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Fig. 4. Distinct responses to effector binding in WT and interface mutants. Effector binding alters the dynamics and structural ensembles of IGPS in variant-specific ways.
(a) Residue-resolved estimate of exchange broadening extracted from methyl CPMG relaxation–dispersion profiles. For each probe, the exchange-sensitive amplitude was
computed as � R ex = ( hR2 i low � hR 2 i high )e�ector � (hR2 i low � hR 2 i high )apo , where hR2 i low and hR2 i high are the mean transverse relaxation rates measured
at the lowest and highest CPMG pulsing frequencies, respectively. The averages were evaluated over the k lowest and k highest CPMG pulsing frequency points of each

dispersion profile. Uncertainties were propagated from the reported standard deviations by first computing the error of each mean, � mean =
√∑

i
� 2

i =k , and then
combining the low- and high-frequency contributions in quadrature. Values are reported separately for each residue and proton type. Negative values, corresponding to an
absence of detectable � s–ms exchange broadening under these conditions, are marked by red stars. (b) Structural mapping of residue-resolved methyl relaxation-dispersion
amplitudes onto the IGPS structure. For each condition, the quantity plotted on the protein is the residue-specific � R ex > 0 value obtained from the corresponding holo–apo
comparison and assigned to the C� atom of each residue. Cartoon representations are colored using condition-specific sequential color scales, with larger positive � R ex

values shown in darker shades and residues without assigned values left at the baseline color. Spheres indicate the top 20 residues with the highest positive � R ex values
in each dataset. No explicit numerical cutoff was applied beyond restricting sphere display to positive values only; all available residue values were used for the coloring,
whereas only the 20 largest positive values were highlighted as spheres. (c) Allosteric communication pathways inferred from dynamical correlation networks constructed from
concatenated 12-� s molecular dynamics trajectories (3 � s per state: E, E�pr, E�gln, E�gln�pr) for WT, hK181A, and hR18A. Residues are represented as nodes connected by
edges weighted by generalized linear mutual information (GLMI) between backbone dihedral fluctuations. Shortest-path edge betweenness centrality was computed on the
resulting weighted networks to identify the most frequently traversed routes of signal transmission. Edge thickness reflects normalized edge betweenness, while node size
reflects normalized node betweenness. For visualization clarity, only edges with normalized betweenness greater than 0.2 are shown. The resulting traffic maps highlight
dominant allosteric communication routes within the protein: hK181A largely preserves or strengthens communication across the interfacial and SideR regions, whereas hR18A
displays weaker and more fragmented pathways relative to WT. (d) Residue-wise comparison between experimental and simulation-derived differential allosteric responses.
The bar plots show �� R ex (K; R ) together with �� n b (K; R ), corresponding to the difference between hK181A and hR18A in experimental methyl relaxation-dispersion
amplitudes and in network node betweenness, respectively. Continuous curves represent Gaussian-broadened versions of the residue-wise profiles, used to emphasize
sequence-localized trends. For the �� n b (K; R ) comparison, both profiles were min–max scaled before smoothing; the �� eb (K; R ) comparison is shown without scaling.
The Spearman coefficient � quantifies the correlation between the two curves. (e) Structural representations show ��n b (K; R ) (left) and ��R ex (K; R ) (right) mapped
onto the IGPS structure, highlighting regions where experimental differential exchange and differential network traffic changes colocalize.
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dynamic hotspots colocalize with the network pathways
identified computationally (Fig. 4e).

Taken together, these results establish a consistent mech-
anistic picture across experimental and computational ob-
servables. Local structural perturbations at the HisF–HisH
interface (Fig. 3) propagate into changes in µs–ms dynamics
(Fig. 4a,b) and ultimately reshape the global communication
network linking effector binding to catalysis (Fig. 4c–e). The
hK181A mutation preserves a cohesive communication corridor
while strengthening hinge-mediated pathways, producing an
enzyme with enhanced basal activity and a mixed V+K-
type response. In contrast, the hR18A mutation disrupts
key interfacial contacts that normally coordinate long-range
signaling, yielding a fragmented communication network and
attenuated catalytic activation.

