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Abstract
Proteins gain optimal fitness such as foldability and function through evolutionary

selection. However, classical studies have found that evolutionarily designed protein sequences
alone cannot guarantee foldability, or at least not without considering local contacts associated
with the initial folding steps. We previously showed that foldability and function can be restored
by removing frustration in the folding energy landscape of a model WW domain protein, CC16,
which was designed based on Statistical Coupling Analysis (SCA). Substitutions ensuring the
formation of five local contacts identified as “on-path” were selected using the closest homolog
native folded sequence, N21. Surprisingly, the resulting sequence, CC16-N21, bound to group 1
peptides, while N21 did not. Here, we identified single-point mutations that enable N21 to bind a
group 1 peptide ligand through structure and dynamic-based computational design. Comparison
of the docked position of the CC16-N21/ligand complex with the N21 structure showed that
residues at positions 9 and 19 are important for peptide binding, whereas the dynamic profiles
identified position 10 as allosterically coupled to the binding site and exhibiting different dynamics
between N21 and CC16-N21. We found that swapping these positions in N21 with matched
residues from CC16-N21 recovers nature-like binding affinity to N21. This study validates the use
of dynamic profiles as guiding principles for affecting the binding affinity of small proteins.

Key Words: Energy landscape, WW domain, CC16, SCA, N21, CC16-N21, group 1 peptide,
Structure and dynamic-based design, Binding affinity
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Protein sequences encode the necessary information for folding and function and are
optimized through evolutionary pressure specific to the environment.! Within a protein family,
multiple sequence alignment (MSA) reveals which residues are crucial through conservation (i.e.,
amino acid position preference) and co-evolution statistics, which can be used to predict mutation
effects.>!!

Classic folding and binding studies have focused on WW domains, one of the most
abundant independently folded protein domains in nature, because of their biological importance
in regulating transcription, apoptosis, and ubiquitylation by binding to proline-rich peptides.!*"!”
Due to its importance, the artificial WW domain sequences were designed using evolutionary
inferences methods by incorporating co-evolution and conservation. While successful in designing
artificial sequences of WW domains that are capable of folding like their natural counterparts, a
significant proportion (approximately two-thirds) of these designed sequences failed to fold
correctly *7. In our previous work, we showed that in those designed sequences non-foldability
was due to frustration: the N-terminal B-hairpin turn would not form correctly due to strong non-
native local contacts. Conversely, explicit consideration of the early folding steps restored
foldability by reducing frustration'®. We identified five contacts that stabilize the nascent B-
hairpin, and grafted them from a foldable natural homologous sequence, N21, to an unfolded,
designed sequence, CC16. This newly designed variant, CC16-N21, folds and binds the group 1
proline-rich target ligand with binding affinity comparable with natural WW domains (Kq4= 71
uM)”18, On the other hand, the native sequence N21, which shares 58% sequence similarity with
CC16-N21, shows no affinity to this peptide ligand, even though it is much more stable than CC16-
N21 to thermal denaturation (Tm46.8 °C vs 22.4 °C)'8,

In this current study, we extend our previous design and characterization of WW-based
variants to provide insights binding mechanism of WW domain. We aim to investigate the balance
between folding and binding as more stable native sequence N21 exhibits poor binding affinity
compared to less stable but better binder, designed CC16-N21. Our goal is to identify mutations
that can modulate the binding affinity of the native N21 sequence to group 1 peptides. Thus, we
perform a comprehensive structural and dynamic analysis comparing N21 and CC16-N21. We
utilized our docking method, Adaptive BP-Dock, to sample the binding trajectories with group 1
peptide (EYPPYPPPPYPSG), and compared the lowest energy bound poses®!'®2°. Our analysis

