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ABSTRACT

TYLER J. GREAR. Harnessing Peripheral Surface Information Entropy to
Characterize Biomolecular Recognition and Osmotic Stress Response. (Under the

direction of DR. DONALD J. JACOBS)

Predicting favorable protein-peptide binding events remains a central challenge in

computational biology and biophysics, with uncertainty surrounding how nonlocal

effects shape the global energy landscape. Here, peripheral surface information (PSI)

entropy is introduced, a quantitative measure of statistical variability in apolar and

charged non-interacting surface (NIS) proportions of conformational ensembles. Us-

ing HADDOCK3 molecular docking and explicit-solvent molecular dynamics simula-

tions (MDS), it was demonstrated that favorable binding partners exhibit low-entropy

macrostates indicative of preferential surface configurations. Across dozens of pep-

tides and multiple receptor systems, dominant modes persisted under varied dock-

ing parameters and initial conditions. An experimental meta-ensemble of 36 WW

domains confirmed dominant NIS modes independent of in silico methodology. El-

evated p53 concentration under osmotic stress has been established at the systems

biology level, this dissertation provides a molecular-scale explanation using MDS un-

der varying osmotic pressures. Experimental NMR chemical shifts for the MDM2

disordered lid were compared with ensemble-based predictions, yielding a correlation

coefficient of 0.998. With increasing osmotic pressure, lid-base contacts decreased and

conformational populations redistributed, supporting a mechanism where increased

lid rigidity governs the stress response. PSI entropy was then applied to apo MDM2

simulation trajectories, establishing a novel cancer-therapeutic strategy centered on

peripheral-state targeting and destabilization.
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CHAPTER 1: INTRODUCTION

1.1 The Problem of Binding Affinity Predictions

Predicting binding affinity from molecular structure remains challenging because

experimentally measured affinity is an equilibrium property of ensembles rather than

a property of a single representative structure. The relevant ensembles occupy ex-

tremely high-dimensional state spaces shaped by conformational variability, inter-

molecular recognition, and solvent-coupled reorganization; subsequently, the primary

bottleneck is sampling. The curse of dimensionality implies that only a negligible

fraction of configuration space is accessible to any finite computational protocol, so

models must extract reproducible signals from incomplete conformational coverage.

A second limitation is discriminatory power. Many biomolecular interactions are

stabilized by numerous weak contributions distributed across the system rather than

by a small number of dominant contacts, where enthalpy-entropy compensation and

related free energy window effects can map mechanistically distinct binding processes

onto similar values of ∆G. This reduces the interpretability and predictive value

of ∆G as a standalone descriptor and motivates context-specific descriptors that

characterize how binding is stabilized, not only the net favorability.

Finally, an interface-focused description is often incomplete because binding is con-

ditioned by global thermodynamic factors. Solvent reorganization, peripheral surface

properties, and nonlocal coupling can modulate which bound states are populated

and how stability is achieved even when interfacial contacts appear similar. This dis-

sertation therefore emphasizes an extended-interface perspective that integrates local

interfacial energetics, global protein-solvent organization, and develops ensemble-level

thermoinformatic measures to quantify binding constraints.
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1.1.1 Sampling in High-Dimensional State Spaces

The curse of dimensionality is not an abstract concern in biomolecular modeling.

It is a concrete barrier that arises the moment one treats binding as an ensemble

problem. Even when ignoring explicit solvent, the conformational degrees of freedom

(DoF) for flexible proteins and peptides produce a state space whose effective volume

grows exponentially with system dimension [1, 2]. With explicit solvent, the num-

ber of microstates explodes further, and the equilibrium ensemble becomes a small,

structured subset of a vast configuration space. The practical consequence is that no

finite simulation campaign can claim exhaustive exploration, and no single protocol

can guarantee that the dominant thermodynamic basins have been identified [3, 4].

This sampling limitation creates two distinct risks. The first is omission, where

relevant states may never be visited, low probability events may be important con-

cerning functional dynamics or transition pathways. The second is bias, in which

the states that are visited may reflect initial conditions, restraints, force-field idiosyn-

crasies, or protocol choices more strongly than true equilibrium structure. Docking

can generate many candidate poses, often under simplified treatments of receptor flex-

ibility and approximate scoring functions [5]. Molecular dynamics simulation (MDS)

can incorporate richer physical detail, yet it frequently remains confined to local free-

energy basins over accessible simulation timescales, precisely why enhanced-sampling

methods have become so important in biomolecular simulation [6, 7].

An intuitive geometric analogy is to imagine standing in an empty room and tossing

a handful of pebbles onto the floor, where they spread uniformly over the surface. In

the approximately two-dimensional plane occupied by the pebbles, the coverage may

appear extensive. Once the full three-dimensional room is considered, those same

points sample only a narrow slice of the available volume. The same logic extends

to high-dimensional spaces, coverage that appears substantial on a low-dimensional

manifold may only correspond to a vanishingly small subset of the full state space.



3

Both docking and simulation operate under partial information, and the central ques-

tion becomes how to extract reliable conclusions from incomplete ensembles.

1.1.2 A Need for Context-Specific Descriptors

Affinity prediction faces a second challenge beyond sampling. Binding is commonly

summarized by the standard thermodynamic relation

∆G = ∆H − T∆S, (1.1)

where ∆G is the Gibbs free energy, ∆H is the change in enthalpy, given ∆H = U +

PV , and T∆S is the absolute temperature-scaled change in entropy. This observable

compresses distinct physical contributions into a single scalar. Experimental affinity

is reported primarily as the dissociation constant, Kd, or ∆G, while decomposition

into enthalpic and entropic terms requires additional thermodynamic analysis [8].

Even when ∆H and ∆S are available, multiple mechanistically distinct combinations

can yield similar ∆G values. This degeneracy is especially important in biomolecular

recognition such as antibody-antigen complexation, where binding often reflects many

weak and distributed contributions including hydrophobic contacts, electrostatics,

hydrogen bonding, and solvent reorganization. Different mechanisms can converge to

similar affinities, masked by enthalpy-entropy compensation [9].

Equation 1.1 is deceptively simple. Although ∆G = ∆H − T∆S provides the cor-

rect thermodynamic decomposition, it does not by itself resolve the many distinct

physical contributions embedded within the entropic term, including conformational,

solvent, and rotational-translational effects [10]. This compression is one reason that

binding-affinity calculations often lack generalizability and transferability across sys-

tems unseen [11]. As an initial step toward more transferable free-energy determi-

nation, this dissertation introduces an entropic component that encodes both the

peripheral surface composition of the protein and the structural organization of the
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first hydration shell, grounded by the known importance of hydration-shell water in

biomolecular recognition [12, 13].

There is something subtle lurking behind Equation 1.1. The entropy term, S, is not

a single mechanistic quantity that can be identified with any one isolated source of

disorder. In the context of biomolecular binding, it denotes the total thermodynamic

entropy of the process, and therefore subsumes multiple distinct contributions arising

from molecular motion, internal rearrangement, and environmental reorganization

[14]. A more explicit decomposition may be written as

∆Stotal = ∆Strans + ∆Srot + ∆Svib + ∆Sconf + ∆Ssolv + ∆Sion + · · · , (1.2)

where the terms respectively denote translational, rotational, vibrational, conforma-

tional, solvent, and ionic contributions to the total entropy change upon complex

formation. Under this view, the persistent lack of transferability and generalizability

in computational free energy determination does not arise simply due to numerical

insufficiency. It reflects a more basic informational deficit, I lean towards the view

that the set of entropic quantities typically retained is not robust enough to represent

the full state dependence ingrained in different binding processes of biomolecules.

This limitation constitutes a fundamental barrier in free energy research. Even for

the seemingly narrower case of conformational entropy, exact evaluation is formally

tied to the full distribution of accessible microstates. In statistical mechanical form,

Sconf = −kB

∑
i

pi ln pi, (1.3)

which requires knowledge of the probabilities pi over the complete conformational

ensemble. For realistic biomolecular systems, this ensemble is neither finitely enu-

merable or analytically tractable. Consequently, exact computation of even one com-
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ponent of ∆Stotal is already obstructed by the need for information that is inaccessible.

If the full entropic content of binding cannot be directly resolved, then the prob-

lem shifts from exhaustive accounting to principled representation. From this view, a

global entropy may be interpreted as an entropic proxy designed to capture otherwise

unrepresented constraints encoded in the organization of the system. The broader

objective is not to enumerate every entropy explicitly, it is to curate a set of entropic

proxies that are sufficient for the research question being posed. Progress in bind-

ing free-energy prediction depends on whether these proxies can preserve the latent

information that conventional decompositions leave behind or never extract at all.

1.1.3 Accounting for Global vs Local Thermodynamics

A common simplifying assumption in affinity prediction is that binding is deter-

mined primarily by local interactions at the interface. This assumption is compu-

tationally attractive because interfacial contacts are straightforward to enumerate

and convert into approximate energetic terms, and contact-based models are able to

recover substantial predictive signal from interface structure alone [15]. The surround-

ing environment provides thermodynamic context, and that context can reshape the

global energy landscape even when local contacts appear dominant. This motivates

an extended-interface viewpoint in which nonlocal interactions and peripheral effects

can contribute meaningfully to binding strength and specificity [16, 17].

Several lines of evidence support this broader view. Solvent reorganization can

contribute materially to binding thermodynamics through hydration, electrostatics,

and water-mediated enthalpy-entropy balance, while binding heat-capacity changes

provide an experimental signature of restructuring that extends beyond a purely local

contact picture [18]. Allosteric coupling provides a second route by which distal re-

gions can influence binding, since perturbations far from the interface can redistribute

conformational populations and alter binding-relevant states [19]. A model restricted

to local interface energetics is likely to remain systematically incomplete, especially
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in systems dominated by weak interactions and solvent-coupled effects.

This dissertation treats binding as a joint constraint with both local and global

components. Local interfacial energetics remain necessary, yet they are embedded

in a larger thermodynamic setting determined by protein-solvent interactions and

peripheral surface composition. The practical question is how to represent that global

contribution in a form that is measurable, computable, and predictive. Ensemble-level

metrics that quantify organization, variability, or concentration of peripheral states

provide a natural route, because they express nonlocal effects as statistical constraints

rather than ad hoc corrections to an interface score.

The resulting design philosophy is to optimize interfacial contacts together with the

peripheral and solvent-coupled organization that stabilizes binding. In this disserta-

tion, the peripheral surface information (PSI) entropy is introduced as one realization

of that viewpoint. It combines an enthalpy-aware contact-statistical component mo-

tivated by the known predictive value of interfacial contact networks [15], with a

global entropy supported by prior evidence that the non-interacting surface (NIS), its

solvation, and its dynamics contribute to favorable binding conditions [16, 17].

1.2 Non-Interacting Surfaces

Ideas that the non-interacting surface (NIS) during protein-protein association can

contribute, in a non-negligible manner, to binding affinity calculations have progressed

over the last few decades. They were largely debated within the context of allosteric ef-

fects and entropy-driven solvent reorganization [20, 21]. In the mid-2000s, researchers

began to discuss the possibility of an extended interface [22], asking whether nonlocal

interactions can meaningfully affect binding strength and/or specificity. Volumetric

and calorimetric measurements, together with nuclear magnetic resonance (NMR)

spectroscopy have enabled quantitative monitoring of these nonlocal influences on

binding mechanisms. Additionally, changes in heat capacity upon formation of a

complex can provide information on nonlocal effects [22, 23]. In systems governed
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by complex weak interactions, enthalpy-entropy compensation can limit the discrim-

inative value of ∆G-based descriptors [24]. Free-energy functions that are overly

concentrated on the binding interface often miss the global thermodynamic context

provided by the environment. In this dissertation, the heterogeneity of free-energy

contributions is related to information entropy, establishing that conformations corre-

sponding to favorable energetics can be characterized by unique statistical signatures

that are encoded on the peripheral surface.

Since the mid-2010s, researchers have called for quantitative descriptions of NIS

characteristics in order to build a global model of binding affinity and identify an

Archimedean point for free-energy determination [25, 26, 27]. Furthermore, new en-

tropic considerations are expected for flexible complexes, where the correlation of

buried surface area (BSA) and binding affinity does not hold [26]. This demands

new global metrics derived from entire conformational ensembles rather than repre-

sentative binding poses or energy profiles. It has been shown that the percentages of

apolar and charged NIS (denoted Na and Nc respectively) exhibit significant correla-

tions with binding affinity [25, 28, 15, 29], and NIS effects have been verified through

alanine scanning [25, 28]. It has also been observed that proportions of Na and Nc

are conserved over orthologous complexes indicating an evolutionary selection pres-

sure [28, 30]. Assuming evolution has performed the functional optimization a priori,

an effective bioengineering protocol should harness the fingerprints that emerge from

this selective pressure. A new information-theoretic entropy is proposed that encodes

NIS properties over ensembles of molecular complexes consistent with favorable global

binding conditions. This emergent entropy is verified to exist independent of in silico

method, extracted from ensembles of experimentally resolved molecular complexes.

1.3 MDM2 Under Osmotic Stress

Osmotic pressure, Π, arises from differences in solute concentration across a semiper-

meable boundary. In cellular settings, Π provides a measure of the thermodynamic
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tendency of water to displace in response to those concentration differences [31], not

to be confused with mechanical pressure often denoted P . Hyperosmotic conditions

increase the effective concentration of solutes in the surrounding environment, alter-

ing hydration, macromolecular crowding, and the physical constraints experienced by

proteins and other cellular components [32]. The murine double minute 2 (MDM2)

oncoprotein and the tumor suppressing protein p53, are also relevant in the context of

osmotic stress, where prior work has shown that hyperosmotic conditions perturb this

regulatory axis at the cellular and systems level. MDM2 is the principal negative reg-

ulator of p53, acting through direct binding to p53 and ubiquitin-dependent control

of its stability [33, 34]. The p53 protein functions as a central stress-responsive tumor

suppressor that coordinates cell-cycle arrest, DNA damage responses, and apoptosis

[35]. Across multiple experimental settings, hyperosmotic stress has been observed to

stabilize or activate p53, promote p53-dependent checkpoint signaling, and alter the

regulatory state of MDM2. In renal inner medullary cells, hypertonic stress induces

p53 activation in a manner that is protective against apoptosis, and subsequent work

showed that this protection is associated with restriction of DNA replication and

delayed cell-cycle progression under hypertonic conditions [36, 37]. In fibroblast sys-

tems, osmotic shock was shown to transiently stabilize p53, promote p38-dependent

phosphorylation of p53, induce p21, and drive G1 arrest, with this response linked

mechanistically to altered MDM2-mediated control of p53 stability [38].

