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ABSTRACT: BACE-1 is one of the aspartic proteases involved in the cleavage of β amyloid peptide, an initial
step in the formation of amyloid plaques whose toxicity induces neuron death in Alzheimer’s disease patients.
One of the central issues in the search of novel BACE-1 inhibitors is the optimum pH for the binding of
inhibitors to the enzyme. It is known that the enzyme has optimal catalytic activity at acidic pH, while cell
active inhibitors may bind optimally at higher pH. In this work we determine the effect of the pH on the
affinities of a set of inhibitors, with a variety of chemical motifs, for the ectodomain region of BACE-1 by a
surface plasmon resonance (SPR) biosensor based assay. In order to understand the molecular interactions
that underlie the diverse optimum pH for the binding of the various inhibitors as observed experimentally, we
have calculated the titration curves for a set of BACE-1 ligand complexes. The results indicate that the pKa

values of the titratable residues of the protein depend on the nature of the ligand involved, in disagreement
with previous work. The enzyme-inhibitor structures with the resulting protonation states at pH values 4.5
and 7.4 served as the starting point for the prediction of the pH-dependent binding ranking. Our calculations
reproduced the entire affinity ranking observed upon pH increase and most of the binding trends among
inhibitors, especially at low pH. Finally, our cell-based assays indicate a possible correlation between high
inhibitor affinity at both acidic and neutral pH values, with optimal cell response, a result that may open new
venues for the search of potent BACE-1 inhibitors that are active at the cellular level.

Alzheimer’s disease (AD)1 is a widespread, neurodegenerative,
dementia-inducing disorder which typically begins in middle to
late adult life (1). It is characterized by synaptic loss and neuronal
death in the cerebral cortex and the hippocampus. The major
observed lesions are amyloid plaques, which are formed by the
amyloid peptide (Aβ) fibril aggregates (1, 2). The Aβ peptide,
which contains 40-42 amino acids, is the product of a hydrolytic
cleavage of the amyloid precursor protein (APP, a type I trans-
membrane glycoprotein), a process that is catalyzed by a tandem
of two proteases identified as β- and γ-secretases (2-7). It has
been demonstrated that the former enzyme (also referred to as

BACE-1 andmemapsin 2) participates in the rate-limiting step of
the hydrolytic process that leads to theAPP fragments, a fact that
has converted β-secretase into a major target for drugs against
Alzheimer’s disease (3-7). As a result, many pharmaceutical
companies and academic institutions became involved in drug
discovery efforts targeting this enzyme (2, 8).

The main aim of these efforts is the discovery of small mole-
cular weight compounds that can trespass the blood brain barrier.
Many first generation peptidomimetic inhibitors with low nano-
molar affinities in enzyme-based assays are not active in cell-based
assays because of the limited penetration across cell membranes
(9). Higher bioavailability may be precluded (in part) by the
large number of polar groups present in peptidic inhibitors. In
principle, the automated screening of compounds belonging to
chemical libraries or resulting from combinatorial chemistry
could provide nonpeptidic inhibitors with the right balance
of polar and nonpolar groups. Nevertheless, the earliest high-
throughput screening (HTS) of putative β-secretase inhibitors
did not prove to be very successful. For instance, Coburn et al.
reported that a single molecule (a 1,3,5-trisubstituted benzene)
emerged as a hit from a HTS of a multimillion compound
library (10). Other approaches to inhibitor design have relied on
small fragment-based screening (FBS) by X-ray and NMR
techniques (11). These protocols have led to the discovery of
chemically diverse nonpeptidic inhibitors that in some cases
have a novel binding mode that displays a more open active site
of the enzyme (12).
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There are several issues related to the computer-aided design of
novel ligands that could enhance the success of HTS and FBS
protocols but that have not been fully addressed yet. One of the
most vital ones is the protonation state of the many buried acidic
residues found in this protein, including the active site Asp dyad,
which lends to this enzyme an optimal catalytic activity at low
pH (3). Most of the inhibitors developed at the earliest stages
were transition state analogues with various degrees of peptidic
nature and probably have their highest affinity at the pH value
optimal (4.5) for activity (2, 13). But many subsequent inhibitor
design cycles, like the one based on small fragment search by
X-ray crystallography, have generated compounds that anchor
themselves to the Asp dyad by amine groups (12), and it is not
clear what their effect on the protonation state of buried acidic
residues like the ones that belong to the Asp dyad will be. There
have been many attempts to search for putative inhibitors by an
in silico HTS screening, but they have always relied on a single
BACE-1 Asp dyad protonation state, in spite of the large
chemical diversity found in the chemical libraries used in HTS.
Nevertheless, some authors claim that a given Asp dyad proton-
ation state results in an enrichment of high-affinity molecules in
the final set, when used instead of alternative protonation
states (14, 15).