revealed critical interactions between two tyrosine residues (9Y and 19Y) in CC16-N21 that were
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absent in the N21 sequence, highlighting their role in binding. To further explore the impact of
these differences, we introduced tyrosine residues at corresponding positions in the N21 sequence,
generating three mutants: HOY, H19Y, and the double mutant HOYH19Y (Figure S1).
Additionally, we explored the conformational differences between N21 and CC16-N21 in
the unbound state using dynamic flexibility index (DFI) analysis. DFI is a position-specific metric
that computes each residue position’s response fluctuation to external perturbations (i.e., random
Brownian kick) occurring on the protein chain., DFI is related to conformational entropy per
residue position?!. Positions exhibiting low DFI values (i.e., a DFI percentile value lower than 0.2)
are classifies as hinges. Hinges are stable locations within the 3-D interaction network of a protein,
and they do not deviate from their mean when external perturbations occur on the protein.
However, due to their extensive interaction network, they can transfer perturbations to the rest of
the protein. These rigid hinge’s locations can act like joints in a skeleton, mediating the collective
motion of the protein, and have been shown to be important for function?'?>. Our previous protein
evolution studies showed that proteins modulate function through a hinge-shift mechanism in
which increases in flexibility of certain hinges (i.e., hinge losses) are compensated by rigidification
at other distal flexible sites (i.e., new hinge formation) through mutations during evolution?#26. In
the present study, we used this hinge-shift mechanism as a novel conformational dynamics-based
computational design approach to find distal sites (i.e., allosteric mutation sites) from the binding
residues to modulate binding affinity through altering dynamics. Thus. we rationally mold the
protein flexibility profile of the N21 based on changes in hinge location upon mutation, then
deliberately weigh and alter the dynamics (assessed by DFI profiles) of the designed N21
sequences towards the dynamics of better binder CC16-N21 following the similar dynamics
designed approach in our other studies!’-?#?327, To this end, we compared the DFI profiles of N21
and CC16-N21: we found a drastic difference in the flexibility of two distal sites (P16, T10),
suggesting that they may allosterically modulate binding through alteration of dynamics. Position
16 is as proline in N21 and CC16-N21, while position 10 is T in N21 and H in CC16-N21. We
evaluated this hinge-shift location’s contribution to binding by swapping these residues in variant
T10H and examining the resulting binding profile computationally. Finally, all variants designed
by either structural or dynamic approaches were expressed and characterized experimentally.

These two orthogonal design approaches show that not only the specific interactions of the residues
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of the binding site, but distal sites can also modulate the binding of the WW domain through

dynamic allostery.

Results and Discussion
Structure-based design of the variants considering the crucial contacts between the N21 and
the peptide.

We investigated the molecular interaction governing peptide binding using modeled N21
and CC16-N21 peptide complexes, obtained through homology modelling!®. The unbound
conformations were subjected to MD simulation and clustered using k-means to gather highly
sampled conformations??. The dominant conformation was used as input representative structure
for docking analyses with Adaptive BP-Dock to generate the bound complexes with the group 1
peptide. The docked pose with the lowest binding energy score was selected as the bound state
(Figure 1). The docked pose of CC16-N21 shows that tyrosine 9 and 19 are in contact with the
peptide ligand. These interactions are missing in N21 bound pose, which has two histidine at
positions 9 and 19. The difference in these interactions is reflected in the computed binding scores
of the complexes, -6.91 X-score energy units (XEUs) for N21 and -7.62 XEU for CC16-N21
(Table 1), suggesting that these two residue positions are critical for binding to group 1 peptide.



CC16_N21 N21

N21 SVESDWSVHTNEKGTPYYHNRVTKQTSWIKPDVL
CC16 GSKLGWTEYHTDAGTEYYYDRQTGESTWEKPEDF
CC16_N21 GSKSGWSEYHNDAGTPYYYDRQTGQSTWEKPEDF

Figure 1: Models of ligand bound (CC16-N21) and unbound (N21). 10Y (green) in the ligand
(-PPxY- motif) interacts with residues 9Y and 19Y (cyan) in CC16-N21. The corresponding
positions are H in N21. Sequence alignment of N21, CC16 and CC16 N21 are shown.
Stabilizing local contacts from N21 (violet) are introduced to the same position in CC16 (green)

to construct CC16_N21.
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117  Dynamic-based design of the WW variant utilizing flexibility profiles.
118 When we compare the flexibility profiles the N21 and CC16-N21, we observe that they
119  exhibit similar dynamics (Figure 2), except at positions 10 (histidine in CC16-N21 and threonine