More recent work in NIH3T3 cells further demonstrated that increasing hyper-

osmotic stress produces a pronounced p53 response over a broad osmolarity range,

while also modulating phosphorylated MDM2 and phosphorylated p38, reinforcing

the view that osmotic challenge is transmitted through the MDM2-p53 regulatory

network rather than through p53 alone [39]. At a broader systems level, transcrip-

tomic, proteomic, and metabolomic analyses of hypertonic saline responses in airway

epithelial cells likewise identified activation of the p53-p21 signaling axis as a major
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outcome of modest hyperosmolar treatment [40]. These studies establish that osmotic

perturbation is a well-known upstream regulator of the MDM2-p53 system.

What remains much less developed is a molecular-scale description of how this

phenomenon is encoded in the conformational ensemble of MDM2 itself. Existing

work on MDM2 structural dynamics has largely focused on the intrinsic disorder

of the N-terminal lid, pseudosubstrate-like self-occlusion of the p53-binding cleft,

phosphorylation-dependent regulation, and ligand-induced plasticity of the binding

groove [41, 42, 43]. These studies are highly informative; however, they do not ex-

plain how an osmotic perturbation to the surrounding environment redistributes the

conformational states of apo MDM2 or reshapes the accessibility of the p53-binding

site. Thus, although the biological consequence of osmotic stress on the p53 pathway

has been recognized for years, the mechanistic bridge from osmotic stress to MDM2

conformational response has remained unresolved.

1.4 Thesis Statement

This dissertation advances the thesis that peripheral surface organization encodes

thermodynamic information relevant to biomolecular recognition and environmen-

tal response that is not recoverable from interface-centered descriptions alone. To

test this thesis, peripheral surface information (PSI) entropy is introduced as an

information-theoretic measure of ensemble variability in apolar and charged non-

interacting surface states, and N -space is developed as a reduced representation of

peripheral-state populations across docking and molecular simulation ensembles.

1.5 Contributions of this Dissertation

1.5.1 Peripheral surface information entropy as an ensemble descriptor

This dissertation introduces peripheral surface information (PSI) entropy, an information-

theoretic descriptor of peripheral surface organization in biomolecular ensembles. By

quantifying variability in apolar and charged non-interacting surface states across
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docking and MDS ensembles, PSI entropy extends affinity analysis beyond interfacial

contacts and captures thermodynamically relevant peripheral heterogeneity.

1.5.2 N -space as a representation of peripheral-state populations

N -space is introduced as a reduced representation of peripheral-state populations

in conformational ensembles. Monitoring shifts in the statistical distribution of ap-

olar and charged peripheral surface compositions, N -space resolves ensemble-level

population changes, including stress-induced responses in apo MDM2.

1.5.3 A peripheral destabilization strategy for WW domains

A peripheral destabilization strategy for WW domains is introduced that is based

on perturbation of non-binding surface features rather than direct modification of

the canonical peptide-recognition groove. In this framework, WW-domain design is

recast in terms of distal thermodynamic control, with the goal of modulating PPxY-

mediated recognition and its context-dependent effects on YAP signaling.

1.5.4 Peripheral design targets in apo MDM2

This work identifies peripheral design targets in apo MDM2 outside the canonical

p53-binding groove. These regions are proposed as distal thermodynamic controls

through which lid organization, binding-site accessibility, and ensemble populations

may be modulated, establishing a foundation for allosteric design strategies.
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CHAPTER 2: SYSTEMS OF STUDY

2.1 WW Domain

The first system considered is the WW-domain complex deposited as PDB ID

2LTW, determined by solution NMR. This structure corresponds to the first WW

domain of human Yes-associated protein (YAP WW1) in complex with a 14-residue

Smad7-derived peptide, GESPPPPYSRYPMD [44]. In the context of the full-length

protein, YAP was originally identified as a 65 kDa phosphoprotein (YAP65) and is

widely recognized as a transcriptional co-regulator that most often acts in a pro-

oncogenic manner upon nuclear translocation, although tumor-suppressive roles have

also been reported in specific biological contexts, including breast cancer [45, 46, 47].

The WW domain is a compact globular module of 36 residues containing the canonical

three-stranded antiparallel β-sheet characterized by two conserved tryptophan amino

acids flanking each end. This fold is widely used for investigating the thermodynamics,

folding kinetics, and peptide-recognition properties of small β-sheet proteins [48].

The Class I WW domain recognizes proline-rich peptide motifs of the general form

PPxY or LPxY [49]. In 2LTW, the WW1 complexed with a Smad7 peptide is an

example of canonical WW-mediated peptide recognition as shown in Figure 2.1. The

interface is formed by residues that are discontinuous in sequence but contiguous

in three-dimensional space, notably Tyr19, Leu21, His23, Gln26, and Trp30, which

together define the established XP and Tyr binding grooves [49, 44]. This enables

the domain to engage both the proline-rich segment of the ligand and the critical

tyrosine side chain that specifies Class I recognition. PDB entry 2LTW serves as

a particularly informative model system because it captures the structural logic of

small β-sheet recognition and is suitable for studying how local surface chemistry and
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topology encode molecular recognition in peptide-binding domains.

Figure 2.1: The WW domain. (a) The binding groove of the WW domain exists
within the blue region bound by two highly conserved tryptophans (Trp17 and Trp39).
Taking on the activated conformational state, the Tyr28 and Trp39 amino acids
exhibit upward orientations relative to the beta sheet, likely due to π effects which
are known contributors of favorable binding enthalpy.

Destabilizing the WW domains of YAP is expected to shift signaling toward tumor

suppression by reducing two cancer-relevant functions of the protein. First, WW-

domain mutation diminishes YAP-driven cell proliferation and oncogenic transforma-

tion, indicating that intact WW domains are required for a substantial portion of the

pro-growth transcriptional program [50]. Second, the folded WW domains of YAP1

also function as a WW-nuclear localization signal (NLS) that promotes nuclear import

where interference with this module attenuates YAP1 nuclear translocation, impairs

stemness gene activation, and reduces sphere formation in malignant breast cancer

cells [51]. This strategy remains context-dependent because WW domains also medi-

ate binding to negative regulators such as protein tyrosine phosphatase, non-receptor

type 14 (PTPN14), which restrains YAP by promoting its inactive cytoplasmic state
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[52]. Destabilization of WW-domains is best viewed as a plausible anti-oncogenic

strategy that can suppress YAP nuclear function and growth-promoting signaling,

while requiring careful evaluation of partner-specific effects.

2.2 PDZ Domain

PDZ (postsynaptic density-95/discs-large/zonula occludens-1) domains are a large

class of compact globular protein-protein interaction modules distributed broadly

across eukaryotes, from yeast to humans [53, 54]. PDZ-containing proteins have at-

tracted sustained interest due to their central roles in organizing signaling assemblies;

subsequently, they represent viable targets for molecular inhibition in therapeutic

design [55, 53, 56, 57]. The structural basis of PDZ-mediated binding specificity is

well studied and is commonly described using a simplified motif-based classification

framework [58, 59]. Class I PDZ domains recognize motifs of the form X-S/T-X-

ΦCOO− , class II domains recognize X-Φ-X-ΦCOO− , and class III domains recognize

X-D/E-X-ΦCOO− , where X denotes any residue, A/B is A or B, and Φ denotes a

hydrophobic residue, typically L, V, I, or F [53, 60]. Although broader and more

nuanced classification schemes have been proposed [59], this simplified framework is

sufficient for general context. PDZ domains often display substantial degeneracy and

contextual plasticity in ligand recognition, including interactions with noncanonical

internal motifs, lipids, and even other PDZ domains, giving rise to the broader and

promiscuous PDZ interactome [61, 60, 62].

The second system of study is the RIM1α PDZ domain in complex with an ELKS1b

C-terminal peptide (CDQDEEEGIWA), deposited as PDB ID 1ZUB and determined

by solution NMR [63]. 1ZUB captures a presynaptic active-zone scaffold complex in

which the PDZ domain of RIM1α recognizes the C terminus of ELKS1b [64, 63]. The

deposited construct contains the Rattus norvegicus RIM1α PDZ-domain fragment

together with an ELKS1b peptide derived from the extreme C terminus of the binding

partner. Structurally, the receptor retains the canonical PDZ fold, comprising a
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compact globular architecture built from a six-stranded β-sheet surrounded by two

α helices. As with other PDZ domains, the ligand binds along the groove formed

between the carboxylate-binding loop and the αB helix, extending the β-sheet in an

antiparallel manner as shown in Figure 2.2.

Figure 2.2: The crystallized 1BE9 PSD-95 PDZ domain characterized by X-ray
diffraction. Target A (blue) contains the GLGF repeat within the carboxylate bind-
ing loop between the βA and βB strands. Target B (green) contains the αB helix
which is vital for canonical binding interactions.

This system is especially informative because its specificity depends on the com-

bined contribution of the four C-terminal ELKS residues, consistent with prior bio-

chemical mapping of the ERC/ELKS C terminus [64, 63]. For the purposes of this

study, 1ZUB provides a compact and mechanistically rich model of peptide-mediated

recognition in which the binding surface is well resolved, the complex is experimentally

characterized in solution, and the molecular determinants of specificity are stringent.

These features make the RIM1α-ELKS1b complex a useful complement to more clas-

sical PDZ model systems, particularly for examining how surface topology and local
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chemistry constrain selective binding in small modular interaction domains.

2.3 MDM2 Protein

The third system of study is murine double minute 2 (MDM2), a cancer-related

oncoprotein and central negative regulator of the tumor suppressor p53 [33]. Through

direct recognition of the N-terminal transactivation region of p53, MDM2 suppresses

p53 activity and promotes its ubiquitin-dependent downregulation, making the p53-

MDM2 axis one of the most extensively studied protein-protein interactions in cancer

biology [65, 66, 34, 67]. For the aims of this dissertation, MDM2 introduces a com-

plementary regime of peptide-mediated recognition in which binding is concentrated

into a hydrophobic pocket, yet remains sensitive to conformational heterogeneity and

the broader thermodynamic state of the receptor surface.

Two experimentally resolved MDM2 structures are considered in this work in order

to distinguish between the open, ligand-compatible receptor state and the autoin-

hibitory lid-bearing state. The first is PDB ID 4HFZ, an X-ray structure resolved at

2.69 Å in which the p53-binding domain of MDM2 is observed in complex with an

N-terminal p53-derived peptide. In this bound state, the peptide adopts the canon-

ical α-helical recognition geometry and inserts its hydrophobic side chains into the

well-known MDM2 groove. Because this structure presents an open and well-defined

binding cleft, it serves as an appropriate model for analyses centered on the classical

p53-recognition pocket. More broadly, this lidless or effectively core-domain represen-

tation is the form most commonly employed in docking protocols, virtual screening

studies, and structure-based inhibitor design targeting the p53-MDM2 interface. As a

result, 4HFZ is the form used in Chapter 5, where MDM2 is treated as a conventional

deep-pocket peptide receptor for docking.

To complement this open-pocket representation, the second MDM2 structure con-

sidered here is PDB ID 1Z1M, an apo solution NMR structure that retains the in-

trinsically disordered N-terminal lid. Unlike peptide-bound crystal structures of the
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open cleft, 1Z1M captures the receptor in a state in which the N-terminal lid can

associate with and partially occlude the p53-binding groove. This lid-bearing state is

especially important because it is a dynamically regulated surface capable of transient

self-inhibition. Prior structural and dynamical studies have shown that the lid can

compete with ligands for access to the cleft, exchange between docked and undocked

conformations, and act as a regulatory element that modulates binding competence.

1Z1M is therefore studied specifically to investigate the dynamics of the disordered

lid and its role in self-inhibition, whereas 4HFZ is used as the corresponding lidless,

ligand-compatible receptor state that underlies much of the existing docking litera-

ture. These two MDM2 structures provide a holistic view of the same cancer-relevant

receptor system. The 4HFZ structure emphasizes the canonical peptide-bound ge-

ometry of the open hydrophobic pocket, while 1Z1M emphasizes the conformational

plasticity of the apo receptor and the regulatory influence of the N-terminal lid.
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CHAPTER 3: THEORETICAL FRAMEWORK

3.1 Statistical Mechanics of Conformational Ensembles

A single experimentally resolved or energy-minimized structure is often useful as a

reference; however, it is not a complete physical description of a biomolecule. Under

physiological conditions, biomolecular systems undergo continual thermally driven

fluctuations and therefore occupy a distribution of accessible conformations rather

than one fixed geometry [68, 69]. From the perspective of molecular biophysics, any

observed structure is best understood as one member of a broader conformational

space, and the biologically relevant object of description is the ensemble of accessible

states. This statistical representation may be expressed by assigning a probability pi

to each accessible conformation xi, such that
∑

i pi = 1.

In statistical mechanics, each conformation, xi, may be treated as a microstate with

an associated energy, where its contribution depends on both accessibility and the

likelihood of observing the i-th microstate. Subsequently, a favorable binding geome-

try or low interaction energy does not guarantee substantial macroscopic association

when the corresponding bound state is only sparsely populated. Experimentally and

computationally relevant quantities are best described by population-weighted aver-

ages, such that an observable A is given by 〈A〉 =
∑

i piA(xi).

