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ABSTRACT

Biological macromolecules are dynamic entities that transition between various conforma-
tional states, often playing a vital role in biological functions. Their inherent flexibility spans a
broad range of timescales. Motions occurring within the microsecond to millisecond range are
especially important, as they are integral to processes such as enzyme catalysis, folding, ligand
binding, and allostery. NMR Carr-Purcell-Meiboom-Gill (CPMG) relaxation dispersion measure-
ments are the preferred method for characterizing macromolecular motions at atomic resolution.
However, it is still uncertain whether the functional motions of multiple residues in macromole-
cules need to be coordinated and/or synchronized within the protein matrix in order to perform
the desired function. Here, we illustrate an unbiased method to analyze NMR relaxation disper-
sion and identify dynamic clusters of residues that fluctuate on similar timescales within proteins.
The method requires relaxation dispersion data for backbone amides or side-chain methyl groups,
which are globally fitted using the Bloch-McConnell equations for each pair of residues. The good-
ness of the pairwise fitting serves as a metric to construct two-dimensional synchronous dynamics
(SyncDyn) maps, allowing us to identify residue clusters whose dynamics are influenced by ligand
binding. We applied our method to the catalytic subunit of the cAMP-dependent protein kinase A
(PKA-C) and the T17A mutant of ribonuclease A (RNAse A). The SyncDyn maps for PKA-C
showed distinct clusters of residues located in critical allosteric sites. Nucleotide binding activates
the movement of residues at the interface between the two lobes and also those distal to the
active site. In the case of RNAse A, the SyncDyn maps show that residues fluctuating with the
same time scale are interspersed in both lobes of the enzyme. Overall, our approach eliminates
arbitrary manual selection of residues for dynamic clustering and objectively identifies all possible

residue pairs that fluctuate synchronously, i.e. on the same timescale.
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INTRODUCTION

Many proteins experience widespread molecular motions that occur on the us-ms timescale
that are important for their function.[1-5] These motions can include protein sub-domains, active
site loops, and folding-unfolding transitions.[6] In addition, the phenomenon of allostery [7, 8] that
relays signals between two distinct protein sites (classically, ligand binding sites) often relies on
networks of flexible amino acid residues to enable this communication.[9-13] Specific examples
include disease-causing mutations that can alter the biological function of proteins and enzymes
by disrupting the necessary global motions.[10, 14] Despite the biological importance and sus-
tained study a unified mechanistic description of how allosteric signals are relayed through the
protein matrix remains in flux and is likely dissimilar for different proteins.[15]

One experimental method that can characterize molecular motions and their role in confor-
mational changes and allostery is solution NMR spectroscopy. Solution NMR spectroscopy can
directly detect subtle, atomic-level structural and dynamical perturbations that mediate conforma-
tional changes including allosteric processes.[16-19] These structural fluctuations can be de-
tected using Carr-Purcell-Meiboom-Gill (CPMG) relaxation dispersion experiments, [20, 21] which
provide residue-specific relaxation dispersion curves that are used to quantify kinetics (exchange
constant, kex) and thermodynamic (populations, pA and pA’) parameters for exchange processes
occurring on the us-ms timescale.[3] The residue-specific nature of the information obtained from
relaxation dispersion experiments also presents problems in interpretation. One would like to
know whether multiple residues are moving together (in concert) or independently. Historically,
this was assessed by comparing kex values and using some (often arbitrary) criteria, i.e., deter-
mining whether kex values are similar enough to warrant grouping into a single motional process.
Furthermore, when many residues show promising relaxation dispersion curves, grouping them
by similar kex values is a difficult task and often very tedious to perform manually. Typically, dy-

namic parameters are determined for individual sites with high precision and then compared to



suggest potential correlations. However, such manual analysis is prone to bias of the individual
researcher.

