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Abstract

Uncovering Hierarchical Cellular Mechanisms: Linking Molecular

Regulation and Biological Topology

Chengxuan Li

Chair of the Supervisory Committee:
Margaret S Cheung

Department of Physics

This dissertation investigates biological phenotypes across spatial scales, emphasizing
hierarchical and topological features through computational physics and machine learning. At the
molecular scale, coarse-grained simulations revealed diverse conformations of cofilin oligomers
stabilized by disulfide bonds, which regulate actomyosin dynamics via redox-sensitive
modifications. At the mesoscale, mechanochemical simulations and network theory uncovered
topological transitions, or "avalanches," in branched actomyosin networks controlled by Arp2/3,
with machine learning models predicting these events. At the cellular scale, the GRIP-Tomo 2.0
framework integrated synthetic cryo-electron tomography with graph-based learning, enabling
robust protein classification through conserved topological fingerprints under limited data.

Together, these studies demonstrate how topological insights across scales illuminate the



physical principles underlying biological function, highlighting the power of physics-based

computation in complex living systems.
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CHAPTER 1: INTRODUCTION

1.1 MOTIVATION AND SCOPE

Living cells are composed of dynamic, spatially organized macromolecular assemblies
that interact across multiple scales to carry out essential biological functions. Understanding how
molecular structures and interactions translate into larger-scale cellular behaviors remains a
central challenge in modern biophysics and cell biology. [1-3] This dissertation seeks to address
this challenge by adopting a hierarchical and topological framework, grounded in computational
physics and enriched by machine learning, to explore biological phenotypes ranging from

molecular to cellular levels.

Phenotypes are often studied at isolated biological scales, such as single-protein structure
or global cell morphology. However, many emergent properties of life arise from the coupling
across scales: the molecular geometry of a protein can influence mesoscale cytoskeletal
architecture, which in turn can affect whole-cell dynamics and morphology. [4-7] To capture
these relationships, this thesis integrates multi-scale simulations and data-driven methods that

track how structural information propagates through levels of biological organization.

Topology offers a powerful and generalizable language for describing biological form
and function. It provides a means of encoding connectivity, symmetry, and robustness in systems
ranging from molecular complexes to cytoskeletal networks and spatial proteomes. [8-10]
Importantly, topological features often persist under noise or deformation, making them ideal

descriptors in both modeling and experimental data.

Recent advances in computational modeling have enabled increasingly detailed

representations of biological systems, including coarse-grained molecular dynamics, force-based



mechanochemical models, and agent-based simulations. [11-13] In parallel, machine learning—
especially graph-based and interpretable models—has emerged as a complementary tool for
identifying relevant patterns and predictive features in high-dimensional, often noisy biological

data. [14-16]

This dissertation builds upon these developments to investigate three core problems: the
structural diversity of cofilin oligomers (Chapter 2), dynamic reorganization in Arp2/3-mediated
actomyosin networks (Chapter 3), and robust protein identification from noisy cryo-electron
tomography data using GRIP-Tomo 2.0 (Chapter 4). These projects are unified by a central
hypothesis: that topology, when examined across hierarchical scales, can bridge structure and

function in living systems.

Ultimately, this work aims to contribute not only specific biological insights but also
broadly applicable computational frameworks. By leveraging physical modeling, topological
abstraction, and machine learning, it seeks to advance a predictive understanding of cellular

organization grounded in the principles of physics.



1.2 BIOLOGICAL PHENOTYPES ACROSS SCALES

Biological phenotypes emerge from the interplay of molecular interactions,
supramolecular structures, and dynamic cellular environments. These phenotypes span a broad
range of spatial and temporal scales, from the folding and binding specificity of individual
proteins to the collective behavior of cytoskeletal networks and the morphological responses of
entire cells. [4-6] To understand these multiscale phenomena, it is necessary to analyze how

information is organized and transmitted across levels of biological hierarchy.

At the molecular scale, proteins often undergo conformational changes or oligomerize in
response to biochemical signals or post-translational modifications. These events can encode
functional states and regulatory mechanisms that propagate upward in scale. [7, 8] For example,
the redox-sensitive oligomerization of cofilin—an actin-binding protein—influences filament
severing and bundling dynamics, ultimately affecting cytoskeletal structure and contractility. [17,

18]

At the mesoscale, cytoskeletal assemblies such as actomyosin networks exhibit emergent
behaviors, including force generation, mechanical feedback, and topological reorganization. [19-
21]. The Arp2/3 complex mediates the branching of actin filaments, and its concentration or
activity modulates the global connectivity and stiffness of the actin network. These networks can
undergo sudden, avalanche-like transitions in structure, redistributing stresses and reorganizing

intracellular architecture. [22]

At the cellular scale, phenotypes include whole-cell morphology, protein localization
patterns, and adaptive responses to environmental stimuli. Cryo-electron tomography (cryo-ET)

offers a powerful tool to visualize macromolecular structures in situ, but the noisy and



incomplete nature of cryo-ET data poses significant challenges for identifying protein identities
and distributions. [23, 24] Recent developments in synthetic data generation and graph-based
machine learning, such as the GRIP-Tomo 2.0 pipeline, enable more reliable phenotype
recognition by extracting conserved topological features that remain robust under imaging noise.

[25, 26]

By studying phenotypes at these three representative levels—molecular, mesoscale, and
cellular—this dissertation aims to reveal organizing principles that bridge physical structure and
biological function. Each level not only presents distinct challenges but also offers unique
insights into how biological systems maintain robustness, adaptability, and precision despite

complexity and stochasticity.

1.3 PHYSICS-BASED MODELING IN CELL BIOLOGY

The complexity of biological systems often obscures the underlying physical principles
that govern their structure and dynamics. Physics-based modeling provides a powerful
framework to bridge this gap by offering simplified yet mechanistically grounded representations
of biological processes. These approaches allow researchers to dissect key parameters, simulate
emergent behaviors, and formulate predictive theories that can guide experimental design. [12,

27]

In molecular systems, coarse-grained simulations reduce the degrees of freedom by
representing groups of atoms or residues as single units. This abstraction makes it feasible to
model large biomolecular complexes or long timescale processes, such as protein folding,

oligomerization, and allosteric transitions. [28, 29] In Chapter 2 of this dissertation, coarse-



grained molecular dynamics was employed to investigate cofilin oligomerization and its

topological consequences on actin binding.

At larger scales, mechanochemical models and simulations offer frameworks for studying
active cellular materials such as cytoskeletal networks. These models incorporate physical
laws—force generation, energy dissipation, and elastic deformation—to simulate how
cytoskeletal elements self-organize, adapt to stress, and reorganize under perturbations. [19, 30]
In Chapter 3, such modeling was used to reveal avalanche-like reorganization events in branched

actomyosin networks.

Physics-based modeling also facilitates the integration of experimental data. Parameters
can be inferred from imaging, biochemical measurements, or force spectroscopy, allowing for
simulations that are both hypothesis-driven and experimentally anchored. Furthermore, these
models provide a controlled environment to test biological hypotheses under systematically

varied conditions, something often unachievable in vivo. [25, 31]

Importantly, physical models are not merely tools for simulation—they help identify
conserved organizational principles, such as symmetry breaking, topological transitions, or
feedback regulation, that are relevant across systems and scales. [32, 33] This aligns with the
hierarchical approach of this thesis, in which physical constraints at the molecular level

propagate through mesoscale networks to influence whole-cell behavior.

By integrating physics-based modeling with computational and machine learning
techniques, this dissertation aims to uncover how cellular structures encode and process
information. The synergy between modeling and data analysis provides a foundation for

uncovering general rules of biological organization.



1.4 MACHINE LEARNING IN BIOLOGICAL PHYSICS

Machine learning (ML) has emerged as a transformative tool in biological physics,
enabling the analysis of complex, high-dimensional data that often elude traditional modeling
approaches. When applied thoughtfully, ML complements physics-based methods by uncovering
patterns, classifying behaviors, and making predictions in systems characterized by stochasticity,

noise, and incomplete information. [34-36]

In structural biology, deep learning models have demonstrated remarkable success in
protein structure prediction, molecular docking, and cryo-EM map interpretation, most notably
with tools like AlphaFold and Cryo-DRGN. [14, 37, 38] These applications exemplify how data-
driven models can extract meaningful structure-function relationships from large-scale biological

datasets.

Beyond structure, ML has been applied to dynamic biological processes. In cytoskeletal
research, supervised and unsupervised learning methods have been used to classify filament
morphologies, predict mechanical responses, and track network evolution. [22, 39] In Chapter 3
of this thesis, machine learning was used to identify critical reorganization events—
"avalanches"—in simulated actomyosin networks, revealing predictive features of network

collapse.

A particularly promising area involves the integration of graph-based ML methods with
biophysical modeling. Biological systems are inherently networked, whether in the form of
molecular interactions, cytoskeletal connectivity, or spatial protein distributions. Neural networks
(NNs) and related algorithms can encode topological information, making them especially suited

for datasets with structural complexity. [15, 40, 41]



Chapter 4 of this dissertation presents GRIP-Tomo 2.0, a novel pipeline that integrates
synthetic cryo-ET data with graph-based learning. By extracting topological fingerprints robust
to imaging noise, the model enables accurate protein classification in data-scarce experimental
regimes. Importantly, GRIP-Tomo 2.0 emphasizes model interpretability, allowing biologically
meaningful features to be linked back to structural organization—a key requirement in

biomedical applications. [42, 43]

While ML methods are often criticized for their "black-box" nature, this work advocates
for interpretable, hypothesis-driven applications of machine learning within biological physics.
When grounded in physical understanding and combined with synthetic data or simulations, ML

becomes a powerful framework for inferring latent structure and bridging biological scales.

1.5 TOPOLOGY AS A UNIFYING LENS

Topology offers a powerful conceptual framework for understanding biological structure
and organization across scales. Unlike geometric measures that depend on precise distances or
angles, topological features describe properties preserved under continuous deformations, such
as connectivity, loops, and symmetries. These properties are particularly valuable in biological

systems, where noise, variability, and dynamic rearrangement are inherent. [10, 44, 45]

At the molecular level, topology plays a role in determining protein folding pathways,
domain organization, and interaction interfaces. In Chapter 2 of this dissertation, diverse
topological conformations of cofilin dimers—such as symmetric versus asymmetric

arrangements—were shown to influence actin binding and filament remodeling. These



topological states arise from specific intermolecular interactions, yet they manifest functional

consequences that persist across cellular contexts. [46, 47]

In mesoscale cytoskeletal networks, topology governs how forces propagate, how
connectivity changes during reorganization, and how structures resist or adapt to stress. The
actomyosin networks explored in Chapter 3 exhibit avalanche-like transitions, which are
topological in nature: abrupt shifts in global connectivity and stress distribution triggered by
localized perturbations. Persistent topological motifs in these networks serve as indicators of

stability, resilience, or impending collapse. [47, 48]

At the cellular scale, topological abstractions are crucial for interpreting complex spatial
data from cryo-electron tomography. In Chapter 4, GRIP-Tomo 2.0 captures these abstractions
through graph-based representations, where each node and edge encode structural and spatial
information. Topological graph features—such as clustering coefficients, centralities, or motif
counts—enable robust classification of macromolecular components even under imaging noise

and data sparsity. [26]

Across all three projects, topology emerges as a consistent and interpretable descriptor
that bridges physical modeling and biological insight. Its scale-invariance makes it well-suited to
unify molecular, mesoscale, and cellular perspectives, offering a generalizable language for

structure-function relationships in living systems.

By foregrounding topological analysis, this dissertation demonstrates how biological
function can be traced through persistent structural patterns. This approach offers new tools for
quantifying organization, predicting dynamics, and comparing systems across experimental

modalities or model conditions.



1.6 OVERVIEW OF DISSERTATION

This dissertation is organized into five chapters. Chapter 1 introduces the central theme of
exploring biological phenotypes through a hierarchical and topological lens, integrating physics-
based modeling and machine learning. The motivation, conceptual framework, and
methodological tools are presented in the context of studying structure-function relationships

across molecular, mesoscale, and cellular scales.

Chapter 2 focuses on the molecular-level regulation of cytoskeletal dynamics through
cofilin oligomerization. Coarse-grained molecular dynamics simulations were employed to
uncover stable topological arrangements of cofilin dimers formed via disulfide bonding. These
conformational states influence actin filament remodeling and highlight how redox-sensitive

protein structure can regulate cytoskeletal function.

Chapter 3 examines the mesoscale behavior of branched actomyosin networks using
mechanochemical modeling and network analysis. The study identifies avalanche-like transitions
in network organization, driven by Arp2/3 complex-mediated branching. Machine learning
models were developed to predict these events, linking topological network properties with

emergent mechanical dynamics.

Chapter 4 introduces GRIP-Tomo 2.0, a graph-based machine learning framework for
protein classification in cryo-electron tomography. By combining synthetic training data with
interpretable topological fingerprints, the method achieves robust identification of

macromolecular components in noisy and incomplete experimental datasets.

Chapter 5 synthesizes the findings of the three projects and discusses their broader

implications for biological physics. It also outlines current limitations and future directions,



emphasizing how topological and hierarchical reasoning can be extended to more complex

cellular systems and integrated with experimental workflows.

Together, these chapters demonstrate how topological features, when examined across
multiple biological scales, can serve as consistent descriptors of structure and function. This
work underscores the value of interdisciplinary methods in unraveling the physical principles

that govern life at the cellular level.

10
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CHAPTER 2: DECIPHERING THE COFILIN OLIGOMERS VIA

INTERMOLECULAR DISULFIDE BOND FORMATION: A

COARSE-GRAINED MOLECULAR DYNAMICS APPROACH TO

UNDERSTANDING COFILIN’S REGULATION ON ACTIN

FILAMENTS

This chapter is based on Chengxuan Li's first author publication: Chengxuan Li, Tingyi Wei,
Margaret S. Cheung and Min-Yeh Tsai. “Deciphering the Cofilin Oligomers via Intermolecular
Disulfide Bond Formation: A Coarse-grained Molecular Dynamics Approach to Understanding
Cofilin s Regulation on Actin Filaments.” The Journal of Physical Chemistry B 128 (19) (2024):
4590-4601. https://doi.org/10.1021/acs.jpcb.3c07938

Codes related to this work can be found in the GitHub repository: https.//github.com/Cheung-

group/Cofilin_Oligomer AWSEM or https://github.com/pnnl/PTMPSI/tree/master/ptmpsi-awsem

Cofilin, a key actin-binding protein, orchestrates the dynamics of the actomyosin network
through its actin-severing activity and by promoting the recycling of actin monomers. Recent
experiments suggest that cofilin forms functionally distinct oligomers via thiol post-translational
modifications (PTMs) that promote actin nucleation and assembly. Despite these advances, the
structural conformations of cofilin oligomers that modulate actin activity remain elusive because
there are combinatorial ways to oxidize thiols in cysteines to form disulfide bonds rapidly. This
study employs molecular dynamics simulations to investigate human cofilin 1 as a case study for
exploring cofilin dimers via disulfide bond formation. Utilizing a biasing scheme in simulations,

I focus on analyzing dimer conformations conducive to disulfide bond formation. Additionally, I
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explore potential PTMs arising from the examined conformational ensemble. Using the free
energy profiling, the simulations unveil a range of probable cofilin dimer structures not
represented in current Protein Data Bank entries. These candidate dimers are characterized by
their distinct population distributions and relative free energies. Of particular note is a dimer
featuring an interface between cysteines 139 and 147 residues, which demonstrates stable free
energy characteristics and intriguingly symmetrical geometry. In contrast, the experimentally
proposed dimer structure exhibits a less stable free energy profile. I also evaluate frustration
quantification based on the energy landscape theory in the protein—protein interactions at the
dimer interfaces. Notably, the 39-39 dimer configuration emerges as a promising candidate for
forming cofilin tetramers, as substantiated by frustration analysis. Additionally, docking
simulations with actin filaments further evaluate the stability of these cofilin dimer-actin
complexes. My findings thus offer a computational framework for understanding the role of thiol
PTM of cofilin proteins in regulating oligomerization, and the subsequent cofilin-mediated actin

dynamics in the actomyosin network.
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Figure 2.1. Illustration of the cofilin oligomerization study.

