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ABSTRACT: Proteins can be viewed as small-world
networks of amino acid residues connected through
noncovalent interactions. Nuclear magnetic resonance
chemical shift covariance analyses were used to identify
long-range amino acid networks in the o subunit of
tryptophan synthase both for the resting state (in the
absence of substrate and product) and for the working state
(during catalytic turnover). The amino acid networks
observed stretch from the surface of the protein into the
active site and are different between the resting and working
states. Modification of surface residues on the network
alters the structural dynamics of active-site residues over
25 A away and leads to changes in catalytic rates. These
findings demonstrate that amino acid networks, similar to
those studied here, are likely important for coordinating
structural changes necessary for enzyme function and
regulation.

lobular proteins are held together by complex webs of

noncovalent interactions. Long-range allosteric changes
may propagate across these networks of interactions, resulting
in the formation and/or breakage of a series of noncovalent
interactions to induce conformational and/or motional changes
in the protein structure.! Enzymes, in particular, must often
fluctuate into a variety of conformations during their catalytic
cycles.” It is now recognized that allosteric networks may be
intrinsic to all proteins."”> Here, we show by using NMR
chemical shift covariance analyses (CHESCA)* that these
allosteric networks change depending on the functional state of
the enzyme. Intriguingly, active-site residues known to be
involved directly in chemical catalysis change networks
depending if the enzyme is in a ligand-free resting state or if
the enzyme is actively turning over substrate/products. These
results suggest that dynamic amino acid networks play critical
roles in the positioning and/or structural dynamics of
catalytically relevant amino acid residues and may be important
considerations in the rational (re)design of proteins and other
macromolecules.

NMR spectroscopy has proven to be an especially powerful
technique to experimentally delineate amino acid networks in
proteins.”™” The chemical shift, the fundamental parameter of
NMR, is a sensitive reporter of changes to the structural
dynamics of proteins. In one scenario, two conformations
exchange on a time scale relatively fast compared to the time
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evolution of the chemical shift. Under this fast exchange regime,
the observed chemical shifts are weighted linear averages of the
chemical shifts of the two conformations. Ligand binding or
amino acid substitutions may perturb the conformational
equilibrium and result in chemical shift changes both local
and remote from the site(s) of perturbation. Residues with
covarying chemical shift changes across a series of perturbations
are likely involved in the same conformational change and are
projected to be in the same amino acid network.* This concept
forms the basis of the CHESCA approach, which has been
previously used to identify amino acid networks in EPAC,*'
PKA,'"'* and CFTR."®

Here, we have applied the CHESCA approach to delineate
amino acid networks in the @ subunit of tryptophan synthase
(aTS), in isolation from the f§ subunit (ATS). aTS is a (B/a)s
barrel enzyme that catalyzes the cleavage of indole-3-glycerol
phosphate (IGP) to form indole and p-glyceralde-3-phosphate
(G3P), the penultimate step of tryptophan biosynthesis. The
equilibrium of this reaction lies toward IGP (Figure S1). In
aTS, Glu49 on the 52 strand and Asp60 on the f2a2 loop (i.e.,
the loop between the 2 strand and the a2 helix) play direct
roles in chemical catalysis'* (Figure 1a, S1). We chose to study
aTS from Escherichia coli considering that most of the NMR
backbone resonances were previously assigned.'>'® The aTS
from E. coli is 85% identical to the commonly studied
Salmonella typhimurium enzyme (Figure S2).

In our modified CHESCA approach,'® we used Ala-to-Gly
site mutants as our series of perturbations. The Ala-to-Gly
modification replaces a methyl group in the protein with a
hydrogen and potentially changes the conformational space
accessible by the immediate protein backbone. These local
changes may induce longer-range structural dynamic changes
that result in chemical shift changes. All of the Ala-to-Gly site
mutants (ie, AS9G, A67G, A158G, A180G, and A185G; see
Figure la) were previously shown to perturb the conforma-
tional equilibrium between a ligand-free state and a higher
energy conformation resembling that observed when G3P is
bound to the protein.'®

We have previously established conditions that allow us to
make NMR measurements under dynamic chemical equili-
brium conditions (i.e., starting with 10 mM indole and 10 mM
G3P; K, for the reaction is 0.4, favoring formation of IGP”),
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Figure 1. Chemical shift correlations are different between the resting
and working states of aTS. (A) Ribbon structure of aTS (PDB 1K3U)
indicating the location of Glu49 (green) on the f2 strand, Asp60
(blue) on the f2a2 loop, sites for Ala-to-Gly substitutions for
CHESCA (magenta), and other probe sites (red). (B—C) Chemical
shift correlations in the (left) resting and/or (right) working states of
aTS. Correlation plots used a combined 'H, '*N chemical shift
according to Sxpcomp = O + 0.2 Sy, where 8y and Sy are the 'H and
SN chemical shifts, respectively. The Pearson correlation coefficients
(R) are shown.

enabling us to compare amino acid networks delineated by
CHESCA in both a ligand-free resting state and a ligand-bound
working state. It should be kept in mind that the working state is
not necessarily a distinct structural state, since it represents a
sampling of both IGP-bound and indole/G3P-bound states, but
rather a functional state representing an actively turning over
enzyme, as similarly established for cyclophilin A" and
adenylate kinase."