Here, we propose an alternative method to automatically cluster residues undergoing syn-
chronous motions (motions with the same kex values and populations) in proteins. This method
builds upon a previous approach we described to identify the collective dynamic response for the
catalytic subunit of the cAMP-dependent protein kinase A (PKA-C) to ligand binding.[22] In this
revised method, we fit the CPMG relaxation dispersion data (either backbone amides or side-
chain methyl groups) for each residue pair in the protein using the Bloch-McConnell equations,
[23] and utilize the goodness of the pairwise fitting as a metric to build two-dimensional dynamic
correlation (SyncDyn) maps and cluster residues whose motions are fluctuating synchronously.
We applied our method to two proteins with well-characterized millisecond motions, PKA-C in
different ligated forms and the T17A mutant of the ribonuclease A (RNase A). We show how
ligand binding or single mutations modulate the organization of the internal dynamic network of

these enzymes.

THEORY AND DATA ANALYSIS
To fit the CPMG dispersion curves, we consider a single residue undergoing a two-site exchange
between a ground (A) and higher energy (A') state:

ky
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kg

where ks and k; are the forward and reverse rate constants of the exchange process, respectively.

The evolution of the magnetization for this system can be written as
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where Ma and Ma are the transverse magnetizations for A and A", respectively, R, and RY,, are
the intrinsic transverse relaxation rates for A and A", and Aw is the chemical shift difference be-
tween sites A and A' expressed in angular frequency units (s—'). If pa >> pa and we if we also

assume that RY, = R2,, = RY?, the solution of equation (1) is
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For the constant relaxation time CPMG relaxation dispersion (RD) experiment, the transverse
relaxation rates (RZ’Eff) are determined from the observed resonance intensities using the fol-

lowing expression:

Rorr = 7t () 3)

Tcpma

where Tcrmc is the total CPMG relaxation delay, 1, is the observed peak intensity after the CPMG

sequence (Tcemc # 0) and 19 is the intensity of the reference spectrum (Tcpuc = 0). The RD profile
results from a series of R, - at different values as a function of the = pulse frequency (vceme)

where vepme = 1/(2tcpmc), in which tcpme is the time interval between 180° pulses in the CPMG

element. To construct the SyncDyn map, we begin with equation (3) and use the following steps:

Step 1. R, s rcalculation for individual residues. After collecting the CPMG RD data at a single

or multiple By fields, we calculate the R, ¢, values using equation 3 for different vcpme values.

Step 2. Identification of all residue pairs. We identify all non-equivalent residues pairs, which

are N x (N-1)/2where N is the number residues in the protein.

Step 3. Pairwise fitting of all RD profiles. For a pair of protein residues, i and j, the two RD

profiles at a single Bo field, RD! and RDJ, depend on kf, ki, RS',Aw' and k/,k},R}’, Aw/,



respectively. To fit the RD profiles of the residue pair simultaneously, we assume that the kinetic

constants, ks and k;, are the same for both residues:

)
ki= k] = k;
ki=kl =k,

(4)

)

Therefore, RD' and RD’ can be fitted using the Bloch-McConnell equation, combining all the pa-

rameters , k¢, k., Rgi,RSj,Awi,Awf, into a single set. The resulting fitted RD profiles, RD}'it and

RD!

iand j.

7i¢» are then used to assess the goodness of the fit with the experimental RD data for residues

Step 4. Calculating the goodness of the pairwise fitting using R-squared. To assess the

goodness of the pairwise fitting, we utilized the R-squared value between the experimental and

fitted RD profiles using the following equation [24]:

SSR
(R —squared);; =1 - T

Where
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SST = Y7, ([RDE, RD]] — [RDY, RD7])
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SSR is the regression sum-of-squares and SST total sum-of-squares, n is the number of vceve

points, RD and RDy;; are experimental and fitted dispersion profiles. We calculated the R-squared

values for each residue across the various B, fields and identified the minimum R-squared value



among all the dispersion curves and all residue pairs. . The R-squared ranges from 0 to 1. A high
R-squared value for a residue pair indicates that the initial assumption is highly probable, i.e., the
residues are likely to exchange between two states with similar frequency. A low value of R-
squared indicates that the motions of the two residues occur on a different timescale (Fig.1). The
final SyncDyn map consists of a matrix of R-squared values, where each element (J, j) represents
the R-squared value between the residue pairs.

To validate this approach, we considered two residues, X and Y, exchanging with their re-
spective minor states X' and Y'. We simulated two hundred synthetic CPMG dispersion curves for
X, assuming exchange rates ranging between 0 and 5000 s~'. For each dispersion curve of X, we
simulated 120 CPMG dispersion curves for residue Y. The exchange rate of Y was selected in
such a way that the difference in kex between X and Y would vary uniformly from 0 to 3000 s'.