2.1 INTRODUCTION

The actomyosin network serves as a critical cellular scaffold that regulates a variety of
cell behaviors, including cell division, shape changes, and movement, [49, 50] regulated by
actin-binding proteins. Among these numerous actin-binding proteins, cofilin holds particular
significance. Cofilin monomers act as molecular scissors, severing actin filaments and
facilitating the recycling process through the collaborative efforts of capping proteins, profilins,
and other actin-binding proteins. [18, 51, 52] When interacting with actin molecules, cofilin
monomers employ distinct binding sites for globular actin monomers (G-actin) compared to actin
filaments (F-actin), as highlighted in a previous study. [53] A recent cryo-electron microscopy
(cryo-EM) investigation has elucidated the overall structure of F-actin with cofilin molecules
decorating the filament’s surface, leading to the formation of what is termed cofilactin. [54]
These studies collectively suggest that filament surface heterogeneity plays a crucial role in
modulating filament severing. The variation in filament severing boundaries arises from different
combinations of cofilin-actin interfaces, contributing to the stochastic nature of filament

severing.

Interestingly, experimental evidence substantiates that cofilin is not merely functional in
its monomeric form; it also exists as oligomers with divergent roles in actin regulation. [17]
Cofilin has four cysteine (Cys) residues that can undergo redox-dependent post-translational
modifications (PTM) to form specific intramolecular or intermolecular disulfide bonds. [55]
Specifically, rather than severing actin filaments, when cofilin forms oligomers through
intermolecular disulfide bonds, they are implicated in promoting actin nucleation, assembly, and

bundling. [56, 57] The formation and functioning of the cofilin oligomers are regulated by the
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local cofilin concentration and the phosphorylation pathway, which also governs the monomeric
form. [57, 58] However, there are combinatorial ways to form intermolecular disulfide bonds.
Establishing the causal relation between the molecular arrangement of cofilin oligomers and their

distinct role in regulating actomyosin networks in response to redox is unclear.

Various experimental works have posited that these cofilin dimers likely emerge through
intermolecular disulfide bonds between specific cysteine residues — namely, cysteine 39 and
cysteine 147—on adjacent cofilin monomers, [17] instead of a cofilin symmetric dimer through
the disulfide bonds between their cysteine 139 residues. [59] Moreover, prevailing theories
suggest that the biologically active form of cofilin is not a dimer but rather a tetramer, leaving
the dimeric state as a potentially transient state in oligomer formation. [60] However, the
structural and functional intricacies of these cofilin oligomers in response to thiol PTMs remain
unknown, thereby offering ample opportunities for the application of coarse-grained simulation

techniques.

While the atomistic simulations have shed light on crucial aspects of the mechanical
stress from the composition of filament structures, they are often constrained by limited time
scales and length scales, which pose challenges for achieving robust statistical analyses. Coarse-
grained protein models provide an avenue to surmount these limitations. The application of
coarse-grained protein modeling to explore the network dynamics of CaMKII/F-actin bundles, in
conjunction with protein array experiments and electron microscopy imaging, has effectively
elucidated the multivalent binding interactions between CaMKII and F-actin, aligning with
experimental findings. [42] Collectively, these studies underscore the capacity of coarse-grained
protein models to capture sufficient molecular details, enabling them to replicate numerous
features of filamentous behavior and, in turn, to address the regulatory roles of actin-binding

proteins within the actin network.
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The advantages of coarse-grained simulations in addressing complex protein behaviors
over long time scales make them particularly well-suited for investigating the formation,
stability, and function of cofilin oligomers and their interaction with actin filaments. In this
study, I focus on human cofilin 1, with specific attention to the structural representation denoted
by the PDB ID 4BEX. [59] While it provides a symmetric cofilin dimeric structure comprised of
two monomers, it is noteworthy that the authors themselves suggest that this assembly, formed
during crystallization, may not faithfully represent a biologically relevant dimeric state. To fill
the existing knowledge gaps, I provide a computational framework to evaluate the cofilin
oligomers formed with distinct intermolecular disulfide bonds and their interaction with a short

fragment of the actin filament.

2.2 SIMULATION AND ANALY SIS

Associative-Memory, Water-Mediated, Structure, and Energy Model (AWSEM)

The present study leveraged the AWSEM (Associative-Memory, Water-Mediated,
Structure, and Energy Model) coarse-grained protein force field for an in-depth analysis of
cofilin protein dimerization. [61] This force field, implemented on the LAMMPS simulation
platform, employs a three-bead model for each amino acid residue, representing Cq, Cp, and O
atoms. This coarse graining preserves ideal peptide bond geometry, thus enabling efficient
simulations of protein folding dynamics, [28] structure prediction, [62] and protein aggregation.

[63-65]

The energy function of AWSEM comprises transferable and physically motivated
potentials, encapsulating complex residue-specific physicochemical properties such as

hydrophobicity and electrostatic interactions within the framework of protein secondary and
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tertiary structures. Implicitly, the enthalpic contributions of protein—protein contacts are included

in the AWSEM contact energies.

In AWSEM’s coarse-grained scheme, the energy function is sectioned into three main
components: Viackbone, Vnonbackbone, and Vem (Fragment Memory), responsible for the backbone
geometries, protein’s physicochemical attributes, and local structural tendencies, respectively.
Vbackbone €ncompasses five terms that regulate chain connectivity, bond angles around the Cy
atom, orientations of the Cg atoms, backbone dihedral angles, and excluded volume interactions.
Harmonic potentials control both the chain connectivity and the bond angles around the C, atom.
Vnonbackbone 18 further split into three terms: Vcontact, Vourial, and Vhelical. These terms individually
consider aspects like tertiary fold contact interactions, residue exposure/burial preferences, and
helical structure propensity. Ve is tailored to bias the local structure toward those found in a
“fragment memory” library of protein fragments with similar local sequences. This term also
accounts for the local steric effects influenced by the protein’s local sequence. For this study, a
single fragment memory scheme within AWSEM was employed to accentuate the effects of

physical forces on folding and binding landscapes.

For further details on the force field, readers are referred to the work by Davtyan et al.
[12] The AWSEM code is publicly accessible via Github: AWSEM Repository

(https://github.com/adavtyan/awsemmd).

Structural Preparation and Simulation Protocol for Cofilin Dimer Formation through

Intermolecular Disulfide Bond
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The wild-type sequence of human cofilin-1 (hCofl) is depicted in Figure 2.2A. Due to
the limited availability of monomeric cofilin structures, a crystal structure with high resolution
was selected for the monomeric form (PDB ID: 4BEX). [59] This structure was found to possess
a mutation at residue 147, where cystine was replaced by alanine. To revert the structure to its
wild-type form, I mutated residue 147 back to cystine using the “Mutate Residue” module

available in VMD software, as shown in Figure 2.2B. [66]

1 MASGVAVSDG VIKVFNDMKV RKSSTPEEVK KRKKAVLFCL SEDKKNIILE 50
51 EGKEILVGDV GQTVDDPYAT FVKMLPDKDC RYALYDATYE TKESKKEDLV 100
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Figure 2.2. Mutated cofilin sequences, their monomeric structure, and simulated dimer formation
workflow are described. (A) Sequence representation of human cofilin 1 (PDB ID: 4BEX).
Cysteine residues 39, 139, and 147 are highlighted in red, blue, and green, respectively. The
latter was mutated to cysteine in my simulations to mirror in vivo conditions. While cysteine
residue 80 is also underlined, it is not color-coded. The color patterns introduced here are
consistently used in subsequent figures. (B) Monomeric cofilin structure after mutation at residue
147. The protein chain is rendered using the "NewCartoon’ method in cyan, while cysteine
residues employ the ’Licorice’ visualization with colors as designated in (A). Due to spatial
proximity in relation to residue 39, cysteine residue 80 is labeled. (C) The stages of simulated
dimer formation. (i) Monomers are drawn apart using a gentle spring force centered on the total
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protein structures. (ii) The force from stage (i) is discontinued and replaced by a potent spring
force — set at an equilibrium distance of 2 A, the approximate length of a disulfide bond —
encouraging the monomers to assemble (as demonstrated using residues cys139 and cys139).
(ii1) Post removal of the bias from (ii), the monomers are at liberty to oscillate or dissociate. All
molecular visualizations were made using VMD.

The simulation process for forming cofilin dimers was organized into three distinct steps,
illustrated in Figure 2.2C: (1) Initiation (using pushing forces), (2) Association (using pulling
forces), and (3) Relaxation (absence of biasing forces). In the Initiation step, a spring force
characterized by an equilibrium distance greater than the intermolecular disulfide bond was
employed to two cofilin monomers. During the Association phase, a spring force equivalent to
the equilibrium distance of a disulfide bond was applied between the Cys39-Cys147 and
Cys139-Cys139 residues of adjacent cofilin monomers, to simulate oxidized thiol cysteine
residues from post-translational modifications. For simplicity, Figure 2.2C shows only the
Cys139-Cys139 bond as an example. The Relaxation step was designed to allow the mutual
configurations of cofilin monomers in the dimer assembly to stabilize naturally, simulating the

reduced state of cysteine. Accordingly, the biasing spring force was removed during this phase.

The simulated system was held at a constant temperature of 300 K throughout the study.
Each simulation trajectory consisted of three phases: (1) Initiation, (2) Association, and (3)
Relaxation, as previously outlined. These phases encompassed 0.5, 4, and 4 million simulation
time steps, respectively. To ensure the robustness of the statistical analysis, I conducted a total of

30 individual trajectories.

Importance Sampling and Free Energy Analysis

For the purpose of free energy analysis, (21) I employed two distinct configurations of

cofilin dimers as reference structures for umbrella sampling. The first configuration featured
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Cys139-Cys147 at the interface (139147 cofilin dimer), which was identified during the
previous unbiased relaxation simulation within the context of the 3-stage dimer formation
simulation. The presence of this configuration remained consistent throughout the dimer
formation simulation, regardless of the residue pairs subjected to spring force application (i.e.,
Cys39-Cys147 and Cys139-Cys139 residues of adjacent cofilin monomers). The second
configuration corresponded to the crystallized 4BEX assembly (139—139 cofilin dimer) obtained
through experimental means. [59] Notably, the reference structure was derived by averaging over
the last 50 simulation frames of a single trajectory, specifically chosen from among the 30

trajectories to ensure the stable dimer formation of interest.

In the umbrella sampling, a harmonic biasing force was applied to the a-carbon atoms of
the target molecule, utilizing the global Q value of the entire dimer assembly as the sampling

coordinate.

The global Q value was calculated based on the following equation [12]

_ 2
T (N-2)(N-3)

Q Tif-ri’f)zl
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where N is the total number of residues, r; is the instantaneous distance between C, atoms of
residues i and j, 7/ is the same distance in the reference structure for calculating the formation of
a native contact, and oy is given as o;; = (1 + |i —j|)*!°. O quantifies the similarity between two
protein structures by assessing the fraction of all pairwise residues’ native contacts. “Q global”

specifically denotes the computation of native contacts for all residues within a protein structure,

as applied in the context of a dimeric structure in this study.

I performed umbrella sampling analyses on five replicate sets, specifically selecting
binding simulations where the two cofilin monomers consistently remained associated with each

other (i.e., O > 0.60). The global Q values obtained from these binding simulations were then
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concatenated into an array and visually inspected for consistent overlapping. Subsequently, I
categorized the data into 300 discretized centers, which are generated using the numpy.linspace

function. [67]

I then generated a list of biased centers for the sampled Q values, ranging from 0.60 to
0.975 with an interval of 0.025. Other predefined parameters, such as force constants (1000 in
the unit of kcal/mol A?), maximum iterations (100 K), and energy unit kT (0.593 kcal/mol), were
set accordingly. All other parameters were kept consistent with default values utilized in previous
work. [62] Next, I utilized the Pyemma thermo module function
‘pyemma.thermo.estimate_umbrella_sampling’ with the estimator "WHAM’ to calculate the free
energy profile. Finally, I visualized the calculated free energy profile alongside the discretized
centers. [68] The jupyter notebooks for umbrella sampling analysis can be found on the Github

(https://github.com/pnnl/PTMPSI/tree/master/ptmpsi-awsem).

Exclusion of Long-Range Electrostatics in Binding Simulations

Recognizing the significance of electrostatic interactions in governing protein structure
and dynamics is fundamental to the understanding of molecular behavior. Notably, while the
standard AWSEM code incorporates local electrostatic interactions with the solvent, it does not
consider long-range electrostatic interactions. Previous research has emphasized the pivotal role
played by long-range electrostatic interactions (namely, Debye—Hiickel potentials) in predicting
the structural characteristics of specific proteins and shaping the binding energy landscapes of
various protein binders. [63] However, when considering the stability of cofilin, these

interactions appear to have a limited impact. A comparison of the simulated annealing results for
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cofilin, with and without the inclusion of long-range electrostatics (e.g., screened electrostatics at
high salt concentration), clearly demonstrates their negligible effect on the native structure’s

stability, as visualized in Figure 2.3 in the Supporting Information.
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Figure 2.3. Effects of long-range electrostatic interactions on the structural stability of human
cofilin 1 is evaluated using AWSEM. (a) Structural stability test. The Q value of cofilin is
calculated as a function of simulation time. The Q value remains 0.8~0.9 (high Q value),
independent of the strength of long-range electrostatics. (b) Simulated annealing profiles. The
annealing result shows similar profile, irrespective of the electrostatic strengths. The Debye-
Hiickel potentials were used to mimic the long-range electrostatic effects. € represents the
dielectric constant with g=co0, 80 (water), 33.2, and 16.6 meaning “no”, “mild”, “strong”, and
“extreme strong” electrostatic strength, respectively.

Furthermore, even in scenarios where multiple cofilin molecules engage in dimerization,
the frustration analysis (refer to Figure 2.4 in the Supporting Information) confirms that these
long-range electrostatic interactions do not exert a significant influence. Figure 2.4 vividly
illustrates the minimal role of electrostatic-induced frustration interactions at the cofilin binding
interfaces. Consequently, despite the capability of AWSEM to incorporate Debye—Hiickel

potentials for simulating long-range electrostatics in simulations, I have chosen to exclude these
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interactions from the binding simulations due to their limited impact on the proteins under
investigation, essentially resembling the assumption of a strong screening effect due to the high

concentration of salt.

139-147 single residues frustration

No elec. Mild elec. Strong elec.

Figure 2.4 - Single residues frustration analysis. Electrostatically induced frustration is evaluated
using single residue frustration mode for four cofilin dimer configurations (From top to bottom:
4BEX experimental assembly, 39-39 dimer, 39-147 dimer, 139-147 dimer). The frustration is
calculated (from left to right) in the context of “No electrostatics (No elec.)”, “Mild electrostatics
(Mild elec.)”, and “strong electrostatics (Strong elec.)”, which represents dielectric constant in
the Debye Hiickel potentials € = oo, 80, 33, respectively. The cofilin structure is shown using
cartoon diagram with highly frustrated residues colored in red, neural residues colored in gray,
and minimally frustrated residues colored in purple.

Visualization, Clustering, and Frustration Analysis

The analysis of AWSEM simulations was conducted using various tools and techniques.
To visualize the simulations, I employed VMD. [66] The total protein structure was visualized
using the "New Cartoon’ drawing method, while the specific cysteine residues (39, 139, and 147)
were highlighted using the *Beads’ drawing method, each assigned a distinct color (Cys39 in red,

Cys139 in blue, and Cys147 in green) for easy identification within the dimer.

For further trajectory analysis, I initially processed the PDB files containing the cofilin

dimer configurations using the Python package MDTraj. [69] Subsequently, I generated contact



23

maps illustrating the residue positions within the cofilin dimers using the Contact Map Explorer
(https://github.com/dwhswenson/contact_map), which is an open-source tool built on MDTraj.
The scripts for generating these contact maps are available on Github repository

(https://github.com/pnnl/PTMPSI/tree/master/ptmpsi-awsem).

To perform structural clustering analysis, I curated a total of 1360 structures obtained
from biased simulations conducted for umbrella sampling. In pursuit of a comprehensive
exploration of the cofilin dimer ensemble, I systematically selected these structures across five
separate replicate simulations, each representing 16 distinct trajectories (resulting in a total of 5 x
16 = 80 trajectories). Within each trajectory, I extracted a structure every 50 simulation frames,
yielding a grand total of 5 x 16 x 17 = 1360 representative structures. The clustering analysis
began by transforming the Q-global data, into a square form. The Q value serves as a structural
similarity measure, ranging from 0 to 1, where "1"” signifies an identical reference structure and
"0" denotes a completely dissimilar counterpart. Subsequently, I employed hierarchical
clustering analysis, utilizing the Python package Seaborn and the function “seaborn.clustermap.”
In this analysis, I specified critical parameters, including metric = “correlation” for the pairwise
distance metric and method = “average” for the linkage method. These choices facilitated the
generation of informative visualizations. Please consult the GitHub repository
(https://github.com/pnnl/PTMPSI/tree/master/ptmpsi-awsem/clustering_analysis) for further
reference and access to detailed scripts related to the clustering analysis of the dimer

configurations.