There have been many attempts to predict the charged state of
the active site Asp dyad by computational methods that include
molecularmechanics (16), quantummechanical calculations (17),
or a combination of both protocols (18). The calculations were
performed on a single complex formed by BACE-1 bound to
inhibitor OM99-2. The results of those calculations support the
hypothesis that themost favoredAsp dyad charge state is the one
that has only one of the Asp residues protonated. There has been
only one attempt to calculate the pH dependence on the active
site protonation state (15).

BACE-1 inhibitors bind to this enzyme in cellular compart-
ments that probably display a neutral pH. Nevertheless, BACE-1
is most active at an acidic pH (4.5-5.5). To bridge this dis-
connect, we have studied the binding affinity of a set of chemi-
cally diverse inhibitors by surface plasmon resonance (SPR)
biosensor technology at the pH of optimal activity for BACE
(i.e., 4.5) and at a pH close to a neutral value that has been used
in the X-ray studies of many BACE-1/inhibitor complexes
(i.e., 7.4).

In order to understand the SPR biosensor observed pH
dependence on ligand binding, we have calculated the titration
curves for the enzyme-inhibitor complexes studied experimen-
tally by an approximate solution of the Poisson-Boltzmann
equation that employs a generalized Born approximation (19).
These simulations afforded the protonation states of all titratable
residues at both (4.5 and 7.4) pH values and allowed us to
calculate the pH dependence of the binding affinities for those
complexes. The calculated binding ranking pH dependence
reproduces quite well the observed experimental trends for single
inhibitors. Moreover, the underlying predicted protonation
states indicate that the actual catalytic Asp dyad protonation
state will depend strongly on the chemical structure of the
inhibitor, in contrast to the consensus that has been arrived at
in the literature. Our calculations explain the seemingly incon-
gruous binding affinity pH dependence, providing a clear ratio-
nale based on the protonation states of the acidic residues
(especially the Asp dyad), elicited by the chemically diverse
inhibitors studied here.

Finally, our cell-based assays indicate that those inhibitors that
display a high binding affinity at both acidic and neutral pH
values present the best biological activity at the cell level, a result
that opens new venues for the search of potentBACE-1 inhibitors
that are effective at the cellular level.

MATERIALS AND METHODS

(1) SPR Biosensor Interaction Analysis and Cellular
Activity Studies. (a) Inhibitors. The chemical structures of
the inhibitors as well as the PDB codes of the complexes studied
here are shown in Table 1. Inhibitors I-2 (20), I-3 (21), I-4 (22),
I-5 (23), and I-6 (24) were synthesized according to published
procedures, while compound I-1 (OM99-2) was obtained from
Sigma-Aldrich, St. Louis, MO.

(b) Protein. The ectodomain of BACE-1 (amino acids 42-
446) was expressed in Escherichia coli and purified to homo-
geneity according to previously published procedures (25).

(c) Preparation of Biosensor Surfaces. All interaction
studies were performed at 25 �Cwith a Biacore 2000 or a Biacore
S51 instrument (GE Healthcare, Uppsala, Sweden). The inter-
action was measured in resonance units (RU) as a function of
time, and presented graphically as sensorgrams, with data from a
series of inhibitor concentrations overlaid for each experiment.
Prior to immobilization of BACE-1, the buffer of the purified
enzyme was changed to 10 mM sodium acetate, pH 4.5, and the
concentration adjusted to 0.1 mg/mL. The protein was immobi-
lized to CM5 sensor chips by amine coupling according to
standard procedures (GE Healthcare, Uppsala, Sweden). The
running buffer during immobilizationwas 0.01MHepes, pH 7.4,
and 0.15 M NaCl. A reference flow cell was prepared by acti-
vation and deactivation of the sensor surface.