The population of X' and Y' were assumed to be 0.02 for all the simulations (Fig.2).

We then calculated the pairwise R-squared values for the 200 x 120 pairs and plotted as a
function of the exchange rate for X (kZ,) on the horizontal axis and the difference between the
exchange rates of X and Y (Ak,, = kX, — kY,) on the vertical axis (Fig.2). We found that the R-
squared values decrease with increasing Ak,,, with the most reliable correlations occurring for
exchange kinetics between 200 and 4000 s, as expected for typical CPMG experiments.[3] On
the other hand, faster exchange rates give rise to flat dispersion profiles, which may result in
artifactual correlations in the SyncDyn maps, especially in the presence of experimental noise.
To test this, we compared two simulated sets of data using random noise of 2 and 5% (Fig.2a
and 2b). We found that as the noise amplitude increases, the R-squared values significantly
decrease, indicating that for reliable correlations it is critical to have high-quality relaxation disper-
sion data with low noise levels, especially for exchange rates near the fast limit as suggested

previously [25].



Validation of the protocol using a synthetic CPMG dataset. To test our clustering algo-
rithm, we simulated a set of synthetic CPMG data for a hypothetical twenty amino acid peptide
with two clusters of three residues, i.e., cluster 1 with k; and k; of 25 and 500 s, and cluster 2
with ks and k: of 100 and 2000 s~ (Fig.3a). As shown in Fig.3b, our algorithm identifies the corre-
lations between the two clusters of residues that share similar exchange kinetics as indicated by

the off-diagonal elements in the 2D SyncDyn map and illustrated in the dendrogram (Fig.3c).

RESULTS

We applied our approach to analyze two dynamic enzymes (Fig.S1), PKA-C and RNAse A.
PKA-C is a ubiquitous kinase responsible for phosphorylating numerous cell substrates,[26, 27]
while RNAse A catalyzes the transphosphorylation and hydrolysis of single-stranded RNA.[28]
Both enzymes exhibit critical conformational fluctuations in the millisecond time scale during their
catalytic cycles. We reevaluated their NMR relaxation dispersion data to identify potential clusters

of residues that undergo synchronous motions.

Clustering synchronous residues of PKA-C. We first examined the CPMG relaxation dis-
persion data for the methyl group of the aliphatic side chains of PKA-C.[22, 29-31] This bilobate
enzyme undergoes open-to-close transitions through its catalytic cycle.[32] The apo enzyme
binds the nucleotide and adopts a partially closed conformation with a higher affinity for the sub-
strate (positive cooperativity).[33] After substrate binding, the chemical step (phosphoryl transfer)
is relatively fast (500 s—'), and the product release constitutes the rate-determining step of the
catalytic cycle.[34-36] We previously found that synchronous and asynchronous fluctuations are
hallmarks for the formation of the dynamically committed state and for product release, respec-
tively. [22, 36] The motions of this enzyme are exquisitely tuned to kinase function, as allosteric

mutations of PKA-C within the substrate recognition sequence affect the enzyme's opening and



closing kinetics, influencing its catalytic efficiency [56-58], while the binding of inhibitors quenches

the motions in the us-ms time scale.[33, 35]

The SyncDyn map of the apoenzyme shows that the us-ms motions are located into two
separate clusters, spanning residues 5 — 100 and 150 — 200 (Fig.4a and Fig.S2). Additionally,
the SyncDyn map displays a few correlations among residues at the C-terminal tail, which wraps

around the two lobes, and these two well-defined dynamic clusters.