To investigate frustration within the cofilin structures, I utilized the Frustratometer
Server, accessible at http://frustratometer.qb.fcen.uba.ar. [70] Based on energy landscape theory,
the concept of frustration in biomolecules and its contemporary perspective on folding, function,

and assembly have been discussed in detail in various sources. [71, 72] This analysis was



24

performed by uploading the PDB structures of cofilin oligomer candidates to the Frustratometer
Server with a sequence separation parameter of 3 and without considering long-range

electrostatics (see Exclusion of electrostatics in binding simulations section above).

Protein frustration analysis employs computational techniques to identify energetically
frustrated residues or regions within a protein structure. These methods evaluate factors like
conflicting interactions, steric clashes, and geometric constraints to pinpoint areas where local
interactions favor different conformations, leading to overall structural instability. By quantifying
and visualizing frustration, researchers gain insights into protein folding, stability, and function,

which can inform studies on protein engineering and drug design.

In this study, I explored mutational frustration in cofilin oligomers to assess the
favorability of current residues compared to hypothetical ones at the oligomer interface. [73]
When the interface within a cofilin oligomer experiences minimal frustration (mostly green
lines), it is energetically stabilized. Conversely, a highly frustrated interface (with many red
lines) suggests instability and may serve as potential sites for allosteric regulation or protein—

protein interactions.

While the current frustration analysis algorithm does not directly incorporate the
formation of disulfide bonds between residues, I acknowledge the importance of considering
how such chemical modifications can influence molecular interactions and configurations.
Indeed, the formation of disulfide bonds could potentially mitigate the destabilizing effects of

frustrated interactions by stabilizing the interface, as suggested by experts in this field.
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2.3 AWSEM SIMULATIONS REVEAL MULTIPLE PROBABLE BINDING

INTERFACES IN A COFILIN DIMER

In the AWSEM simulations, I identified multiple cofilin dimer candidates established by
intermolecular disulfide bonds with distinct binding interfaces, of which six were particularly
noteworthy. Cofilin’s mutual configurations in the dimer are represented using three key cysteine
residues (39, 139, 147) for visual inspection. Previous experimental findings had proposed a
dimer interface involving cysteine 39 and 147 residues, referred to as the 39-147 cofilin dimer.
[74] Additionally, the PDB structure of human cofilin 1 (PDB ID: 4BEX) reported a disulfide
bond formed between adjacent, symmetric monomers at cysteine 139 residues, known as the
139-139 cofilin dimer. [59] While the simulations confirmed the presence of the 39-147 cofilin
dimer, the experimentally reported 4BEX assembly involving disulfide bonds between cysteine
139 residues was notably absent. The simulations also unveiled several previously unreported
binding interfaces, with the 39-39 and 139-147 interfaces being the most prevalent. In Figure
2A, the population distribution of these cofilin dimer candidates is illustrated using structural
clustering analysis, while Figure 2.5B visualizes the centroid structures based on their constituent
cysteine residues. It is important to note that the population size shown in Figure 2.5A serves as a
qualitative indicator for structural categorization purposes and does not represent the realistic

population of representative clusters.
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Figure 2.5. Analysis of structural clustering for various cofilin dimer configurations. (A)
Clustered heatmap with dendrograms of cofilin dimeric configurations derived from AWSEM
MD simulation trajectories using the Q value for structure. Dark clusters correspond to the
cofilin dimer candidates depicted in (B). (B) Cofilin dimer candidates indexed I-V, correlating
with the cluster map in (A). Candidate VI (139—-139) represents the experimental assembly from
4BEX, which was not identified in the simulations. Candidates [-V are denoted by the cysteine
residues detected at the interface. The cysteine residues 39, 139, and 147 are represented as red,
blue, and green spheres, respectively. Candidates I1I and IV (both belonging to 139—-147) are
further distinguished as d1 and d2, representing degenerative states 1 and 2, respectively.
Notably, the candidate I (39—147) dimer exhibits asymmetry, while the other candidates are
symmetric.

The simulation results predict that the 39—147 cofilin dimer is the only asymmetric
assembly among the other six configurations. The asymmetry of this assembly can be visualized
in three-dimensional space by representing the three key cysteine residues (39, 139, and 147)
with red, blue, and green balls, respectively (refer to Figure 2.5B-I). One can conceptualize a
virtual triangle formed by connecting these three cysteine residues (colored balls) within the
cofilin molecule. The asymmetric binding configuration of a cofilin dimer is akin to envisioning

two virtual triangles stacked together with their vertices misaligned. This asymmetric assembly
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suggests a generic intermolecular interaction between cofilin molecules in vivo and is known to
exhibit bundling activity under oxidative stress. [17, 18, 74, 75] The interface residue pairs in
this asymmetric assembly consist of a combination of mild hydrophobic contacts (involving Ser-
Ile, Ser-Cys, Tyr-Cys, Cys-Gly, Leu-Gly) and scattered charge pairs (including Glu-Lys, Glu-

Glu).

The experimentally determined cofilin assembly, the 139—139 cofilin dimer, exhibits C2
symmetry, with two virtual triangles mirroring each other in the crossing plane. In this symmetric
assembly, the interface residue pairs engage in numerous strong hydrophobic contacts (e.g., Phe-
Leu, Ala-Leu, Met-Met, Ala-Met, Ala-Ala, Cys-Cys, Cys-Tyr, Asn-Pro) and a significant number
of repulsive charged pairs (e.g., Glu-Glu, Lys-Lys). Despite its high degree of symmetry, the
distribution of the resulting interaction pairs does not optimize at the interface, thus remaining

unobserved in the simulations.

On the other hand, the predicted 139—147 cofilin dimer displays considerable
conformational dynamics among its subspecies. These subspecies share a significant number of
strong hydrophobic contacts (e.g., Met-Leu, Ala-Leu, Leu-Ile, Met-Met, Met-Ala, Cys-Cys)
along with mild stabilizing charge pairs (e.g., Asp-Glu). This combination of chemical
interactions underscores the conformational flexibility and dynamic exchange of contacts at the

interface.

Interestingly, the model of 39-39 cofilin dimer exhibits a highly symmetric molecular
structure (C2 symmetry) with very limited hydrophobic contacts, nearly none at all. The majority
of the binding interface is composed of charged residues such as Lys(+), Glu(—), and Asp(-),
resulting in charge-complementary clusters, including major attractive charge pairs, Lys(+)-

Glu(—) and Lys(+)-Asp(—), and several repulsive charge pairs like Glu(—)-Glu(—) and Glu(-)-
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Asp(—). This phenomenon highlights a unique charge-pair distribution that compensates for
repulsive charge forces through effective distribution. Note that these charge pairs are formed
due to short-range electrostatic contributions from the default AWSEM potential. This version
does not take into account the long-range electrostatic effects (See Methods for the details). One
thing worth mentioning is that Arg(+) is not observed as part of the electrostatics-driven binding
interface, which is notable considering its common role in electrostatic interactions. One possible
explanation for the exclusion of Arg(+) at the binding interface is the interplay between steric
considerations, the structural specificity required for protein—protein interactions, and the
relatively large and complex side chain of Arginine (Arg) compared to some other charged
residues like Lysine (Lys). Protein—protein interactions necessitate a precise fit between
interacting surfaces, and the choice of residues in the binding interface often aims to achieve

optimal interactions, prevent steric clashes, and maintain a specific structural arrangement.

To assess the stability of the predicted cofilin dimer complexes with greater precision, |
built all-atom structures for these dimers and performed individual 40 ns MD simulations using
the NAMD simulation package with the CHARMM?27 force field. [76] The findings from these
simulations consistently affirm the stability of the predicted dimer complexes (Refer to Figure

2.6).



29

Figure 2.6. Structural stability of predicted cofilin dimer complexes is analyzed via RMSD
analysis. The RMSD values were calculated for each predicted cofilin dimer complex: (a) 39-147
cofilin dimer, (b) 39-39 cofilin dimer, (c) 139-147 cofilin dimer, and (d) 139-139 cofilin dimer
(4BEX assembly). The corresponding cofilin dimer complexes are depicted below, with the pink
cartoon diagram representing the initial structure (reference structure) and the cyan cartoon
diagram representing the final frame (at 40ns) from the atomistic simulation. The atomistic
simulations were performed using NAMD with the CHARMM?27 force field, including explicit
water molecules within a simulation box, counter ions for charge neutralization, and periodic
boundary conditions.

2.4 FREE ENERGY LANDSCAPES OF MAJOR COFILIN DIMER

CANDIDATES: INSIGHTS FROM IMPORTANCE SAMPLING

Despite the plethora of cofilin dimer configurations obtained through clustering analysis,

their thermodynamic stability remains unknown. To assess their relative stability among the six
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cofilin dimers, I employed the umbrella sampling technique to explore the binding free energy
landscape of cofilin dimers. Figure 2.3 presents the free energy profile of cofilin dimer
candidates using the 139—147 dimer as the reference structure. Notably, several basins are
evident along the free energy profile, indicating stable populations of the dimer. These free
energy basins are labeled A&B, C, and D, with their respective representative structures (dimer

candidates I to VI) displayed accordingly.
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Figure 2.7. Free energy profiles of cofilin dimer candidates are shown. The monomeric cofilin
structure is illustrated at the top left: the main protein chain is in cyan, while cysteine residues
39, 139, and 147 are colored red, blue, and green, respectively. This color scheme extends to all
dimer structures within this figure. A, B, C, and D denote various free energy profiles, either
basin-like or non-basin-like, corresponding to specific dimer configurations. (A) Candidate I:
39-147 dimer. (B) Candidate II: 39-39 dimer. (C) Candidates I1I-V: 139-147 dimers along with
their degenerative states. (D) Candidate VI: 139-139 dimers (4BEX experimental configuration).
Notably, Candidates I and II exhibit a local free energy minimum that is 5 kT less than
Candidates III-V and 10 kT lower than Candidate VI. Candidate VI does not present a local free
energy minimum.
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Dimer candidates I (39—147) and II (39-39) are situated within the A&B basin,
representing the lowest free energy state among the others, despite their initial low prevalence as
observed in the clustered dendrogram. This result suggests a greater thermodynamic stability of
approximately 5kT (~3 kcal/mol at 300 K)) compared to other dimer candidates, namely IIL, IV,
and V (e.g., the 139—147 dimer). The 139-147 dimer ensemble is characterized by the free
energy basin C, which exhibits a broader range, indicating higher conformational dynamics.
Consequently, the 139-147 dimer encompasses several degenerate configurations, including
139-147 itself and a doublet pair, d1/d2. One distinctive feature that distinguishes d1 from d2 is
the relative placement of Cys139 and Cys147 within the interface. In the case of d1, the
positioning of one cofilin’s Cys139 and Cys147 in the interface is on opposite sides compared to
those of the other cofilin. Conversely, d2 demonstrates that Cys139 and Cys147 are situated on
the same side. This side-by-side variation is primarily attributed to a rotational change at the
interface. Alongside this rotational difference, it is worth noting that they also exhibit similar
global Q values, as illustrated in the two-dimensional free energy landscape depicted below. The
139-139 dimer (VI) is not stable in the simulation as it does not exhibit any free energy basin,

suggesting it is not a biologically relevant dimer (in line with the statement in the paper [59]).

2.5 EXPERIMENTALLY CHARACTERIZED COFILIN ASSEMBLY EXHIBITS
A HIGHLY FRUSTRATED INTERFACE WHILE PREDICTED DIMER

MODELS EXHIBIT A LESS FRUSTRATED INTERFACE
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I conduct frustration analysis [70] for the aforementioned set of six cofilin dimer
candidates (see Figure 2.8). Frustration in the context of protein analysis refers to energetically
unfavorable interactions within specific regions of a given protein. Frustration analysis typically
involves comparing the energy of a given interaction or region with the statistical energy
distribution of different decoy states. [71, 77, 78] If the energy of the interaction is higher than
the average energy of the decoys, it is considered frustrated (indicated by red lines). This
signifies that the local interaction is not stable within the current protein structure. Conversely, if
the energy of the interaction is lower than that of the decoys, it is termed minimally frustrated
(indicated by green lines), implying that the local interaction energy cannot be further stabilized
through mutation or state changes. Please refer to the Methods section for a detailed definition of
frustration and a quantitative description. The dimer interfaces of candidates I, II, and V exhibit
predominantly green lines with few instances of red lines, indicative of minor frustrated
interactions as compared to candidates III and I'V. This observation suggests that the interfaces of
candidates I, II, and V are favorable binding counterparts. However, candidate VI, corresponding
to the 4BEX experimentally determined assembly, displays many red lines in its frustration
analysis, implying a high degree of frustrated interactions. Consequently, the candidate VI

interface is unlikely to be a favorable binding interface in the biological context.
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39-39

139-147_d2 139-147 4BEX assembly

Figure 2.8. Frustration analysis of cofilin dimer interfaces. Interactions at the binding interface
across various cofilin dimer candidates are analyzed for frustration. Green lines highlight
minimally frustrated residue pairs, while red lines highlight highly frustrated residue pairs.
Notably, Candidates I, II, and V demonstrate fewer frustrating interfaces compared to Candidates
IIT and IV. In contrast, Candidate VI displays pronounced frustration at the binding interface.

The predicted frustrated pairs are illustrated through contact maps, presented in Figures
S4-S7 in the Supporting Information. Additionally, Figure 2.9 provides a summary of the
frustration analyses in terms of the percentage of frustration. Furthermore, detailed frustrated

pairs have been tabulated and are available for download in an Excel file.
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Analysis result
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Figure 2.9. Comparison of the four cofilin dimers’ mutational frustration analysis. This histogram
illustrates the percentage of frustrated interactions versus minimally frustrated interactions
influenced by electrostatic forces for four cofilin dimers. Each column, from left to right, is
labeled as "No electrostatic (No elec.)", "Mild electrostatic (Mild elec.)", and "Strong
electrostatic (Strong elec.)", corresponding to the Debye-Hiickel potential with dielectric
constants € = oo, 80, and 33, respectively. Frustrated residues are depicted in red, while minimally
frustrated residues are shown in green.

2.6 POPULATION SHIFTS OF DIMERIC STRUCTURE FROM ITO V ARE

DYNAMIC DUE TO LOW FREE ENERGY BARRIERS IN BETWEEN BASINS

In the context of relatively low free energy barriers separating the basins populated with
predicted cofilin dimer configurations, I employed importance (umbrella) sampling simulations
to construct two-dimensional free energy landscapes. These landscapes profile free energy is
shown as a function of critical coordinates. Figure 2.10 illustrates these landscapes, depicting the
free energy in terms of the global Q value and the radius of gyration (Figure 2.10A), as well as

the system’s potential energy as a function of the radius of gyration (Figure 2.10B).
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Thermodynamically speaking, candidate V readily interconverts with candidates I1I and IV,
owing to negligible energy barriers. It is noteworthy that both III and IV exhibit comparable Q
values, approximately around Q = 0.6, within the same free energy basin. This similarity in Q
values indicates that they share similar contacts formed at the interface. This similarity in the
interface suggests a degree of dynamic flexibility inherent to this binding interface. It is
characterized by variations in the relative orientations of individual monomers, which results in a
degeneracy in energy, designated as d1 and d2. In contrast, dimer configuration V presents a
significantly distinct Q value, approximately 0.9, indicating a structurally different configuration.
Remarkably, the radius of gyration (Rg) for I1I-V falls within the range of 20 to 22 A, consistent
with their similarity in shape. Furthermore, these local minima are more thermodynamically
favorable for conformational transitions into candidates I and II, as indicated by the directional

arrows in Figure 2.10.
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Figure 2.10. Free energy landscape of cofilin dimer transitions is explored using two-
dimensional free energy surfaces. (A) Depiction of the two-dimensional free energy surface
based on the radius of gyration (Rg) and the global Q value (with reference to candidate V). (B)
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Free energy landscape mapped as a function of Rg and potential energy. Dimers are pinpointed at
the free energy local minima, represented by dashed circles, and labeled I to V. Arrows of
varying thickness indicate the probability of transitions, influenced by relative free energy
differences.