These findings demonstrate that specific interfacial residues
function as regulatory control points within the allosteric
network of IGPS. By selectively perturbing these sites, it is
possible to redistribute communication traffic through the
protein and thereby tune the balance between V-type and
K-type allosteric responses.

Discussion

The divergent behavior of hK181A and hR18A shows that
the HisF-HisH interface is not a uniform conduit for allosteric
signaling, but a structured regulatory surface in which nearby
contacts play distinct mechanistic roles. By integrating steady-
state kinetics, NMR spectroscopy, and multi-µs molecular
dynamics simulations, we show that two substitutions in HisH
that disrupt distinct salt-bridge interactions—hK181A and
hR18A—produce opposite allosteric outcomes. The hK181A
mutation converts the predominantly V-type activation of the
wild-type enzyme into a mixed response with a strong K-type
component, whereas hR18A attenuates activation altogether.
These divergent phenotypes arise from distinct reorganizations
of the allosteric communication network linking the effector-
binding pocket in HisF to the catalytic site in HisH.

In hK181A, disruption of the hK181–fD98 salt bridge
produces a localized energetic reorganization at the interface.
CSP measurements identify perturbations in loop 1 and the
β8–α4 region of HisF, while MD simulations reveal that the
interface samples closed conformations even in the absence
of effector. Despite the loss of the original salt bridge,
communication through the interface is preserved through
a reinforced hinge-mediated pathway, delocalized over the
interface region. This alternative route maintains efficient
coupling between the effector pocket and the catalytic region,
consistent with the enhanced baseline µs–ms dynamics and the
preserved allosteric traffic observed in the simulations. Func-
tionally, this redistribution is consistent with a conformational
ensemble biased toward substrate-affine states, explaining the
pronounced decrease in Km upon activation while maintaining
substantial catalytic turnover. In this sense, hK181 acts
as a local regulatory gate whose perturbation reweights
the ensemble without disrupting the overall communication
network.

By contrast, the hR18A mutation eliminates the hR18–fE71
interaction near the interdomain hinge, producing diffuse
energetic perturbations and broadly distributed CSPs that
fail to converge at the interface. Relaxation-dispersion
experiments reveal fewer residues undergoing µs–ms exchange

and a muted dynamic response to effector binding. Network
analysis further shows that the loss of this hinge contact
fragments the communication architecture, weakening both
the direct interfacial pathway and the hinge-mediated route
connecting the effector site to the catalytic loop. As a result,
effector binding cannot efficiently repopulate catalytically
competent conformations, leading to attenuated activation.
This behavior highlights the distinct role of hR18 as a hub
within the communication network: unlike the gate-like role
of hK181, perturbation of this residue disrupts distributed
pathways across the protein.

Taken together, these results reveal that the HisF–HisH
interface functions as a tunable control point for IGPS allostery.
Individual interfacial contacts can selectively bias how signals
propagate through the communication network, thereby
shifting the balance between V-type and K-type regulation.
Mutations such as hK181A preserve network integrity while
redistributing traffic through alternative pathways, whereas
mutations such as hR18A disrupt key communication hubs
and reduce signaling efficiency.

More broadly, this work illustrates the power of combining
experimental observables with atomistic simulations to resolve
the hierarchical layers of allosteric regulation—from local
energetic perturbations to global communication networks.
Our analysis shows how single-residue changes reshape the
conformational ensemble and thereby alter kinetic outputs,
even within an otherwise conserved structural scaffold. By
linking structural perturbations, energetic hotspots, µs–ms
dynamics, and network traffic to measurable kinetic effects,
we establish a multiscale framework for understanding how
mutations reprogram enzyme regulation.