Under the working state conditions, we would expect 80% of
the indole/G3P to be converted to IGP. We previously noted
that AlaS9 gives rise to two resonances with an intensity ratio of
~80:20, likely reflecting the ratio between IGP and indole:G3P
bound states.'® Here, we note a similar behavior for Gly61
(Figure S3). We also note that the Ala-to-Gly substitutions
neither substantially alter this ratio (Figure S3) nor affect
binding affinities for indole and G3P, as reflected by wild-type
(WT) NMR ligand titration behavior and steady-state kinetic
parameters (Figure S3). Thus, any chemical shift changes
induced by the Ala-to-Gly substitutions cannot simply reflect
changes in ligand affinities. Other residues, besides Ala59 and
Gly61, do not give rise to two resonances, suggesting such
behavior in the working state must only be due to very local
changes in the active site.

"H—"N heteronuclear single quantum coherence (HSQC)
spectra were collected for WT aT'S and the five protein variants
under resting and working conditions. To determine correlations
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between chemical shifts of the backbone amides, each two-
dimensional peak was first assigned a single, combined chemical
shift, s(x); = 8y + 0.2 Sy, where &;; and Sy are the 'H and *N
chemical shifts, respectively. Recognizing that the “true”
experimental uncertainty could be larger than that observed
in our data sets, we assigned a constant error (o) to each s(x),
where x denotes a specific backbone amide group and i
represents a specific protein variant. This uncertainty was then
numerically accounted for by randomly generating sets of N
points that followed a Gaussian distribution, centered on s(x);
with a standard deviation of 6. The Pearson correlation
between two backbone amides within a series of protein
variants was then determined (Figure S4) using N times n
number of points, where n is the number of protein variants.
The parameter N was set to 400 and was selected to achieve
correlation coefficients that were reproducible to within two
digits (ie, following repeated calculation with a newly
generated series of N X n points). Because the peaks of the
backbone amides were not always clearly definable in some
variants due to spectral overlap with other amide groups, or
because some data points were eliminated due to “proximity”
effects (i.e., much higher than expected chemical shift changes
due to local perturbations around the mutation site), the
number of available data points in a given correlation
sometimes varied (but was always greater than four).
Correlations between two amino acid residues were therefore
only deemed statistically significant if the correlation met p <
0.05, with the corresponding Pearson coefficient criteria being
dependent on the number of n data points available.

Very strikingly, the residues in @TS showing significant linear
correlations are quite different between the resting and working
states (Figures 1b,c, SS). An agglomerative clustering algorithm
using a single-linkage (i.e., nearest-neighbor) model was used to
organize the chemical shift correlation matrices (Figure SS)
into dendrograms (Figure S6). Since only statistically
significant correlations were used in the construction of the
dendrogram, discrete networks of amino acids are clearly
defined. Our analysis revealed two major clusters of residues in
both the resting (i.e., resting cluster 1 and resting cluster 2) and
working states (i.e., working cluster 1 and working cluster 2;
Figure S6). Many residues are similar between resting cluster 1
and working cluster 1, and likewise between resting cluster 2 and
working cluster 2, although there are some notable exceptions as
discussed below. To better visualize these networks, we plotted
the clusters onto the aTS structure (Figure 2; here we have
used the X-ray crystal structure of S. typhimurium aTS,* since
the E. coli aTS structure® has some disordered loops, Figure
S2). For the resting enzyme, cluster 1 and cluster 2 appear to be
separated across the active site (Figure 2). In contrast, working
cluster 1 includes residues on either side of the active site,
potentially providing communication pathways across the
protein.