2.7 COFILIN MONOMERS AND DIMERS INTERACT DIFFERENTLY WITH

ACTIN FILAMENT FRAGMENTS

To explore the binding affinities of various cofilin forms with actin, I utilized the
ClusPro2.0 server for docking simulations between a cofilin dimer model and a fragment of F-
actin. As a control, I first demonstrated that monomeric cofilin readily docks onto an F-actin
fragment where the cofilin monomer (orange) places at the junction of actin units, as depicted in
Figure 2.11A—an observation consistent with its role in actin severing. Conversely, cofilin
dimers (for example Model I) can only dock at the terminal ends of F-actin, not between adjacent
actin units, as illustrated in Figure 2.11C. Figure 2.11B,D further illustrate that both monomeric
and dimeric forms of cofilin exhibit strong binding affinity for G-actin. Based on these findings,
I propose that the smaller size of the cofilin monomer facilitates its docking between actin units
on F-actin, thus enhancing its role in severing. Conversely, the larger size of dimeric cofilin
limits its binding to either G-actin or the terminal ends of F-actin, aligning with their respective

roles in actin nucleation and assembly.
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Figure 2.11. Interaction dynamics of cofilin with actin structures are predicted and shown. (A)
Interaction of a monomeric cofilin (displayed in orange) with a filament-actin (F-actin) structure
(shown in gray), which consists of 5 actin subunits. (B) Monomeric cofilin (orange) interacts
with a G-actin structure (gray). (C) Dimeric cofilin structure (colored in red) docked onto an F-
actin structure (gray), composed of 5 actin units. (D) Interaction of a dimeric cofilin (red) with a
G-actin (gray). Visualization of the docking process of cofilin monomers and dimers onto
filament-actin is facilitated by the ClusPro server.
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2.8 DISCUSSION

Symmetry and Stability of Cofilin Dimers: Insights to Cofilin Tetramers from AWSEM

Simulations

In this simulation study, I have predicted various cofilin dimer configurations that could
potentially be guided by intermolecular disulfide bond formation. I should note that each cofilin
dimer is characterized by distinct binding interfaces. Employing free energy analysis [79]
through the AWSEM coarse-grained force field, [12] these proposed dimeric configurations
display diverse population distributions and relative free energies. Among these, one particular
candidate, designated as “dimer 139-147", stands out due to its prevalence, characterized by an
interface involving cysteine residues at positions 139 and 147. Additionally, I identify two other
notable dimer candidates named “dimer 39-39" and “dimer 39-147". The configuration of
“dimer 39-147" bears a resemblance to the experimentally proposed dimer structure, while

“dimer 39-39" holds promise as a potential precursor to cofilin tetramer formation.

Some of these configurations find support in experimental evidence, either directly or
indirectly, while others are theoretical predictions lacking experimental validation. Nevertheless,
the free energy calculations have demonstrated the capacity to predict the stability of these
configurations. Notably, among all the predicted cofilin dimer configurations, the 39-39
assembly stands out due to its remarkable stability, high degree of symmetry, and optimized

charge-pair distributions at the interface, facilitated by short-range electrostatic interactions.

It is important to note that, in the current version of AWSEM, long-range effects such as
Debye-Hiickel potentials have not been implemented, under the assumption of a strong

screening effect due to the high concentration of salt. This prediction raises the intriguing



39

possibility of a prevalent population when cofilin oligomerizes into larger entities — from cofilin

dimers to tetramers, where two cofilin dimers randomly diffuse and collide.

The 39-39 dimer’s C2 symmetry positions it as a strong candidate for participating in the
formation of a cofilin tetramer. To test this hypothesis, I conducted AWSEM simulations.
Initially, I applied two biasing forces to maintain disulfide bond equilibrium distances between
the Cys39 residues of adjacent 39-39 dimers. Subsequently, these forces were removed to assess
the tetramer’s structural stability. As illustrated in Figure 2.12A, these simulations revealed a
stable cofilin tetramer configuration, with symmetry properties of the tetrahedral-like point group
(Td-like). Further analysis of mutational frustration within the tetramer, as shown in Figure
2.12B, indicated minimal frustration at the interfaces between the four chains. I speculate that
this tetrameric configuration is energetically favorable, thereby providing support for its potential
as a biologically relevant assembly. While higher-order reaction schemes are possible, I consider
the most probable reaction channel to involve a second-order reaction, wherein two activated
cofilin dimers interact to form a tetramer. Such simulations will require more sophisticated

simulations; therefore, it is beyond the scope of this study.
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Figure 2.12. Proposed tetrameric configuration of cofilin using 39-39 dimers. (A) Display of the
simulated tetrameric cofilin structure, with protein chains rendered in cyan and cysteine 39
residues emphasized using red balls. Notably, this configuration remains stable in the AWSEM
simulation without any external force biases. (B) Mutational frustration analysis was conducted
at the interface between two contrasting dimers, colored tan and gray. A dominant minimally
frustrated interface is inferred, as the majority of interactions within the delineated ellipsoid are
green, indicative of an optimized binding interface.

Given the scarcity of experimentally determined conformations, I relied on the
monomeric structure derived from crystallographic data as the baseline (zero-order
approximation). Although a thorough exploration of cofilin’s monomeric structural ensemble is
feasible, it lies beyond the scope of current study. However, such an investigation could offer
valuable insights complementary to this approach. I remain receptive to future updates that may

yield further discoveries in this regard.
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Cofilin Oligomerization and Its Functional Implications in Actin Regulation through Post-

Translational Modifications

The regulatory influence of cofilin monomers or oligomers on filamentous actin, for
instance, involves a complex interplay of cooperative binding and mechanical coupling with the
filament, resulting in diverse severing activities at the interfaces between bare and decorated
segments. [80] Numerous computational investigations, conducted at various levels, have been
dedicated to exploring the mechanical stress modulation induced by cofilin binding. [81-83]
Among these investigations, mesoscopic models have proven to be particularly valuable for
elucidating the mechano-elastic properties of actin filaments in the context of fragmentation. De
La Cruz et al. pioneered a mesoscopic model capable of predicting bending and torsional
rigidities based on polymer interaction energies, geometric constraints, and twisting-bending
coupling dynamics. [81] This model, as subsequently refined to include considerations of
filament helicity and occupancy, has demonstrated its efficacy in mapping filament strain energy
across specific lateral and longitudinal interfaces. [83] Since this mechanical stress requires input
from subtle changes in protein structures, all-atom molecular dynamics simulations play a
pivotal role in furnishing these intricate structural insights at the molecular level that remain
elusive in mesoscopic models. For instance, extensive molecular dynamics simulations have the
capability to faithfully reproduce the subtle helical twists observed in actin filaments upon cofilin
binding, [84] a phenomenon consistent with cryo-electron microscopy findings. [85] The
atomistic-scale simulations have also uncovered the asymmetric dynamics of barbed and pointed
ends, along with intricate conformational changes in neighboring subunits arising from

differences in crossover lengths at slow-severing and fast-severing boundaries. [86, 87]
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Even with AlphaFold2 [14] or RoseTTAFold [34] offers people a tool to predict protein
structures from sequences accurately, these structure-only models with canonical amino acids
lack the interpretation of protein functions that rely on post-translational modification (PTM).
PTM is the chemical modification of amino acids in response to changes in the cellular
environment. While some PTMs, such as phosphorylation, require specific enzymes to
characterize cellular behaviors, oxidation—reduction (redox)-based PTMs (i.e., redox PTMs) of
thiol-containing cysteines are the most common in rapid responses to shifting redox conditions.
[88] One of the authors recently developed a Python-based workflow, PTM-Psi (A Python
Package to Facilitate the Computational Investigation of Post-Translational Modification on
Protein Structures and Their Impacts on Dynamics and Functions), that allows users to interpret
how chemical perturbations caused by PTMs, particularly thiol PTMs, affect a protein’s
properties, dynamics, and interactions with its binding partners, leveraging either inferred or
experimentally determined protein structures. They demonstrated the utility of PTM-Psi for
interpreting sequence-structure—function relationships of a cysteine-rich protein derived from

thiol redox proteomics data. [32]

The PTM-Psi workflow commences with a FASTA sequence, utilizing
AlphaFold/OpenFold or a provided PDB file to infer its structure, followed by the incorporation
of a targeted PTM into the structure. Specifically, PTM-Psi first parametrizes nonstandard
residues introduced using NWChem as the quantum-mechanics backend, subsequently preparing
GROMACS molecular dynamics simulations to assess the impact of PTMs on structural and
dynamical changes within the protein. In the final stage, PTM-Psi facilitates the preparation of

input files for small-molecule docking simulations using the Autodock Suite, enabling the
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exploration of functional alterations, such as assessing the structural compatibility of a substrate

within a catalytic site.

Here, cofilin oligomerization involves thiol PTMs of cysteines to form intermolecular
disulfide bonds under oxidation stress. The cofilin dimer models enable to explore these
possibilities based on cofilin’s distinct binding interfaces. I employed a straightforward docking
approach to address these questions, aiming to provide practical insights into predicting cofilin’s
function in terms of its oligomeric state. I showed that due to the volume exclusion, only cofilin
monomers could fit at the cleft of actin filaments, while cofilin dimers have fewer options to
bind to the actin filament. Under oxidation stress, cofilins may regulate their binding with actin
filament through its thiol PTMs of disulfide formation. I fit this coarse-grained modeling module
based on AWSEM simulations into the schema of PTM-Psi

(https://github.com/pnnl/PTMPSI/tree/master/ptmpsi-awsem).
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2.9 CONCLUSION

This study focuses on cofilin, a vital actin-binding protein known for its role in actin-
severing and monomer recycling. Recent experimental discoveries have highlighted cofilin’s
capacity to form functionally diverse oligomers through intermolecular disulfide bond formation,
contributing to actin nucleation and assembly. The formation of cofilin oligomers signifies its
importance in regulating actin dynamics under oxidative stress. I provided a computer model to
evaluate the structural conformations of these cofilin oligomers and evaluated their impact on
actin binding with coarse-grained molecular simulations. These findings enhance comprehension
of the intricate interplay between cofilin and actin, which has a far-reaching impact on

understanding the cellular cytoskeletal dynamics.
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CHAPTER 3: FORECASTING AVALANCHES IN BRANCHED

ACTOMYOSIN NETWORKS WITH NETWORK SCIENCE AND

MACHINE LEARNING

This chapter is based on Chengxuan Li's first author publication: Chengxuan Li, James Liman,
Yossi Eliaz and Margaret S. Cheung. “Forecasting Avalanches in Branched Actomyosin
Networks with Network Science and Machine Learning.” The Journal of Physical Chemistry B
125 (42) (2021): 11591-11605. https://doi.org/10.1021/acs.jpcb.1c04792

Codes related to this work can be found in the GitHub repository: https.//github.com/Cheung-
group/Actomyosin-Avalanche_Arp2-3 MEDYAN

In this work, I explored the dynamic and structural effects of actin-related proteins 2/3 (Arp2/3)
on actomyosin networks using mechanochemical simulations of active matter networks. On the
nanoscale, the Arp2/3 complex alters the topology of actomyosin by nucleating a daughter
filament at an angle with respect to a mother filament. At a subcellular scale, they orchestrate the
formation of a branched actomyosin network. Using a coarse-grained approach, I sought to
understand how an actomyosin network temporally and spatially reorganizes itself by varying the
concentration of the Arp2/3 complexes. Driven by motor dynamics, the network stalls at a high
concentration of Arp2/3 and contracts at a low Arp2/3 concentration. At an intermediate Arp2/3
concentration, however, the actomyosin network is formed by loosely connected clusters that
may collapse suddenly when driven by motors. This physical phenomenon is called an
“avalanche” largely due to the marginal instability inherent to the morphology of a branched

actomyosin network when the Arp2/3 complex is present. While embracing the data science


https://doi.org/10.1021/acs.jpcb.1c04792
https://github.com/Cheung-group/Actomyosin-Avalanche_Arp2-3_MEDYAN
https://github.com/Cheung-group/Actomyosin-Avalanche_Arp2-3_MEDYAN
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approaches, I unveiled the higher-order patterns in the branched actomyosin networks and
discovered a sudden change in the “social” network topology of actomyosin, which is a new type
of avalanche in addition to the two types of avalanches associated with a sudden change in the
size or shape of the whole actomyosin network, as shown in a previous investigation. This new
finding promotes the importance of using network theory and machine learning models to
forecast avalanches in actomyosin networks. The mechanisms of the Arp2/3 complexes in
shaping the architecture of branched actomyosin networks obtained in this paper will help better
understand the emergent reorganization of the topology in dense actomyosin networks that are

difficult to detect in experiments.

3.1 INTRODUCTION

In muscle cells, actin filaments and myosins are organized into a striped sarcomere, [20]
and in non-muscle cells, actomyosin networks tend to be isotropic, especially at the edge of cells
such as the actin cortex. [20, 89] I hypothesized that the nanostructure of the actomyosin network
dictates the structure and dynamics of the entire system. [20] Actin-binding proteins (ABPs) are
the key drivers of changes in the local structure of actomyosin networks. One of such ABP is the
Arp2/3 complex [90] which is responsible for geometrical arrangement in a global architecture
by being a nucleator for branched actomyosin networks. [91, 92] The Arp2/3 complex, also
known as a brancher in the system, creates a junction of a daughter filament nucleated from its
mother filament and subsequently orchestrates the formation of branched actin networks. [90]

Together with myosin motors, the branched actomyosin networks are responsive to mechanical
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perturbations from the environment of a cell, [93] as the network organization controls

contractile tension generation in a cell.

Computational models have been used to explore actomyosin contractility, [94, 95] but
few of these computational models explore the effect of the Arp2/3 complex on the dynamics of
the system. Despite extensive experimental and computational studies, [96-99] only recently has
the computational work from Cheung group shown that the presence of the Arp2/3 complex
causes sudden collapse dynamics of marginally stable actomyosin networks, called “avalanches”.
[22] The avalanche possibly underscores the phenomenon of a “cyto-quake”, [100] a drastic
structural change in the actomyosin network within a short period of time. The biophysical
importance of this phenomenon is appreciated since it is deeply related to the structural
rearrangement of the cytoskeleton. However, how this phenomenon connects to the

nanoarchitecture of the branched actomyosin network orchestrated by the Arp2/3 complexes

remains unclear.

In this work, I explored the impact of Arp2/3 concentration in modulating avalanches in
branched actomyosin networks using coarse-grained simulations. I used the software package
MEDYAN, [11] which simulates the organization of actin filaments with mechanochemical
feedback from actin-binding proteins, such as those that form catch bonds (non-muscle myosin
ITA motors, NMIIA) [101-103]), slip bonds (a-actinin linkers [104, 105]), and filament
nucleators (Arp2/3 complexes [22, 106]). In the simulations, even though I only changed the
concentration of Arp2/3 complexes while the turnover rates [20, 107] remained the same in the
chemical reactions, the patterns of the temporally evolving networks were incredibly complex.
Driven by a high concentration of motors, several new global features, or orders, emerge from a

locally well-connected network. To quantify and even to forecast such new orders from an
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inhomogeneous system that is far from equilibrium, I converted the physical networks into
mathematical graphs that reveal the pattern of a higher-order scaffold within the complex
network. Using network sciences tools, [39] I discovered a new type of avalanche in actomyosin

networks related to a sudden change in the topology of a well-connected actomyosin network.

I then introduced these new features to train machine learning (ML) [108-111] models for
forecasting these interesting far-from-equilibrium events. As an exploration of the predictability
of avalanches, I trained two supervised machine learning models (support vector machine [112]
and XGBoost [113]) with only the mechanical description of the actin filaments. The latter
follows a gradient tree-boosting algorithm that is much more sophisticated than the former which
follows a simple linear regression algorithm. In ML and supervised ML in particular, data
curation and feature extraction are crucial for building reliable prediction models. I used features

with physical interoperation from both polymer and network theory.