Finally, the principles identified here resonate with a
broader shift in the study and engineering of allosteric systems.
Rather than viewing allostery primarily as a structural
transition between discrete states, recent work increasingly
emphasizes the role of communication networks and ener-
getic landscapes that govern conformational ensembles.(26)
Network-based analyses have shown that specific residues
can act as critical communication nodes whose perturbation
alters long-range signaling and functional output.(27) Similarly,
large-scale energetic profiling of PDZ domains demonstrated
that structural extensions reshape the allosteric landscape by
altering energetic couplings among distant residues.(28, 29).
Computational and NMR analyses have likewise revealed
conserved residue networks that propagate activation signals
across large structural distances.(30)

In parallel, several studies have begun to exploit these
principles to engineer allosteric behavior. For example,
manipulation of conformational equilibria and communication
pathways has enabled the tuning of catalytic regulation in
metabolic enzymes such as phosphofructokinase,(31) while
semi-rational redesign of the IGPS interface has been used to
amplify light-controlled catalytic responses through engineered
conformational shifts.(20) Together, these studies show that
allosteric regulation can be modified by targeted perturbations,
but they do not always reveal why a given perturbation
succeeds, fails, or produces a specific regulatory outcome.

Our results provide this mechanistic link. We show that
single interfacial residues can play distinct roles within the
allosteric network: some act as local gates that stabilize
productive conformational states, whereas others act as hubs
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that coordinate long-range communication across the enzyme.
As a result, interface mutations do not simply weaken or
strengthen allostery in a nonspecific manner. Instead, they
redistribute communication traffic, energetic coupling, and
µs–ms dynamics in ways that determine whether the enzyme
retains V-type regulation, gains a K-type component, or loses
efficient activation. In this sense, the HisF-HisH interface
of IGPS provides a concrete example of how network-level
reasoning can be translated into rational control of enzyme
regulation. By identifying the mechanistic role of individual in-
terfacial residues, this work shows how interface reengineering
can be used to rationally reprogram allosteric output rather
than relying on serendipitous functional screening.

Materials and Methods

Molecular dynamics simulations. Molecular dynamics (MD) sim-
ulations were performed for the apo enzyme, substrate-bound
(E•gln), effector-bound (E•pr), and ternary (E•ter) states of
Thermotoga maritima IGPS starting from the crystal structure
(PDB ID: 1GPW).(6) Mutant systems (hR18A and hK181A) were
generated by single-site substitution in the HisH subunit. Systems
were parameterized using the Amber ff19SB force field(32) together
with GAFF parameters(33) for PRFAR, solvated in explicit water,
neutralized with counterions, and simulated using the AMBER
GPU implementation under periodic boundary conditions.(34, 35)

For each mutant and functional state, three independent trajec-
tories of approximately 1.5 µs were generated. After equilibration,
the final 1 µs (∼10,000 frames) of each trajectory was used
for analysis, yielding 12 µs of analyzed simulation per mutant
across the four functional states. Detailed system preparation,
equilibration procedures, and simulation parameters are described
in Supplementary Information - Molecular dynamics simulations.

Traffic analysis. Dynamical communication within IGPS was an-
alyzed using correlation networks derived from MD trajectories,
using the MDiGest python tool.(36) In this representation, residues
are treated as nodes located at each residue position and edges
encode dynamical correlations between residue motions, quantified
using generalized mutual information (MI). Edges were defined only
between residue pairs with any heavy-atom distance < 6 Å; all other
pairs were assigned a weight of zero. For each such pair, the edge
weight was set to − log(MI) of the backbone dihedral fluctuations,
transforming the correlations into effective distances, and used to
construct weighted residue interaction networks.

Shortest-path–based metrics were then used to quantify com-
munication traffic through the network. In particular, node and
edge betweenness centrality were computed on the weighted graphs
as implemented in NetworkX(37) to identify residues and residue
pairs that participate most frequently in dominant communication
pathways. Centrality values were normalized independently within
each system and mapped onto the protein structure for visualization.
A detailed description of network construction, weighting schemes,
and visualization procedures is provided in the Supplementary
Information.

Non-covalent interaction analysis. Non-covalent interactions were
computed from MD trajectories at the atom level for every analyzed
frame and subsequently aggregated into residue pairs. Hydrogen
bonds, hydrophobic contacts, and π–π stacking interactions were
detected using geometric criteria, and their occupancies were
evaluated over the trajectory.

For each residue pair, we defined an effective interaction score
combining the mean occupancy of contributing contacts with their
multiplicity. Scores were computed independently for each mutant,
conformational state, and replicate, and averaged across the three
simulation replicas. Differences between mutants (∆ scores) were
then computed for each state and summarized across states to
quantify mutation-induced perturbations of the interaction network.