A closer inspection of the overall and range-specific SyncDyn maps reveals that the apo
enzyme displays residues spanning from the small to the large lobe, i.e., V57, L82, 194, L95,
L103, V104, 1150, and L172 (Figs.S2a-b). Among those residues, V57 is part of the kinase's C
spine, a continuous array of hydrophobic residues necessary for its activation.[37, 38] L103 and
V104 bridge the C spine with the regulatory (R) spine, formed upon phosphorylation of the acti-
vation segment. [150 is another essential residue within the core of the enzyme, and when mu-
tated into alanine, PKA-C does not undergo autophosphorylation at T197 and S338, rendering

the enzyme inactive.[31]SyncDynSyncDyn

Upon nucleotide binding, the density of the R-squared correlations from residue 50 to 200
increases, which is consistent with the structural and dynamic role of the nucleotide acting as an
allosteric effector.[37, 38] Notably, the distribution of the exchange rates changes from an average
of 800 to 2000 s~', suggesting that the ATPyN binding shifts the frequency of the opening and
closing of the enzyme's active site (Figs.4a-b). Of note, this change in motion corresponds to an
increase of binding affinity between the kinase substrates or pseudo-substrate inhibitor PKI.[33]
The SyncDyn map, along with the residues mapped onto the X-ray structures (Figs.4, S2, and
S3), indicates that the two dynamic clusters of the apo kinase become interconnected upon nu-
cleotide binding. Synchronous motions involve the hydrophobic core of the kinase, especially

L172 (C spine), V182, 1174, 1150, and 1180. Notably, a single mutation in this cluster (i.e., 1150A)



completely disrupts kinase’s activity.[31] Motions in the same timescale is identified for residues
that bridge the aE-helix in the C-lobe and the aC-helix in the N-lobe, including 194, L160, L162,
and L157. The network of synchronous residues crosses the enzyme's structure horizontally, at
the hydrophobic interface between the two lobes harboring the substrate binding pocket and ra-
diates to the small lobe via the hydrophobic spines.(Fig.S5) Residues linking the B and C helices
also fluctuates in a similar time scale, which agrees with the critical role of these segments in

assembling the kinase's active conformation.[32]

We then tested the two inhibited forms of the kinase. Both inhibitors quenched the internal
dynamics in the us-ms time scale.[39] For both ligated forms of PKA-C, we observe a partial
(balanol) and a complete (H89) disruption of the dynamic networks, showing that the change in
frequency of the enzyme's fluctuations may affect its affinity for substrate binding (Fig.4). The
populations of the conformationally excited states as determined from the fitting of the CPMG
relaxation dispersion curves are summarized for all the kinase forms in Fig.S4 and reflect the
dynamic activation of the nucleotide and the suppression of the conformationally excited states
by balanol,[39] a phenomenon previously observed in the catabolite activator protein.[40] Note
that out of the 102 methyl probes assigned and analyzed with SyncDyn and using the GUARDD
software,[41] eleven residues could not be fitted using a two-state model and are consequently
omitted from the SyncDyn plots These residues are distributed throughout the enzyme and are
illustrated in Fig.S6. Additional experiments at various field strengths will be necessary to accu-
rately quantify the kinetics and populations of these residues, a task that lies beyond the scope

of this study.

Overall, the SyncDyn maps highlighted the clusters of residues that fluctuate at the same
frequency both in the free and ligated forms. This information is complementary to the CHESCA
maps,[22] and provide a starting point to interrogate the allosteric phenomena occurring within

the kinase upon ligand binding and mutations.[42-44]
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Analysis of the slow motions in the T17A mutant of RNase A. As a second example, we
applied our analysis method to the "*"N-CPMG relaxation dispersion data set available for RNase
A. This well-studied enzyme catalyzes the cleavage of single-stranded RNA without metals or co-
factors. The RNase A architecture consists of three a-helices and seven p-strands organized into
two lobes with the active site positioned between the lobes (Fig.S1b). Motions play a significant
role in the catalytic cycle of RNase A as the rate-determining step (product release) is coupled
with a conformational change involving residues throughout the entire protein structure. [45-47]
NMR relaxation dispersion data revealed that the residues of the RNase can be grouped into two
dynamic clusters. [48-50] Specifically, loops 1 and 4 positioned at ~20 A away from the active site
impart substrate fidelity, recognizing purine residues at the 5' end of the phosphoester cleavage
site (Fig.S1b). These loops undergo a conformational change of 2-3 A upon ligand binding, de-
fining the closed state of the enzyme. After the chemical step, RNaseA requires an additional
conformational change on the millisecond timescale for product release. Mutagenesis and struc-
tural dynamic studies have shown that the H48 side chain forms critical H-bond interactions with
the surrounding residues affecting the motions of remote structural elements, such as loops 1, a-
helices 1 and 2, as well as B1, B2, and B4 strands (Fig.S1b). In particular, the H48A mutation
disrupts these H-bond interactions dramatically affecting the enzyme's activity. In contrast, muta-
tions at T17 (also involved in H-bond interactions) slightly accelerate the product off rate by in-
creasing the motion of loop 1. [49] Because of the extensive data available for this mutant, we
chose it for our SyncDyn analysis. The SyncDyn map generated with these data and the distribu-
tion of the kex values are reported in Figs.5a-b and Fig.S7. The SyncDyn map shows that several
residues intersperse throughout the protein experience a motion in the same timescale, i.e., res-
idues located around loop 4 connecting strands 2 and 3 (A64, Q69, T70, and N71). These resi-