-—- CC16 _N21
—— N21
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Figure 2: Dynamic-based design by comparing dynamic flexibility profile. DFI plots of N21,
CC16-N21, and T10H (top) and color-coded ribbon diagrams showing DFI profile of each
position (red, highest and blue, lowest DFI values). Positions 10 and 16, distal to the binding
site, show hinge shifts that may contribute to binding. Residue position 16P is conserved.
Mutating T10 to H in N21 restores the DFI profile towards that of CC16-N21, suggesting that
T10H could modulate binding dynamics.
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in N21) and 16 (proline in both), which appeared to be hinge shift positions. Based on other studies
suggesting the change in flexibility upon mutation (aka hinge shift mechanism) may impact
function, the change in dynamics of the two positions could be modulating factor of the difference

as seen in the peptide ligand binding
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of CC16-N21 and N21!8, To investigate this hinge shift mechanism in detail, we created a new
variant, T10H, by swapping the threonine with histidine in N21 and computed its changes in
dynamics and as well as binding energy score along with experimental characterizations. We found
that T10H mutation enhances the flexibility at positions 10 and 16 similar to that of CC16-N21.
Biophysical characterization of the newly designed variants

The mutants were prepared by recombinant expression and characterized experimentally.
We found that the mutations did not interfere with secondary structure formation, as shown by CD
spectroscopy. All mutants, HOY, H19Y, HOYH19Y and T10H yielded CD spectra typical of the
WW fold and similar to WT N21, with a positive peak centered at 227 nm (Figure 3A). Thermal
denaturation experiments were carried out by monitoring the loss of CD signal at 227 nm in the 5
°C to 90 °C range (Figure 3B); the corresponding Tm values are summarized in Table 1. Mutants

H19Y (54.1 °C) and H9YH19Y (56.2 °C) are more stable to thermal denaturation than N21 (46.8
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Figure 3: Structure foldability and thermostability of WW domain variants. A) CD scans
of the WW domain variants at the far-UV wavelength (200nm-260nm). Folded variants show a
signature peak at 227nm. B) Thermal denaturation (Tm) curves to measure the thermostability
of the variants. Scans were taken at 227nm wavelength temperature ranging from 5°C to 90°C

with a ramp rate of 0.3°C/min. Buffer condition: 20 mM NaPO4 at pH 7.0.

°C), while mutations T10H (38.5 °C) and H9Y (40.3 “C) resulted in loss of stability compared to
N21, albeit within the range of naturally occurring WW sequences?. The proteins are monomeric

as assessed by size exclusion chromatography (SEC) at the concentrations used for binding assay
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and concentration-dependent CD spectroscopy (Figure S2 and S3). Two-state folding is observed
as evidenced by the cooperative signal changes with well-defined linear pre- and post-transition
baselines?® (Figure S6) and reversible transitions between folded and unfolded states with Tm

difference of 1.2 °C suggests the absence of intermediate species?® (Figure S7).

Restoration of the binding ability of N21 variants except for H19Y

We assessed whether the designed variants bind group 1 proline-rich peptide by isothermal
titration calorimetry (ITC) titrations and compared the dissociation constants with CC16-N21, for
which a Ka of 71 uM £ 4 uM had been measured'® (Table 1). We found that TIOH and H9Y are
comparable to CC16-N21 (Kqof 84 uM £ 1 uM and 86 uM £ 6 uM, respectively). (Figure 4A&4B).
HI9YH19Y displayed improved binding (K¢= 50 pM £ 3 uM) (Figure 4C) while H19Y did not
show any binding affinity for the ligand, even at ImM concentration (Figure S4A & S4B). For
comparison, naturally occurring WW domains show a wide range of affinity towards group 1
peptide ranging from 1 uM to 500 uM’-%, We note that HOYH19Y retains the interactions between

tyrosine residues and proline residues of the peptide ligand observed in a variety of WW

domains®'3 and captured in the design of the original CC16 sequence based on MSA analysis'®.
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Figure 4: Isothermal Titration Calorimetry (ITC) for determining the binding affinity of
the WW domain variants. The binding was assessed using group 1 peptide. Blank was done
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using buffer only (Figure S4C) and each variant was assessed in duplicate. A) H9Y; B) T10H;
and C) HOYH19Y. Buffer condition: 20 mM NaPOs at pH 7.0.