Many biological processes are governed by shifts in ensemble state populations

instead of a single uniquely optimal structure. Even relatively low-population confor-

mations may remain mechanistically important when they participate in binding or

transition pathways [70]. It follows that a single conformation may fail to capture the

entropic and dynamical contributions that shape biological function. Because many

experimental and simulation-derived observables are inherently ensemble quantities,
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computational modeling requires adequate sampling of conformational space [4]. This

statistical-mechanical viewpoint motivates the ensemble-based analyses throughout

this dissertation, where the objective is to characterize distribution-level properties.

3.2 Peripheral Surface Information Entropy, SΨ

The contribution of the non-interacting surface (NIS) to biomolecular recognition

suggests that descriptors restricted to the binding interface may omit global thermo-

dynamic information [16, 17]. This limitation becomes especially relevant in flexible

systems, where single representative poses do not adequately capture ensemble-level

phenomena [70]. The peripheral surface information (PSI) entropy, SΨ, is introduced

here as a statistical measure of the variability in peripheral NIS states.

Consider a conformational ensemble containing Ω microstates, denoted {xi}Ω
i=1.

Solvent-accessible surface area (SASA) and relative solvent accessibility (RSA) calcu-

lations were performed [71], for which technical descriptions are provided in Section

4.1 [72]. Each microstate is then assigned a peripheral macrostate according to the

remaining NIS composition. The macrostate label is defined as the exact integer tu-

ple (nA, nC , nP ), where nA, nC , and nP denote the number of apolar, charged, and

polar components of the peripheral surface respectively. These macrostates map onto

points in NIS state space through their corresponding fractional compositions. The

occupied states may be visualized in the projected (Na,Nc) plane referred to as N -

space, where Na = nA/ntot and Nc = nC/ntot, with ntot = nA + nC + nP , while the

full (nA, nC , nP ) tuple remains the distinguishing macrostate definition.

Let Nj denote the j-th occupied macrostate in N -space, and let N be the number

of distinct occupied macrostates. The number of microstates that exist in a given

macrostate is quantified by the multiplicity function, g(Nj). In the projected plane,

this structured occupancy may be viewed equivalently as g(Na,Nc), and the corre-

sponding empirical probability is pi = g(Nj)/Ω. A nonuniform occupancy in N -space

indicates that the ensemble does not populate all peripheral states equally and instead



19

concentrates probability within a preferential subset of accessible NIS patterns. This

structured occupancy motivates an entropy-based description of NIS state variability.

Introduced by Claude Shannon in 1948, information entropy quantifies the amount

of information contained in a message or the unpredictability of a system [73]. For a

finite countable set of states, Shannon entropy is written as S = −K
∑

i pi log2(pi),

where K is a positive scaling factor. Choosing K = 1 gives the entropy in binary

digits (bits), given a log base of 2. The macrostate entropy is introduced first in

its intermediate form, while the physically motivated specification of K is given in

Section 3.3. The mapping of ensemble occupancy to macrostate-level structure in

N -space allows a peripheral surface information (PSI) entropy to be expressed as

S ′Ψ = −K
N∑
j=1

(
g(Nj)

Ω

)
log2

(
g(Nj)

Ω

)
. (3.1)

The prime notation indicates the intermediate expression prior to contact-based nor-

malization. In this form, S ′Ψ serves as a descriptor of the ensemble’s statistical state

rather than a direct component of the classical Gibbs free energy. Its role is to quan-

tify the variability of peripheral NIS organization across the ensemble after exclusion

of the interface atoms. Lower values of S ′Ψ indicate that the ensemble is concentrated

within a smaller set of recurring peripheral NIS macrostates, whereas higher values

indicate broader occupancy and greater peripheral-state heterogeneity. The guiding

hypothesis, as introduced in Section 1.4, is that energetically favorable recognition

is accompanied by reduced variability of peripheral NIS macrostates and therefore a

lower measured PSI entropy. This is treated as a working hypothesis rather than an

a priori guarantee, and the relevant question is whether SΨ separates favorable from

unfavorable binding under controlled comparisons.
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3.3 Normalization of SΨ

Intermolecular contact statistics over complete ensembles were utilized to construct

the normalization constant, K, in Equation 3.1. Docking runs yield an inter-chain

contact table listing residue-residue pairs (i, j) with an associated probability-like

value treated here as an unnormalized "mass" of contact, mi,j, defined from a Cα-

Cα contact probability. To incorporate the biophysical affinity of different contact

types, a contact class label was assigned to each amino acid (e.g., apolar, polar,

charged-positive, charged-negative). For a contact between class (ci) and (cj), a di-

mensionless scaling factor γ(ci, cj) was applied yielding the contact class-weighted

mass, m̃i,j = γ(ci, cj)mi,j. This mapping generally upweights contacts known to be

favorable (e.g., apolar-apolar, polar-polar, and opposite charges) and downweights

unfavorable combinations (e.g., apolar-polar, apolar-charged, and like charges) with

representative values γ(ci, cj) ∈ [0.61, 1.65], heuristically established from atomic con-

tact statistics [74]. The enthalpy-aware contact-classes, weights, and brief descriptions

are exhaustively provided in Appendix A, Table A.1.

Given an ensemble with nonzero contact masses, duplicate (i, j) entries were summed

over all members of the run to obtain a single class-weighted mass per distinct con-

tact pair. Aggregating over the resulting set of distinct pairs defines an ensemble-level

weighted total contact mass, M =
∑

(i,j) m̃i,j. Taking the cardinality of the set of

distinct (i, j) pairs as Q, the following reciprocal relationship is defined as

1

K
=
M

Q
, (3.2)

M grows with consistent complementary interactions that concentrate on favorable

contact modes shaped by hydrophobic packing and electrostatics. M/Q is sensitive to

recurrent binding motifs, while a largeQ with largeM signals energetic concentrations

that are diffuse along the receptor surface. Inserting Equation 3.2 into Equation 3.1
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provides the explicit form

SΨ = −
(
Q

M

) N∑
j=1

(
g(Nj)

Ω

)
log2

(
g(Nj)

Ω

)
. (3.3)

Each macrostate, Nj, contributes (−K pj log2 pj) to SΨ. Subsequently, the relevant

contributions are those from the N -states rather than conventionally with microstate

contributions. This was due to microstates only considered through their multiplici-

ties, g(Nj), and being otherwise indistinguishable, a strategic coarse graining of infor-

mation. The unnormalized PSI entropy, S ′Ψ, monitors how many distinct peripheral

NIS patterns are explored by favorable poses in N -space. Incorporating the normal-

ization factor K = Q/M , where M is the class-weighted total contact mass and Q is

the number of distinct contact pairs, results in an entropy per unit favorable contact

enthalpy. The following regimes are described to provide an intuitive understanding

for SΨ as a measure of the global thermodynamic landscape of binding events.

Regime I: low SΨ, low Q/M . The interface is dominated by a focused set of high-

affinity contacts that recurr across the ensemble, yielding small Q/M , and the emer-

gent NIS patterns concentrate into a subset of macrostates such that SΨ is small.

Regime II: high SΨ, high Q/M . Here, the class-weighted contact mass is spread

over many weak or sporadic residue-residue pairs such that Q/M is large; addition-

ally, the ensemble populates a broad family of distinct N -states giving a large SΨ.

This regime represents high degeneracy and polyspecific recognition, consistent with

transient or hub-like interactions.

Regime III: intermediate SΨ, low Q/M . In this intermediate SΨ regime, the in-

terface is built from strong recurrent contacts so Q/M remains small, yet SΨ is only

moderately reduced, indicating the peripheral NIS patterns retain appreciable vari-

ability across binding poses. This corresponds to a landscape that is well-focused at
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the interface with strong contacts yet is globally adaptable at the periphery, allowing

multiple N -states to remain thermodynamically probable.

3.4 Collective Variables, Order Parameters, and Reaction Coordinates

The terms collective variable (CV), order parameter, and reaction coordinate are

often used interchangeably in computational biology and biophysics, although they

are not identical. Each represents a reduced description of a much higher-dimensional

system, differing primarily in what information is retained and for what purpose. A

useful analogy is the classical double pendulum shown in Figure 3.1a. Although the

system can be written in Cartesian coordinates, its motion is more naturally described

by two angular variables, θ1 and θ2, that respect the geometric constraints. These

angles are Lagrangian generalized coordinates, they replace a redundant description

with a compact set of variables that still completely determines the admissible states

of the constrained system [75]. The geometric constraints of the double pendulum

are most informative when treated as an inverse problem, where the observed trajec-

tories provide evidence of the physical conditions that confine motion to a reduced

manifold, as shown in Figure 3.1b. By the same logic, trajectories in N -space provide

information for inferring the biophysical constraints that govern complexation.

The analogy to biomolecular CVs is helpful, although it is not exact. General-

ized coordinates are complete within the constrained configuration space, whereas

biomolecular CVs are usually incomplete, many-to-one projections of the microscopic

state. A distance, dihedral angle, contact number, or RMSD may isolate a physically

meaningful mode of change, yet none of these generally specifies the full molecular

configuration. Thus, CVs are best understood as deliberately chosen reduced de-

scriptors rather than full replacements for the underlying coordinates. Within this

framework, an order parameter is a measurable quantity used to distinguish states

or quantify structural organization, often without implying that it fully captures the

mechanism of transition. A reaction coordinate is more specialized, intended to de-
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Figure 3.1: The classical double pendulum. The Lagrangian generalized coordinates
θ1 and θ2 capture the full configuration space of the system. (b) The double pendulum
trajectories during a simulation of 120 seconds. (c) Centered at (0,0) is the suspension
point p1. (d) The red end, p2, of the first pendulum shows a structured trajectory
over time where any point is equidistant to p1. (e) When monitoring the blue end
of the second pendulum a standard example of chaotic dynamics is revealed. Given
enough time the blue trajectories would fill in this region completely having sampled
all possible configurations. How long will it take to visit all possible configurations?
This is just the sampling problem from another vantage.

scribe progress along a transition pathway and to align with the slow dynamical mode

governing barrier crossing [76]. A CV may serve as an order parameter, and an or-

der parameter may sometimes approximate a reaction coordinate, though these roles

are not equivalent. The central distinction is informational, generalized coordinates

are complete on a constrained manifold, whereas CVs, order parameters, and reac-

tion coordinates are projections that make otherwise intractable high-dimensional

biomolecular processes interpretable, at the cost of losing information [70, 76].

3.5 Potential of Mean Force and Free Energy Landscapes

The potential of mean force (PMF) provides a reduced thermodynamic description

of a molecular system by projecting the equilibrium ensemble onto one or more CVs.

For a pair of CVs, ξ = (ξ1, ξ2), the corresponding two-dimensional free energy surface

(FES) is obtained from the equilibrium probability density P (ξ1, ξ2) through the

Boltzmann inversion formula
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F (ξ1, ξ2) = −kBT lnP (ξ1, ξ2) + C, (3.4)

where kB is the Boltzmann constant, T is the absolute temperature, and C is an

arbitrary additive constant [77, 78]. All degrees of freedom (DoF) orthogonal to ξ

are integrated out in this construction; subsequently, the PMF represents an effective

FES rather than the full Gibbs free energy of association [79, 78]. In the reduced rep-

resentation, minima identify thermodynamically favored macrostates, while elevated

regions mark unfavorable regions of the (ξ1, ξ2) plane.

A two-dimensional PMF is especially useful when the process of interest is gov-

erned by coupled structural modes. In biomolecular systems, conformational rear-

rangements, partial ordering events, and binding-associated deformations are often

not captured adequately by a single coordinate. This is because a one-dimensional

projection may merge distinct substates or obscure the structure of transition regions.

When two CVs are retained, the resulting free energy landscape may resolve distinct

basins, anisotropic barrier regions, and preferred transition channels in a manner that

is more faithful to the underlying ensemble [80, 77]. A low-dimensional PMF should

be regarded as a thermodynamic map over the chosen observables rather than as a

complete representation of the full configurational surface [77, 81]. The 1D PMF and

2D FES are constructed later in Chapter 6, extracted from apo MDM2 ensembles.

3.6 Relevant NMR Chemical Shift Theory

The NMR chemical shift is conventionally defined on the parts-per-million scale as

δ =
ν − νref

ν0

× 106, (3.5)

where ν is the observed resonance frequency of the nucleus, νref is the resonance

frequency of the reference compound, and ν0 is the spectrometer frequency for that

nucleus [82]. Because δ is referenced and normalized by ν0, the same nucleus in the



25

same local environment should yield the same chemical shift even when the absolute

resonance frequency differs across instruments.

The chemical shift is determined by the local electronic environment of the nucleus.

In an external magnetic field B0, the local field may be written as Bloc = B0(1− σ),

where σ is the shielding constant [83]. Variations in shielding arise from local structure

and environment, including bonding geometry, hydrogen bonding, ring-current effects,

electrostatics, and conformational state. In solution, the observed value reflects the

isotropic average of the shielding tensor, σiso = (σxx +σyy +σzz)/3 [83, 84]. Chemical

shifts therefore serve as local structural observables that are sensitive to changes in

residue-level geometry and local environment.

In this dissertation, experimentally assigned chemical shifts obtained from the bi-

ological magnetic resonance data bank (BMRB) are treated as reference observables

on the standard ppm scale [85]. Computationally predicted shifts are interpreted

on the same scale and are compared directly to experiment after atom identity and

referencing are matched. The corresponding prediction residual is written as

∆δ = δpred − δexp, (3.6)

where δpred and δexp are the computationally predicted and experimental chemical

shifts respectively. This residual quantifies the agreement between a structural model

and the experimental local magnetic environment.

Chemical shifts are ensemble-level observables and should therefore be interpreted

within the statistical mechanical framework introduced earlier in this chapter. If

the system occupies microstates xi with probabilities pi, then the relevant predicted

observable is the ensemble average

〈δ〉 =
∑
i

piδ(xi). (3.7)
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This relation is important in flexible systems, where the experimentally observed

shift may correspond to a population-weighted average over multiple conformations

rather than to any single structure [86, 87]. The theoretical role of chemical shifts

in this dissertation is therefore to provide experimentally grounded, local observables

that can be compared directly with structure-derived predictions from simulation.