dues fluctuate in the same timescale as those belonging to the adjacent -strand and distal resi-

dues located in the B-hairpin connecting strands 4 and 5 and helices 1 and 2. Finally, C95

11



fluctuates with a kex similar to residues located in the opposite dynamic cluster, i.e., 1106, A109,
E111, H119, and S123. Note that the comprehensive SyncDyn map contains the information for
a broad range of kex, spanning from 0 to 5000 s~'. However, the distribution of the kex values
indicates that structural fluctuations with R-squared of 0.85 occur between 0 and 5000 s™
(Fig.5b), with most of the fluctuations occurring around 3000 s~', while only a few residues fluc-
tuate at frequencies between 0 — 1000 and 4000 — 5000 s~ range. Overall, the SyncDyn map for
RNAse A shows that many residues belonging to the two dynamic clusters move synchronously.
However, it should be noted that the motions between the two lobes of the enzyme are not cou-

pled, although the fluctuation of the individual residues occurs in the same time scale [50].
DISCUSSION

Synchronous motions have been suggested to favor allosteric transmission from the ligand-
binding site to remote sites of proteins.[51] Recent studies also infer that these structural fluctua-
tions must be correlated and occur within a defined frequency range to modulate allosteric phe-
nomena efficiently.[52, 53] NMR studies of various enzymes have shown that V-type and K-type
allosteric enzymes' regulation occurs in the us-ms time scale, [1, 2, 54-57] a window of motions
exquisitely captured by the CPMG dispersion experiments.[3, 58-60] The dispersion data ob-
tained from CPMG experiments at multiple frequencies are used to extract kinetic and thermody-
namic parameters on the conformational equilibrium of biomacromolecules. The most common
analysis method involves a global fitting of the flexible residues using the Bloch-McConnell equa-
tions under the assumption of a two-site exchange equilibrium.[23] When a global ke is obtained,
subsets of residues are selected to identify clusters of residues that fluctuate at a similar frequency
and may be involved in allosteric networks. The latter comes at the expense of the accuracy of
individual curve fitting. [61] In contrast, our method utilizes a geometrical approach to evaluate
pairwise synchronicity by measuring the distance between residues in the kik: space. If residues

share similar kinetic parameters, they cluster in the kik: space, displaying correlations in a 2D

12



SyncDyn map. Although computationally demanding, this method does not rely on an arbitrary
selection of residues as it systematically analyzes all residue pairs, and it objectively provides a

more accurate fit of individual dispersion curves than the standard global fitting approach.

As expected, we found that pairwise dynamic correlations critically depend on the quality of
the relaxation dispersion data. Specifically, spectral noise levels may cause false positives (or
negatives) that affect the fidelity of the SyncDyn maps. To avoid this, the new algorithm utilizes
pair-fitting procedures stricter than individual fitting, and the goodness of fit (R - squared) avoids
the overestimation of pairwise correlations. Note that our method only clusters residues that fluc-
tuate at similar frequencies (kr: and k;) and does not identify whether these fluctuations are cou-
pled or correlated (e.g., RNAse A). Indeed correlated motions have been proposed to be a critical
property of allosteric proteins [62]; however, determining whether motions are correlated requires
the support of computational approaches,[63] other spectroscopic methods [62], as well as ex-
perimental validations via mutagenesis. Finally, it should be noted that the dynamic networks of
residues reported by the SyncDyn maps are underestimated as it depends on the number of NMR
probes available and the window of motion analyzed, i.e., residues manifesting relaxation disper-
sion. A possible solution is to expand our analysis to other range of motion using T1p measure-

ments [3] or adiabatic relaxation dispersion experiments.[64, 65]