While the structural design HOY and the double mutant HOYH19Y restored binding due to changes
of interaction in the binding pocket led by the mutations at the binding site, the dynamic design
T10H restored binding allosterically by retaining the same binding pocket.

Table 1: Predicted binding scores, thermostability, and binding assay profile of the WW

domain variants were summarized below.

WW variants | Tm (°C) | Ka(uM) AH -TAS AG Binding Energy
(kcal/mol) | (kcal/mol) | (kcal/mol) | Score (XEU)

N21* 46.8 -- -- - -- -6.91
CC16 _N21** | 224 71+4.7 | -35+0.2 | -1.3+0.0 | -5.2+0.1 -7.62
HOY 40.3 86+6.0 | -09+0.0 | 43+£0.0 | -52+0.1 -7.62
H19Y 54.1 -- -- -- - -6.88
HO9YH19Y 56.2 50£3.0 | -02+£00 | -53+£0.0 | -5.5£0.0 -8.03
T10H 38.5 84+10 | -1.24+0.1 | 4.0+0.1 | -5.2+0.1 -7.63

*Naturally occurring variants used as background sequence for this study

**Variants used in previous studies'® and used for comparison in this study.

Mirroring our previous observation with the parent sequences CC16-N21 and N2I1, the
experimental binding affinities to group 1 peptide do not correlate with thermodynamic stability
of the N21 mutant series. To understand the determinants of binding we applied Adaptive BP-dock
and used X-score energy units (XEUs) as our binding criterion to differentiate binders from non-
binders. N21 and HI19Y have binding scores higher than -7.00 XEUs while H9Y, T10H,
HI9YHI19Y, and CC16-N21 were lower than -7.62 XEUs (Figure 5A). A clear separation of binding
scores lies between the binders and non-binders, which verifies the effectiveness of Adaptive BP-
dock in investigating binding!®. The predicted binding scores correlate well with the experimental
binding equilibrium constants, Kq (Figure SA & Table 1). Additionally, we examined the MD
simulations of the unbound variants to understand the dynamics of residues that form the binding
surface in WW domains. We utilized DFI metric to examine the total change in dynamics of these

binding residues with respect to the non-binder N21 (Figure 5B). Variant HOYH19Y had the
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largest change in the negative direction, indicating the highest level of rigidification compared to
the others. In contrast, HI9Y exhibited a change in the positive direction, suggesting that the

hydrogen bonding residues are more flexible and therefore struggle maintaining interactions with

the peptide, resulting in a loss of binding.
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Figure 5: Experimental binding data compared with predicted binding score and change in
%DFTI of binding residues: A) Experimental binding In (K4) data collected with ITC shows that
N21 and H19Y are non-binders while HOY, T10H, HOYH19Y, and CC16-N21 are binders. The
linear fit for both panels is created by using binders. The empty circles (non-binders) are the
prediction from the fits. It shows a correlation (R=0.94) with predicted binding scores obtained
from Adaptive BP-dock. The double mutant HOYH19Y has the lowest predicted binding energy
score. N21 and HI9Y are predicted to be non-binders. B) The change in dynamics
(X (%DFIytqnt — %DFIy,,)) of binding residues which make hydrogen bonds with the
peptide was investigated. The trend captures the experimental studies (R=0.98). The variant
HO9YHI19Y has the largest change in the negative direction indicating the largest rigidification at
the binding site compared to others. H19Y shows a change in the positive direction implying
that the hydrogen bonding residues are more flexible which makes it harder to maintain the
interactions with the peptide leading to loss of binding.