(d) Inhibitor Interaction Studies. The interaction studies
for all inhibitors were performed at a flow rate of 30 μL/min and
in a running buffer composed of 10 mM Hepes, pH 7.4, 0.15 M
NaCl, and 3%DMSO or 10 mM sodium acetate, pH 4.5, 0.15M
NaCl, and 3% DMSO. The inhibitors were diluted in running
buffer and injected in two independent concentration series for
180 s. The dissociation was recorded until the inhibitor had
cleared the surface, but at least for 600 s. A blank, consisting of
running buffer, was injected before and after each concentration
series.

BIAevalution 4.1 software (GE Healthcare Biosciences, Up-
psala, Sweden) was used to analyze the data. The reference and
an average of the blanks were subtracted from the data before
determining the kinetic parameters using global nonlinear regres-
sion analysis and a 1:1 bindingmodel withmass transfer. In order
to compensate for bulk changes between the association and
dissociation phase, an additional term for correction was in-
cluded in the analysis model. The sensorgrams were normalized
to the immobilized protein amount and the molecular weight of
the compound.

(e) Cellular Enzyme Activity Assay. HEK293 cells stably
expressing Swedish mutant APP (26) were cultured in DMEM
supplemented with 10%FCS, PEST (50 units of penicillin/50 μg/
mL streptomycin), and 200 μg/mL hygromycin at 37 �C and 5%
CO2. Cells of 2�104 per well were seeded into 96-well plates and
left overnight to settle. Cells were washed with fresh media, and
inhibitor was added at various concentrations inDMEMmedium
supplemented with FCS (10%) and hygromycin (200 μg/mL).
The maximal DMSO concentration was kept below 1%. After
24 h, the cell culture media was harvested, and the amount of Aβ
peptide was determined by Aβ x-40 ELISA (The Genetics Co.,
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Schlieren, Switzerland) according to instructions supplied by
the manufacturer. The IC50 values were calculated from
concentration-response curves using the Hill equation and
GraphPad Prism software (San Diego, CA).
(2) Simulation Protocols for pKa and Binding Affinity

Prediction. (a) Structure Preparation. The structures stu-
died in this work (see Table 1) were downloaded from the Protein
Data Bank, and hydrogens were added using the Discovery
Studio (DS) suite of programs (27). We excluded compound I-6
from our simulation studies, since its slow dissociation rate as
measured by SPR experiments only afforded a upper limit for
its KD value (KD < 10 nM). Some of the structures have a
segment missing between residues 158 and 169 (2B8L, 2IRZ) or
between residues 157 and 167 (2VNN). The missing loop was

modeled in these complexes based on the template provided by
the crystallographic structure of 1FKN. Inspection of the in-
complete structures indicated that the segments before the
missing loop were frayed, making the insertion of the loop
difficult. To avoid this problem, we adjusted the torsional angles
of the unraveled residues to their values observed in the 1FKN
complex. Once this was achieved, the loop was put into place by
attaching its N- and C-terminals to the protein. To optimize this
segment of the structure, we performed an energy minimization
(EM) on a protein segment that included the inserted strain and
five residues to either side of the above-mentioned fragment. For
this sake we used a steepest descent protocol with a 0.1 kcal/(mol
Å2) gradient tolerance, using a CHARMM force field (28)
available in the Discovery Studio suite of programs (27). Since

Table 1: Chemical Structures of the BACE-1 Inhibitors Studied

aThe BACE-1-inhibitor complex for I-5 was generated by homology with the 2VNN complex.
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the coordinates of the complex BACE-1/I-5 have not been
published, we have generated them from the 2VNN complex
by replacing the m-(trifluoromethyl)benzyl moiety in this com-
plex (23) by a cyclopropane fragment, using as a template the
conformation of inhibitor I-3, which also has the same fragment
at its C-terminal end.