The specific SPARTA-based computational procedure that was used to generate the

predicted chemical shifts is introduced later in Chapter 4.
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CHAPTER 4: COMPUTATIONAL METHODS

4.1 Solvent Accessible Surface Area and Relative Solvent Accessibility

For each complex, per-residue solvent-accessible surface area (SASA) was computed

from the atomic coordinates using FreeSASA [71]. In this geometric construction,

SASA is the area traced by the center of a spherical solvent probe rolled over the

atomic van der Waals surface, and FreeSASA implements both the Lee and Richards

and the Shrake and Rupley approximations for this calculation. These SASA values

were then converted to relative solvent accessibility (RSA) by normalization with the

NACCESS residue maximum accessible surface area values [72],

RSAi =
SASAi

ASAmax,i

. (4.1)

See Appendix A, Table A.2 for the full set of ASAmax values. Residues with RSAi ≥

0.05 were assigned to three chemical classes: apolar (A), charged (C), and polar (P).

Interface residues were identified geometrically by a 5.0 Å heavy-atom distance cutoff

between receptor Chain A and partner Chain B, and all such interacting residues

were excluded for the RSA/SASA calculations.

4.2 Ensemble Generation

4.2.1 Molecular Docking

The docking software used to generate results was HADDOCK 3.0 (HADDOCK3)

[88]. This method was selected due to its modular and open-source framework allow-

ing for customization of parameters/energy functions, providing maximal control over

conformational ensemble generation. The standard HADDOCK3 pipeline consists of

3 steps: 1) rigid-body docking; 2) semi-flexible refinement in torsion angle space; and
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3) molecular dynamics simulation (MDS) in explicit solvent. Parameters were set to

the defaults unless explicitly stated in this dissertation. Correspondent with the steps

above, there are 3 energy-based HADDOCK scoring (HS) functions given by

HS =


0.01Evdw + Eelec + Edesolv + 0.01EAIR − 0.01BSA, Step 1

Evdw + Eelec + Edesolv + 0.1EAIR − 0.01BSA, Step 2

Evdw + 0.2Eelec + Edesolv + 0.1EAIR, Step 3

(4.2)

where Evdw and Eelec represent non-bonded van der Waals and Coulomb intermolec-

ular energies respectively. Edesolv is an empirical desolvation term, BSA is the buried

surface area upon complexation in Å2, and EAIR is the restraint violation energy

which expresses an agreement between experimental and back-calculated data. All

energies were computed using the optimized potentials for liquid simulations (OPLS)

force field [89], reported in units of kJ/mol.

4.2.2 Molecular Dynamics Simulation

All molecular dynamics simulations were performed using open-source molecular

mechanics (OpenMM), a high performance molecular simulation toolkit designed for

both routine biomolecular simulation and method development [90]. OpenMM pro-

vides a layered software architecture in which a high-level application interface is

coupled to a lower-level programmable library, allowing the same framework to be

used either as a stand-alone engine for conventional simulations or as a flexible plat-

form for constructing custom molecular modeling workflows. This design enables di-

rect specification of molecular topology, force-field parameters, boundary conditions,

integrators, thermostats, barostats, and constraints in a unified environment.

A major strength of OpenMM is that it combines broad force-field interoperability

with hardware-accelerated numerical performance. The software supports common

molecular simulation inputs and force-field ecosystems used for proteins, nucleic acids,
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lipids, solvents, and small molecules, while also exposing programmable force objects

and custom energy terms that permit the implementation of user-defined Hamil-

tonians and enhanced-sampling protocols [91]. OpenMM further provides multiple

computational platforms, including CPU and GPU backends, allowing simulations

to be executed efficiently on modern heterogeneous hardware. This makes the pack-

age particularly well suited for large-scale biomolecular simulations in which both

numerical throughput and methodological flexibility are important.

Within a simulation workflow, OpenMM propagates the atomic coordinates by

numerically integrating Newtonian equations of motion under the potential energy

function defined by the selected molecular mechanics model. Accordingly, the force

on atom i is obtained from the gradient of the potential energy,

Fi = −∇iU(r1, r2, . . . , rN), (4.3)

and the time evolution of the system is generated by an integration algorithm such as

Langevin or Verlet dynamics [92, 93]. OpenMM acts as both a program for trajectory

generation, and general computational framework for evaluating energies, forces, and

thermodynamic observables from atomistic models. Its combination of efficiency,

extensibility, and close integration with the Python ecosystem has made it a widely

used platform for molecular biophysics and computational chemistry [91, 90].

4.3 SΨ Computation

For the purpose of establishing the methods, the exemplar model system was the

WW domain (PDB ID 2LTW, experimental method NMR), a small highly flexible 36-

residue 4.15 kDa globular protein characterized by two conserved tryptophan amino

acids flanking each end. WW domains serve as a model system for understanding the

thermodynamics and kinetics of the β-sheet fold [48]. The protein receptor was exper-

imentally complexed with a 14-residue peptide, GESPPPPYSRYPMD. The first of
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30 NMR conformers was selected, the protein and peptide were structurally separated

then prepared and protonated using PDB2PQR [94]. Next, independent structures

were equilibrated in explicit TIP3P solvent using OpenMM [90] to decorrelate the

structures from the experimentally bound conformations. The active residues were de-

fined as (Tyr19, Leu21, His23, Gln26, and Trp30), that are discontinuous in sequence

while being spatially contiguous, forming the known XP and Tyr grooves of the WW

domain [49]. There were 3000 rigid-body conformations generated where the top-

ranked 400 (according to Equation 4.2) were retained for the next stage. The second

step of the docking protocol introduced flexibility to the interacting partners through

a three-step MDS-based refinement in order to optimize interface packing. After the

completion of Step 2, the top-ranked 400 models were further refined to remove all

complexes having an interface root mean square deviation (iRMSD) greater than 10

Å, resulting in 227 complexes in the exemplar ensemble. Dual energy-distribution

plots are provided in Appendix B, Figure B.1 for the generated ensemble described.

Figure 4.1: The N -
space hexbin plot.
Each hexagon repre-
sents a unit cell in
NIS state space. Af-
ter RSA thresholding
and explicit interface
exclusion, the exemplar
ensemble contained
Ω = 227 microstates
that partitioned into
N = 67 distinct
macrostates, with
color indicating the
multiplicity, g(Na,Nc).

The notable observation at this time was the self-organizing behavior of the NIS

apolar and charged proportions (Na and Nc) as shown in Figure 4.1. The (Na,Nc)
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points span a two-dimensional space which contains 227 microstates (Ω = 227) that

assembled into N = 67 macrostates. The number of microstates that exist in a

given macrostate is quantified by the multiplicity function, g(Na,Nc). With N -space

defined, SΨ is then calculated using Equation 3.3.

4.4 Chemical Shift Prediction

To compare structural models against experiment, backbone chemical shifts were

back-calculated from atomic coordinates using the synth-nmr python package [95].

This is a SPARTA-style method that combines residue-specific random-coil reference

shifts, secondary-structure-dependent offsets inferred from backbone dihedral angles,

aromatic ring-current corrections for proton nuclei, and an additive stochastic term

[96]. For nucleus type a at residue i, the predicted chemical shift is

δ̂
(a)
i = δ(a)

rc (ri) + ∆(a)
ss (si) + ∆

(a)
ring,i + ε

(a)
i , (4.4)

where δ(a)
rc (ri) is the residue-specific random-coil reference value for residue ri, ∆

(a)
ss (si)

is the secondary structure-dependent correction associated with local conformational

class si, ∆
(a)
ring,i is the aromatic ring-current contribution, and ε(a)

i is an additive Gaus-

sian noise term. The calculation begins from a residue-dependent random-coil base-

line, then applies structure-dependent corrections that account for local backbone

geometry and tertiary-structure effects arising from nearby aromatic side chains.

This formulation is especially useful because it places the predicted observable

in direct correspondence with experiment. Whereas NMR measurement yields the

experimental chemical shift, δ(a)
i,exp, the synth-nmr approach provides the corresponding

structure-conditioned estimate, δ̂(a)
i . Agreement between model and experiment may

be assessed at the residue level through the prediction residual

r
(a)
i = δ̂

(a)
i − δ

(a)
i,exp, (4.5)
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or more globally, the root-mean-square error

RMSE(a) =

[
1

Na

Na∑
i=1

(
δ̂

(a)
i − δ

(a)
i,exp

)2
]1/2

, (4.6)

where Na is the number of observations available for nucleus type a.

The synth-nmr method functions as a forward model that maps candidate pro-

tein structures to expected NMR chemical shifts, enabling quantitative comparison

of computed conformations or structural ensembles against experiment. In particular,

the predicted backbone and Cβ shifts provide a residue-resolved probe of local con-

formation and environment because these nuclei are sensitive to backbone geometry,

secondary structure, and the nearby chemical environment [96]. In the present imple-

mentation, the empirical fallback should be interpreted as a reduced SPARTA-style

approximation rather than a full reproduction of the original SPARTA model.
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CHAPTER 5: APPLICATION OF SΨ

5.1 Emergence of N -States Under Diverse Conditions and Conformations

Four conformations of the Smad7 peptide (GESPPPPYSRYPMD) were generated

as shown along the top row of Figure 5.1. The first conformation (SMDA) was taken

from the NMR ensemble (PDB ID 2LTW; conformer 1/30). The second conformation

(SMDB) was predicted using AlphaFold2 (AF2). The third conformation (SMDC)

resulted from performing an equilibration for 500 ps in explicit solvent on SMDB. The

fourth peptide conformation (SMDD) was predicted with AlphaFold3 (AF3). This

subset acts as an initial probe into whether the emergent N -states are sensitive to

peptide conformation. For all 4 conformations, the same protocols to dock Smad7

on the WW receptor were executed with two parameter sweeps of: i) the number of

rigid body models to generate in Step 1 with increments of (10000 and 25000); and

ii) the number of rigid models retained (nret) for Step 2 semi-flexible refinement were

varied in maximal increments of (200, 1000, 5000, 10000).

The primary finding was that the organization into a subset of macrostates con-

tinues under the parameter sweeps. When the number of rigid-body models in Step

1 was 10000, the mean number of N -states across all Smad7 peptide conformations

was: 24.25 ± 5.72 when nret = 200, 65.50 ± 12.60 if nret = 1000, 106.75 ± 16.68

at nret = 5000, and 145.00 ± 19.17 given nret = 10000. This trend persisted when

the number of rigid-body models was 25000. The smaller mean number of N -states

shows that the self-organization into subsets of macrostates occurs across the varied

conformations, parameters, and conditions as exemplified in Figure 5.1a. Figure 5.1b

shows the emergence of a dominant mode for each Smad7 ensemble. For a complete

set of Na and Nc distributions see Appendix B, Figures B.2 and B.3.
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Figure 5.1: An overview of N -state properties while varying: the Smad7 peptide
conformations, number of rigid-body models, and number of models refined by semi-
flexible MDS. (top row) Conformations are shown with N-termini on bottom and C-
termini on top where backbone geometries are depicted in silver. (SMDA) Was taken
from the NMR ensemble 2LTW without modification. (SMDB) This conformation
was predicted with AF2. (SMDC) The prior AF2 conformation was equilibrated with
MDS where a partial helix emerges. (SMDD) The final conformation was generated
using AF3. (a) The number of macrostates, N, vs the number of microstates (Ω) where
the number of rigid-body (RB) models was 25000. As the number of microstates
increases, the number of emergent macrostates follow a logarithmic trend, reaching a
maximum of N = 157 for SMDB. (b) Kernel density estimations ofNa proportions for
the four Smad7 peptides. A dominant Na mode emerges for all 4 peptide candidates,
attaining a higher amplitude for the SMDA and SMDD partners.

Next, the distributions of N -states for a diverse set of WW domain-peptide com-

plexes were evaluated to determine if common macrostates emerge. Step 3 from the

standard HADDOCK pipeline is now included, executing MDS with explicit TIP3P

solvent. The general expectation from the inclusion of Step 3 is that as the system

relaxes there is an expected general increase in SΨ across all systems due to ther-
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mal fluctuations. This is expected to occur along with an increase in the number of

N -states due to an increased sampling of binding conformations, reported in Tables

5.1 and 5.2. Two sets of peptides were created, each used to generate ensembles of

complexes with the WW domain. The first set, {PY }, contains 16 proline-rich pep-

tides with motifs PPxY (9), LPxY (3), and PPGW (4). The second set, {RD}, is

comprised of 16 randomly generated sequences where peptide lengths varied between

10 and 15. Each structure of {RD} was predicted using AF3 then both sets were

decorrelated from initial states by equilibrating with short MDS prior to docking

protocols. Full sequences for the {PY } and {RD} sets are provided in Appendix A,

Tables A.3 and A.4 respectively. The number of Step 1 rigid-body models was 10000,

and the number of retained models (nret) between steps was held fixed at nret = 200.

Table 5.1: N -state properties between Step 2 (semi-flexible refinement) and Step
3 (MDS in explicit solvent) extracted from ensembles of protein-peptide complexes.
Sixteen proline-rich peptides with motifs PPxY, LPxY, and PPGW were complexed
with the WW domain (PDB ID 2LTW). The terms ∆N , ∆SΨ, and ∆K indicate the
Step 3 minus Step 2 changes in the number of N -states, PSI entropy (SΨ), and the
normalization constant K = Q/M respectively.

PPxY LPxY PPGW
2DJY 2KXQ 2LB1 2LB2 2LTV 2LTY 2LAW SMDA SMDC 2EZ5 7LP5a 2MPT 1ZCN 2ZQS 6JIZ 7BQF

∆N 8.00 4.00 3.00 6.00 4.00 14.00 12.00 6.00 8.00 2.00 -13.00 8.00 -3.00 5.00 -7.00 -6.00
∆SΨ 0.22 -0.84 0.08 -0.29 0.22 0.20 0.06 0.16 0.22 -0.97 0.02 -0.48 0.51 -0.55 -0.30 -1.63
∆K 0.02 -0.16 0.01 -0.06 0.01 -0.01 0.00 0.03 0.02 -0.15 0.02 -0.10 0.08 -0.15 -0.04 -0.33

Table 5.2: N -state properties between Step 2 (semi-flexible refinement) and Step
3 (MDS in explicit solvent) extracted from ensembles of protein-peptide complexes.
Sixteen random sequences were predicted using AF3 then equilibrated with MDS in
explicit TIP3P solvent (RD01 to RD16). The terms ∆N , ∆SΨ, and ∆K indicate the
Step 3 minus Step 2 changes in the number of N -states, PSI entropy (SΨ), and the
normalization constant K = Q/M respectively.