Previous SCA analysis of WW domain revealed that eight positions show strong mutual
co-evolution with the binding sites’. Some of these positions have no direct interactions with the
ligands, suggesting that a distal dynamic allosteric mechanism might be governing the WW
domain binding process. We explored whether there are possible allosteric substitutions in CC16-
N21 that modulate binding affinity by applying DFI, a position-specific metric that measures the

relative flexibility of a residue backbone compared with the rest of the protein. Flexible regions

11
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identified by DFI metric tend to have a relatively large residue fluctuation response to a
perturbation on other regions, while rigid regions have lower responses. Rigid regions with a DFI
score lower than 0.2 are defined as hinges. These hinge sites have critical network of interactions
within the 3-D fold. They do not exhibit high residue response fluctuations to the perturbations
exerted on the protein chain, yet they can transfer the perturbations efficiently to the distal sites of
protein, like joints in a skeleton, and play a critical role in modulating the collective motion of a
protein. Hinges are critical to protein function: for example, mutations in these positions alter the
conformational dynamics profile and correlate to disease-associated mutations in ferritin?>. More
broadly, DFI profiles are associated with function and changes in DFI value, particularly in rigid
sites, leads to changes in function’**3. Comparative dynamics analysis of ancestral proteins with
their corresponding extant homologs revealed that change in DFI profile, particularly
compensation of the loss of certain hinge locations by the formation of the new hinge sites called
a hinge-shift mechanism, is utilized by nature to manipulate protein function®*. The DFI analysis
of Human Pinl also showed that substrate binding to the WW domain induces a hinge shift
mechanism and enhances the catalytic efficiency?°.

Hydrogen bonds are important interactions in biological systems, as they contribute to the
stability and function of proteins and other biomolecules. Thus, we analyzed the number of
hydrogen bond patterns of the docked poses and computed the number of hydrogen bonds formed
between the peptide ligand and the binding residues for each mutant (Figure 6). We found that
CC16-N21 and HOYH19Y formed five hydrogen bonds, H9Y and T10H had four hydrogen bonds,
and only one hydrogen bond was identified for the nonbinders N21 and H19Y. This analysis also
aligns with our dynamics analysis and suggests that the enhanced flexibility of these binding
residues in N21 and H19Y lead to loss in the formation of hydrogen bonds, thus leading to poor
binding affinity.

12
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Figure 6: Docking poses of the WW domain variants showing H-bonding. The docked poses
of CC16-N21, HOYH19Y, N21, H9Y, H19Y, and T10H are shown in cartoon representations.
Residues making hydrogen bonding interactions with the peptide ligand (gray) are shown in
sticks and annotated in the figure. Hydrogen bonds (yellow dashes) between the peptide ligand
and the residues of the protein are highlighted. Five hydrogen bonds are observed for CC16-N21
and HOYH19Y. H9Y and T10H only make four hydrogen bonds with the peptide ligand. Only
one hydrogen bond is identified for the nonbinders N21 and H19Y.

Since our results strongly support that the dynamics of WW domain play a critical role in
its biophysical properties, we further investigated the equilibration and the relaxation of dynamics

of variants. Thus, we studied %DFI in a sequential manner by creating a time series which carries
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information on the evolution of the dynamics. We prepared the time series %DFI by averaging 3
adjacent time windows respectively (0.5us-1us, lups-1.5us, and 1.5us-2us). As our earlier
works®1023:27 highlight that the DFI profiles capture the related function®!!-222437-39 " we cluster
these time series of the DFI values of each variant using PCA (See Methods) to compare their
dynamics profiles. The first two principal components are responsible for most of the variance in
the mutant DFI profiles. Hence, we utilized these two first principal components to analyze the
clustering of the mutants based on their similarity in flexibility profiles. The projection of the data
on the first and second principal components shows that the second principal component (PC2)
clearly separates binders and non-binders (Fig. 7A). All variants exhibiting binding to group 1
peptide have positive PC2 scores, indicating that they have similar flexibility profiles associated
with binding dynamics. In contrast, H19Y is clustered with the native N21 with negative PC:

scores, suggesting that their unbound dynamics results in poor binding (Figure 7A). The first
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Figure 7: A) Correlation between PC2 and binding affinity: The projections of times series
DFI data on the first and second principal components show separation between binders (in red)
and non-binders (in blue) on the second principal components score, where binders have PC2 >
0 and non-binders have PC2 < (. B) Correlation between PC1 and melting temperature (Tm):
The plot of PCi vs Tm shows a clearly positive correlation (R=0.79, P=0.11) between them,
indicating that the PCi reflects the stability of N21 and its mutants.
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principal component (PC1) captures folding stability: its value is correlated with melting
temperature (Tm) (Figure 7B). This analysis differentiates the role of dynamics in modulating
protein stability and binding poses and can help explain why HI9Y doesn’t bind the ligand.
Conclusion