(b) pKa and Binding Affinity Prediction. The pKa values
for all titrable residues at a range of pH values (2-12) were
calculated by the protocol proposed by Spassov and Yan (19),
implemented in Discovery Studio and named Calculation of
Protein Ionization and Residue pKa. This protocol, which
employs a generalized Born approximation to reproduce
solvent effects, allows for the iterative determination of the
pKa of interacting residues. The internal and external dielectric
constants used in these calculations were 10 and 80, the ionic
strength was 0.145, and the energy cutoff for clustering was
0.5 kcal/mol. The charges used in these calculations were
obtained from the CHARMM force field (28). The protocol
used here for the prediction of the pKa value of ionizable
residues (see Spassov and Yan (19)) applies to all residues of
the protein and to the amino acids that form part of the
inhibitor. Hence, this algorithm was able to predict the pKa

values (and hence the protonation fraction at a given pH) for
the acidic amino acids in inhibitors I-1 and I-2 and the
ionizable groups at their N- and C-terminal ends. The amino
groups of inhibitors I-3 to I-5may have a pKa value as high as
10 or 11, and hence we have left them charged.

These calculations produce titration curves that depict the
degree of protonation of each ionogenic residue at every pH
value. The DS module also generates the preponderant pro-
tonation state at a given pH value, placing a proton on all
residues that have a protonation fraction above 0.5. In some
BACE-1-inhibitor complexes it was found that some residues
(i.e., Asp228) have a protonation fraction just below 0.5. In
this case, the alternative protonation state (i.e., protonated
Asp228) was also generated and used for affinity calculations
(see below).

For our binding affinity calculations we chose the protonation
states predicted as the prevalent ones at pH 4.5 and 7.4 on the
basis of the calculated protonation fraction for each residue by
the pKa predictor DS module. The resulting structures were sub-
jected to a multistep molecular mechanics optimization protocol.
The first part incorporated two energy minimization protocols
devoted to optimize the proton position and the hydrogen
bond ligand-protein network observed in the crystallographic
structure. In the first EM we fixed all heavy atoms, while in
the second we placed NOE constraints on the heavy atoms
that participate as donors and acceptors in hydrogen bonds
between the ligand and the protein. Each of the EM had two
segments: the first one was an EM steepest descent segment of
2000 steps, and the second one was a stage of 50000 steps with
an ABNR optimization protocol. The tolerance gradient in all
of these calculations was 0.001 kcal/(mol Å2). The resulting
structure was subjected to a NVT molecular dynamics (MD)
protocol close to 0.5 ns in length, consisting of 6 ps of heating,
60 ps of equilibration, and 400 ps of production at 300 K. For
all of the EM and MD calculations we used an implicit
solvation term based on the generalized Born approach with
simple switching (GBSW) (29). In the MD production stage
molecular conformations were collected every 2 ps for sub-
sequent ligand-protein analysis by a scoring function built
upon the difference in energy between the enzyme-inhibitor

complex and its components and averaged over a set of MD
generated conformations. Hence the binding affinity scoring
function can be written as

ÆΔGbindæ ¼ ÆΔGmmðP : LÞ-ΔGmmðPÞ-ΔGmmðLÞ
þΔGgbðP : LÞ-ΔGgbðPÞ-ΔGgbðLÞæ ð1Þ

where ΔGmm and ΔGgb indicate the molecular mechanics
CHARMM force field (28) and the GBSW solvation (29)
components, respectively, for the protein-ligand complex
(P:L), protein (P), and ligand (L).

All of the EM,MD, and analysis calculations were performed
with the CHARMMsuite of programs (30) in the 2400 processor
Finisterrae supercomputer facility available at the Supercomput-
ing center of Galicia (CESGA).

RESULTS AND DISCUSSION

(1) Interaction Analysis. The interaction of the BACE-1
inhibitors selected for this study (Table 1) with BACE-1 was
analyzed at pH 4.5 and 7.4 (Figure 1). There were significant
differences in the interactions for the different compounds and
the two conditions. Compounds I-3 to I-5 interacted reversibly
with the enzyme at both pHvalues (Figure 1). The affinities could
be estimated (Table 2) by globally fitting a 1:1 interaction model
with mass transfer limitation to the complete association and
dissociation phase data. Due to the slow dissociation rates, the
kinetics or affinities could not be determined for I-1 and I-2 at pH
4.5 and for I-6 at both pH values. KD values were defined to be
below 10 nM for the sake of the quantitative analysis. The slow
dissociation should be borne in mind when interpreting enzyme
inhibition data for these compounds as steady-state inhibition
experiments assume that the interaction is reversible, which
clearly may not be the case.
(2) Titration Behavior of Ionogenic Residues. (a) Active

