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ABSTRACT: In silico protein—ligand docking methods have
proven to be useful in drug design and have also shown
promise for predicting the substrates of enzymes, an impor-
tant goal given the number of enzymes with uncertain
function. Further testing of this latter approach is critical
because (1) metabolites are on average much more polar
than druglike compounds and (2) binding is necessary but
not sufficient for catalysis. Here, we demonstrate that dock-
ing against the enzymes that participate in the 10 major
steps of the glycolysis pathway in Escherichia coli succeeds
in identifying the substrates among the top 1% of a virtual
metabolite library.

Assigning protein function on the basis of sequence or struc-
ture is remarkably difficult (7, 2). Even if two proteins are highly
homologous to one another and have similar structures, a change
of only a few residues in the active site can change the functional
specificity (1, 2). We and others have taken a computer-aided,
structure-based approach to investigate the in vitro substrate
specificity of enzymes (3—12). In brief, we have used computa-
tional docking methods in conjunction with enzyme structures or
homology models to suggest possible substrates for experimental
testing. This work is predicated on a hypothesis that the speci-
ficity of enzymes for their substrates is achieved, in part, through
binding specificity, to the extent that most small metabolites the
enzyme encounters do not bind in the active site with significant
affinity. Substrate binding is clearly necessary but not sufficient
for a metabolite to be a substrate.

Our experience with applying the computational metabolite
docking approach in both retrospective (3) and prospective
(10—12) tests to the a barrel enzymes in the enolase superfamily
has suggested that this approach is viable and useful in practice.
This experience has paralleled that of other groups who have
focused on other systems, using similar but distinct computa-
tional methods. For example, Shoichet and co-workers have
reported successful retrospective (5) and prospective (6, 7) tests in
the amidohydrolase superfamily, another group of af barrels.
However, overall, there has been far less testing of docking and
scoring methods for enzyme—substrate recognition than there
has been for the binding of druglike molecules to a great many
drug targets. Further testing of this approach is particularly
important because success can be limited not only by the usual
challenges associated with sampling and scoring but also by the
underlying assumption that predicted substrate [or enzymatic
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intermediate (5), in cases where that approach can be applied] bind-
ing can be employed as a useful filter to suggest possible substrates.

Here, we use the glycolysis pathway as a case study for investi-
gating whether computational methods can profitably identify
potential substrates. We judge success by two criteria: (1) the abi-
lity to rank the known substrates among the best scoring meta-
bolites of a large library and (2) the ability to distinguish the
correct substrate for a given enzyme among other metabolites in
the same pathway (and vice versa, i.¢., identify the correct enzyme
for a particular metabolite in the pathway). The latter is a challen-
ging test of the ability to capture specificity, because the various
chemical species in a pathway are of course closely chemically
related. These results thus complement our previous work in
which we evaluated the ability to identify the correct substrate—
enzyme pairs among the enzymes within the functionally diverse
enolase superfamily (3, /0—12). In that case, the substrates were
chemically diverse but the enzymes were very similar, at least at
the backbone level (/3). Here, the substrates are chemically
relatively similar, but the enzymes represent many different
superfamilies. Specifically, the pathway includes four kinases,
two isomerases, a dehydrogenase, an aldolase, a mutase, and an
enolase.

The computational methods have been described in detail
previously (3). Briefly, we used Glide (/4) to dock a library of
~19K metabolites and other biologically active compounds
taken from KEGG (/5) against structures or homology models
of the 10 enzymes listed in Table 1 (see the Supporting Informa-
tion for detailed methods). With the exception of phosphoglucose
isomerase (step II), the lowest-energy ligand binding pose pre-
dicted by Glide closely mimicked that in the crystal structure of
the enzyme or the template structure used for the homology
model (Figure S1 of the Supporting Information). The phos-
phoglucose isomerase structure [Protein Data Bank (PDB) entry
2cxr] was cocrystallized with a linear form of 6-phosphogluconic
acid. Although the metabolite library contained both linear and
cyclic forms, the cyclic form received a better score. Interestingly,
however, phosphoglucose isomerase is believed to catalyze the
ring opening of the cyclic substrate (/6).