I utilized the two representative supervised machine learning models to explore order
parameters for feature learning. I considered three polymer physics order parameters (the mean
filament displacement, the radius of gyration, and the shape) [22] and six network theory order
parameters (the density, the average clustering, the clique number, the mean closeness, the mean
betweenness, and the assortativity) [39] for feature learning. Not only have I forecasted
avalanches with great high probability, but I have also shown that the avalanches are
mechanically dominated rather than chemically in the actomyosin network. The consideration of
the features from the network theory order parameters into the training greatly improved the
performance of both machine learning models by minimizing false negatives, benefiting the
support vector machine model more than the XGBoost model. This work has greatly expanded

the toolset available for analyzing or interpreting protein-mediated actomyosin networks.
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3.2 SIMULATION

Mechanochemical Dynamics of Active Networks (MEDYAN)

I simulated the dynamics of actomyosin networks by using a coarse-grained
mechanochemical model of active systems called Mechanochemical Dynamics of Active
Networks (MEDYAN), developed by the Papoian group. [27, 31, 107, 114-116] The highlight of
MEDYAN is its inclusion of mechanochemical feedback of the active networks, which makes
the software more appropriate for research interests compared to the models used in previous
studies. MEDYAN consists of four main steps in its mechanochemical loop, as described in

Figure 3.1.
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Figure 3.1. The workflow of MEDYAN consists of four steps: (1) Initiate the chemical model:
the system evolves the actomyosin network with stochastic chemical reaction diffusion. (2)
Update the mechanochemical configurations: the chemical reactions deform the network locally,
followed by the formation of a new mechanical configuration. (3) Initiate the mechanical model:
the total energy of the new mechanical configuration is minimized with the conjugate gradient
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method by reaching a new equilibrium. (4) Update the chemical reaction rates: the chemical
reaction rates are mechanochemically updated at the new equilibrium state. These four steps are
cycled through for the entirety of the simulations. For a detailed description of MEDYAN, see
ref [11].

Simulation Parameters

All simulations were confined to a three-dimensional, 1 um3 rigid cubical box to match
the size of a typical dendritic spine. The maximum time of the simulation is set to 2000 s, and
snapshots are captured every 10 s. Initially, the number of actin filaments was 50, and the
filament length was 10 monomers. An example of typical snapshots of the simulations is shown

in Figure 3.2, visualized with Mayavi 4.7.0. [117]



51

A s
A
it cu vl A
3 A .
- 4 .
8 £
b = g o
t'.‘
A

g Bl

Figure 3.2. Typical snapshots of MEDYAN simulations for the unbranched actomyosin networks
without Arp2/3 complexes (A) and for the branched actomyosin networks with Arp2/3
complexes (B). In both snapshots, a red cylinder represents an F-actin filament, a black bead
represents a plus end of an F-actin filament, a white bead represents a minus end of an F-actin
filament, a blue cylinder represents an ensemble of NMIIA motors that consists of 15-30 motor
heads, a green cylinder represents an a-actinin cross-linker, and a yellow bead represents an
Arp2/3 complex.

Reaction Rates and Mechanical Constants

The reaction rates used in the simulations are listed in Table 3.1. kp+ or kp-: polymerization
reactions of F-actin on the plus ends or minus ends; kq4p+ or kqp-: depolymerization reactions of F-
actin on the plus ends or the minus ends; kv or kuni: binding or unbinding reactions of a-actinin
linkers; kbm or kubm: binding or unbinding reactions of NMIIA motors; kwm: the walking reactions
of NMIIA motors; kvf: the branching reaction of F-actin; kqs: the destruction reaction of a short F-
actin no longer than one segment. The branching or destruction reactions are included only in
branched simulations. For the details of chemical reactions in MEDYAN, please refer to refs [11,

22]
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Table 3.1. Reaction Rates in the Chemical Model of MEDYAN
reaction rates value

actin filaments  kp+ 0.151 s '[11]
k- 0.017 s 7'[11]
kap+ 1.4 s71[118]
kap- 0.8 s1[118]
linkers kvl 0.009 s~ [119]
kbl 0.3s7![119]
motors kom 0.2 s7'1120]
kubm 1.7 s71[11]
kowm 0.2 s'[11]
branching kof 0.0001 s7!
destruction kat 1.0 s7! (only applied to actin filament with one segment)

The mechanical constants used in the simulations are listed in Table 3.2. kyend: the filament
bending constant; ksuetcn: the filament stretching constant; Avolume: the volume force

constant; kmotor: the motor stretching constant; kiinker: the cross-linker stretching constant; kboundary:
the boundary constant; A: the boundary screening length constant; ksretcn?™"": the branching point
stretching constant; kbend®™™M: the branching point bending constant; 0o: the branching point
bending angle; kdihera®™": the branching point dihedral constant; and kposition”™": the branching
point position constant. For detailed force field definitions in MEDYAN, please refer to refs [11,

22].
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Table 3.2. Mechanical Constants in the Mechanical Model of MEDYAN

mechanical constants value
actin filaments kbend 2690 pN-nm
Kstretch 100 pN/nm
kvolume 100000 pN-nm*
motors kemotor 2.5 pN/nm
linkers Ktinker 8.0 pN/nm
boundary repulsion kboundary 41 pN-nm (10 ks7)
A 2.7 nm
branched filament Kstretcn®™@eh 100 pN/nm
kpend®ranch 100 pN-nm
0o ~70° 190, 91]
kposition ™1 100 pN-nm

Setting of Actin-Binding Protein Concentration

To explore the extent of actin-binding proteins on actomyosin dynamics, I chose several
concentration ratios of actin-binding proteins to total actin. Five sets of motor and linker
concentrations were selected to replicate the in vitro experiments from the Weitz

group, [104] while the three brancher concentrations were selected to investigate the impact of



Arp2/3 concentration on the dynamics of the actomyosin network, as shown in Table 3.3. For
referring to the Arp2/3 concentrations in the study, I refer to xp.a = 0.002 as the low brancher
concentration, xp.a = 0.02 as the medium brancher concentration, and xp.a = 0.2 as the high

brancher concentration.
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Table 3.3. Five Sets of Concentration Ratios of Motors or Linkers to Actin and the Three

Concentration Ratios of Branchers to Actin

Xm:a Xl:a motors
0.01 0.01 low
0.01 0.5 low

0.5 0.01 high
0.05 0.1 medium
0.5 0.5 high
Xb:a branchers (i.e., Arp2/3)
0.002 low

0.02 medium

0.2 high

linkers

low

high

low

medium

high
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Xm:a represents the ratio of motor concentration to actin concentration, xi.. represents the ratio of
the a-actinin cross linker concentration to the actin concentration, and x.. represents the ratio of

brancher (Arp2/3) concentration to actin concentration.

3.3 DATA ANALYSIS

Polymer Physics Order Parameters
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Three polymer physics order parameters, the radius of gyration (Rg), the mean
displacement of filaments (dxr), and the shape parameter (S), are used to describe the

macroscopic properties of the system. Their definitions are in eqs 3.1-3.4 as below.

The radius of gyration R, of actin filaments is used in this study to quantify the size of

actomyosin networks. The size changes show the contraction or the expansion of the network.

The radius of gyration of the actin filaments Ry is described in Equation 3.1.

Re= [EENCi - Cuy (Bqn3.1)

where N is the number of actin filaments in the system, C; is the middle point of an actin
filament i, and Cy is the center of mass of the network.

Ry/ Rig is used to describe the change of network size compared to the initial condition, where R,
is the current radius of gyration, Ré is the initial radius gyration at 10 seconds to allow for the
initialization of the simulation.

The mean displacement of actin filaments is used to identify an avalanche by tracking the center

of mass of every individual filament [22]. A sudden change of the mean filament displacement

shows the abrupt transformation of the network structure.

The mean filament displacement §xg(t) is described in Equation 3.2,
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Sxp(t) =~ 2N |Cui () — Cons(t — 1) | (Eqn. 3.2)

where Cy; is the center of mass of filament i and N is the number of filaments in the network.

To quantify the shape of actomyosin networks, I have tracked the successive changes of shape

parameter, which also describe and characterize an avalanche.

The shape parameter (S) is described in Equation 3.3 [121],

|-, (Ai=2)]
(trT)3

S =27 (Egn. 3.3)

where T is the geometrical inertia tensor as described in Equation 3.4, A; are the eigenvalues of T

and A is the average eigenvalue of T,

1
Taﬁ = INZ ?,]j=1(ria - rja’)(riﬁ - T}B) (qu’l 34)

where N is the number of beads in the network. Beads are the ends of actin subunits in the
filaments, 1y, is the projection of a bead to an axis where i is the index of beads and « is the

index for x, y, z axis.

Network Theory Order Parameters
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Network theory is utilized in this study to capture the hidden properties of the actomyosin
network. Yossi Eliaz has previously implemented network theory to characterize the complex
topology in actomyosin dynamics. Yossi’s work reveals hidden properties involving uneven
changes in the shape or the size of a network that are not captured by conventional order

parameters. [39]

I followed the steps to build a mathematical graph, G (¥, E), from physical actomyosin networks
based on the proximity map of actin filaments. A proximity map is a matrix determined from the
positions of actin filaments, where the coordinates of the plus end of each actin subunit are
recorded as the position of a node (7). I chose 20 nm as the cutoff distance for constructing the
proximity map; if the distance between a pair of nodes is less than 20 nm, it is assigned an edge
(E) on the graph. To profile the topological arrangement that evolves into hierarchical, higher-
order complexes in a network of actomyosins, I opted for tracking the filaments that are
generally in close contact but not in direct contact by ignoring the chemical connectivity of
filaments formed by actin-binding proteins such as a motor or a linker. The lengths of motors and
linkers are 200 £ 25 and 35 &+ 5 nm, respectively. [122, 123] I also do not include the two
adjacent actin monomeric units in a filament measured at 27 nm. Therefore, the choice of short
cutoff at 20 nm in constructing a proximity map will satisfy the purpose of tracking the emergent

features of a complex network while not capturing the chemical connectivity of actin.

In this way, I converted the actomyosin networks into mathematical graphs. The
conformation of the mathematical graph from the physical actomyosin network and the
calculation of network theory order parameters were performed with the Python package

NetworkX. [124]
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Graph (V, E): The components of a graph G (V] E) include V, a set of vertices (also called
nodes or points, filled circles in Figure 3.3), and E, a set of edges that connect the vertices (black
solid lines in Figure 3.3). Figure 3.3A shows an example of a graph composed of six nodes and
eight edges. The degree of a node is the number of edges that are connected with it. For example,

the degree of node a is 1, while the degree of node b is 4.

Assortativity: Figure 3.3B shows an example graph that has lower assortativity than the
graph in Figure 3.3A. The assortativity, p, measures the tendency of nodes with similar degrees
to be directly connected. The graph in Figure 3.3 A has most of the nodes with similar degrees (b,
¢, d, and e) connected to each other, while the nodes with similar degrees in the graph in Figure
3.3B are not connected. Therefore, the graph in Figure 3.3A has higher assortativity than the
graph in Figure 3.3B. I employed the Z-score of the time derivative of p, Za, as one of the order

p—i

parameters to probe undetected changes in the patterns. Z = — U is the mean, and o is the

standard deviation of p.


https://pubs.acs.org/doi/full/10.1021/acs.jpcb.1c04792#fig3
https://pubs.acs.org/doi/full/10.1021/acs.jpcb.1c04792#fig3
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Figure 3.3. Illustrating graph properties with examples: (A) an example graph with high
assortativity; (B) an example graph that has lower assortativity than the graph in (A).

Detailed descriptions and definitions of the parameters are shown below in eqs 3.5-3.11.

Density measures the number of edges observed in a graph compared to the maximum number
that could be observed. The density of a network shows the number of connections inside the

network; higher density means more connections.

The density of a graph G is:

d=-—"2" (Eqn. 3.5)

n(n-1)

where 7 is the number of nodes and m is the number of edges in G.
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A clique is a subset of nodes that are all directly connected. The largest clique in the graph of
Figure 3.3A is formed by nodes b, c, d and e. By definition, the clique number is the number of
nodes in the largest clique of a graph; thus, the clique number of this graph is 4. The clique

number of a network shows the size of the biggest ‘family’ in the network.

Average clustering measures the tendency of nodes in a graph to cluster together. It shows the

clustering degree of a network, network with more clusters has higher average clustering value.

The average clustering coefficient of a graph G is:

€ ==Yes C (Eqn. 3.6)

where 7 is the number of nodes in G, c,, is the clustering coefficient of the node (Figure 3.4):

_ 2T(v)
“ = deg () @egm-1)

(Eqn. 3.7)

where T(v) is the number of triangles through node v and deg(v) is the degree of v.
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Figure 3.4. The definition of clustering coefficient. The clustering coefficient is the ratio of the
observed number of triangles that include a node to the maximum possible number of triangles
that include this node. In this figure, the clustering coefficient of the yellow node is measured.
The solid lines represent formed edges, and dashed lines represent unformed edges. When all
edges are formed (A), there are three possible triangles that include the yellow node. Based on
the definition, the yellow node has clustering coefficient of 1 in A, 2/3 in B, 1/3 in C and 0 in D.

The betweenness centrality (or betweenness) of a node calculates the number of shortest paths
between other nodes that pass through this node. It measures the centrality of a node by how

often it acts as a ‘bridge’ between other pairs of nodes.

Betweenness centrality of a node v is:

a(s,t|v)
a(st)

cg(V) = s tev (Eqn. 3.8)

where V is the set of nodes, o(s,?) is the number of shortest (s,¢)-paths, and o(s, ¢

v) is the number
of those paths passing through some node v other than s,z. If s=t, o(s,£)=1, and if vE s,¢,

o(s,t|v)=0.

The closeness centrality (or closeness) of a node measures its average farness (inverse distance)

to all other nodes. Nodes with a higher closeness score have shorter distances to all other nodes.

The closeness centrality of a node u is:

n—-1
Yu-tdwuw)

Clu) = (Eqn. 3.9)
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where d(v, u) is the shortest-path distance between v and u, and n-1/ is the number of nodes that

can reach u.

Degree assortativity coefficient (or assortativity) measures the similarity of connections in the
graph with respect to the node degree. In other words, it measures the tendency of nodes with

similar degree to be directly connected.

The degree assortativity coefficient of a graph G is [125]:

_ Zx,y xY(exy_quy)
= an

r (Egn. 3.10)

where ey, is the joint probability distribution of the degrees of two nodes, which is a symmetric
matrix and its element equals the number of edges in the graph that connect a node of degree x

with another node of degree y:

exy = [{(w,v):u,v €E Nky = x,k, =y} (Eqn. 3.11)

qdx and q,, are the fraction of edges that start and end at nodes with degrees x and y, g is the

standard deviation of the distribution of g; values.

Assortativity reveals the morphology of a graph. Graph with high assortativity has ‘centers’
within which the nodes with similar degree are connected to each other (Fig 3.3A), while graph

with low assortativity has aster-like structures (Fig 3.3C).
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Machine Learning Models to Forecast Avalanches

To predict avalanches in the mesoscopic simulations of actomyosin dynamics, I adopted
two types of supervised learning models for training the data set simulated with MEDYAN
software: the SVM (support vector machine) model [112] and the XGBoost
model. [113] Although both are widely used in machine learning, the XGBoost model has been
proven to be more sufficient (better performance) and less expensive (consuming fewer
computing resources) than linear regression models in most cases, while the performance of the
SVM model depends highly on the choice of the kernels. [126-128] I trained the data with a
polynomial kernel in the SVM model provided by the python scikit-learn 0.23.2
package. [112] For the XGBoost model, I trained the data using the python XGBoost 1.3.0

package. [113]

The data set used for training consists of 335 snapshots that precede avalanches as a
positive data set (“avalanche”), while for a negative data set (“no avalanche”), I used 493 other
snapshots that were not succeeded by an avalanche. All these avalanches were selected from the
MEDYAN simulations with the parameters of xv.a = 0.02 and xm:a = 0.5, representing the
actomyosin dynamics at a medium brancher concentration and a high motor concentration, a
condition favorable for the avalanches because of its rich connections nucleated by the branchers

and abundant forces generated by the motors.

I have justified the upper threshold of 50 nm in the mean filament displacement (dxr) for
the selection of avalanche events from the snapshots of trajectories. I selected the individual
snapshots with dxr over the upper threshold and assigned them to the positive data set for

training machine learning models. I visually inspected these snapshots that indeed there is a
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structurally large change over a short period of time. I also selected snapshots with a mean
filament displacement less than the lower threshold of 20 nm and assigned them into a negative
data set for machine learning models. I confirmed them (without an avalanche) by visual

inspection. I have included more details in Figure 3.5.
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Figure 3.5. Mean filament displacement vs. time from representative simulations with

avalanches. 6xF is the mean displacement of filaments in the network. A-F show six

simulations with the same high motor, low linker and medium brancher concentrations.