Full details of interaction definitions, score construction, and
statistical analysis are provided in the Supplementary Information -
Non-covalent interaction analysis and delta effective scores.

Expression and Purification of IGPS Mutants – Expression. Plas-
mids containing E. coli-optimized genes encoding HisH and HisF
from Thermotoga maritima, cloned into pET43.1b vectors, were
purchased from GenScript. Plasmids encoding the HisH sequence
were used to generate desired mutants via PCR. The plasmids coding
for the HisF sequence and the mutant HisH sequence (containing
a C-terminal histidine tag) were co-transformed into BL21(DE3)
cells (New England Biolabs)” since the histidine tag is actually on
the HisH subunit. Isotopically enriched samples were prepared by
overexpressing the HisF subunit in 1 L of deuterated M9 minimal
medium containing 15NH4Cl (Cambridge Isotope Labs, MA) as
the sole nitrogen source. The HisH subunit was overexpressed
separately in 1.5 L of deuterated M9 minimal medium with naturally
abundant nitrogen isotopes. Cell cultures were induced with 1 mM
IPTG (isopropyl β-D-1-thiogalactopyranoside, Sigma-Aldrich) at
OD600 of 0.8–1.0 and shaken at 30 ◦C for 14–16 h. To incorporate
13C into the methyl groups of Ile, Leu, and Val (ILV) residues,
60 mg/L of α-ketobutyric acid, sodium salt (methyl-13C, 99%; 3,3-
D2, 98%) and 100 mg/L of α-ketoisovaleric acid, sodium salt (3-
methyl-13C, 99%; 3,4,4,4-D4, 98%) were added 30 min prior to
induction.

Purification. Cells expressing HisF or HisH were harvested at
4,000 rpm for 35 min, resuspended in lysis buffer (10 mM Tris-HCl,
10 mM CAPS, 300 mM NaCl, 1 mM β-mercaptoethanol, pH 7.5),
and co-lysed by ultrasonication. The lysate was incubated at 333 K
for 30 min and centrifuged to remove debris. The supernatant
was filtered (0.22 µm) and loaded onto Ni–NTA agarose resin
equilibrated with lysis buffer. After 20 min incubation at 4 ◦C, the
column was washed with 12 column volumes of wash buffer (10 mM
Tris–HCl, 10 mM CAPS, 300 mM NaCl, 1 mM β-mercaptoethanol,
15 mM imidazole, pH 9.5) and eluted with 8 column volumes of
elution buffer of the same composition with 250mM imidazole.
Fractions containing IGPS were pooled, dialyzed overnight against
2 L of NMR buffer (10 mM HEPES, 10 mM KCl, 0.5 mM EDTA,
pH 7.3), concentrated, and supplemented with ∼8% D2O for NMR
analysis.

Steady-State Kinetic Studies The glutaminase activity of wild-type
and mutant IGPS was monitored as a function of glutamine concen-
tration using a coupled assay adapted from Kneuttinger et al.(19)
The glutaminase reaction produces NH3 and glutamate, which are
converted by glutamate oxidase (GOX, 99%, Sigma-Aldrich) to
α-ketoglutarate and H2O2. This product is coupled to horseradish
peroxidase (HRP, 99%, Sigma-Aldrich), which, with phenol and 4-
aminoantipyridine (4-AAP), forms a red quinoneimine chromophore
with ε505 = 6,400 M−1cm−1. Reactions were conducted in 20 mM
Tris–HCl (pH 7.0) containing 0.15 g/L HRP, 20 mU/mL GOX,
1 mM 4-AAP, 1 mM phenol, and 35–50 µM enzyme for basal activity.
Glutamine concentration ranged from 0.2–40 mM. Activated rates
were measured in the presence of IGP (D-erythro-imidazoleglycerol
phosphate monohydrate, 90%, Toronto Research Chemicals) using
200 mU/mL GOX and 3–5 µM enzyme under otherwise identical
conditions. Reactions were monitored at 505 nm using a BioTek
Synergy 2.0 plate reader for 3 h at 30 ◦C. Initial velocities were
fitted to the Michaelis–Menten equation, and kinetic parameters
were analyzed using Microsoft Excel and GraphPad Prism 9.(38)