Site Asp Dyad Protonation State. Figure 2 shows the
calculated titration curves for the Asp dyad residues for the
complexes studied here. It depicts the protonation fraction (X),
the amount of each of the Asp dyad side chain residues that is
protonated, as a function of the pH value. The most common
feature in this figure is that the residue Asp32 stays protonated at
a larger range of pH values than its Asp dyad partner, Asp228.
Nevertheless, the chemical structure of the inhibitor seems to
have a very strong influence on the actual shape of the titration
curves and specifically on the protonation fraction at the pH
values we are most interested in (i.e., 4.5 and 7.4). For instance,
when BACE-1 is bound to peptidic inhibitors with a hydro-
xyethylene (HE) group in their isostere (1FKN, 1M4H) (13, 20),
bothAsp dyad partners remain protonated until or beyond pH 6,
due to their large pKa shift from their solution value (around 3.9),
leading to a doubly protonated state at pH 4.5 and mainly a
monoprotonated state at pH 7.4 for the Asp dyad. On the other
hand, our calculations predict that the presence of an amino
group that interacts with one or both members of the Asp dyad
(2B8L (21), 2VNN analogue (23), or 2IRZ (22)) reduces their pKa

to values closer to the ones in solution (especially for the case of
Asp228). The difference between theHE-based inhibitors and the
latter type of ligands may reside in the fact that the ammonium
grouphas a high pKa value (ca. 10) andwill remain charged inside
the protein, providing a polar environment that helps to lower the
Asp residue pKa values. For this reason, the inhibitors containing
hydroxylethylamine (HEA) or those containing an amino group
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promote a monoprotonated dyad at a low pH value. At a higher
pH value (7.4) this effect leads to an Asp dyad monoprotonated
state (2B8L, 2VNN analogue) or to a fully doubly charged Asp
dyad as in the case of the complex 2IRZ.

Our calculations are at variance with the consensus that was
built by inference from experiments on other aspartic proteases
(HIV-1 PR (31, 32), endothiapepsin (33), etc.) and from the
calculations performed on the BACE/OM99-2 complex (16-18).
The computer-assisted studies of the dyad protonation state
reached a consensus that the Asp dyad is monoprotonated, but
they disagree on which Asp residue the proton resides (2). The
earliest attempt to assign a charge to the catalytic dyadwas based
on molecular dynamics (MD) simulations of the X-ray structure
of the β-secretase complexed with OM99-2 in solution (16). The
starting points for the MD simulations assumed a charge of -1
for the Asp dyad but differed on the charge assignment, with

either theAsp32 or theAsp228 ionized. Their results indicate that
a neutral Asp32 and ionized Asp228 combination is the only
option that maintains the intricate network of hydrogen bonds
around the Asp dyad observed in the X-ray structure (16). This
outcome is in agreementwith our results for the 1FKN complex at
high pH value, the one used for the determining its structure by
X-ray crystallography. Nevertheless, as pointed out above, our
calculations suggest that the dyad is totally neutralized at the pH
at which the enzyme presents its highest activity (pH 4.5). Other
calculations carried out on the 1FKN complex, like the linear
scaling quantum approach, supported a monoprotonated state
Asp dyadwith a neutralizedAsp228 and a chargedAsp32 (17), in
contrast to the conclusions based on the titration curves pre-
sented here.

(b) Total Formal Charge as a Function of pH. Most
previous calculations aimed at studying the active site proton-
ation state of BACE-1 have not taken into account the effect of
the pH (16-18). Furthermore, the aim of the only pH-related
study was to elucidate the Asp dyad protonation state and to
apply it to an in silico screening of a large number of compounds
with high chemical diversity (15). As far as we can judge, no effort
has been made to study the protonation state of other ionizable
residues. For most proteins that would not be a problem since
most of the charged residues will be accessible to solvent and
hence would remain charged for all pH values of interest. The
aspartic protease family (to whom BACE-1 belongs) represents
an exception in this regard, since they have a substantial number
of titrable acidic residues that are partially or totally buried inside
the protein. For this reason their pKa values could be substan-
tially larger than those ofmodel compounds in solution, an effect
that would depend on the polarity of the microenvironment
where they are buried. Figure 3 graphically shows the BACE-1
charged states of the titrable residues. Perusal of this figure
indicates that a number of acidic residues get ionized as the pH
value increases. We have partly quantified this effect in Table 3,
which lists the calculated pKa values of the BACE-1 buried acidic
residues. The results shown in this table indicate that the biggest
shift in pKa with respect to their values in solution is experienced
by the residues of the active site Asp dyad. Interestingly enough,
some of the buried acidic amino acids that experience a rise in
their pKa values are Glu residues, while some of the Asp residues
reduce their pKa value. Scrutiny of the 1FKN structure indicates
that some of the buried amino acids manage to keep low pKa