Dashed horizontal lines represent the upper threshold of 50 nm.

For each snapshot in both the positive and negative the data set, I computed nine order
parameters, or features, to characterize the morphologically complex structures in an actomyosin
network. There are three from polymer physics: the radius of gyration (Ry), the mean
displacement (dxr), and the shape parameter (S). There are an additional six from network
theory: the density, the clique number, the average clustering, the mean betweenness, the mean
closeness, and the assortativity (p). The total data set of 335 positives and 493 negatives is
selected into two parts by the Python scikit-learn package: [112] 60% for training the model and
40% for testing the performance of the model. The training and testing sets, training_data.csv

and testing_data.csv, are provided in https://doi.org/10.1021/acs.jpcb.1c04792.

Data Analytics for the Machine Learning Models. Quality Indicators

A true positive (TP)/true negative (TN) is an outcome where the model correctly predicts the
positive/negative class. A false positive (FP)/false negative (FN) is an outcome where the model
incorrectly predicts the positive/negative class. The true positive rate (TPR), false positive rate

(FPR), precision, and recall are defined as follows:

TPR = TP/(TP+FN) (1)

FPR=FP/(FP+TN) )


https://doi.org/10.1021/acs.jpcb.1c04792
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precision = TP/(TP+FP) 3)

recall = TP/(TP+FN) 4)

With such quality indicators, I measured the performance of the machine learning models by
using the receiver operating characteristic curve, the precision—recall curve, the area under the

curve, and the confusion matrix as defined below:

Receiver operating characteristic (ROC) curve: the ROC curve was created by plotting the true
positive rate (TPR) against the false positive rate (FPR) at various threshold settings randomly

selected by the Python scikit-learn package.

Precision—recall (PR) curve: the PR curve is created by plotting the precision against the recall at

various threshold settings randomly selected by the Python scikit-learn package.

The area under the curve (AUC): the ratio of the area under the curve to the total area in a figure.

The AUC ranges from 0 to 1. A larger AUC value indicates a better performance of a model.

Confusion matrix: a confusion matrix is used to present the details in the performance of the
models. The confusion matrix is composed of true class in rows and predicted class in columns.
The numbers in the table are the numbers of the four quality indicators (TP, TN, FP, and FN)
described above. A confusion matrix with higher true positives (TPs) and true negatives (TNs)

indicates a more accurate machine learning model.



68

3.4 CONTENT OF THE ARP2/3 COMPLEX MODULATES THE DYNAMICS

OF ACTOMYOSIN NETWORKS

To explore the influence of the Arp2/3 concentration that impacts the content of branched
networks in the contractility of an actomyosin network, I compared the R,/R,' time courses of
actomyosin systems with low, medium, and high brancher concentrations, as shown in parts A,
B, and C of Figure 3.6, respectively. R, is the radius of gyration and R, is the initial condition of
R,. The increase and decrease in R¢/Rg' over time indicate the expansion and contraction of the

actomyosin network.
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Figure 3.6. Time courses of Rg/Rg' in branched networks with low, medium, and high brancher
concentrations. The black lines in (A), (B), and (C) show the time courses of Re/R,' of
simulations with different motor and linker concentration pairs under the conditions of low

(xb:a = 0.002), medium (xp:a = 0.02), and high brancher concentrations (xv.. = 0.2), each averaged
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from five simulations with the same initial conditions (averaged results are shown in black, and
the five original trajectory replicates are shown in light gray). Thin solid lines represent networks
with low motor and linker concentrations (Xm:a = 0.01, x1.. = 0.01); dashed lines represent
networks with low motor and high linker concentrations (xm:a = 0.01, x1.a = 0.5); dotted lines
represent networks with high motor and low linker concentrations (xm: = 0.5, x1.a = 0.01); dashed
dotted lines represent networks with medium motor and linker concentrations (xm:a = 0.05, x1.a =
0.1); and thick solid lines represent networks with high motor and linker concentrations (xm:a =
0.5, x1:a = 0.5). The definitions of Xm:a, X1.a, and xv.a are described in Table 3.3.

At low Arp2/3 concentrations (xva = 0.002) in Figure 3.6 A, Ro/R,' varies broadly with
motor and linker concentrations. At low motor and linker concentrations (xm:a = 0.01, x1.a = 0.01,
thin solid line in Figure 3.6A), Ry/R,' initially increases over time, reflecting the expansion of the
networks. When motor or linker concentrations both increased (xm:a > 0.01 and x1.. > 0.01), the
contractility of actomyosin networks reacted differently by either the active (i.e., motors) or
passive actin-binding proteins (i.e., linkers). R¢/R,' shows that an increase in motor concentration
always promotes contraction of an actomyosin network (dotted line compared to thin solid line,
thick solid line compared to dashed lines in Figure 3.6A, xm:a = 0.5 compared to 0.01).
Meanwhile, either a high or low linker concentration leads to a similar Ry/Rs' over time at a
steady state (thick solid line and dotted line in Figure 3.6 A, x1.. = 0.5 and 0.01). These
observations are consistent with the findings from prior experimental [104] and theoretical

investigations. [22]

Ro/R, varies less over time when I increase the ratio of the Arp2/3 concentration over
actin to 0.02 (Figure 3.6B), but the profiles are still modulated by the motor and linker
concentrations. When the ratio is increased to the highest level at 0.2 (Figure 3.6C), Ro/R,' does
not significantly change over time regardless of the motor and linker concentrations. The

dynamics in these networks slow down significantly. The actomyosin network remains highly
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branched and static after the motors are unable to walk along the filaments saturated with Arp2/3

complexes.

3.5 NETWORK THEORY FACILITATES DATA VISUALIZATION BY
CONVERTING A PHYSICALLY COMPLEX NETWORK TO A

MATHEMATICAL GRAPH

I visualized snapshots of actomyosin networks at low, medium, or high Arp2/3
concentrations while the motor and linker activities remained the same in Figures 3.7A, 3.7C,
or 3.7E, respectively. Their structural morphologies are distinctive, and the tensions are
distributed unevenly throughout a complex network. The length of the filaments at a higher
Arp2/3 concentration (Figure 3.7E) are shorter, and the tension within them is lower compared to
those at a lower Arp2/3 concentration (Figure 3.7A). When the Arp2/3 concentration is medium
(Figure 3.7C), the filament lengths and tension degree are also at a medium level. I speculated
that there is a causal relationship between the complexity of the physical network and the

distribution of tensions, which dictates the emergent dynamics of actomyosin networks.
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Figure 3.7. Graph networks of physical actomyosin networks at several Arp2/3 concentrations at
500 s. (A), (C), and (E) show snapshots of the simulations at low, medium, and high Arp2/3
concentrations, while they all have the same high motor and linker concentrations. The
actomyosin filaments are colored by tension in pN, while motors, linkers, and branchers are not
shown on the snapshot. A positive value of tension represents stretched filaments, while a
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negative value of tension represents compressed filaments. (B), (D), and (F) are graph
representations of the actomyosin network from (A), (C), and (E), respectively. I filtered out
nodes with a node degree less than 3 and the nodes with a self-loop for clear visualization. The
layout algorithm by Yifan Hu with default parameters in Gephi 0.92 [129] is used. The size of a
node depends on its betweenness centrality, while the nodes are colored according to the
identification number of a component (a component is a group of nodes that are connected inside
the group but not connected to any nodes outside the group).

However, the first step is to quantify the complexity emerging from an actomyosin
network by converting a physical network into a mathematically representative graph. This
transformation reveals the hidden features of actomyosin networks in the MEDYAN simulations
by filtering out unimportant information as noise. I visualized typical snapshots from the
simulations with low (xp:a = 0.002), medium (xp:a = 0.02), or high (xv.. = 0.2) Arp2/3
concentrations in Figures 3.7A, 3.7C, or 3.7E, respectively, in mathematical graphs in Figures
3.7B, 3.7D, or 3.7F. Indeed, these mathematical graphs are distinctive in both sizes and structures
and reveal hidden features through the sizes and connectedness of a node (which represents an
actin filament). At a local level, the number of nodes with high degrees increases with the
concentration of Arp2/3. In addition, the mathematical graphs show that there are more
connections between nodes (i.e., filaments) at higher Arp2/3 concentrations than those at lower

Arp2/3 concentrations.

The network theory order parameters excel at revealing hidden features at a nonlocal
level, which is a challenging task in a nonhomogeneous system. I revealed the importance of
these hidden features by measuring the “betweenness centrality” of a node. When the Arp2/3
concentration is low, there are only a few nodes with high betweenness (shown by a large node)
on the graph in Figure 3.7B, corresponding to a highly connected hub of actomyosin networks
in Figure 3.7A. When the Arp2/3 concentration is medium (Figure 3.7D), several high-

betweenness components emerge, corresponding to several delocalized and sparsely connected
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clusters within the physical network (Figure 3.7C). When the Arp2/3 concentration is high

in Figure 3.7F, compared to the networks with low Arp2/3 concentration, there are more nodes
with low betweenness emerge (shown by decentralized, small nodes). I interpreted that these
nodes are spatially far apart from one another. They are categorized into several communities
with different colors. The layout approach created by Yifan Hu is useful to visualize the
community in a complex network by arranging the nodes hierarchically on a mathematical graph
in Figures 3.7B and 3.7D. Overall, there was no clearly defined central hub in the network
(Figure 3.7E). Physically, these nodes are the individual mother filaments with their daughter

filaments (Figure 3.7E), while the former are not connected to one another.

3.6 NETWORK THEORY ORDER PARAMETERS REVEAL ASTER-LIKE
FEATURES FROM PHYSICALLY COMPLEX ACTOMYOSIN NETWORKS

AT VARYING ARP2/3 CONCENTRATIONS

At the community level, network theory order parameters such as assortativity, p, provide
the outlook of the hierarchical structure within a network. The decrease in assortativity indicates
the change of a network morphology from a “centered” to an “aster” topology, as shown
in Figure 3.3. While I varied the Arp2/3 complex concentration in the simulations of actomyosin
dynamics in Figure 3.8, I showed that an increase in Arp2/3 complex concentration leads to a

decrease in assortativity, revealing an altered topology within a network to become aster-like.
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Figure 3.8. Assortativity of networks with different Arp2/3 concentrations. The figure shows the
assortativity for actomyosin networks with low, medium, and high brancher concentrations but
the same high motor and linker concentrations. Solid lines represent networks with low Arp2/3
concentrations (xv.a = 0.002); dashed lines represent networks with medium Arp2/3
concentrations (x»:a = 0.02); and dotted lines represent networks with high Arp2/3 concentrations
(xb:a = 0.2). Each black line is the averaged result of five simulations with the same initial
conditions (the five replicates are shown in light gray).

Similarly, in Figure 3.7E, where the Arp2/3 complex concentration is high, I observed
numerous short branches on the actin filaments, which is equivalent to the composition of having
many “aster-like” branches in the network (Figure 3.7F). The morphology of the actomyosin
networks with high Arp2/3 concentrations is totally different from the actomyosin networks with
low Arp2/3 concentrations, resulting from the formation of more short branches on the actin

filaments mediated by Arp2/3 nucleation behavior.
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3.7 CHANGE IN ASSORTATIVITY CAPTURES A NEW TYPE OF
AVALANCHE RESULTING FROM DISRUPTION IN THE HIERARCHICAL

ORGANIZATION OF AN ACTOMYOSIN NETWORK

An avalanche, or a cyto-quake, is a sudden structural rearrangement of the networks
captured by the positional changes of the filaments, 6xr, in simulations or experiments. [22,
130] In the computational investigation from prior work, [22] I have characterized two types of
avalanches by employing the polymer physics order parameters such as the radius of gyration
(Rg) and the shape parameter (S). R; and S measure distinctive properties of a network in terms of
its size and shape, respectively. However, they do not capture the rearrangement of topology
within a network that may distinctively impact neither the overall shape nor the size of a
network. In this work, by varying the concentration of Arp2/3, I discovered another classification
of avalanche caused by the hierarchical reorganization of a network (Figure 3.9). Such changes
are structurally complex and mostly hidden by layers of information. I captured them with the

aid of unique network theory order parameters.
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Figure 3.9. Assortativity captures the third classification of avalanche. Axr represents the mean
displacement of filaments in the network. (A) A(R¢/R,') represents the time derivative of the ratio

of the current R, and the “initial” R at 10 s, (C) AS represents the time derivative of the shape
parameter, (E) Za, represents the Z-score of the time derivatives of assortativity, p, an order

parameter measuring the topology of a network. (B), (D), and (F) are the cartoons that illustrate



the changes in the size, shape, and topology of a network, corresponding to (A), (C), and (E),
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respectively. The black arrows in (B) and (D) represent the moving directions of the green nodes

relative to node a. The black lines in (F) represent the edges from the green nodes to node a
before the avalanche. The blue dashed lines represent newly formed edges connecting other
nodes to a nearby node b during the avalanche. An increase in Za, indicates an increase in
assortativity of the network. Illustratively, node a and node b now form a “center-like” cluster

during the avalanche. The example simulation has high motor, low linker, and medium brancher

concentrations.

I ranked the nine order parameters (three from the polymer physics and six from the

network theory order parameters) by comparing their Pearson correlation against one another

in Figure 3.10. Interestingly, p is strongly anticorrelated to the other order parameters, signifying

its importance in capturing emergent properties. Indeed, the change in p, Ap, is useful to probe

the emergence of a higher-order organization from uneven distribution of local nodes.
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Figure 3.10. The Pearson correlation matrix of the three polymer-physics and six network

theory order parameters. Rg represents the radius of gyration of the network. Positive

correlation value represents correlated while negative correlation value represents anti-
correlated. Larger absolute correlation value indicates stronger correlation. The matrix is

generated from 1000 simulation snapshots with various initial simulation settings.

I demonstrated the new characterization of the avalanches by showing a segment of the
trajectory as an example in Figure 3.9 that it is entirely different from the previous two kinds.
The plot of dxr over time in Figure 3.9 indicates three avalanches at 600, 680, and 960 s. I also
showed the time derivatives of Ry/Rg', the shape parameter S, and the Z-score of time derivative
of assortativity in Figures 3.9A, 3.9C, and 3.9E and provided the illustrations corresponding to
the movements in Figures 3.9B, 3.9D, and 3.9F. The avalanche at 600 s coincides with a sharp
decrease in A(R,/R,') in Figure 3.9A, indicating that this is a contraction (Figure 3.9B). The
avalanche at 960 s coincides with a large drop of AS (Figure 3.9C), signifying that the network

deforms under shear and the shape becomes more oblate (Figure 3.9D).

The avalanche at 680 s not only coincides with contraction and shape changes but also
uniquely coincides with a peak in Za,, the Z-score of Ap in Figure 3.9E, while the events at 600
and 960 s do not. The sudden increase in assortativity at 680 s indicates that the topology of the
network changes by altering the hierarchy of connected nodes. I illustrated this movement
in Figure 3.9F and focused on the connectivity from the surrounding green nodes to node (a) and
then to nearby node (b) during an avalanche. Once other nodes that connect to node (a) also
connect to node (b), the node degree and the betweenness of node (b) grow. Consequently, the

assortativity of the network increases by 0.11 because node (a) and node (b) that now share a
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similarly large node degree and high betweenness connect to each other (e.g., a tongue-in-cheek
remark would be “guilt by association”). The connectivity of nodes changes from a “aster-like”
to a “centered” topology. Although this new type of avalanche at 680 s may still carry changes in
size and shape, it is an entirely new type of avalanche distinctive to the other two avalanches at

600 and 960 s.

Once I discovered the third type of avalanche at 680 s (Figure 3.9E), I visualized the
physical networks (Figures 3.11A and 3.11B) on a mathematical graph in Figures 3.11C
and 3.11D before and after the avalanche, respectively. Then, I computed non-local order
parameters, particularly the betweenness centrality, to detect hidden patterns in a complex
network. After the avalanche at 680 s, I observed the emergence of clustered green nodes with
high betweenness in Figure 3.11D, which did not exist before the avalanche (Figure 3.11C). The
formation of this center with high betweenness nodes increases the assortativity of the network,

reflected as a peak in Figure 3.9E.
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Figure 3.11. Tension snapshots and corresponding visualized graphs for avalanches at 680 s. (A)

and (B) are the tension snapshots before (670 s) and during (680 s) the avalanche, and (C) and
(D) are the corresponding visualized graphs of the snapshots. These two visualized graphs
filtered out nodes with degrees lower than 6 and nodes with self-loops for clear output, and the
layout algorithm Yifan Hu with default parameters in Gephi 0.92 [129] was used during the
visualization process. The size of a node depends on its betweenness centrality, while the nodes

are colored according to component ID.