We conducted a comparative analysis of the WW domains N21 and CC16-N21 to explore
why N21 exhibits poor binding, while its close homolog, artificially designed CC16-N21, showed
high affinity to group 1 peptides. The peptide-bound structure obtained by adaptive BP-dock
highlighted differences in the binding domains between N21 and CC16-N21. Binding in CC16-
N21 is mediated by two tyrosine residues (9Y and 19Y) that contact the peptide, whereas in the
N21 sequence, the equivalent positions are occupied by histidine. We explored whether unbound
dynamics (i.e., the unbound conformational ensemble) played a major role in binding by
computing DFI profiles, which provide position-specific metrics related to conformational entropy
per site. The comparison of the DFI profiles suggested a hinge-shift point at a distal position 10,
which is a histidine in CC16-N21 but a threonine in N21. Based on these observations, we
generated four mutants of N21 by substituting these residues: HOY, H19Y, T10H, and the double
mutant HOYH19Y. The bound forms were modeled using Adaptive BP-Dock and ranked
according to their docking energy scores. The variants were experimentally characterized: all
formed secondary structures comparable to N21, although mutations modulated the stability to
thermal denaturation. Furthermore, the binding affinities to group 1 peptide correlated with the
predicted docking energy scores. When we coupled this analysis with the computed DFI values of
the positions that formed hydrogen bonds with the peptide, we observed that enhanced flexibility
at these binding residue positions correlated with impaired binding in N21 and H19Y. Principal
component analysis of time-series DFI sheds light on the role of unbound dynamics in governing
binding and stability. These results suggest that dynamics govern WW domain binding, and that
sites that do not directly interact but distally modulate the dynamics of binding may also be crucial
and fundamental for binding. We hope that our structure and dynamics-based protein design

approach can be used to predict protein binding in general and to study protein-ligand interactions.

Methods and Materials

Molecular Dynamics Simulation

15
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Molecular dynamics simulations of the wild-type and mutants were performed using
AMBER 20%. The mutants were modeled by PyMOL Mutagenesis Wizard*'. Topology files were
prepared based on ff99SB forcefield and the solvation box was modeled by explicit water model
TIP3P* with a 14 A minimum distance from the boundary to protein. The systems were
neutralized by adding sodium and chloride ions and then minimized with the steepest descent
algorithm followed by the conjugate gradient method for 5000 steps. The systems were then heated
up to 300 K. Each system was then simulated for 2 ps with 2 fs time-step at constant temperature
(300 K) and pressure (1 bar) with Langevin thermostat and barostat.

Adaptive BP-dock

Adaptive BP-dock™!? is an iterative docking approach that utilizes perturbation response
scanning (PRS)* combined with the RosettalLigand program (version 3.5)* to model the
interactions between the WW domain and the peptide ligand. The induced fit that emerged from
the binding event is challenging to model with docking tools with static protein backbone and
peptide movement. In Adaptive BP-Dock, we include both the backbone flexibility of the receptor
and the ligand. Before each docking step, a new conformation of the protein receptor is calculated
based on the residue response fluctuation profile upon force perturbations on the binding pocket
residues using PRS. This approach mimics the peptide ligand's forces acting on the receptor and
generates a new conformation that samples binding-induced conformations. This conformation is
then docked with the peptide ligand using Rosettaligand. Adaptive BP-dock which includes
binding-induced backbone conformational changes improves the modeling of binding interactions
and can predict binding scores that capture the binding trends seen in experiments. The predicted
binding scores are evaluated by X-score empirical scoring function. X-score energy units (XEUs)
have shown previously to provide good correlation with experimental results!®#>4¢. Thus, we
applied Adaptive BP-dock to each of the most representative clusters sampled during unbound
MD simulations. We conducted three separate docking simulations to ensure the binding
interactions between the WW domain and peptide ligand are captured accurately.