values (shown in Table 3) because they reside in a buried polar
microenvironment, where sometimes they can form ion pairs
with basic residues. Many of the residues listed in Table 3 have a
pKa value between 4.5 and 7.4 and hence will undergo a change in
protonation state upon a pH increase, a result that will translate
into changes in the catalytic efficiency as well as ligand affinity,
the issue that will be discussed below.
(3)Evaluating BindingAffinities at Different pHValues.

The starting point for the evaluation of the effect of the pH on
ligand binding affinities was the structure of the BACE-1-ligand
complexes in which the ionogenic residues are in their prevalent
protonation states (as predicted by their calculated degree of
protonation). In some systems the degree of protonation of the
acidic residues, such as Asp228 (a member of the Asp dyad), is
only slightly lower than 0.5, as in the case of the 2B8L complex.
Hence, our calculations predict nonnegligible populations in the
neutral charge state for residues such as Asp228. In order to
estimate the effect of the “minority” Asp dyad protonation state,
we evaluated the ranking by using our scoring function (see eq 1

FIGURE 1: Interaction data for inhibitors I-1 to I-6 with BACE-1.
The sensorgrams were normalized to the theoretical maximum
signal estimated from the mass of the inhibitor and the amount of
immobilized protein. A 1:1 binding model with mass transfer was
fitted to the complete association and dissociation data, shown as
solid lines, and the corresponding KD values are given. For interac-
tions where the affinities could not be estimated, an upper limit is
given.
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in Materials and Methods section) with the alternative Asp228
protonation state as well. The final inhibitor affinity prediction
was obtained by weighting the calculated scoring function of the
BACE-1-ligand complexes in both protonation states by each of
the protonation fractions calculated at the relevant pH value.
Table 2 displays the dissociation constants (KD) obtained by SPR
biosensor experiments, together with the results of the affinity
scoring at both pH values calculated from eq 1. The energy values
in this table were the result of an average over the 100 confor-
mations with the lowest scoring function values. Including all

conformations from the MD production trajectory did not
change any of the binding trends calculated as indicated before
(results not shown). Values in parentheses refer to the weighted
scoring function, when the fraction of the protonated state for
this residue is very close to 0.5.

Table 2 enables us to compare the calculated binding ranking
of the inhibitors with the experimental one. As seen from this
table, our scoring function reproduces the ranking of binding
for every inhibitor upon a pH increase. For instance, our calcula-
tions show that the ligands that contain an isostere with a

Table 2: Cell Assay Data and pH Effect on Experimental and Calculated Affinity Values

KD (nM)c scoring function (kcal/mol)d

PDB code inhibitor cellular IC50 (nM)b pH 4.5 pH 7.4 pH 4.5 pH 7.4

1FKN OM99-2 (I-1) 940 <10 617( 2.8 -65.0( 3.4 -57.2( 3.1

(-55.0( 3.3)

1M4H OM00-3 (I-2) <10 171( 19 -71.4( 2.8 -53.0( 3.4

(-53.1( 3.3)

2B8L I-3 22 93( 17 16( 3 -59.8( 3.3 -61.0( 3.0

(-58.4( 3.3)

2IRZ I-4 86 105( 34 42( 20 -45.8( 3.8 -53.2 ( 2.4

2VNNa I-5 3 4( 0.3 5( 0.8 -45.2 ( 3.6 -45.5( 3.9

2VKM I-6 0.1 <10 <10

a2VNN analogue. bInhibition ofAβproduction inHEK293 cells stably transfectedwith SwedishmutantAPP. cThe standard deviations are based on at least two
independent experiments. dValues in parentheses were calculated by weighting the affinities with their protonation fraction states when those values are close to 0.5.

