 0.26 (1:49, MeOH:CHCI5); IR (KBr) 3410, 3282 (br),
2978, 1715, 1639, 1528, 1455, 1247, 1061, 745 cm~%; 'H NMR
(CDCls) 6 1.12 (t, J = 7.2 Hz, CH,CHs), 1.24 (t, J = 7.2 Hz,
CH.CHg), 1.33 (d, J = 6.9 Hz, CH3CH), 3.20—3.56 (m, 2
CH,CHs), 4.62 (dg, J = 7.8, 6.9 Hz, CHsCH), 5.05—5.14 (m,
OCHy), 5.78 (br d, J = 7.8 Hz, NH), 7.30—7.36 (m, PhH); 3C
NMR (CDCls3) 12.7 (CH,CH3), 14.3 (CH,CH3), 19.4 (CH3CH),
40.1 (CH,CH3), 41.5 (CH,CH3), 46.6 (CH3CH), 66.4 (OCH,),
127.7 (Cs), 127.8 (2C2 or 2C3), 128.3 (2C, or 2C3), 136.4 (Cy),
155.4 (OC(O)NH), 171.5 (C(O)NH) ppm; MS (+CI) (rel inten-
sity) 280 (18), 279 (M* + 1, 100), 117 (17); M, (+Cl) 279.170 73
['\/lJr + 1] (calcd for C15H23N>03 279.170 87) Anal. (C15H22N203’
0.3H,0) C, H, N.

Synthesis of N-(Ethyl)glycine-N-2,6-dimethylanilide
(18).3° 2-Chloro-N-(2,6-dimethylphenyl)acetamide*® (3.00 g,
15.19 mmol) was added to a THF solution containing EtNH;
(2.0 M in THF, 20 mL, 40 mmol), and then the solution was
stirred at 50 °C (18 h). The solvent was evaporated and the
residue was purified by crystallization (hexanes) to obtain 2.20
g (70%) of pure 18 as a white solid: mp 48—49 °C (lit.>®* mp
49—-50 °C); 'H NMR (CDCls) 6 1.41 (t, J = 7.1 Hz, CH,CHa),
1.68 (br s, NH), 2.13 (s, 2CHg), 2.73 (9, J = 7.1 Hz, CH,CHj),
3.40 (s, CHy), 7.06 (s, 3 PhH), 8.84 (br s, NH); 1*C NMR (CDCl3)
15.3 (CH.CHg), 18.3 (2CHj3), 44.6 (CH,CH; or CH,), 52.4
(CH.CH3 or CHj), 126.8, 128.0, 133.8, 134.9 (Ph), 170.1
(C(O)NH) ppm; MS (+Cl) (rel intensity) 208 (11), 207 (M* +
1, 100); M, (+CI) 207.149 83 [M* + 1] (calcd for C1,H1sN,O
207.149 74). Anal. (C12H1sN20) C, H, N.

Synthesis of N,N-Dimethyl-N'-(3-methylphenyl)urea
(14).4* A THF (10 mL) solution of m-tosyl isocyanate (2.0 mL,
15.52 mmol) and dimethylamine (2.0 M in THF, 7.8 mL, 15.6
mmol) was stirred at room temperature (30 min). The solvent
was evaporated and the solid residue was purified by crystal-
lization (EtOH) to obtain 2.40 g (89%) of pure 14 as a white
crystalline solid: mp 128—129 °C (lit.* mp 129—131 °C); 'H
NMR (CDCl3) 6 2.32 (s, PhCHs3), 3.01 (s, NCH3(CHs3)), 3.02 (s,
NCHS3(CHz)), 6.31 (br s, NH), 6.83—6.86 (m, 1 H, PhH), 7.11—
7.19 (m, 2 H, PhH), 7.26—7.27 (m, 1 H, PhH); *3C NMR (CDCls)
21.4 (PhCHg), 36.4 (N(CHa),), 116.8, 120.5, 123.7, 128.6, 138.6,
139.1 (Ph), 155.7 (C(O)NH_) ppm; MS (+ClI) (rel intensity) 179
(Mt + 1, 100); M, (+Cl) 179.117 94 [M* + 1] (calcd for
C10H15N20 179.118 44) Anal. (C10H14Nzo) C, H, N.

Pharmacology. Procedures identical to those described in
ref 12 were employed in this study.
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