Ranks of substrates, expressed as a percentage of the total
metabolite library, are listed in Table 2 for all 10 enzymes in the
glycolysis pathway. Enzymes that participate in each step of the
glycolysis are presented in the rows and the substrates of each
enzyme in the columns, so that the diagonal matrix elements
represent cognate enzyme—substrate pairs. The docking program
identified the cognate substrates within the top 1% for three
enzymes: triosephosphate isomerase (V), phosphoglycerate kinase
(VII), and phosphoglycerate mutase (VIII). Cognate substrates
of five other enzymes were identified in the top 5%, and the
remaining ones were found within the top 13%.
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Table 1: Enzymes and Substrates in the Escherichia coli Glycolysis Pathway Used for Testing Metabolite Docking

step enzyme substrate SeqID“ (%)
I glucokinase glucose 100
11 phosphoglucose isomerase glucose 6-phosphate 64
111 phosphofructokinase p-p-fructose 6-phosphate 100
v fructose bisphosphate aldolase p-p-fructose 1,6-bisphosphate 40
\% triosephosphate isomerase dihydroxyacetone phosphate 45
VI glyceraldehyde 3-phosphate dehydrogenase p-glyceraldehyde 3-phosphate 58
VII phosphoglycerate kinase 1,3-bisphospho-p-glycerate 45
VIII phosphoglycerate mutase 3-phospho-p-glycerate 49
IX enolase 2-phospho-p-glycerate 51
X pyruvate kinase phosphoenolpyruvate 46

“Sequence identity between the E. coli enzyme and the structural template used to create the homology model of the enzyme. A value of 100% indicates
that a crystal structure was used. Further details are provided in Table S1 of the Supporting Information.

Table 2: Ranks (in percent) of Metabolites in the Glycolysis Pathway after
Docking against Each Enzyme Active Site

Table 3: Ranks (in percent) of Metabolites in the Glycolysis Pathway after
MM-GBSA Rescoring

ligands

step 1 II I 1v vV vl viI viII IX X

ligands

step 1 I nr 1Iv vV v vl vl IX X

I 2.3 64" 80 17.8 407 320 487 9.5 39.1 420

e 1II 123 27 85 77 113 64 71 43 52 49
n II 201 16 33 001 53 57 04 68 54 83
z IV 224 36 73 35 172 125 23 02 11 08
y V 217 1.4 30 20 09 06 03 06 13 08
m VI 231 36 109 58 174 125 79 108 93 147
e VII 224 3.6 124 0.06 11.3 73 08 85 88 89
s VI 64 - - = 1.0 03 = 03 05 08

IX 75 =¢ - = 1.0 05 —¢ 3.7 33 42
X 140 62 85 168 2064 104 143 1.7 78 6.7

I 0.06“ @" 13.7 459 212 182 47.7 298 393 415

e II 0.8 09 0.6 001 72 109 359 107 139 234
n I 90 153 01 03 102 80 50 632 61.1 858
z IV 221 09 01 03 12 41 25 02 14 50
y V. 266 23 293 18.0 0.07 0.06 26.1 16.5 11.1 45.6
m VI 134 0.5 0.1 483 09 0.8 B81.7 754 29.6 46.6
e VII 16.6 27 6.7 006 04 04 05 05 36 20
s vir 83 - = = 0.08 0.1 =° 0.03 0.01 0.08

X 14 - - = 04 07 -° 09 02 05

X 214 .1 32 68 57 37 009 23 0.1 10

“Diagonal elements highlighted in bold represent cognate enzyme—
substrate pairs. “Underlined elements represent enzyme products. “Ligands
rejected by the docking program due to poor scoring.

“Diagonal elements highlighted in bold represent cognate enzyme—
substrate pairs. “Underlined elements represent enzyme products. “Ligands
rejected by the docking program due to poor scoring.

In previous work, we have found that applying a postdocking
rescoring procedure can significantly improve the results of meta-
bolite docking (3). Specifically, we use a molecular mechanics
force field in combination with a generalized Born implicit
solvent model (MM-GBSA) to energy minimize the ligand in
the binding site and rank the ligands according to predicted rela-
tive binding affinity.

The results in Table 3 show that the MM-GBSA rescoring
procedure significantly improves the ranks of cognate substrates,
which are all within the top 1%. In six of ten cases, cognate
substrates are ranked within the top 0.3%, i.e., among the top
~50 of the top-scoring ligands. In addition, when the docking
program has already found the cognate substrate in the top 1%
cutoff, performing MM-GBSA rescoring improved the ranking
further.