One remarkable finding is that Glu49, an amino acid directly
involved in chemical catalysis (Figure S1), is found in resting
cluster 2, but changes to cluster 1 in the working state (Figure 2).
For the working state, a contiguous network of noncovalent
interactions can be envisioned that involves Glu49 in the f2
strand (Figure S7°%). However, structural analysis alone is
unable to explain why Glu49 changes networks between the
resting and working states, considering that the X-ray crystal
structures of ligand-free and IGP-bound (from S. typhimurium)
aTS are nearly identical, especially in those regions identified in
the cluster>>** (Figure S7). As such, these results may reflect
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Figure 2. Amino acid networks are different between the resting and
working states of aTS. Agglomerative clustering is used to identify
“nearest-neighbor” clusters in the resting (left) and working (right)
states. Residues in resting/working cluster 1 and resting/working cluster 2
are plotted as blue/cyan and red/orange spheres onto the aT$
structure (PDB 1K3U). Colors also correspond to the level of
statistical significance that these residues are found in their appropriate
clusters (p < 0.01, blue/red; p < 0.0S, cyan/orange). Dendrograms
associated with these clusters are located in Figure S6.

changes in “dynamically driven allostery”.25 Indeed, we had
previously noted dynamic differences in many of these regions
between the resting and working states."® Moreover, molecular
dynamics (MD) simulations for the S. typhimurium oT$
suggest that correlated motions change substantially between
the ligand-free and IGP-bound states”®?’ (Figure S8). In
particular, Glu49 shows many correlations with residues
identified in working cluster 1 for the IGP-bound state, but
these are all lacking in the ligand-free state. Related to this idea,
it was previously noted, based on X-ray crystal structures, that
Glu49 can occupy different positions, and these results
suggested that the proper positioning of Glu49 helps to
regulate enzyme activity.”* It is also interesting to note that
many of the cluster residues are near the interface where the -
subunit would bind (Figure S9), suggesting that TS may
influence aTS$ catalysis by modulating these amino acid
networks. MD simulations also su%%est that binding of STS
changes correlated motions in aTS.

To gain a better understanding of the networks involving
Glu49, we retasked our clustering algorithm to search for those
residues showing significant linear chemical shift correlations
with Glu49 and then identified those residues that have
significant linear chemical shift correlations with the first set of
residues (Figures S10, S11). To further test these clusters, we
made substitutions at residues in both resting/working cluster 1
(ie, L162G, A167G, A198G) and resting/working cluster 2 (i..,
A71G) and at a residue not assigned to any cluster (ie,
A216G). Remarkably, the A71G substitution induces a larger
chemical shift change to Glu49 in the resting state (Figure 3a),
and the L162G, A167G, and A198G substitutions induce larger
Glu49 chemical shift changes in the working state (ie.,
compared to WT aTS; Figures 3a, S12). These amino acid
substitutions also generally induce larger chemical shift changes
to other residues in their respective clusters than to those
residues outside the cluster (Figure S13). Amino acid
substitutions at these network residues lead to changes to the
catalytic rate (k) of aTS (Figure 3b). The A71G substitution
results in a S-fold decrease in the catalytic rate (Figure 3b). The
L162G, A167G, and A198G substitutions also lead to decreases
in the catalytic rate, with the largest change being an almost 2-
fold decrease in the catalytic rate for the A167G variant (Figure
3b, S12). While modest, these changes are still noteworthy

6820

A 127 3[GIu49 resonances, B 0.14
1275 0.12
0.10
£127.7 ~
g £ 0.08
S1279 5
z y ; 0,06
— WOrKIn: restin,
128.1| Working W resting 004
128.3) A71G 0.02
1285 A198G 0.00
833 828 (ppﬁi)ﬂ 8.09 WT A71G A198G A216G

Figure 3. Testing the association of Glu49 with different clusters. (A)
Comparisons of the backbone amide chemical shifts for Glu49
between WT (black), A71G (red), and A198G (blue) aTS for both
resting (right) and working (left) states, based on 'H—"*N HSQC
spectra collected at 298 K. (B) Comparison of the catalytic rates (k)
for WT, A71G, A198G, and A216G aTS.

considering that these amino acid substitutions are >15 A away
from the active site. In contrast, the non-network amino acid
substitution (i.e., A216G), a similar distance away from the
active site, had no significant effect on the catalytic rate (Figure
3b).

Other methods have been developed to probe amino acid
networks within proteins.””* >* Here we show that these
amino acid networks are not likely to be static, but change
depending on the functional state of the protein. Moreover, the
switching of these allosteric pathways appears to be driven by
changes in conformational dynamics induced by ligand binding.
While the contiguous network of interactions (e.g., Figure S7)
may argue in favor of a “mechanical linkage” model of
allostery,>* an alternative view is that the allosteric changes
represent a redistribution of the underlying protein conforma-
tional ensemble;** both models emphasize the contribution of
protein dynamics to allostery. The amino acid networks
identified here and elsewhere may provide molecular evolution
with a means to select for both an ensemble of conformations
required for function and for efficient transitions between these
various states. Wiring in these dynamic amino acid networks
may be critical for coordinating functionally relevant motions
and structural transitions in engineered enzymes and other
macromolecules.
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