Solution NMR Studies – 2D 1H−15N TROSY-HSQC. All spectra
were acquired at 600 MHz (1H) on a Varian Inova spectrometer at
30 ◦C, using 32 scans and 128 increments in t1. Spectral widths were
12,000 Hz (direct) and 2,500 Hz (indirect), with a 1 s recycle delay.
Carrier frequencies were set to water (1H) and 120 ppm (15N). WT
chemical shifts (16) served as reference for mutant assignments.
Spectra were processed with NMRPipe(39) and analyzed with
Sparky.(40)
13CH3 Methyl-TROSY CPMG. Multiple-quantum CPMG dispersion
experiments probing relaxation rates of ILV methyl groups were
performed at 600 MHz on a Varian Inova spectrometer using the
pulse sequence of Korzhnev et al.(41) The 13C carrier was set to
19.5 ppm (3,200 Hz width), and 1H carrier to 0.75 ppm (8,503 Hz
width). Forty scans and 128 t1 increments were collected. The
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total relaxation delay was 40 ms with τcp points of 0.0, 0.40, 0.50,
0.625, 0.833, 1.0, 1.25, 1.667, 2.0, 2.5, 5.0, and 10 ms, and a 2 s
recycle delay. Data were processed in NMRPipe(39) and analyzed
in Sparky(40) with in-house scripts for relaxation-rate extraction.
Chemical Shift Perturbation (CSP) Analysis. CSPs were computed
as:

∆δ =
√

(∆δH)2 + (0.225 ∆δN )2, [1]
where ∆δH and ∆δN are the changes in 1H and 15N chemical
shifts, respectively. Residues with ∆δ exceeding the 10% trimmed
mean plus two standard deviations were classified as significantly
perturbed. Additional details on experimental setup are provided
as Supplementary Information.
Energy Decomposition Analysis. Per-residue interaction energy
decomposition was performed on dried MD trajectories (protein
and ligands only) to localize energetic changes associated with
mutation and effector binding. Each saved frame was analyzed
using MDAnalysis(42) for atom selections and ParmEd(43) for
topology and force-field parameters. Pairwise atom interactions
were computed and subsequently aggregated at the residue level.
Electrostatic interactions were evaluated using a distance-
dependent dielectric model,

Eele(i, j) =
Keqiqj

κrij
, [2]

where Ke = 332.0636 kcal Å mol−1 e−2 and κ = 5.0.
Van der Waals interactions were computed using a Lennard–
Jones potential with a smooth switching function applied between
rs = 8.0 Å and rc = 9.5 Å.
Hydrogen bonds were modeled using an orientation-dependent
term

Ehb = −E0 sr sθ, [3]
with E0 = 0.8 kcal/mol and geometric criteria H· · · A ≤ 2.5 Å and
donor–H–acceptor angle ≥ 140◦.
Implicit solvent corrections included a screened Coulomb term

Epolar,corr(i, j) = wijKeqiqj

(
1

εw
−

1
κrij

)
1

rij
, [4]

with εw = 78.5, and a nonpolar contribution proportional to the
solvent-accessible surface area,

Enp = γ SASA, γ = 0.006 kcal mol−1 Å−2. [5]
Total interaction energy was defined as

Ebase = Eele + Evdw + Epolar,corr + Enp. [6]
Mutation effects were quantified as

∆E(res) = Emut − EWT, [7]

∆∆E(res) = [Ebound − Eapo]mut − [Ebound − Eapo]WT. [8]
Unless otherwise noted, parameters were κ = 5.0, εw = 78.5,
electrostatic cutoff 12 Å, Lennard–Jones cutoff 9.5 Å (switching
8.0–9.5 Å), hydrogen-bond heavy-atom prefilter 3.5 Å, and Amber
scaling factors SCEE = 1.2 and SCNB = 2.0. The final 1 µs of
each trajectory (10 000 frames saved every 0.1 ns) was analyzed
after discarding the first and last 100 frames. The remaining frames
(100–9900) were subsampled every 20 frames, corresponding to a 2
ns sampling interval (491 frames per trajectory).
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