Because the product of one enzyme is the substrate of the next
enzyme in the pathway, the underlined, immediately off-diagonal
matrix elements represent the ranks of reaction products. In most
cases, the products rank highly, in some cases even slightly
outranking the substrate. There are two dramatic exceptions:
glucokinase (I) and glyceraldehyde 3-phosphate dehydrogenase
(VI). In both cases, we used a structure (or model based on a
structure) cocrystallized with the reactant. We suspect (but cannot
prove) that conformational changes in the binding site would be
necessary for the product to rank highly. In the case of gluco-
kinase (I), the predicted binding pose of the product glucose
6-phosphate places the glucose moiety in a position similar to that

of the substrate, causing the phosphate group to have unfavo-
rable electrostatic repulsion with Glul87. In the case of glycer-
aldehyde 3-phosphate dehydrogenase (VI), the predicted docking
pose of the product is incorrectly “flipped” whereas the substrate
docked correctly. It should be noted that, while the MM-GBSA
scoring function performs well in ranking substrates highly, it is
more sensitive to such atomic level detail than the more empirical
scoring function used in the docking program.

The other off-diagonal matrix elements provide information
about the ability to discriminate the correct substrate for the cor-
rect enzyme within the pathway, a challenging test of the ability
to capture selectivity. Examining each row in Table 3, we note
that for three enzymes [glucokinase (I), phosphofructokinase
(IIT), and enolase (IX)] the cognate substrates rank ahead of all
other glycolysis pathway metabolites. In two other cases, triose-
phosphate isomerase (V) and phosphoglycerate mutase (VIII),
the product of the reaction ranks the highest. In the other cases,
the cognate substrate is slightly outranked by one or more of the
other metabolites in the pathway. The most challenging com-
pounds with respect to specificity are the smaller ones, i.e., those
created after the aldolase, presumably because they can easily fit
into the larger binding sites and in some cases are similar to
portions of the larger substrates. These “failures” in predicting
specificity among these closely related metabolites may represent
limitations of the scoring function, or it may be that some of these
compounds do act as competitive inhibitors of other enzymes in
the pathway.
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Our results indicate that docking combined with molecular
mechanics rescoring methods do in fact succeed in identifying
substrates as top-ranked metabolites and in general succeed in
identifying the correct substrate for the correct enzyme within the
pathway. As in our prior work, using a molecular mechanics-
based scoring function in conjunction with an implicit solvent
model improves the results significantly, relative to using a com-
monly used empirical docking scoring function, which we attri-
bute in part to the highly polar nature of the binding sites. These
results are significant because they indicate both that the com-
putational methods are up to the task and that predicted relative
binding affinities can be sufficient to at least exclude a large
fraction of the metabolome.

It should also be noted that, although it is encouraging that
the cognate ligands rank so highly, there are still quite a few
metabolites that outrank them in most cases. We assume (but
cannot prove) that most of these do not in fact bind strongly.
These presumed false positives are likely due to known limita-
tions of the scoring function, such as treating water as a dielectric
continuum and neglect of ligand and protein entropy losses. As a
practical matter, many of the false positives could be eliminated
as potential substrates on the basis of other criteria, such as
chemical plausibility, given the known reactions catalyzed by the
enzyme superfamily. The binding poses can also be examined
to eliminate false positives, as we have done in a recent study
where we used an apo crystal structure determined by a structural
genomics consortium (/7). Of course, experimental testing will
remain necessary to definitively establish enzymatic function.

These results, as with our prior retrospective study on the
enolase superfamily (3), do not directly assess the ability to use
these methods in practice to assign functions to uncharacterized
enzymes. Here we used crystal structures, or homology models
based on crystal structures, that contain at least critical cofactors
and in some cases also a product or the substrate or intermediate
analogue. Thus, these results represent the best-case scenario and
are primarily a test of the scoring function and underlying
assumptions. Nonetheless, it is noteworthy that eight of the ten
cases we present here are based on docking to homology models,
based on templates with 40—64% sequence identity. Addition-
ally, as we have previously shown in several cases, the methods
used here can still be used productively in “real” applications,
using apo structures and homology models, to help assign
enzyme functions. The primary additional challenge in such
applications is predicting conformational changes due to ligand
binding (/7).
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Detailed information about test set and computational methods
and predicted docking poses. This material is available free of
charge via the Internet at http://pubs.acs.org.
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