Enzyme function involves both structural and dynamical changes in the biomacromolecular
matrix. The analysis of ligand titrations on protein fingerprints has been instrumental in character-
izing orthosteric and allosteric effects in proteins.[66] Also, chemical shifts of both backbone am-
ide and methyl-group side chains can be used to describe conformational shifts upon ligand bind-
ing [67] and identify networks of distally connected residues.[68-73]. The SyncDyn maps comple-
ment these approaches to fully characterize the structural and dynamic response to ligand bind-
ing. The synchronicity of motions adds another layer of complexity to global and sub-global mo-

tions, though it is not universally applicable to all systems. However, as we gain access to dynamic
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data on larger biomacromolecules, it will be intriguing to determine whether synchronous motions
play a role in biological activity and whether they are a common characteristic of cooperative
systems. Additionally, this approach could be useful for exploring the organization of long-range
dynamics in intrinsically disordered proteins [74] and polypeptides that exhibit multiple conforma-

tional states. and polypeptides with multiple conformational states.[75-77]

In conclusion, we present a method to identify networks of residues that fluctuate with similar
frequencies (synchronous) that may mediate allostery in certain proteins. Our method largely re-
moves experimenter bias at the early stages of relaxation dispersion analysis and will allow a
standardized protocol for assessment of important protein motions. This approach provides 2D
correlation maps that, when integrated with chemical shift covariance (CHESCA) maps for fast
exchanging systems, offer structural and dynamic canvas as a starting point to interrogate allo-

steric phenomena in proteins and to guide future enzyme engineering or drug discovery efforts.
MATERIAL AND METHODS

Synthetic Data Generation

Using Matlab®, we generated >N CPMG relaxation dispersion data for a synthetic twenty-amino-
acid peptide, using the Bloch McConnell equations. We created two clusters each consisting of
six residues that share the same kinetic parameters. Cluster 1 with k= 25s™", k, =500 s™, Aw =
1 ppm, and Rz = 10 s'; and Cluster 2 with k= 100 s™', k: = 2000 s™', Aw = 1 ppm, and Rx = 10
s™'. The data were generated for two magnetic fields with 'H Larmor frequencies of 600 and 800
MHz. We set the Tceme at 20 ms and generated synthetic data for vepme = 50, 100, 150, 200, 250,
300, 350, 400, 500, 600, 700, 800, 900, and 1000 s~ in which vcewme is the rate at which n pulses
are applied during the constant time relaxation, Tceue. Finally, we included 5% random noise into
each dispersion profile. For the remaining residues, we randomly assigned values for ki and k:

within a range of 0 to 5000 s~".
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NMR Spectroscopy

The "*C-ILV labeled catalytic subunit of protein kinase A (PKA-C) was expressed and purified as
previously described.[22] Methyl-TROSY relaxation dispersion data, previously published,[22]
were acquired on a 230 yM PKA-C sample at two magnetic fields (16.4 T and 19.97 T) using a
constant relaxation time of 40 ms and inter-pulse delays frequencies vceme = 50 (% 2), 100, 150,
200, 250, 300, 400, 500 (x 2), 600, 800,1000 (x 2) s~'. All the experiments were carried out at
300 K. The spectra were acquired in interleaved mode as a pseudo-3D with two-dimensional
planes of 80 x 1024 complex points. The peak intensities were extracted using the FuDA

(https://www.ucl.ac.uk/hansen-lab/fuda/).