FIGURE 2: Titration curves for the active site Asp dyad in BACE-1. The titration curves show the fraction protonated (X) as a function of pH for
Asp32 (black squares) and Asp228 (white triangles) in the BACE-1-inhibitor complexes studied in this work.
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hydroethylene motif are predicted to have their highest affinity
for the protein at the pH value at which the enzyme has the

highest catalytic activity (4.5), in agreement with the observed
affinities. This trend stands to reason since the isosteres in
these inhibitors (OM99-2 and OM00-3) are transition state
analogues and their ligand binding affinity ranking upon pH
change should mimic that of the pH dependence of substrate
binding (34). When the anchoring motif to the Asp dyad is an
amino group, this trend inverts, and the highest affinity is
observed at pH 7.4, also in agreement with experiment. The
rationale behind this behavior could be possibly found in the
charged nature of the amino group. As pointed out above (see
section 2a), this group has a pKa value around 10 in solution
and would likely remain protonated inside the protein and
induce the ionization of the Asp dyad, resulting in the
formation of a salt bridge between both charged groups and
hence raising the affinity of the ligand for the protein at this pH
value. The KD values obtained from SPR biosensor experi-
ments indicate that those inhibitors with a mixed isostere’s
anchoring motif (i.e., those with a hydroxylethylamine motif)
have a mixed behavior regarding the optimal pH for inhibitor
binding to the protein, a trend that is predicted by our scoring
function calculations as well. As can be seen from Table 2
compound I-5 shows almost equalKD at both pH values, while
compound I-3 has a higher affinity for the enzyme at higher
pH. In the case of the 2B8L complex, the resulting binding
affinity pH dependence could be traced back at least in part to
the Asp dyad possible multiple protonation state. While the
Asp32 has a predicted pKa value of 8.4 and hence will remain
protonated at both pH values, the other member of the Asp
dyad (Asp228) has a pKa value only slightly lower than 4.5 (see
Table 3), which will result in an almost equal population of
charged and uncharged species at the lower pH. In this case we
have performed a weighted binding affinity prediction as
described in our Materials and Methods section. As seen from
Table 2, the results agree slightly better with the KD trend,
when we average the binding affinities for the enzyme in both
Asp228 protonation states, using as weights the fraction of
protonation state of the Asp228 in both protonated states.

Furthermore, the affinity rankings for all of these inhibitors
(with the exception of I-5) are well reproduced at low pH by our
scoring function, in spite of its simplicity and absence of any
adjustable parameters. For instance, our scoring function predicts
that the transition state analogue inhibitors (e.g., OM99-2 and
OM00-3) are more potent than the HEA or amino-containing
inhibitors at low pH, in agreement with the experimental KD

values. Although the slow dissociation of compounds I-1 and I-2
prevented the affinities to be estimated by the biosensor-based
interaction experiments, FRET-based inhibition assays using the
ectodomain region of BACE-1 indicate that the latter inhibitor
is more potent than the former (data not shown), in agreement
with our scoring function predictions (20). Our scoring func-
tion does not reproduce the experimental affinity trends as
well amongst inhibitors at the higher pH values or across pH
values.
(4) Correlation between Binding Affinities at Acidic and

Neutral pH with Cell Activity. Since aspartic proteases
generally present their highest activity at acidic pH values, it is
believed that they act in cell compartments where the pH is low.
Nevertheless, BACE-1 is found at the cell surface where pH is
neutral. Furthermore, it was found recently that some BACE-1
inhibitors based on aminoheterocyclic fragments have a cell
readout activity in the low micromolar range and an enzyme
affinity in the same range at pH close to neutral (6.5) (35). As seen

Table 3: pKa Values for Buried Residues

PDB code

residuea 1FKN 1M4H 2B8L 2IRZ 2VNNb

Asp 32 10.46 10.35 8.35 6.88 8.67

Asp 83 4.49 4.74 4.79 4.87 4.83

Asp 138 2.98 3.11 3.23 3.38 3.41

Asp 228 7.26 7.68 4.47 4.01 4.11

Asp 311 3.04 3.53 3.88 3.59 3.62

Asp 346 4.46 4.46 4.55 4.59 4.49

Asp 363 3.34 3.25 3.08 3.06 3.24

Glu 116 5.66 6.07 5.95 6.09 5.80

Glu 200 5.95 5.63 5.50 5.52 5.43

Glu 207 4.79 4.67 5.02 5.02 4.60

Glu 219 4.40 4.38 4.06 4.61 4.57

Glu 339 6.72 6.73 6.10 6.26 6.44

aThe pKa values for Asp and Glu residues in solution are 3.9 and 4.2,
respectively. b2VNN analogue.