RD01 RD02 RD03 RD04 RD05 RD06 RD07 RD08 RD09 RD10 RD11 RD12 RD13 RD14 RD15 RD16
∆N 15.00 8.00 6.00 9.00 9.00 13.00 -6.00 1.00 4.00 1.00 14.00 2.00 -1.00 14.00 4.00 7.00
∆SΨ -1.38 0.23 -1.13 -0.85 0.21 -0.96 0.23 0.10 -0.18 -0.15 -0.45 -1.65 -0.62 1.11 -0.01 0.34
∆K -0.44 0.01 -0.24 -0.17 0.02 -0.32 0.04 0.02 -0.06 -0.03 -0.22 -0.29 -0.09 0.11 -0.02 0.04

Table 5.1 and Table 5.2 summarize how the number of N -states, the normalized

PSI entropy, and the normalization constant K = Q/M evolve across systems. The
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number of N -states more frequently increased than decreased from Step 2 to Step

3, consistent with added sampling during solvent relaxation. However, this trend

was not universal as the condition ∆N ≥ 0 held for 26/32 ensembles, with decreases

observed for 1ZCN, 6JIZ, 7BQF, 7LP5a, RD07, and RD13. The SΨ levels at Step

2 and Step 3 separate the two peptide sets. At Step 2, SΨ = 2.95 ± 1.09 for {PY }

compared to 3.94± 1.24 for {RD}. At Step 3, SΨ = 2.74± 0.98 for {PY } compared

to 3.62 ± 1.10 for {RD}. In contrast, the unnormalized Shannon term (S ′Ψ with

K = 1) does not separate {PY } vs {RD}. This indicates that the PY-RD separation

is introduced by the K = Q/M scaling rather than by macrostate diversity alone.

For full tables and metrics, see Appendix A, Tables A.5 and A.6.

5.2 Robustness of PSI Entropy Across Varied Systems

Two new receptors were included to monitor theN -space trends already established

with the WW domain. The first receptor was the murine double minute 2 (MDM2)

protein, a vital regulator of the tumor suppressing protein p53. The MDM2 struc-

ture (PDB ID 4HFZ, lidless MDM2) was resolved by X-ray diffraction (resolution

2.69 Å) and originally complexed with an N-terminal p53 segment ETFSDLWKLLP.

The second receptor was the postsynaptic density-95/discs large/zonula occludens-1

(PDZ) protein (PDB ID 1ZUB) attributed with the organization of neurotransmitters

and signaling pathways at neuronal synapses. The structure of 1ZUB was resolved by

NMR where the first of 20 conformers was selected. The 1ZUB protein was complexed

with an ELKS1b C-terminal peptide, CDQDEEEGIWA. The receptor and peptide of

4HFZ/1ZUB were separated then decorrelated from their initial conformations by: 1)

equilibrating the receptors in explicit solvent using OpenMM; and 2) peptide confor-

mations were diversified by performing a 20 ns simulation on each in TIP3P solvent

then sampling every 2 ns resulting in 10 conformations for each peptide candidate.

The active sites provided to HADDOCK3 were expanded compared to the exemplar

ensemble in Chapter 4.3 with the WW domain (5 active residues). For MDM2 the
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active site was set to 54-99 (45 residues), containing the known binding groove that

is lined with apolar amino acids. When peptides were docked to the PDZ protein,

active sites were defined as 623-639 and 681-695 (a total of 32 residues) covering

the binding groove formed by a carboxylate binding loop, βB beta strand, and αB

helix. A cross-fertilization procedure was performed to test the working assumption

established in the Methods following Equation 3.1 (see Appendix A, Table A.7 for a

summary of pairings). This can be succinctly stated as: given a biologically cognate

(proper) and non-cognate (improper) peptide candidate docked to the same protein

receptor, a favorable candidate should measure a lower SΨ compared to candidates

that do not bind well. The procedure involved 2 phases where each phase utilized a

different protein receptor, a total of 40 HADDOCK3 runs (10 proper and 10 improper

runs per phase). The ambiguous interaction restraints (AIRs) were removed from

Step 3 during MDS. This acts as a molecular stress test for favorable interactions;

consequently, a decrease in Ω of final ensembles was expected.

Proper and improper ensembles are summarized separately at the phase level.

The unnormalized Shannon term (S ′Ψ with K = 1) is computed per run from the

macrostate probability distribution {pi}, then averaged across 10 replicas. The scal-

ing coefficient, K, is computed from contact statistics by pooling the nonzero contact

pairs (edges) and their contact weights over all replicas in the phase. The reported

phase-level PSI entropy is then Sphase
Ψ = Kphase〈S

′
Ψ〉runs, ensuring that the normal-

ization reflects the collective binding-site contact structure of the phase rather than

an average of per-run normalizers. Pooling is appropriate because both Q and M

depend on the support and weights of the contact network, estimated more stably at

the phase level than from any single replica. Averaging per-run ratios would conflate

run-to-run sampling variability in contact support with the phase-level normalization.

Across 10 replicas per phase, ensemble sizes and macrostate counts varied by re-

ceptor and condition. Despite replica-to-replica measurement uncertainty, the order-
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ing Sphase
Ψ (proper) < Sphase

Ψ (improper) was preserved for both receptors. For 4HFZ,

the proper ensembles had Ω = 47.6 ± 32.0 and N = 42.2 ± 26.4, while the im-

proper ensembles had Ω = 50.1 ± 19.5 and N = 46.1 ± 16.4. For 1ZUB, the

proper ensembles had Ω = 63.1 ± 17.7 and N = 58.3 ± 15.3, while the improper

ensembles had Ω = 24.7 ± 8.8 and N = 23.2 ± 7.2. Despite this variability, the

phase-level SΨ values followed the working assumption under matched protocols, as

shown in Figure 5.2a. For the 4HFZ receptor phase, SphaseΨ = 0.5086 (proper) versus

SphaseΨ = 0.6489 (improper), corresponding to ∆% = 21.6%. For the 1ZUB receptor

phase, SphaseΨ = 0.3986 (proper) versus SphaseΨ = 0.6969 (improper), with ∆% = 42.8%.

Here, ∆% = (1− SproperΨ /SimproperΨ )× 100.

Figure 5.2: An overview for the cross-fertilization procedure. (a) Under matched pro-
tocols, proper ensembles exhibit lower SΨ than improper ensembles for both receptors.
Note, the separation Sphase

Ψ (proper) < Sphase
Ψ (improper) persisted even when consid-

ering uncertainity (shown by error bars). (b) The enthalpy-weighted contact masses
with an upweighting of spatially-dense favorable contacts for the proper ELKS1b
peptide engagement. This exemplifies Regime 1 with low SΨ and low Q/M .

The enthalpy-weighted contact maps shown in Figure 5.2b refine this view by

spatially localizing the interactions of proper ensembles. Appendix B, Figures B.4

and B.5 display cross-fertilization contact map probabilities, ρ(i, j), contact-class

weighted probability maps, m̃i,j, and the ensemble-level net contact-class modula-

tion,
∑

Ω(γ(ci, cj)− 1.0) ·mi,j, for 4HFZ and 1ZUB receptor phases. For the ELKS1b

C-terminal peptide engagement, the contact class-weighted mass, m̃i,j, collapses to a
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compact patch of favorable contacts in the canonical groove, explicitly upweighted by

γ(ci, cj). This spatial focusing exemplifies Regime 1 (low SΨ and low Q/M), where

a small subset of contacts carries a disproportionate share of the total engagement.

The contact masses that dominate m̃i,j also dominate the contributions to SΨ; sub-

sequently, Figure 5.2 links reduced PSI entropy directly to a concentrated pattern of

biophysically favorable contacts on the active site. The improper ensemble in Figure

5.2b falls into Regime 2 with elevated Q/M and larger SΨ per unit contact density.

For detailed cross-fertilization calculations of phase-level statistics and associated er-

ror see Appendix C, Calculations C.1 and C.2 respectively.

Pooling all replicas within each phase, the phase-pooled N -space densities pro-

vide a distribution-level view of peripheral organization under matched protocols (see

Appendix B, Figures B.6-B.7). Because Ω differs across conditions, both the abso-

lute effective macrostate count (Neff = 2S) and its size-normalized fraction (Neff/Ω)

are used to distinguish changes in probability mass. For 4HFZ, the proper ensem-

ble is more concentrated in N -space, with a smaller effective number of macrostates

(Neff = 220.5 for proper versus 258.2 with improper). For 1ZUB, the dominant

N -space mode is preserved while the normalized effective state fraction decreases

(Neff/Ω = 0.481 for proper versus 0.629 with improper). These pooled distributions

show that reduced Sphase
Ψ coincides with a tightening of peripheral state occupancy in

a receptor-dependent manner. For the corresponding definitions of Neff and Neff/Ω

under phase pooling see Appendix C, Calculations C.3.

5.3 Experimental Validation of Dominant N -States

To investigate whether the emergence of dominant N -space modes is a general

phenomenon independent of in silico docking, ensembles of experimentally resolved

structures were analyzed. The goal is to identify conserved surface configurations

independent of simulation protocols. Such convergence of NIS properties with spe-

cific interfaces would suggest an evolutionary selection pressure. This link between
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interfacial properties and selection pressure has been discussed previously [28, 30],

though not through the lens of NIS composition. For demonstration purposes, the

WW domain is again used as a model system. The PDB RESTful API was utilized

in Python to extract all structures with Pfam Protein Family (PF00397) annotations

related to the WW domain. This query resulted in a total of 206 entries resolved

from 4 experimental techniques: Solution NMR (107), X-ray Diffraction (96), Elec-

tron Microscopy (2), and Solid-State NMR (1). The 206 entries were spread over the

following organisms: Homo sapiens (166), Mus musculus (25), Rattus norvegicus (4),

Drosophila melanogaster (3), Saccharomyces cerevisiae (3), and others (5). Further

refinement to all monomer WW domains complexed with small molecules, ligands,

and peptides (including engineered molecules) resulted in 36 entries, 34 from NMR

and 2 from X-ray experiments (see Appendix A, Table A.8) that were then pooled

into a meta-ensemble of Ω = 657 microstates (complexes). An alignment (reference

structure 2LTW, Figure 5.3a) followed by a superposition is presented in Figure 5.3b.

The multi-colored ribbons shown in Figure 5.3b exemplify a variety of partners

in terms of both binding poses and amino acid composition. This conformational

messiness was intentionally curated as the expected emergence of a dominant N -

state should occur along with statistical outliers and intrinsic conformational vari-

ance. Using the same process as previous sections, the corresponding N -space was

constructed from the experimental meta-ensemble. A kernel density estimation was

performed for the variables Na and Nc, spanning a two-dimensional continuous N -

space. The bivariate distribution of all 657 microstates is presented in Figure 5.4a

where a dominant mode in N -space is confirmed by a dense area of probability. The

discrete N -space is shown in Figure 5.4b where 3 regions of higher multiplicities

are revealed. There are three well-known classes of WW domains based on peptide

recognition [49]; accordingly, the meta-ensemble was trifurcated and the bivariate dis-

tributions were calculated for each class (Figures 5.4c-5.4e), see Appendix B, Figure
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Figure 5.3: The WW domain side (a) and front (b) views. (a) The binding groove
of the WW domain exists within the blue region bound by two highly conserved
tryptophans (Trp17 and Trp39). Taking on the activated conformational state, the
Tyr28 and Trp39 amino acids exhibit upward orientations relative to the beta sheet,
likely due to π effects which are known contributors of favorable binding enthalpy. (b)
An alignment and superposition of all 36 PDB entries (34 NMR, 2 X-ray diffraction).
The varying WW receptors (gray) are complexed with their corresponding peptide,
ligand, or small molecule (multicolored ribbons).

B.8 for full plots with axis labels. A dominant mode was observed for both the WW

family as a whole and each individual class. These insights preliminarily support

the hypothesis that as globular protein-peptide systems tend towards specificity over

evolutionary timescales, the NIS properties converge towards a dominant mode in

N -space, phenomena that are driven by evolutionary selection pressure.

The effective macrostate fraction, Neff/Ω = 0.246 (Neff = 161.8), is consistent

with state occupancy being concentrated rather than spreading uniformly across the

experimental space. Notably, N = 234 distinct N -states (macrostates) were ob-

served where 103 were singletons (gi = 1), while the maximum macrostate occupancy

reached gmax = 20. This heavy-tailed occupancy profile indicates that most states

are sparsely sampled whereas a small subset repeatedly concentrates probability mass

into dominant modes. Analysis of the gmax = 20 macrostate indicates that its mem-

bership is not restricted to a single experimental ensemble, it is partitioned across



42

multiple PDB entries (e.g., 2EZ5 and 2M3O); furthermore, 131 macrostates (∼56%)

contain microstates from more than one NMR ensemble, confirming that N -space

configurations are robust to experimental determinations over 15 years. These results

establish a consistent dominant-mode picture in N -space from energy-directed in sil-

ico ensembles to experimentally resolved structures. WW-domain destabilization is

framed here as a peripheral design strategy based on surface modulation rather than

direct alteration of the binding groove. By using small molecules or ligands to per-

turb NIS properties and drive NIS proportions away from dominant-mode regions in

N -space, ensemble populations are expected to redistribute, and tumor-promoting

YAP-mediated nuclear signaling is expected to attenuate [50, 51].