3.8 MACHINE LEARNING TOOLS WERE APPLIED TO FORECAST

AVALANCHES IN ACTOMYOSIN DYNAMICS



I compared the performance of machine learning (ML) models using the receiver

operating characteristic (ROC) and precision—recall (PR) curves in Figure 3.12. Both ROC and
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PR curves provide a diagnostic tool for binary classification models for measuring the ability of

a machine learning model to make correct predictions. The area under the curve (AUC) of the

two curves provides quantitative scores that summarize the curves and can be used to compare

classifiers. An AUC closer to 1 indicates a more skillful model. [131-133]
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Figure 3.12. ROC and PR curves for XGBoost and SVM models. (A) and (B) show the

Recall

performance of machine learning models trained with all nine parameters: three polymer physics
order parameters and six network theory order parameters. (C) and (D) show the performance of
the models trained with only three polymer physics order parameters. (A) shows ROC curves for

XGBoost and SVM models trained with all nine parameters, and (B) shows the PR curves for

these two models; (C) and (D) show the ROC and PR curves of the same types of models trained

with only three parameters.
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83

Because I achieved a comprehensive understanding of the structural characteristics of
avalanches, I will employ the order parameters as features to apply machine learning tools to
forecast avalanches. While I compared two prominent machine learning (ML) models in
predicting emergent avalanches in actomyosin networks, I also explored the importance of the

features employed for training data sets.

For each machine learning model (XGBoost or SVM), I employed two sets of order
parameters for training the data set. The first set includes all nine order parameters: three
polymer physics order parameters and six network theory order parameters. The second set
includes only three polymer physics order parameters. As shown in Figures 3.12A and 3.12B, all
nine parameters were used in training the model. For the SVM model (blue), the AUCs for the
ROC curve and PR curve are 0.88 and 0.83, respectively. For the XGBoost model (red), the
AUC:s for the ROC curve and PR curve are 0.96 and 0.96, respectively. The XGBoost model
performs better than the SVM model, which is expected since the XGBoost model is shown to be
sufficient in most applied cases, while the performance of the SVM model relies strongly on the
selection of a good kernel. [126, 127] Notably, the AUC values for the XGBoost model from the
investigation are high enough (close to 1, the perfect value) to prove the excellent performance

of this model in this case.

Next, I diagnosed the outcome with only three polymer physics order parameters used in
training the models (Figures 3.12C and 3.12D). For the SVM model (blue), the AUC for the
ROC curve and that for the PR curve decrease significantly to 0.76 and 0.70, respectively, in
comparison with those trained with nine order parameters. For the XGBoost model (red), the

AUC:s for the ROC curve and the AUCs for the PR curve were 0.94 and 0.93, respectively. They
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remain at the same level as those trained with nine order parameters, indicating that adding more
features from network theory order parameters improves the performance of the SVM model

more than the performance of the XGBoost model.

3.9 NETWORK THEORY ORDER PARAMETERS STRENGTHEN MACHINE
LEARNING MODELS TO FORECAST AVALANCHES BETTER IN

ACTOMYOSIN DYNAMICS

I further diagnosed the performance of the two ML models by employing the confusion
matrices that label the true and predicted cases in Figure 3.13. The definition of a confusion
matrix is explained in the Data Analytics section. For the SVM model, the addition of the six
network theory order parameters into the ML training data set (Figure 3.13A and Figure 3.13C)
moved 38 counts from the category of false negatives to the category of true positives and one
count of true negatives to one count of false positives. Meanwhile, for the XGBoost model, the
addition of the six network theory order parameters into the ML training data set (Figure 3.13B
and Figure 3.13D) brings only eight counts from the category of false negatives to that of true
positives and three counts from the category of false positives to the category of true negatives.
The addition of network theory order parameters into the ML model data sets enhances the
forecast of avalanches, especially by reducing the number of false negative predictions,

indicating more predicted hidden avalanches.


https://pubs.acs.org/doi/full/10.1021/acs.jpcb.1c04792#sec2_3_2_2
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Figure 3.13. Confusion matrices for XGBoost and SVM models. (A) and (B) show the confusion
matrices of the XGBoost and SVM models trained with all nine parameters: three polymer
physics order parameters and six network theory order parameters. (C) and (D) show the
confusion matrices of the XGBoost and SVM models trained with only three polymer physics
order parameters. In the confusion matrices, label 1 represents a snapshot that is followed by
avalanche while label 0 represents a snapshot that is not followed by avalanche.

The XGBoost model exhibits better performance than the SVM model with both three
and nine parameter data sets, indicating that the XGBoost model is potentially a better classifier
in this case for the prediction of avalanches. Additionally, the XGBoost model shows less
sensitivity to the network theory order parameters than the SVM model. These facts motivate me
to further investigate how these nine features work during the training of this model. Therefore, I

further evaluated the importance of these features in the XGBoost models in Figure 3.14.
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Figure 3.14. Feature importance of parameters in the XGBoost models. (A) and (B) show the
feature importance of the parameters used in the two XGBoost models trained with nine and
three parameters. (A) and (B) count the number of times each feature is split across all boosting
rounds (trees) in the model as the F-score and visualize the result as a bar graph, with the
features ordered according to how many times they appear.

As shown in Figure 3.14A, when the XGBoost model was trained with nine features, the
three polymer physics order parameters mean displacement, shape and radius of gyration have a
prior importance in avalanche prediction. Most of the network theory order parameters have
secondary importance with the exception of the mean betweenness. As discussed in the
mathematical graphs of Figures 3.7 and 3.11, the betweenness of nodes tracks the centrality
distributions in the network, measuring the “shortest pathways” on actin filaments in a physical

network. As a mechanical emergent phenomenon in actomyosin networks, avalanches are closely
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related to the formation and subsequent delocalization of clustered centers in the physical
network. Therefore, the mean betweenness plays a more important role than other network

theory order parameters in forecasting avalanches.

Figure 3.14B shows that in the XGBoost model trained with only three polymer physics
order parameters the importance of these three parameters is relatively similar, which is
consistent with Figure 3.14A. In contrast, when I used only the six network theory order
parameters to train the data set, the forecast of an avalanche was poor (see Figure 3.15). The
ensemble of decision trees [113] in XGBoost is better at detecting hidden patterns from a
complex network than linear regression in the SVM model. Although the introduction of network
order parameters in training the data set improves the performance of both models, the extent of

performance is more significant for the SVM model than for the XGBoost model.
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Figure 3.15. ROC, PR curves and confusion matrices for SVM and XGBoost models

trained with six network theory order parameters. A shows ROC curves for the SVM and
the XGBoost models trained with six network theory order parameters, B shows the PR curves

for these two models. C and D show the confusion matrices for these two models, respectively.
The six network theory order parameters are density, average clustering, mean closeness, mean

betweenness, clique number and assortativity.

3.10 DISCUSSION

Arp2/3 Complex Concentration Tunes the Emergence of Avalanches in Actomyosin Networks

The actin-related proteins 2/3 (Arp2/3) complex, also known as the brancher in the
system, initiates a filament branch (daughter filaments) at an angle of 70° on the sides of the
preexisting mother, subsequently altering the topology of the network. [91, 92] The binding of
the Arp2/3 complex to a filament is an ATP-dependent process [134] to prevent passive
unbinding. This piece of experimental evidence shows that it is exceedingly rare for the Arp2/3
complex to unbind itself from actin filaments without an ATP-consuming reaction involving
another enzyme. It motivates the reasoning of the parametrization of the Arp2/3 complex in
which the event of Arp2/3 unbinding from actin filaments is quite rare in the MEYDAN
simulations. [22] In prior investigation, James Liman justified the use of MEDYAN over other
codes such as Cytosim [94] or AFiNES [95] because MEDYAN [11] has physically realistic

models and mechanochemical feedback, which is critical to describe active processes.

Here, the study shows that a high concentration of the Arp2/3 complex limits linker
binding and motor walking, which in turn reduces connectivity and inhibits contraction of the

network (Figure 3.6C). However, by decreasing the Arp2/3 concentration in the system, the
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network not only contracts faster and more robustly (Figure 3.6A) but also has the ability to form

larger clusters at the center (Figure 3.6A). At an intermediate concentration of the Arp2/3
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complex and a high concentration of motor proteins, the structure of actomyosin is marginally
stabilized; thus, the “avalanche” phenomenon is most likely to occur (Figure 3.6B and Figure

3.6C).

As the main part of the cytoskeleton, actomyosin networks play important roles in
various cell behaviors. As an essential actin-binding protein, the distribution of Arp2/3
complexes has been experimentally proven to be related to cell motility in non-muscle
cells. [135, 136] In addition, the branched actin network is especially rich at the edge of cells,
such as the actin cortex, indicating the importance of this protein to the modulation of cell shape
changes. [89, 137] This modulation is achieved by the treadmilling of branched networks
nucleated by the Arp2/3 complex and other actin-binding proteins that sever filaments such as
cofilin. [43, 138, 139] The impact of the Arp2/3 complex concentration on the simulated network
structure and dynamics described in this study will advance the understanding of the role of the

Arp2/3 complex in these cell behaviors.

Network Theory Reveals a New Type of Avalanche Associated with Topological Changes in a

Physical Network

With the concentration of branchers (Arp2/3 complexes) dictating the nanostructure of
the actomyosin network, which in turn alters the entire network topology, a proper tool is needed
to describe the hierarchical properties of the system. Therefore, I chose network theory to
analyze the simulated networks in this study. Mathematical graphs and the tools of data science
prove to be superior in detecting hidden patterns within a complex network. [39] Order
parameters such as clustering coefficient, betweenness, and closeness measure the microscopic
network properties down to a single actin subunit and characterize its role in nonlocal features,

while order parameters such as assortativity and density measure the macroscopic properties of
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the whole network. Therefore, the network theory order parameters provide the needed
mesoscopic descriptors that connect the microscopic properties to macroscopic phenomena in an

active system far from equilibrium.

In particular, I discovered that betweenness is most useful for visualizing the connection
between the microscopic and the macroscopic network properties when the Arp2/3
concentrations vary (note: Arp2/3 initiates branching). For example, the graphs in Figures 3.7B,
D,F have distinguished betweenness distributions. In the mathematical graph of Figure 3.7B,
only one community of nodes with the highest betweenness in large circles are connected to each
other, while other communities of nodes with a much lower betweenness in small circles are
gathered. It underpins a centralized cluster of actomyosin filaments at low Arp2/3 concentration
in the snapshot shown in Figure 3.7A. In the mathematical graph of Figure 3.7D, several
communities have higher betweenness (in larger circles) than other communities (in smaller
circles). It indicates the presence of multiple centers in the actomyosin network in Figure 3.7C.
In the mathematical graph of Figure 3.7F, the betweenness of nodes is small among most
communities. It indicates delocalized communities in the actomyosin network (Figure 3.7E). The
causal relationship between the size of communities and the value of betweenness supports the
hypothesis that a higher brancher (i.e., Arp2/3) concentration leads to a global network with

delocalized communities, involving significant changes in the rearrangement of network

topology.

This new type of avalanche is related to the change of the network topology in a branched
actomyosin network. I discovered these subtle changes in the network topology by observing the
betweenness from a mathematical graph at the onset of an avalanche at 680 s (Figure 3.11).

There is an increase in the number of nodes with high betweenness during the avalanche (Figure
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3.11D) compared to that before the avalanche (Figure 3.11C). The changes in the betweenness
indicate the altered connectivity from an aster-like to a centered-like node (Figure 3.9E). The
sudden creation of distinctive communities in a network initiates an avalanche. I further revealed
the hidden hierarchy of the network with assortativity and captured a new type of “avalanche”
involving the reorganization of a network from a “delocalized” community to a “centralized” one
(Figure 3.11). In cells, actomyosin networks may have similar size and shape but distinguished
intra-network topology. The emergence of new higher order risen above layers of actomyosin
filaments probably leads to distinct functions. Therefore, it is important to utilize assortativity or
other order parameters in the network theory to reveal the hidden topological features among

these networks.

Forecast Avalanches in Actomyosin Dynamics with Network Science and Machine Learning

In ML and supervised ML in particular, data curation and feature extraction are crucial
steps for building reliable prediction models. For forecasting avalanches, Figure 3.12 shows how
adding network theory parameters to SVM models increases their specificity and sensitivity,
whereas XGBoost models do not have this strong impact. As a rule of thumb, XGBoost is a
suitable option, especially for small data sets such as ours as compared to other machines
learning models. [126-128] However, the SVM model is a naiver approach since it is merely a
linear regression model that relies heavily on selecting the right kernels and lacks the ability to

boost the model multiple times with the same data set.

A key feature is the betweenness centrality that captures the formation and disappearance
of a cluster from a complex network. I showed that adding the betweenness centrality into the
training set with the polymer physics order parameters greatly increases the performance of

SVM, while other network theory order parameters are of secondary importance in Figure 3.14.
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I believe that this approach can also be used in predicting an avalanche in experiments
where the positions of actin filaments are easier to track than actin-binding proteins. The
discovery of hidden patterns can be achieved by converting a physical network into a

mathematical graph, and the forecasting of avalanches can be predicted by ML.

3.11 CONCLUSION AND FUTURE OUTLOOK

To my knowledge, I was the first to systematically detect the impact of Arp2/3 complex
concentration on the structures and dynamics of actomyosin networks by using mathematical
graphs and data science. These tools are shown to be useful for revealing hidden patterns in
complex networks, allowing me to leverage this knowledge as crucial features to train machine

learning models to forecast avalanches within actomyosin networks.

To forecast the avalanches, two types of machine learning models, the SVM and the
XGBoost models, were trained under various conditions. I showed that the XGBoost model
performs better at forecasting avalanches than the SVM model. However, the performance of the
SVM model significantly increases when the network theory order parameters are trained in the
data set. Although the XGBoost model was sufficient compared to the SVM model in predicting
avalanches in this work, in some other cases where an outstanding kernel for the SVM model
was utilized, the performance of the SVM model supersedes the performance of the XGBoost
model. [126-128] Therefore, ML models are not entirely a black box; when trained with

physically meaningful features, they provide meaningful predictions with high probability.

Despite the difference in ML models, I have used only the features from the mechanical

or topological properties of a network in forecasting avalanches with high sensitivity and
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specificity without any knowledge of their chemical dynamics. It is indicative that the avalanche
is a mechanically dominant, common phenomenon in the simulated actomyosin systems.
Although this finding is consistent with that of another work about avalanches risen from
unbranched actomyosin networks, [140] this independent work embraces the emergence of
structural hierarchy in a network from sudden topological changes in the nanoarchitectures of

branched actomyosin filaments.
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CHAPTER 4: GRAPH IDENTIFICATION OF PROTEINS IN
TOMOGRAMS (GRIP-TOMO) 2.0: ACCELERATING PROTEIN
CLASSIFICATION FOR CRYO-ELECTRON TOMOGRAPHY WITH

INTELLIGENT SEARCH

This chapter is based on Chengxuan Li's first author publication which is in preparation:
Chengxuan Li, August George, Trevor Moser, Doo Nam Kim, Reece Neff, Malio Nelson, Arsam
Firoozfar, Kate Baldwin, James E Evans, and Margaret S Cheung. “Graph Identification of
Proteins in Tomograms (GRIP-Tomo) 2.0: Accelerating Protein Classification for Cryo-Electron

Tomography with Intelligent Search”™

Codes related to this work are not public yet when this dissertation is written.