Dynamic Flexibility Index

Dynamic Flexibility Index*-2423.27:37.3847
Network Model (ENM) and Linear Response Theory (LRT)?!. In PRS, Brownian-like unit forces

uses the PRS technique that combines Elastic

F are applied sequentially to each residue as perturbations®>*}. According to LRT, the linear
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response vector perturbation AR due to F is calculated as following where H™! is the inverse of

Hessian matrix.

[AR]3N><1 = [H]§1\1/><3N[F]3N><1 €]

In this work, instead of using Hessian matrix calculated via ENM, we used covariance matrix G
for C-alpha atoms calculated from MD trajectories which is proportional to the inverse of the
Hessian matrix (H™!). This is because MD provides more precise residue-residue interaction, such

as long-range interactions and solvation effects via atomistic force fields.

[AR]3N><1 = [G]3N><3N[F]3Nx1 (2)

To compute DFI, we perturbed each residue sequentially by applying random unit forces on each
residue. We then generated Perturbation Responses Matrix A as following.

Anxn = [AR ]y -+ [ARN|y it |AR |y -+ AR |y ] (3)
where |ARj |l, = \/m denotes the average response at position i due to perturbations on j.
This procedure is repeated several times in different directions for each position, to ensure that
forces are isotropically sampled. Then the averaged Perturbation Response Matrix A is used to

calculate the DFI per residue.

_ T lar]],
DFl = Sy ST 4)

This index is often more useful as a percentile, since the DFI range varies for different proteins.
Therefore, DFI percentile is calculated as

%DFI; = == (5)
where N is the total number of residues and n; is the number of residues with DFI value < DFI;.
To understand and capture the converged dynamics of the protein system, we calculated time series
%DFI; based on MD covariance matrices from the three sequential time windows: (i) 0.5us-1ps,
(i1) 1us-1.5us and (iii) 1.5us-2us. To improve the accuracy, the loose ends of the proteins were
excluded.
Principal Component Analysis

Principal component analysis (PCA) was applied to time series DFI. This dimensionality-

reduction method is used to reduce the variables in a high dimensional dataset while retaining most
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of the information from the dataset, therefore making the data more interpretable*®. For N21 and
its mutants, the time series DFI profiles were merged into n X p matrix X where n = 5 (total
number of DFI profiles) and p = 75 (dimension of time series DFI)?2. Singular value

decomposition of X was conducted as follows:

[XTxp = [Ulnxn[Zlnxp[VIpxp (6)

Here U and V are unitary matrices with orthonormal columns which are called left singular vectors
and right singular vectors, respectively. X' is a rectangular diagonal matrix of positive number o;
called the singular values of X. o; were arranged, by convention, in a decreasing order of their
magnitude and represents the variances in the corresponding left and right singular vectors.

The column vectors of V is called the principal components. They are new variables that are
constructed from the initial variables where first principal component is a direction which
maximizes the variance of the projected data, therefore preserves most of the data’s variation.

Score matrix T is defined as follows:

[T]nxp = [Ulnxn [Z]nxp @)

Each row vector of T is the projection of the corresponding data vector from matrix X on every
principal component. In this study, we utilized the projections of our original data vectors on the
first and second principal components and discovered their relations with the protein functions.
Plasmid sequencing and protein expression

The sequences encoding for the designed WW domain proteins, containing point
mutation(s) on N21 native sequence, were ordered from Genscript. All mutants were fused to
Maltose Binding Protein (MBP) and cloned in pMAL-c5x vector for expression. Each gene
contained an N-terminal poly-histidine tag and the TEV cleavage site ENLYFQG to facilitate
purification. The plasmids were transformed via heat shock into competent E. coli BL-21 cells
(NEB) and the mix were plated on LB agar plates containing ampicillin overnight at 37 °C. Single
colonies were used to inoculate 5 mL LB liquid cultures containing ampicillin and were grown
overnight at 37 °C shaking at 200 RPM. 10 mL of each culture was transferred to a 2 L flask
containing 1 L LB media with ampicillin for growth and expression. The rest of the cells were
centrifuged down, and the plasmid DNA was extracted using Promega Wizard® Plus SV Miniprep

kits. Sequences were verified using GeneWiz Sanger Sequencing. The 1 L cultures were grown to
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ODeoo of 0.6-0.8 and protein expression was induced by addition of ImM IPTG. Proteins were
expressed for 6 hours at 37 °C shaking at 200 RPM. Total protein yield for these conditions was
roughly 20 mg/L.
Protein isolation and purification