Figure 5.4: Bivariate distributions derived from a meta-ensemble of varying experi-
mental WW domains that were complexed with small molecules, ligands, and pep-
tides. (a) The continuous N -space containing all 657 curated experimental protein-
partner complexes. It is readily apparent that a dominant mode of the bivariate
distribution exists, shown by red/dark-red regions. (b) The discrete N -space (hexbin
plot) explicitly shows 3 general regions of high multiplicity across all microstates.
Trifurcating the meta-ensemble based on known classification, the corresponding bi-
variate distributions are shown in (c-e). The dominant class contributions to the
meta-ensemble are indicated by (I, II, and III) in (a).
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CHAPTER 6: A MOLECULAR-SCALE MECHANISM FOR P53 ABUNDANCE

UNDER OSMOTIC STRESS

6.1 A Comparison of Computational and Experimental Chemical Shifts

The first objective is to validate simulated dynamics by contrasting computational

against experimental chemical shifts. All structures were prepared using PDBFixer

[97] and protonated with PDB2PQR [98]. Conventional MDS was performed for the

human MDM2 N-terminal p53-binding domain (PDB 1Z1M, lid residues 1-24 and

protein core residues 25-118) in OpenMM (CUDA, mixed precision) [91]. The sim-

ulation configuration included the Amber ff14SB force field [99], explicit TIP3P-FB

waters [100], particle-mesh Ewald electrostatics [101], a 1.0 nm nonbonded cutoff,

and hydrogen bonds constrained. Each trajectory used the protocol: i) energy min-

imization to convergence; ii) a 50 ps canonical (NVT) warm-up at 1 fs step size;

iii) 1 ns NVT equilibration; iv) 2 ns isothermal-isobaric (NPT) equilibration; v) a

1 ns microcanonical (NVE) diagnostic segment to monitor energy drift and numer-

ical stability [102]; and vi) a 250 ns NPT production run at 2 fs time steps, using

a Langevin-middle integrator at 300 K [103], and Monte Carlo barostat that main-

tained isotropic mechanical pressure (1 atm). Isotonic (physiological conditions ≈ 300

mOsmL−1), hyperosmotic (≈ 388 mOsmL−1), and supraosmotic (≈ 690 mOsmL−1)

systems were built with 0.15 M NaCl and sorbitol. Raising total solute concentration

in this way lowers solvent activity and mimics the osmotic pressure increase expected

when macromolecules crowd. Sorbitol is uncharged, so osmolarity was tuned with-

out a charged cosolute that would add long-ranged electrostatic effects beyond those

already present from protein and ions. All structures were cleaned using PDBFixer

and protonated using PDB2PQR. For each osmotic condition, 24 NMR conformers
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acted as initial structures each having 4 replicas (96 trajectories per condition, 288

total). Total simulation time summed to ∼24 µs per condition and ∼72 µs overall.

Figure 6.1: Isotonic ensem-
ble validation of N-terminal lid-
base chemical shifts. Predicted
shifts are plotted against Bio-
logical Magnetic Resonance Bank
(BMRB) 6612 experimental shifts
for residues 19 to 24. Each point
is one matched (residue, atom)
pair and colors indicate atom type
(15N, HN, Hα, Cα, Cβ). The
dashed line is the identity (y = x),
r = 0.998. Points lie close to
that line, so the isotonic ensemble
reproduces the experimental shift
pattern for the matched nuclei.

The normalized autocorrelation function (ACF) measures how strongly a CV lin-

early correlates with itself after a fixed time lag along an equilibrium trajectory,

and provides a standard route to a correlation time for that observable [104]. The

decorrelation stride for chemical-shift averaging was taken from the normalized auto-

correlation of the lid extension CV (Cα1 to Cα23), the first 1/e crossing at τ ≈ 600

frames (∼12 ns) set synth-nmr predictions to stride 600 for residues 19 to 24 [105],

for a detailed ACF construction see Appendix C, Calculations C.4. Isotonic means

per (residue, atom) were compared to Biological Magnetic Resonance Bank (BMRB)

entry 6612 for the same PDB 1Z1M NMR ensemble as in the simulations. Fifty-six

experimental and 34 predicted nuclei were identified. 25 intersecting pairs, domi-

nated by backbone assignments, supplied scatter and Bland and Altman points with

matched δexp and δpred [106] as shown in Figure 6.2. The 31 BMRB-only nuclei were

mostly flexible side chains (for exampleHβ, Hγ, and Cγ), nuclei without a counterpart

[106]. Predicted and experimental isotonic shifts agree closely (r = 0.998), showing
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ensemble-mean predictions track the NMR shifts for this residue set [106]. Agree-

ment largely holds across atom types present in the matched set. Note that atomic

notation places mass number at the upper left, as in 15N, atom-specific position at

the lower right, as in Hα or Cβ, formal charge at the upper right, as in Na+, and

atomic number at the lower left only in specialized nuclide notation, as in 15
7 N.

Figure 6.2: Bland and
Altman plot for isotonic
predictions. Difference
is δpred − δexp for each
matched residue and
atom. Horizontal lines
indicate zero, mean dif-
ference (bias), and limits
of agreement (LoA) (µ
± 1.96σ). These results
indicate a modest overall
bias and generally good
agreement between pre-
dicted and experimental
chemical shifts.

Agreement was further assessed with a Bland-Altman plot [106], which showed

generally small residuals and limits of agreement (LoA) that contained 22 of the 25

matched nuclei. The three points outside those limits were confined to amide 15N of

residues 21 and 23 and Cα of residue 19, consistent with nucleus type-dependent limi-

tations of the empirical predictor rather than a broad failure of the isotonic ensemble

[107, 106]. The near-unity correlation (r = 0.998) and the small residual structure

observed in the Bland-Altman analysis support use of the isotonic run as a calibrated

baseline for subsequent comparisons. Across osmotic conditions, the ensemble-mean

predicted shifts at the lid base changed marginally.

It has been demonstrated that the isotonic ensemble reproduces the local lid-base

(residues 19-24) chemical-shift signal with strong agreement to experiment, small

residuals, and near-unity correlation. The simulation trajectories provide an experi-
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mentally anchored isotonic baseline for the insights that follow. Subsequent osmotic

stress responses can be interpreted against a reference state that is locally calibrated

by NMR rather than by an arbitrary starting geometry.

6.2 Lid Rigidity and Lid-Base Dissociation

The length of lid-extension (CV1) and the lid-core angle (CV2), were defined us-

ing the same collective-variable scheme previously applied to MDM2 simulations by

Bueren-Calabuig and Michel in [105], expressed as

CV1 = ‖r1,Cα − r23,Cα‖, (6.1)

CV2 = 6 (r11,Cα , r50,Cα , r62,Cα) , (6.2)

where rx,Cα denotes the position vector for the Cα atom of residue x, and 6 (a, b, c)

denotes the angle subtended by the three points a, b, and c, with b as the vertex.

The osmotic-pressure effect on lid motion was characterized by one-dimensional po-

tentials of mean force (PMFs) along CV1 and CV2. Both the one-dimensional PMFs

and the joint two-dimensional energy landscape in CV space were constructed from

the same decimated trajectories adopted for chemical-shift prediction, with maxi-

mally independent samples. As in most physical systems, the ensemble tends toward

minimum-energy states; subsequently, the energy basin minimum provides an infor-

mative measure of the dominant CV state under a given osmotic condition [104].

Reconstruction of the energy basins revealed condition-dependent shifts in dom-

inant lid conformations. For CV1, the dominant basin shifts toward larger lid-

extension values with increasing osmotic pressure, the PMF minima occur at CV1

= 19.74 Å, 25.62 Å, and 28.97 Å under isotonic, hyperosmotic, and supraosmotic

conditions respectively, this progression is shown along the top row of Figure 6.3.

The progression along CV2 (see Figure 6.3 bottom row) shows an unexpected trend

of state populations shifting towards a more open lid-core hinge angle. The pro-



47

Figure 6.3: One-dimensional free-energy basins along CV1 (lid extension; top row)
and CV2 (lid-core angle; bottom row) for isotonic, hyperosmotic, and supraosmotic
conditions. Histograms pool the same decimated frames (stride 600, approximately
12 ns between samples at a 20 ps sampling frequency). Potentials of mean force are
shown with a fixed 0-5 kBT range, and vertical dotted lines mark the abscissa of the
global minimum of each discrete PMF. The shaded F < 2 kBT region and horizontal
dotted line retain their usual interpretation as a thermally accessible basin. With
increasing osmolarity, CV1 shifts toward larger extension values, while CV2 exhibits
stress-induced redistribution of hinge-angle geometry.

gression along CV2 was = 67.60◦, 80.91◦, and 96.90◦ for isotonic, hyperosmotic, and

supraosmotic ensemble minimum states respectively. The progression along CV2 is

consistent with hinge geometry opening under stress and then plateauing in the sam-

pled coordinate. More broadly, condition-dependent deformation of the CV2 energy

basin indicates that osmotic stress reshapes the hinge geometry that governs the

conformational compatibility at the lid base [104, 105].

The stress response is further refined when monitoring the number of atomic con-

tacts at the lid-core hinge as a function of osmotic pressure. The statistical fluc-

tuations represented by σ as the mean per-trajectory standard deviation, decreases

concurrently with σ = 5.46 Å→ 4.72 Å→ 4.03 Å. The monotonic decrease in σ im-
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Figure 6.4: Condition-wise
summary of the lid-extension
coordinate (CV1; residue 1 to
residue 23 Cα − Cα distance).
Bar height gives the condition
level mean over trajectories (µ),
error bars report the mean per-
trajectory standard deviation
(σ). From isotonic to hyper-
osmotic to supraosmotic con-
ditions, µ shifts upward while
σ decreases, indicating lid dy-
namics that are more extended
and less flexible (more rigid)
under osmotic stress.

plies reduced flexibility along the lid extension coordinate. Direct connection of this

trend to lower configurational entropy requires further analysis, which is carried out

in the next section through CV-space and N -space occupancy [104].

Total lid-base contact counts decrease monotonically with osmotic pressure, imply-

ing a partial dissociation of the lid-core hinge with mean contact totals of 1003.79

for isotonic, 924.70 for hyperosmotic, and 879.75 for supraosmotic conditions. The

decline in lid-base hinge contacts is summarized in Table 6.1, consistent with osmotic

pressure dissociating or loosening lid-base coupling. An interesting finding was that

the proportions of favorable and unfavorable contacts remain surprisingly similar.

The mean favorable fraction, nfav/(nfav + nunfav), stays within about half a percent-

age point of exact parity for isotonic, hyperosmotic, and supraosmotic ensembles

(∼50.7%, ∼50.9%, and ∼50.4%, respectively). The favorable lid-base contacts are

only slightly in excess of unfavorable ones even as total contact density falls. That

balance is nonetheless compatible with large shifts in the CV projections, because

equilibrium weights amplify small local biases when they enter exponential combina-

tions of probabilities and free-energy profiles [104, 108, 109].

Importantly, the same stressed-regime trends in lid extension, hinge geometry, lid-
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Table 6.1: Contact summary for the N-terminal lid-base (residues 19 to 24), aggre-
gated by osmotic condition. Values are computed over all frames pooled within each
condition. The mean is the per-frame average over all runs. For total contacts and
favorable and unfavorable sums, the per-frame standard deviation, reported as µ ± σ.
Reduced contacts indicates diminished lid-base coupling to the MDM2 protein core.

Condition nruns ntotal (µ± σ) nfav (µ± σ) nunfav (µ± σ)

isotonic 96 1003.79 ± 272.67 509.30 ± 187.74 494.49 ± 148.54
hyperosmotic 96 924.70 ± 269.38 471.46 ± 189.08 453.25 ± 134.16
supraosmotic 96 879.75 ± 250.92 443.84 ± 171.77 435.91 ± 138.38

base contacts, and PMFs are observed while the isotonic reference remains consistent

with experimental chemical-shift benchmarks, which supports treating these compu-

tational observables as physically meaningful [106, 107]. However, there were the

unexpected predictions in the 1Z1M lid hinge (19-24), mean |δpred − δexp| differences

with isotonic were only 0.052 ppm and 0.049 ppm under hyperosmotic and supraos-

motic conditions respectively, despite clear lid-base decoupling.

These observed trends portray osmotic stress as driving a more extended, less

fluctuating lid with weaker hinge coupling that raises the effective barrier for large lid

displacements thereby hindering the p53 induced-fit engagement with the groove [105].

The next section investigates CV-space and N -space occupancies to assess whether

thermally accessible microstates in (CV1,CV2) and peripheral configurational entropy

shrink in tandem, linking rigidification to fewer accessible states.

6.3 Osmotic Stress Induces State Population Shifts

The isotonic ensemble matches experimental lid-base chemical shifts at high cor-

relation; consequently, the structural observables under osmotic stress are tied to a

locally validated reference [106, 107]. Relative to that baseline, hyperosmotic and

supraosmotic conditions show larger mean lid extension, a higher hinge angle at the

one-dimensional PMF minimum, lower mean per-trajectory fluctuation along CV1,

and lower lid-base contact totals with favorable and unfavorable classes declining in

parallel (Table 6.1 and Figure 6.3). This is consistent with a hinge-lid ensemble that
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is more extended and less fluctuating while partially decoupled from the core. The

two-dimensional free-energy surfaces in the (CV1,CV2) plane (Figure 6.5) combine

CVs into one equilibrium view where each condition contains a minimum-energy state.

Figure 6.5: Free-energy landscapes in the (CV1,CV2) plane. Free energy in kcalmol−1

is relative to the minimum. Each column is one osmotic condition (isotonic, hyper-
osmotic, supraosmotic). Free energy increases away from the dominant basins, shifts
in state populations show osmotic redistribution of the lid-base ensemble.

Peripheral organization appears in N -space as macrostate multiplicity g(Na,Nc),

and isotonic-referenced ∆g in Figure 6.6. Here, the analysis is restricted to intramolec-

ular ensemble redistribution within a single MDM2 system, so the Q/M normaliza-

tion was not applied and entropy is reported as the unnormalized Shannon quantity

S ′Ψ. PSI entropy, falls monotonically from isotonic (S ′Ψ=6.39 bits) to hyperosmotic

(S ′Ψ=5.72 bits) to supraosmotic (S ′Ψ=5.44 bits), concentrating state populations into

fewer effective peripheral macrostates, a stress-induced tightening of the periphery.