For the RNase A, experimental CPMG relaxation dispersion data, published previously,[50]
were acquired at static magnetic fields of 11.7, 14.1, and 18.8 T on a 773 uM "*N-labeled T17A
RNAse A mutant and a 600 uM "*N-labeled wild-type (WT) RNAse A sample at pH = 6.4 and 298
K expressed and purified as previously described.[47, 49] The NMR relaxation data were typically
acquired with spectral widths in the t1 and t. dimensions of 2700 and 10000 Hz with a digital
resolution of 0.1 and 0.2 points/Hz respectively. The proton carrier frequency was set to the H,O
resonance, and the ®N frequency was placed in the middle of the amide region at 120 ppm. Spin-
relaxation rate constants at each CPMG pulse repetition time (t¢,) were acquired using a constant
time [78] total relaxation delay of 40 ms. Transverse relaxation rates were determined for CPMG
frequencies vepme = 50, 100, 150, 200 (x 2), 250, 300, 400, 500, 700 (x 2), 800 s~'. The individual
spectra were acquired as an interleaved three-dimensional experiment in which the two-dimen-
sional planes were extracted, and peak intensities were determined from a 3 x 3 grid using in-

house written software.
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Data Analysis (SyncDyn maps)

To build the SyncDyn maps for PKA-C, we analyzed the relaxation dispersion data collected at
700 and 850 MHz for 102 methyl groups. A total of 5151 residue pairs were fitted with the Broy-
den-Fletcher-Goldfarb-Shanno (BFGS) algorithm [79] using an in-house Python script. For RNase
A, we analyzed the relaxation dispersion data of 163 amide groups measured at 600, 700, and
800 MHz. A total number of 13203 residue pairs were fitted. The total computational time required
for pair-fitting the CPMG-RD curves for all possible pairs was ~10 minutes on a PC with an Intel

12th generation i9 processor.
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Figure 1. Pairing residues with synchronous motion. Simulated relaxation dispersion curves for
sites undergoing chemical exchange on different time scales. The calculated R-squared values greater
than 0.9 indicate similar ks and kr values (synchronous motion) for a given residue pair.
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Figure 2. Simulated response of R-squared to exchange rates for two noise amplitudes. CPMG
dispersion profiles simulated for two residues, X and Y, in exchange with their respective minor states X'
and Y'. The populations of the minor states for the two species were set to p(X') = p(Y') = 0.02. The ex-

change rates for X and Y were kX, and kY, respectively. The simulations were performed for 5N with Aw
=1 ppm. A pair fit was performed on X and Y for 200 x 120 different combinations of kifx values ranging

from 0 to 5000 s~' and (Ak,, = kX, — kY, ranging from 0 to 3000 s-'). The response was simulated with
noise amplitudes of 2% (a) and 5% (b) of the intrinsic relaxation rate (RS = 10 s™).
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Figure 3. Simulated SyncDyn analysis of a synthetic twenty amino acid peptide. (a) Peptide
sequence and selected dispersion profiles for two clusters of residues: cluster 1 (green) with ks = 25 s, kr
=500 s', Aw = 1ppm, R2% = 10 s~"), and cluster 2 (orange) with ki = 100 s~', kv = 2000 s~', Aw = 1ppm,
R20 = 10 s~'. A 5% random noise was added to the dispersion profiles. Random values of ks and k: in the
range of 0 to 5000 s*' were assigned to the other residues. (b) Calculated SyncDyn map for the twenty
amino acid peptide reveals high correlations (i.e., R-squared > 0.9) among residues 1-3, 18-20 and 6-8,
and 12-14. (c¢) Dendrogram of the SyncDyn matrix revealing the highly correlated residue clusters.
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Figure 4. SyncDyn maps for different ligated forms of PKA-C. (a) SyncDyn maps for the
apo, ATPyN-bound, balanol-bound, and H89-bound PKA-C
for the different forms of PKA-C. Note that the area under each distribution is normalized relative
to the largest area of the PKA-C/ATPyN complex. (¢) Mapping residue pairs with a R-squared
values 20.85 on the X-ray structure of PKA-C (1ATP). ATP and PKI peptide are omitted for clarity.

. (b) Distribution of the exchange rates
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Figure 5. SyncDyn map of the T17A mutant of RNAse A. (a) SyncDyn map of the T17A
mutant of RNAse using a R-squared = 0.85. (b) Normalized distribution of the exchange rates
obtained from fitting the CPMG dispersion curves. (¢) Distribution of the population of the
conformational excited states. (d) Plot of the SyncDyn matrix of residue pairs with R-squared
> 0.85.
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