Cells were harvested by centrifugation at 5,000 RPM for 20 minutes and resuspended in
30 mL 20 mM NaPOsat pH 7.4, 0.5 M NaCl, and 20 mM imidazole buffer. Cells were lysed by
sonication for 20 minutes using ON/OFF cycle by 30 seconds, and then spun down at 5,000 RPM,
4 °C for 1 hour. The supernatant was purified on a 5 mL Amersham Bioscience HisTrap column
by FPLC (AKTApure). Fractions containing the protein were dialyzed in 20 mM NaPOaat pH 7.4,
0.5 M NaCl, and 10 mM imidazole at 4 °C. The His-tag was cleaved by digesting the proteins with
TEV at a ratio of 1:20 TEV to fusion protein, followed by purification by HisTrap column; WW
proteins were collected in flowthrough. The proteins were further purified by RP-HPLC on a 250
x 10 mm Phenomenex C18 Semi-prep column by gradient elution starting with 0.01% TFA in
water (solvent A) to 95% acetonitrile with 0.01% TFA (solvent B). Purified proteins were verified
by MALDI (Figure S5) and stored at -20 °C after being lyophilized.
group 1 peptide synthesis and purification

Proline rich peptide, group 1, was synthesized on a CEM Liberty automated peptide
synthesizer using Wang resin and FMOC protected amino acids. Deprotection conditions: 20%
Piperidine, 0.1M HOBT in DMF. Activation and coupling solutions: 0.5 M HBTU and 2M DIEA
in NMP. After completion of the synthesis, cleavage from resin was accomplished by shaking for
2 hours using a cleavage cocktail containing 95% TFA, 2.5% Triisopropylsilane, and 2.5%
distilled water. After 2 hours, the mixture was filtered, excess TFA removed, and lyophilized. The
crude peptide was purified by RP-HPLC on a 250 x 10 mm Phenomenex C18 Semi-prep column
by gradient elution starting with 0.01% TFA in water (solvent A) to 95% acetonitrile with 0.01%
TFA (solvent B). and verified by MALDI (Bruker).
Circular Dichroism

Protein stability and folding was assessed by Circular Dichroism (CD) using a JASCO J-
815 CD Spectrophotometer (JASCO, Easton, MD). Full scans were measured from 280 nm-200
nm at 5 °C with a Icm (or 1mm) quartz cuvette, at protein concentration of 40 uM in 20 mM
NaPOs buffer at pH 7.4. Spectra were collected in triplicate, averaged, and converted to mean

residue ellipticity using the following formula.
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Mean Residue Ellipticity(0) = TorLeCon

®)
Here, Mdeg= millidegree; M= molecular weight of the protein (g/mol); n=number of amino acids;
L= path length of the cuvette (cm); C= concentration of the protein (g/L)

Denaturation temperature (Tm) for all the WW domain peptides were calculated by monitoring
ellipticity at 227 nm while increasing temperature from 5 °C to 90 °C at a ramp rate of 0.3°C/min.
The reported T is the inflection point of the sigmoidal curve and is calculated using the Boltzmann

sigmoid equation.

(LL+(UL-LL))
y = (-ep@m=x)) _ ©9)
Slope
where UL and LL are the values of minimum and maximum intensities, respectively*->°. Data

generated from variable temperature was processed using OriginPro 2018.
Isothermal Titration Calorimetry (ITC)

WW domain and group 1 peptides were sent to Sanford-Burnham Medical Research
Institute (La Jolla, CA) for ITC using an ITC200 calorimeter from Microcal (North Hampton,
MA). In short, aliquots of group 1 peptide from a 5 mM stock were titrated into 100 pM WW
domain peptides, in 20 mM NaPOs4 buffer, pH 7.0. Data were analyzed using standard fitting
procedures with a one-binding site model and analyzed using the Origin software package

provided by Microcal. Titrations were carried out in duplicates, using phosphate buffer as blank.
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