The 2D free-energy surface (FES) and N -space views are consistent with lid stiffen-

ing and reduced peripheral entropy. The bottom row of Figure 6.6 (∆g vs. isotonic)

highlights (Na, Nc) states that gain multiplicity under stress response alongside the

CV1/CV2, PMFs, contacts, and FES. Hex cells with the strongest stress-induced

enrichment are natural targets for biased sampling or design (ligands, staples, cross-

links) targeting the stressed periphery to modulate the (Na,Nc) profile under isotonic

conditions, possibly destablizing the target.

Figure 6.5 supplies a joint (CV1,CV2) free-energy measurement on the trajectories
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Figure 6.6: Stacked global N -space panels for osmotic-stress-driven population re-
distribution. The upper row shows condition-dependent occupancy multiplicity
g(Na, Nc) for isotonic, hyperosmotic, and supraosmotic ensembles; the annotation
above that row summarizes the scale of pooled sampling (N -space occupancy, 1.2×106

frames per osmotic condition). The lower row shows the corresponding change relative
to the isotonic baseline (∆g), highlighting regions of decreased and increased occu-
pancy and newly populated N -states. Data are derived from 96 trajectories of 250
ns each per condition, i.e. 24µs of aggregate sampling per condition and all twenty-
four systems. The redistribution indicates that osmotic stress reorganizes equilibrium
peripheral macrostates and reweights state populations relative to isotonic conditions.

experimentally validated with the BRMB chemical shifts, while Figure 6.6 shows how

osmotic stress reallocates peripheral state populations, decreasing SΨ quantifies the

loss of peripheral diversity, and the ∆g plots show which (Na,Nc) macrostates gain

or lose multiplicity relative to isotonic sampling. Hex cells with the strongest stress-

induced enrichment identify concrete (Na,Nc) objectives for interventions (ligands,

staples, cross-links) aimed at reproducing or counteracting the stressed periphery.
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CHAPTER 7: DISCUSSION AND FUTURE DIRECTIONS

The isotonic ensemble was anchored to experiment by the strong agreement between

predicted and measured chemical shifts at the N-terminal lid base, with r = 0.998 for

residues 19 to 24 relative to BMRB entry 6612 [110]. Against that validated reference,

osmotic stress was accompanied by a coordinated redistribution of the lid ensemble,

where mean CV1 increased from ∼23.4Å to ∼25.1Å to ∼26.7Å, the corresponding

standard error decreased from ∼ 5.5Å to ∼ 4.7Å to ∼ 4.0Å, the one-dimensional

PMF minima shifted toward larger CV1 and CV2 values, and total lid-base contacts

declined from isotonic to hyperosmotic to supraosmotic conditions (see Table 6.1,

Figure 6.4, and Figure 6.3). These observables collectively support the interpretation

that osmotic stress biases MDM2 toward a lid ensemble that is more extended, less

fluctuating, less tightly coupled to the core, and importantly the lid rigidity increases

with osmotic pressure, ultimately reducing opportunities of induced fit.

The mechanistic significance of that redistribution is strengthened by the free-

energy and state-population analyses. The joint CV surface indicates that the stressed

ensembles remain organized around a dominant low-free-energy region rather than dis-

persing across unrelated lid geometries and the accompanyingN -space analysis shows

that peripheral organization is concentrated into fewer distinct macrostates. PSI en-

tropy decreases monotonically from 6.39 bits to 5.72 bits to 5.44 bits from isotonic

to hyperosmotic to supraosmotic conditions, and the corresponding entropy on the

(Na,Nc) plane decreases from 4.11 bits to 3.70 bits to 3.46 bits. Support for the pro-

posed physical mechanism is therefore obtained at two levels. Locally, through PMFs

and CVs that indicate a narrower and more persistent lid-extension distribution; and

globally, through state-population shifts that reveal stress-dependent tightening of
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the periphery. Within that framework, increased lid rigidity is inferred to render dis-

placement of the lid volume less favorable, even though lid-base contacts are reduced.

Across the dissertation, PSI entropy serves as a common statistical language for

peripheral organization. In the broader protein-peptide setting, preferential occu-

pation of restricted N -state regions identifies constrained NIS organization. In the

MDM2 osmotic-stress system, the same formalism resolves how an environmental per-

turbation redistributes lid-associated peripheral states without requiring convergence

to a single structural endpoint. Structural observables CV1, CV2, PMFs, contacts,

free-energy basins, ∆g, and SΨ become mutually interpretable descriptors of one en-

semble shift. High ∆g hexbins may therefore be regarded as candidate control points

for modulating peripheral organization, groove accessibility, and recognition.

The peripheral, NIS-driven WW-domain destabilization strategy proposed here

appears, to the best of my knowledge, distinct from prior WW-domain design efforts

in its exact form. Existing work has established that WW-domain stability and

function can be altered by mutation, and the closest conceptual precedent is the Pin1

WW-domain study in which a single peripheral surface substitution, Q33E, reduced

thermostability through propagated electrostatic and hydrophobic reorganization and

was associated with decreased ligand binding despite lying outside the direct binding

site [111]. By contrast, a validated strategy in which distal surface perturbation or

small molecules are used to globally destabilize YAP WW domains as a therapeutic

design principle was not identified in the literature surveyed here, although mutation

of the YAP WW domains has been shown to diminish oncogenic activity [50]. This

proposed design strategy should be regarded as context dependent, since YAP/TAZ

WW domains mediate interactions with both positive and negative regulators.

Two future directions arise naturally from this dissertation. First, a targeted NMR

validation should initially be developed under isotonic, hyperosmotic, and supraos-

motic conditions to experimentally test whether residues 19 to 24 and groove-proximal
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sites exhibit the predicted reduction in conformational heterogeneity and redistribu-

tion in exchange behavior. Condition-resolved chemical shifts or intensity measure-

ments would be particularly informative because both kinetics and proximity could

then be assessed in the same lid-base region identified by simulation. An "anti-

directed" design strategy may be formulated in N -space where ligands, staples, cross-

links, or mutations are selected to drive peripheral occupancy away from the dominant

modes, destabilizing specific recognition or perturbing allosteric communication.
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APPENDIX A: SUPPLEMENTAL TABLES

Table A.1: Pairwise chemical weights for residue-residue contact classes.

Contact Class γ(ci, cj) Note
positive-negative 1.65 Salt-bridge attraction, strongly favorable
negative-positive 1.65 Salt-bridge attraction, strongly favorable
apolar-apolar 1.35 Hydrophobic contacts, drives concentration, moderately favorable
polar-polar 1.22 H-bond/dipole interactions, moderately favorable

polar-positive 1.22 Polar assists charge via H-bond/electrostatics, moderately favorable
polar-negative 1.22 Polar assists charge via H-bond/electrostatics, moderately favorable
apolar-polar 0.90 Induces desolvation costs, mildly unfavorable

apolar-positive 0.82 Hydrophobe-charge mismatch, moderately unfavorable
apolar-negative 0.82 Hydrophobe-charge mismatch, moderately unfavorable
positive-positive 0.61 Like-charge repulsion, strongly unfavorable
negative-negative 0.61 Like-charge repulsion, strongly unfavorable
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Table A.2: NACCESS residue maximum solvent-accessible surface area values
(ASAmax) for SASA to RSA calculations.

Residue ASAmax

Alanine (ALA) 107.95Å2

Cysteine (CYS) 134.28Å2

Aspartic acid (ASP) 140.39Å2

Glutamic acid (GLU) 172.25Å2

Phenylalanine (PHE) 199.48Å2

Glycine (GLY) 80.10Å2

Histidine (HIS) 182.88Å2

Isoleucine (ILE) 175.12Å2

Lysine (LYS) 200.81Å2

Leucine (LEU) 178.63Å2

Methionine (MET) 194.15Å2

Asparagine (ASN) 143.94Å2

Proline (PRO) 136.13Å2

Glutamine (GLN) 178.50Å2

Arginine (ARG) 238.76Å2

Serine (SER) 116.50Å2

Threonine (THR) 139.27Å2

Valine (VAL) 151.44Å2

Tryptophan (TRP) 249.36Å2

Tyrosine (TYR) 212.76Å2
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Table A.3: List of {PY} (PPxY, LPxY, and PPGW) protein sequences.

PDB ID Sequence Length
1ZCN LPPGWEKRMS 10
2LB1 PPAYLPPEDP 10
2LB2 PPPGYLSEDG 10
2LTV PPPYSRYPMD 10
2ZQS KLPPGWEKRM 10
2EZ5 TGLPSYDEALH 11
2KXQ SPPPPYSRYPM 11
6J1Z PPGWEKRTDPR 11
7BQF LPLPPGWSVDW 11
2LAW TPPPAYLPPEDP 12
2LTY ESPPPPYSRYPMD 13
2MPT RLDLPPYETFEDL 13
7LP5a QNNEELPTYEEAKV 14
SMDA GESPPPPYSRYPMD 14
SMDC GESPPPPYSRYPMD 14
2DJY ELESPPPPYSRYPMD 15

Table A.4: List of randomly generated protein sequences in the {RD} set.

Name Sequence Length
RD01 YSEEITHQQM 10
RD02 RHAKHWMSRG 10
RD03 FWISKKCTKW 10
RD04 HATCCYDVKDF 11
RD05 FWEVFMGRLLE 11
RD06 MQQMGEFKKNW 11
RD07 EDAEIYEPYFNW 12
RD08 CFPYYGYTTIMH 12
RD09 MMIRYLHNVKSDW 13
RD10 DFNTHYGVVSIET 13
RD11 SIVFMYTLMFMMIN 14
RD12 PIHLDARAPRYWQN 14
RD13 KNQFLMIWHAYYIL 14
RD14 VMWECAYSNTHWSGI 15
RD15 YDVLQQVSFMTNYWI 15
RD16 SYYSFWDGRIHQTGA 15
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Table A.5: N -state properties between Step 2 (semi-flexible refinement) and Step
3 (MDS in explicit solvent) extracted from conformational ensembles (docking so-
lutions). Sixteen proline-rich peptides with motifs PPxY, LPxY, and PPGW were
used to generate ensembles of protein-peptide complexes. The second column from
the left contains the variables Na and Nc being the NIS apolar and charged surface
percentages respectively. Pmax represents the maximum probability state (mode) in
N -space, and SΨ is the peripheral surface information (PSI) entropy for a given en-
semble. The terms ∆N and ∆SΨ indicate the changes from Step 2 to Step 3 in the
number of N -states and PSI entropy respectively.

PPxY LPxY PPGW

2DJY 2KXQ 2LB1 2LB2 2LTV 2LTY 2LAW SMDA SMDC 2EZ5 7LP5a 2MPT 1ZCN 2ZQS 6JIZ 7BQF

St
ep

2

Na (%) 40.00 41.30 44.44 42.22 40.00 39.58 44.68 40.82 40.00 39.13 34.69 39.58 40.00 40.00 36.96 43.48

Nc (%) 24.00 19.57 22.22 22.22 22.22 22.92 21.28 22.45 24.00 21.74 26.53 27.08 24.44 26.67 28.26 19.57

Pmax 0.80 0.56 0.88 0.86 0.91 0.70 0.80 0.79 0.80 0.62 0.76 0.87 0.43 0.93 0.43 0.88

N -states 4.00 7.00 4.00 6.00 3.00 5.00 6.00 4.00 4.00 9.00 6.00 3.00 14.00 4.00 6.00 3.00

SΨ -61.23 -43.94 -76.27 -50.27 -242.69 -29.28 -69.30 -85.27 -61.23 -22.70 -37.29 -123.54 -7.32 -73.41 -44.42 -76.43

St
ep

3

Na (%) 40.00 41.30 44.44 42.22 40.00 39.58 44.68 40.82 40.00 39.13 34.69 39.58 40.91 40.00 36.96 43.48

Na (%) 24.00 19.57 22.22 22.22 22.22 22.92 21.28 22.45 24.00 21.74 26.53 27.08 25.00 26.67 28.26 19.57

Pmax 0.68 0.50 0.69 0.74 0.79 0.54 0.60 0.69 0.68 0.46 0.53 0.64 0.32 0.69 0.29 0.88

N -states 8.00 9.00 7.00 8.00 6.00 10.00 7.00 7.00 8.00 12.00 8.00 4.00 12.00 7.00 10.00 4.00

SΨ -20.10 -24.65 -27.74 -27.64 -83.38 -7.62 -44.88 -41.78 -20.10 -9.10 -13.23 -68.95 -9.12 -22.57 -13.72 -30.79

∆N 4.00 2.00 3.00 2.00 3.00 5.00 1.00 3.00 4.00 3.00 2.00 1.00 -2.00 3.00 4.00 1.00

∆SΨ 41.13 19.29 48.53 22.63 159.31 21.66 24.42 43.49 41.13 13.60 24.05 54.59 -1.79 50.84 30.70 45.63
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Table A.6: N -state properties between Step 2 (semi-flexible refinement) and Step
3 (MDS in explicit solvent) extracted from conformational ensembles (docking solu-
tions). Sixteen random sequences (decoys) were predicted using AF3 then equilibrated
with MDS in explicit TIP3P solvent (RD01 to RD16). The second column contains
the variables Na and Nc which are the NIS apolar and charged surface percentages
respectively. Pmax represents the maximum probability state (mode) in N -space, and
SΨ is the peripheral surface information (PSI) entropy for a given conformational
ensemble. The terms ∆N and ∆SΨ indicate the changes from Step 2 to Step 3 in the
number of N -states and PSI entropy respectively.