FIGURE 3: Charged residues as a function of pH value calculated for
the 1FKN complex. The upper panel corresponds to pH 4.5 and the
lower panel to pH 7.4. Acidic residues are depicted as red and basic
residues as blue spheres. The inhibitor is drawn in yellow sticks. The
complex is represented by its water-accessible surface (shown in
gray).
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fromTable 2, the cell assays performed in our laboratory indicate
that those inhibitors that have a high enzyme affinity at both high
and low pH values (i.e., those inhibitors with aHEAmoiety) also
show high activity at the cellular level. A possible explanation for
these results is that although BACE-1 is catalytically active once
transported to endosomal vesicles where the pH is acidic, only
compounds that also interact with the enzyme at neutral pH will
be cotransported with the enzyme into this compartment. Hence,
compounds that bindBACE-1well at acidic as well as neutral pH
values could in principle be good candidates for optimal perfor-
mance at the cellular level, a design avenue for cell active
compounds which we are going to explore for a larger number
of compounds. The results presented here indicate that our
computer-assisted protocols for the evaluation of the pH depen-
dence could be ideally suited to assist in the design of cell active
analogues.

In conclusion, we have studied the effect of pH on the binding
affinities of a group of BACE inhibitors with a variety of che-
mical motifs by SPR. The seemingly incongruous experimental
pH effect on the binding affinities was explained with the help of
molecular mechanics-based calculations. The synergy between
both approaches provides a number of interesting insights into
the molecular recognition processes at a molecular level that
underlie the observed binding affinities at different pH values.
To the best of our knowledge the important issue of the depen-
dence of ligand affinity on the ionization states of the protein
residues and the ligand has only been sparingly addressed in the
literature (36).

Our calculations reproduce the entire observed affinity rank-
ing upon pH increase and most of the binding trends among
inhibitors at low pH values. The agreement between the observed
and calculated binding ranking lends support for the pKa assign-
ments afforded by the simple protocol used here, indicating
that pKa calculations by an approximation to the Poisson-
Boltzmann approach have come a long way (19) and their
outcome may rival that of more sophisticated protocols.

The binding pH dependence could be traced back to the pro-
tonation state of the titratable residues in the pH range studied.
The results indicate that the pKa values of the protein titratable
residues, especially those that are close to the inhibitor, depend
strongly on the nature of the ligand involved, in disagreement
with earlier work (14, 15). Perusal of the predicted Asp dyad pro-
tonation states underscores the pKa dependence on the inhibitor’s
chemical nature. Our calculations indicate that inhibitors with
theHE isosteremotif (i.e.,OM99-2 andOM00-3) induce a dipro-
tonated state at low pH (4.5), while the probability of a mono-
protonated Asp dyad increases at higher pH (i.e., 7.4). Other
isosteres, which include an amino group as its binding motif to
the Asp dyad, lower the Asp dyad pKa values (see Figure 2 and
Table 3), generatingmonoprotonated and fully ionized Asp dyad
states at both pH values. In a few cases, the Asp dyad can be
populated by two alternative protonation states that could be
taken into account in order to get a result that is more in line with
the observed binding affinities.

Our results suggest that it might not be advisible to perform an
in silico HTS search of fragments or BACE-1 putative ligands
with one single protonation state across the board, as done
previously by several research groups (14, 15). More likely, the
ligands would have to be classified in accordance with the
protonation state they can elicit from the Asp dyad, and then
the HTS screening could proceed with several enzyme targets
differing in their protonation states.

As pointed out above, the pH values of the medium surround-
ing BACE-1 vary with the cell compartments where the enzyme
is located. Nevertheless, we have shown in this work that the
inhibitor activity at cell level may be related to high inhibi-
tory potency at both acidic and neutral pH values. Computer-
aided design based on the protocols introduced in this work
could be very valuable in the search of inhibitors that exhibit this
trait.
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