RD01 RD02 RD03 RD04 RD05 RD06 RD07 RD08 RD09 RD10 RD11 RD12 RD13 RD14 RD15 RD16

St
ep

2

Na (%) 33.33 35.56 33.33 34.78 43.48 36.96 36.17 38.30 37.50 37.50 46.94 38.78 40.82 36.00 38.00 36.00

Nc (%) 22.22 24.44 24.44 23.91 23.91 23.91 25.53 17.02 22.92 20.83 16.33 22.45 18.37 18.00 18.00 20.00

Pmax 0.92 0.63 0.89 0.69 0.83 0.95 0.71 0.58 0.67 0.67 0.82 0.76 0.70 0.94 0.87 0.90

N -states 4.00 7.00 4.00 7.00 5.00 2.00 5.00 6.00 6.00 6.00 3.00 5.00 7.00 2.00 5.00 5.00

SΨ -142.64 -33.60 -117.95 -23.97 -70.79 -151.29 -79.61 -34.26 -19.42 -44.17 -24.71 -35.29 -9.68 -140.52 -27.13 -81.42

St
ep

3

Na (%) 33.33 35.56 33.33 34.78 43.48 36.96 36.17 38.30 37.50 37.50 46.94 38.78 40.82 36.00 38.00 36.00

Na (%) 22.22 24.44 24.44 23.91 23.91 23.91 25.53 17.02 22.92 20.83 16.33 22.45 18.37 18.00 18.00 20.00

Pmax 0.73 0.52 0.71 0.46 0.76 0.83 0.57 0.38 0.56 0.48 0.49 0.66 0.67 0.70 0.70 0.72

N -states 6.00 9.00 6.00 11.00 4.00 6.00 8.00 8.00 9.00 8.00 8.00 5.00 10.00 6.00 7.00 7.00

SΨ -67.30 -18.22 -60.30 -7.79 -87.38 -32.19 -30.90 -15.71 -5.19 -18.71 -3.57 -34.00 -5.21 -26.59 -11.50 -40.12

∆N 2.00 2.00 2.00 4.00 -1.00 4.00 3.00 2.00 3.00 2.00 2.00 0.00 3.00 4.00 2.00 2.00

∆SΨ 75.34 15.38 57.65 16.17 -16.59 119.10 48.71 18.56 14.23 25.46 21.14 1.30 4.47 113.93 15.63 41.31
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Table A.7: Summary of the cross-fertilization procedure pairings for the MDM2
(4HFZ) and PDZ (1ZUB) receptors. Each phase involved 10 independent docking
runs for both the proper (cognate) and improper (non-cognate) peptide candidates.

Phase
Receptor (PDB

ID)

Proper Peptide

(Cognate)

Improper Peptide

(Non-cognate)

1 MDM2 (4HFZ)
p53 segment

(ETFSDLWKLLP)

ELKS1b segment

(CDQDEEEGIWA)

2 PDZ (1ZUB)
ELKS1b segment

(CDQDEEEGIWA)

p53 segment

(ETFSDLWKLLP)
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Table A.8: Experimental meta-ensemble systems used in Chapter 5.3 (experimental
WW domains). Year denotes the initial PDB release year, the number of conformers
in the NMR ensembles, and resolution is reported only for X-ray diffraction entries.

PDB ID # conformers Experimental method Resolution (Å) Year
1I5H 15 Solution NMR - 2001
1I8G 10 Solution NMR - 2001
1I8H 10 Solution NMR - 2001
1JMQ 20 Solution NMR - 2001
1K5R 10 Solution NMR - 2001
1K9Q 20 Solution NMR - 2001
1K9R 20 Solution NMR - 2001
2DJY 30 Solution NMR - 2006
2DYF 20 Solution NMR - 2006
2EZ5 30 Solution NMR - 2006
2JMF 20 Solution NMR - 2007
2JO9 10 Solution NMR - 2007
2JUP 10 Solution NMR - 2007
2KQ0 20 Solution NMR - 2010
2LAJ 15 Solution NMR - 2011
2LAW 20 Solution NMR - 2011
2LAX 20 Solution NMR - 2011
2LAY 20 Solution NMR - 2011
2LAZ 24 Solution NMR - 2011
2LB0 21 Solution NMR - 2011
2LB1 20 Solution NMR - 2011
2LB2 25 Solution NMR - 2011
2LB3 20 Solution NMR - 2011
2LTV 40 Solution NMR - 2012
2LTW 30 Solution NMR - 2012
2LTX 25 Solution NMR - 2012
2LTY 30 Solution NMR - 2012
2LTZ 20 Solution NMR - 2012
2M3O 15 Solution NMR - 2013
2MPT 20 Solution NMR - 2014
2N1O 19 Solution NMR - 2015
2N8T 10 Solution NMR - 2016
2RLY 8 Solution NMR - 2007
2RM0 8 Solution NMR - 2007
2HO2 1 X-ray diffraction 1.33 2007
2OEI 1 X-ray diffraction 1.35 2007
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APPENDIX B: SUPPLEMENTAL FIGURES

Figure B.1: WW-domain ensemble energy distributions

Figure B.1: Dual energy-distribution plots for the WW domain-
GESPPPPYSRYPMD conformational ensemble. The x-axes represent a 227
dimensional state space where each conformational state is ranked by HADDOCK
score. The y-axes correspond to the energies: (a) van der Waals; (b) electrostatics;
(c) desolvation; and (d) restraint violations. A Gaussian distribution indicates
consistency of that energy over the ensemble of complexes as with (c).
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Figure B.2: Smad7 Na and Nc distributions at RB = 10k

Figure B.2: Complete Na and Nc distributions for the Smad7 parameter sweep at
RB = 10k (corresponding to the distributions summarized in Results 1, Figure 3b).
Kernel density estimates are shown for Na (top four panels) and Nc (bottom four
panels) across the four Smad7 conformations (SMDA-SMDD; legend colors). Columns
correspond to the maximum retained ensemble size nret ∈ {200, 1000, 5000, 10000}.
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Figure B.3: Smad7 Na and Nc distributions at RB = 25k

Figure B.3: Complete Na and Nc distributions for the Smad7 parameter sweep at
RB = 25k (corresponding to the distributions summarized in Results 1, Figure 3b).
Kernel density estimates are shown for Na (top four panels) and Nc (bottom four
panels) across the four Smad7 conformations (SMDA-SMDD; legend colors). Columns
correspond to the maximum retained ensemble size nret ∈ {200, 1000, 5000, 10000}.
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Figure B.4: Cross-fertilization contact maps for 4HFZ

Figure B.4: Contact map summaries for receptor 4HFZ under the cross-fertilization
protocol. (top) Ensemble-averaged contact map probabilities, ρ(i, j). (middle)
Contact-class weighted probability map, m̃i,j, reflecting the enthalpic contribution
of individual contacts. (bottom) The ensemble-level net contact-class modulation,∑

Ω(γ(ci, cj) − 1.0) ·mi,j, where positive (red) and negative (blue) values denote re-
gions of favorable and unfavorable biophysical modulation respectively.
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Figure B.5: Cross-fertilization contact maps for 1ZUB

Figure B.5: Contact map summaries for receptor 1ZUB under the cross-fertilization
protocol. (top) Ensemble-averaged contact map probabilities, ρ(i, j). (middle)
Contact-class weighted probability map, m̃i,j, reflecting the enthalpic contribution
of individual contacts. (bottom) The ensemble-level net contact-class modulation,∑

Ω(γ(ci, cj) − 1.0) ·mi,j, where positive (red) and negative (blue) values denote re-
gions of favorable and unfavorable biophysical modulation respectively. For 1ZUB,
the active residues are discontinuous in sequence shown by a white horizontal space
between residues 638 and 683.
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Figure B.6: Phase-pooled NN-space density for 4HFZ

Figure B.6: Phase-pooled bivariate N -space density for receptor 4HFZ under the
cross-fertilization protocol (proper vs improper). Microstates are pooled across repli-
cas within each phase.
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Figure B.7: Phase-pooled NN-space density for 1ZUB

Figure B.7: Phase-pooled bivariate N -space density for receptor 1ZUB under the
cross-fertilization protocol (proper vs improper). Microstates are pooled across repli-
cas within each phase.
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Figure B.8: Experimental WW-domain meta-ensemble NN-space densities

Figure B.8: Phase-pooled bivariate N -space density for the three experimental meta-
ensemble classes: (top) Class 1, (middle) Class 2, and (bottom) Class 3. Densities are
computed using the RSA-thresholded count metric with explicit interface exclusion.
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APPENDIX C: SUPPLEMENTAL CALCULATIONS

Calculation C.1: Phase-level ensemble means and proper-improper differences

For each receptor, two phases are considered: a proper phase P and an improper

phase I. Within a given phase X ∈ {P , I}, nX independent ensembles are indexed by

e = 1, . . . , nX . Each ensemble e yields: (i) an unnormalized Shannon term S
′
Ψ,e (bits)

computed from the macrostate probability distribution; and (ii) contact statistics

that determine a phase-level normalization factor. For each phase X, the phase-

pooled normalization is (
Q

M

)(X)

=
Q(X)

M (X)
,

where Q(X) and M (X) are obtained by pooling the nonzero contact pairs and their

contact weights over all replicas within the phase. The reported phase-level PSI

entropy is then

S
phase,(X)
Ψ =

(
Q

M

)(X)

S̄
′,(X)
Ψ , S̄

′,(X)
Ψ =

1

nX

∑
e∈X

S
′

Ψ,e.

Phase differences are reported either as absolute differences,

∆Sphase
Ψ = S

phase,(P)
Ψ − Sphase,(I)

Ψ , ∆

(
Q

M

)
=

(
Q

M

)(P)

−
(
Q

M

)(I)

,

or as percent differences

∆%
(
Sphase

Ψ

)
=

(
1− S

phase,(P)
Ψ

S
phase,(I)
Ψ

)
× 100%, ∆%

(
Q

M

)
=

(
1− (Q/M)(P)

(Q/M)(I)

)
× 100%.

Calculation C.2: Standard errors for Sphase
Ψ and Q/M

Ensembles are treated within a phase as independent replicas, so error bars repre-

sent the standard error (SE) of the phase mean, estimated from the across-ensemble
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variability. For S ′Ψ, the sample variance in phase X is

σ
2,(X)

S
′
Ψ

=
1

nX − 1

∑
e∈X

(
S
′

Ψ,e − S̄
′,(X)
Ψ

)2
,

and the corresponding SE of the mean is

SE
(
S̄
′,(X)
Ψ

)
=

σ
(X)

S
′
Ψ√
nX

.

For the ensemble unit-measure ratio Q/M , the sample variance is

σ
2,(X)
Q/M =

1

nX − 1

∑
e∈X

((
Q

M

)
e

−
(
Q

M

)(X))2

,

with corresponding standard error

SE

((
Q

M

)(X))
=
σ

(X)
Q/M√
nX

.

Error in the reported values and figures correspond to these phase-specific SE

calculations for S̄
′,(X)
Ψ and (Q/M)

(X)
in the proper and improper phases.

Calculation C.3: Effective number of macrostates and normalized effective state

fraction

Pooling all microstates across replicas within a phase yields a phase-pooled macrostate

probability distribution

pi =
gi
Ω
,

∑
i

pi = 1,

where gi is the pooled macrostate multiplicity and Ω is the total number of pooled

microstates. The unnormalized Shannon entropy (bits) is

S
′

Ψ = −
∑
i

pi log2 pi,
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and the corresponding Shannon effective number of macrostates (for logx with base

2) is defined as

Neff = 2S
′
Ψ .

For convenience, the normalized effective state fraction is reported as Neff/Ω, which

measures the effective support of the pooled macrostate distribution relative to the

total microstate count.

For the two receptors, the phase-pooled values are:

ΩP N
(P)
eff ΩI N

(I)
eff

4HFZ 476 220.5 501 258.2

1ZUB 631 303.3 247 155.3

with corresponding normalized effective state fractionsNeff/Ω of 0.463 (4HFZ proper),

0.515 (4HFZ improper), 0.481 (1ZUB proper), and 0.629 (1ZUB improper).

Calculation C.4: Autocorrelation function

For a scalar observable xt sampled along an equilibrium trajectory at constant

frame interval ∆t, the normalized autocorrelation function (ACF) at a lag of ` frames

is defined as

C(`) =
〈(xt − x̄)(xt+` − x̄)〉
〈(xt − x̄)2〉

, C(0) = 1,

where x̄ = 〈xt〉 is the trajectory mean and 〈·〉 denotes the time average. C(`) measures

the extent to which the signal retains memory of its earlier value after a lag of `∆t.

A large positive C(`) indicates that successive frames remain strongly correlated,

whereas decay of C(`) toward zero indicates progressive decorrelation.

A practical decorrelation time may be defined as the first lag at which the ACF

drops below 1/e, where 1/e ≈ 0.368. This criterion provides an operational timescale

beyond which residual memory is modest, and it is convenient for choosing a deci-

mation stride for histogramming, PMF reconstruction, and ensemble averaging. For
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the MDM2 lid collective variables, frames were saved every ∆t = 20 ps. In the

pooled CV1 ACF, the first crossing below 1/e occurred at `(CV1)
1/e ≈ 594 frames. The

corresponding decorrelation time is

τCV1 ≈ 594× 20 ps = 11,880 ps ≈ 11.9 ns ≈ 12 ns.

Using this value, the stride in trajectory frames is

τCV1

∆t
=

12,000 ps

20 ps/frame
= 600 frames.

Accordingly, a stride of 600 frames was adopted for the decimated analyses in the

main text, corresponding to one retained sample approximately every 12 ns. CV2

reports a slower collective mode than CV1, as shown in Figure C.1. The 12 ns stride

was defined from the CV1 decorrelation analysis and then used consistently for the

decimated chemical-shift, PMF, and free-energy calculations reported.

Figure C.1: Autocorrelation functions for CV1 (lid extension, red) and CV2 (lid-core
angle, black) computed from the isotonic simulation ensemble. The dashed horizontal
line indicates the 1/e threshold used to estimate characteristic decorrelation time.
CV1 decays more rapidly, whereas CV2 remains correlated over substantially longer
lag times, consistent with slower collective relaxation of the lid-core angular DoF.