Cryo-electron tomography (cryo-ET) enables structural characterization of biomolecules under
near-native conditions, but low signal-to-noise ratios and structural heterogeneity pose
challenges for automated particle classification in sub-tomogram averaging (STA). Existing
methods rely heavily on manual annotation and structural templates, limiting efficiency and
robustness. I, collaborating with PNNL team members, developed GRIP-Tomo 2.0, a machine-
learning pipeline that extracts interpretable topological features of protein structures within noisy
experimental backgrounds. The pipeline includes three innovations: synthetic tomogram
generation simulating realistic noise, graph-based persistent feature extraction as protein
fingerprints, and high-performance computing for acceleration. GRIP-Tomo 2.0 achieves over
90% accuracy in classifying large and small proteins (<160K Dalton) and 80% accuracy in cross-
domain classification of proteins and noise, even in challenging real-to-synthetic datasets. This

method surpasses current STA practices by accurately classifying smaller protein particles
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without requiring refinement, paving the way for automation with limited training data in
genome space. GRIP-Tomo 2.0 advances cryo-ET workflows by enhancing automated visual

proteomics, improving efficiency and scalability in structural analysis.

4.1 INTRODUCTION

A living cell contains dynamic, spatially complex protein assemblies that drive cellular
processes and are highly sensitive to its functional state. [141, 142] Characterization of protein
assemblies while they are in action is essential for relating their native structural properties to the
phenotype of a cellular state. [24, 143, 144] However, achieving sufficiently high resolution to
characterize the three-dimensional (3D) structures of these protein assemblies in situ is
challenging. Most current proteomics have little or no spatial resolution, while the methods to
determine atomistic structures such as X-ray crystallography [145] and nuclear magnetic
resonance (NMR) spectroscopy [146] require biochemically isolated samples. Since “resolution-
revolution” [147] in the recent advances of cryogenic electron microscope (cryo-EM), cryogenic
electron tomography (cryo-ET) promises 3D visualization of complex cellular architecture of

biological samples in situ. [23, 143]

Nevertheless, cryo-ET has its own limitation in poor data quality. To generate high-
resolution structures, it requires a complex workflow that prohibits scaling. [148, 149] In cryo-
ET, besides proteins, both electron dosage and sample thickness contribute to the signals. It is
challenging to balance the trade-off between resolution and sample preservation. [23] The bulk
of the signals distributes over a series of tilted 2D images, in which individual images contain
only a fraction of the total structural information. [148] An algorithm of back projection is used

to construct a full 3D volume called a tomogram. In this process, data loss, distortion, and
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defects attributes to low signal to noise ratio in reconstructed tomograms. Cryo-ET thus requires
an extensive workflow of refinement involving particle classification to resolve individual

molecular structures. [23]

Sub-tomogram averaging (STA) [150-153] is a common technique of refinement in the
cryo-ET workflow that uses frequently occurring identifiable particles with rigid shapes to
reconstruct atomic-level resolution maps. Refining structures with STA is a resource intensive
process, as most workflows require sufficient number of copies in each structural classification
for a protein target that exists in multiple conformations. [154-159] Numerous computational
programs such as IMOD, [160] EMAN2, [161] RELION, [148] emClarity, [162] PyTom, [152,
163] and Warp [149] have been developed for cryo-ET data processing by offering a user
streamlined workflows of automated particle picking from tomograms, classification of various
conformations, and fast STA, as shown in Figure 4.1. However, these tools still require expert
knowledge and manual annotation by visually inspecting the particles in noisy tomograms. Even
with deep learning models to improve individual steps in cryo-ET workflow, they often require
large training datasets for verification and lack generalizability and interpretability. [34, 35, 38,
159, 164-170] The challenge in scaling up the cryo-ET for automation still exists when the
biological sample is complex, particularly when it involves small proteins without

distinguishable features from background noises for classification.

August George, along with team members at Pacific Northwest National Lab (PNNL),
developed Graph Identification of Proteins in Tomograms (GRIP-Tomo) [26] to resolve the
bottleneck of protein classification in the STA. This algorithm was built based on the notion that
protein structures are evolutionary conserved despite of millions of homologues in the database.

GRIP-Tomo transformed evolutionarily conserved protein structures into mathematical graphs
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and distinguished them from each other according to topologically invariant features on a graph.
The previous version of GRIP-Tomo demonstrated the success in a proof of principle for protein
identification among synthesized single particle sub-tomograms without realistic background

noise.

In this follow up work, I worked with collaborators at PNNL and verified GRIP-Tomo
2.0 by including realistic background noise in the synthesized sub-tomograms for learning
signals from noises. It includes the module of synthesizing ‘mock’ sub-tomograms with realistic
noises and tunable imaging artifacts such as dosage and thickness. GRIP-Tomo 2.0 deploys
topological data analysis (TDA), [16, 46, 171-173] leveraging persistent topological features in
spatial scales as structural ‘fingerprints’ to comprehensively describe the shapes of
macromolecules. I worked with Reece Neff to deploy the pipeline on High Performance
Computing (HPC) platforms to efficiently compute the persistent features. I included a new
module for interpretable machine-learning to classify protein structures in sub-tomograms.
Through a systematic examination of imaging parameters, including sample thickness and
electron dosage, I demonstrate that graph-theoretic features can uncover classification
boundaries, inform data calibration, and enable structure-aware interpretation. These fingerprint-
like features, derived from machine learning data, provide unique insights that guide users in

optimizing noise characterization for accurately distinguishing proteins within mixed samples.
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Figure 4.1. GRIP-Tomo 2.0 framework for interpretable macromolecular identification in cryo-
ET. Overview of the GRIP-Tomo 2.0 pipeline, designed to improve particle identification in
sub-tomogram averaging (STA) through intelligent search and explainable machine learning. The
pipeline involves generating reliable ground truth using mock (A) and experimental (B) data,

enabling interpretable machine learning workflows (C).

4.2 OVERVIEW OF THE GRIP-TOMO 2.0 PIPELINE FOR PROTEIN

IDENTIFICATION IN CRYO-ET

Motivation (Figure 4.1, left Panel)

Traditional STA processes involve particle picking, 3D classification, and refinement

steps, which GRIP-Tomo 2.0 aims to enhance by incorporating known protein structures from a
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database and graph representation techniques established in GRIP-Tomo 1.0 [26]. To address the
challenge of identifying macromolecular structures in noisy cryo-electron tomograms, I worked
with my collabrators at PNNL to develop GRIP-Tomo 2.0, a comprehensive pipeline that
integrates dual-source ground truth data generation, topological representation, and interpretable
machine learning. (Figure 4.1). The pipeline is designed to extract biologically meaningful
patterns from sub-tomograms and leverage them for robust protein classification under realistic

imaging conditions.

Ground truth data generation (Figure 4.1, middle Panel)

As illustrated in Figure 4.1, GRIP-Tomo 2.0 begins with the ground truth generation of
two complementary datasets: synthetic (mock) sub-tomograms simulated from known PDB
atomic structures under tunable imaging parameters, and experimental sub-tomograms extracted
from real cryo-ET data of mixed macromolecular samples (Figure 4.8). Together, the dual source
framework enables to synthesize realistic mock sub-tomograms with tunable imaging parameters
while anchoring the evaluation in real experimental data. The mock dataset provides an essential
and tunable source for model training, while the experimental set allows to evaluate the
generalization capacity and biological relevance of learned representations. The ability to
calibrate mock volumes to match real tomograms lays a strong foundation for the hybrid
validation strategy employed throughout GRIP-Tomo 2.0. This dual-source framework enables
both controlled model training and realistic validation, establishing a foundation for systematic

exploration of imaging effects and model generalizability.
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Topological representation of protein structures and interpretable machine learning (Figure 4.1,

right Panel)

Following data generation, sub-tomograms are converted into graph-based
representations that capture evolutionarily conserved topological features of protein structures.
This transformation allows GRIP-Tomo to encode structural information in a format amenable to
scalable computation and statistical learning. The graph construction and feature extraction steps
are implemented in a high-throughput, HPC-compatible pipeline capable of analyzing thousands
of sub-tomograms in parallel. Finally, GRIP-Tomo employs explainable machine learning to
classify protein structures and uncover which topological features are most predictive. This
integration of interpretable modeling supports not only accurate classification but also
mechanistic insights into what distinguishes proteins from background or from one another in

tomograms.

4.3 MOCK SUB-TOMOGRAMS GENERATED BY TUNABLE PIPELINE ARE

WELL-MATCHED TO EXPERIMENTAL SUB-TOMOGRAMS

Mock sub-tomogram

The mock data pipeline (Figure 4.2A and 4.8A) begins with atomic structures from the
Protein Data Bank (PDB), which are input into cisTEM [25] to simulate 2D tilt series

projections. The 2D tilt-images are then preprocessed by densmatch, Topaz 2D denoising, [169]
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Contrast Transfer Function (CTF) correction and finally reconstructed into 3D sub-tomograms
which goes through low-pass filter and density inversion. Detailed description of the entire
pipeline is in Methods 2.1. The simulation allows precise control over critical imaging
parameters, including electron dosage per tilt and sample thickness, which were the two most
impactful factors on the output. The terms ‘dosage’ and ‘thickness’ will be used to describe the
electron dosage per tilt and sample thickness in the following texts to avoid redundant
descriptions. By adjusting dosage and thickness, I generated mock sub-tomograms that span a
wide signal-to-noise ratio (SNR) spectrum—ranging from idealized conditions (Figure 4.2C, first
row in golden box) to those mimicking real experimental limitations (Figure 4.2C, grey box).
Notably, this mock data generation pipeline is exhibited on HPC platforms and encoded with
parallel computing, allowing large scale simulations across various combinations of imaging

parameters.

Experimental sub-tomogram

The experimental data pipeline (Figure 4.2B and 4.8B) starts from the tilt series images
of a Protein Mixture Solution collected by the Thermo-Fischer Krios Microscope, as described in
Methods 2.2, followed by processing such as Contrast Transfer Function (CTF) correction, Topaz
2D denoising and the following 3D reconstruction into tomogram. I worked with Kate Baldwin
to manually pick the center coordinates of particles and extracted the sub-tomograms based on
the coordinates. The experimental data pipeline serves to generate ground truth data from the real
world, mainly used as reference and testing set in later steps. Both mock and experimental data
generation pipeline undergo the deep learning-based Topaz denoising [169] on the 2D tilt series

images.
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Imaging parameter sweep

I first used the same dosage and thickness as experimental settings (2.9 e /A2, 250 A) to
simulate the mock sub-tomograms. However, the output sub-tomogram (Figure 4.2C, first row in
golden box) retained higher contrast and structural clarity, indicating that the noise and distortion
levels were shifted versus the real experimental imaging conditions (Figure 4.2C, grey box). I
calibrate the imaging parameters that best reproduce the appearance of the experimental sub-
tomograms (Figure 4.5) by adjusting the simulated dosage and thickness conditions. I found that
mock sub-tomograms simulated at 0.3 e /A2 dosage and 500 A thickness were well-matched to
the experimental data in real space. This calibrated simulation condition was selected for
downstream training of the machine learning models, ensuring representational alignment

between synthetic and experimental domains.
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Figure 4.2. Synthetic mock and experimental sub-tomogram preparation pipelines and imaging
parameter calibration. Illustration of the workflows used for generating mock and experimental
sub-tomograms. (A) The mock data synthesis pipeline begins with cisTEM simulations to
generate tilt-series data from PDB structures, followed by densmatch, denoising, CTF correction,
and 3D reconstruction. (B) Experimental sub-tomogram generation involves CTF correction,
denoising with Topaz, manual particle picking, sub-tomogram extraction, and density inversion.
(C) Examples of mock and experimental sub-tomograms. The final synthesized mock sub-
tomograms exhibit tunable quality by adjusting imaging parameters, such as dosage per tilt and
sample thickness, in golden box. The experimental sub-tomogram is shown in grey box.

4.4 GRIP-TOMO 2.0 EXTRACTS GEOMETRY-PRESERVING GRAPH
REPRESENTATIONS FROM 3D SUB-TOMOGRAMS USING SCALABLE

HPC WORKFLOWS
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Preprocessing and clustering of density volumes

The output of ground truth data generation from the last section are sub-tomograms as 3D
density volumes stored in MRC format, a common format for storing image and volume data in
fields of cryo-electron microscopy and tomography. Each input MRC volume is a 219 x 219 x
219 voxel cube, resulting in approximately 10 million voxels per sub-tomogram. Maintaining
sufficient throughput and resolution at this voxel count is essential for preserving meaningful
structural information but also poses significant computational challenges for downstream
processing at scale. To address this, I worked with Reece Neff to develop a streamlined pipeline
that reduces the data dimensionality while preserving key topological and structural signals. The
input sub-tomogram with N,,, ~ 10 million is standardized (Figure 4.3a), thresholded (Figure
4.3b—c), density-aware coarsened (Figure 4.3d) and HDBSCAN clustered (Figure 4.3¢) to get a
final number of voxels in the largest cluster. For apoferritin I find that the largest cluster has a
size of Nf,,= 42029 voxels — closely matching its known number of atoms of approximately
39000 — and visually recapitulates its spherical geometry even in the presence of tomographic
artifacts like the missing wedge effect (Figure 4.3¢). This validates that the voxel-to-cluster

transformation retains biologically relevant shape information and atom count.

Graph representation and persistent feature calculation

From these clusters, I construct undirected graphs from the remaining voxels based on

proximity, applying a range of spatial cutoff distances d_,,; to capture both local and global
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connectivity (Figure 4.3f). The increase of d;,,; leads to an increased number of edges while the
number of nodes is conserved (Figure 4.3f). Graphs generated at lower d_,,; reveal local
coordination, while those at higher d_,,; capture broader organizational features such as domains
or global shape. The resulting graphs preserve macromolecular structure, including spherical
organization affected by missing wedge anisotropy, confirming their geometric fidelity. To
quantify these topologies, I extract a set of graph features across scales, such as maximum
eigenvector centrality, degree assortativity, and number of communities (Figure 4.3g and Section
4.7.3) into a vectorized “fingerprint”. These graph descriptors encode key structural properties
and enable machine learning models to distinguish between molecular identities or structural

states based on interpretable topological signatures.

Parallelized and scaled pipeline on High Performance Computing (HPC) platforms

To further enhance the throughput and scalability of GRIP-Tomo 2.0, I worked with
Reece Neff to deploy the full graph feature extraction pipeline on the NERSC Perlmutter
supercomputer using Parsl for workflow parallelization (Figure 4.3h). This deployment enabled
concurrent processing across 1,024 compute nodes and 4 workers per node, achieving an
estimated 90% speedup compared to serial execution. As a benchmark, the full pipeline—
including voxel normalization, density thresholding, HDBSCAN clustering, graph construction,
and feature extraction—generated 45,612 graph features from mock datasets in just over two
days, consuming approximately 4,323 node hours. This efficient distributed framework allows
GRIP-Tomo 2.0 to perform parameter sweeps and process large tomogram sets, enabling

comprehensive simulation-to-experiment comparisons across diverse imaging artifact conditions.
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Figure 4.3. Framework for scalable transformation of cryo-ET sub-tomograms into geometry-
preserving graph features using High Performance Computing. The GRIP-Tomo 2.0 pipeline
transforms high-dimensional sub-tomograms into biologically meaningful, geometry-preserving
graph features. N, stands for the number of voxels preserved this step and N, stands for the
final clustered number of voxels, or centroids. (a) Raw input volumes are first standardized. (b—
c¢) The highest-density voxels are retained through thresholding to emphasize structural signal.
(d) A density-aware voxel coarsening step reduces node count while maintaining spatial integrity.
(e) HDBSCAN clustering identifies stable point clusters. (f) Graphs are constructed from
clustered voxels across cutoff distances d.,; revealing multi-scale topological organization. (g)
Persistent graph features capture both structural hierarchy and spatial layout. (h) The pipeline is
parallelized on HPC infrastructure using Parsl, enabling distributed execution of all steps and
generation of over 100,000 graph features to date. This framework captures 3D protein shape in a
scalable and interpretable form.
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4.5 TOPOLOGICAL FINGERPRINTS PREDICT IMAGING CONDITIONS

FAVORABLE FOR PROTEIN CLASSIFICATION AND REVEAL

RESOLUTION BOUNDARIES OF GRIP-TOMO

Diagnostic use of topological fingerprints to guide imaging parameter selection in mock datasets:

To evaluate how imaging conditions affect GRIP-Tomo’s ability to extract discriminative
structural, I systematically simulated mock sub-tomograms across a matrix of electron dosages
and sample thicknesses. From each dataset, I extracted the combined graph-based fingerprints—
a multiscale trajectory of 11 topological features across 13 graph cutoff values d,,, — for four
categories: apoferritin, beta-gal, aldolase, and noise. These fingerprints, visualized in Figure
4.4A, reveal how imaging conditions influence the structural distinctiveness of proteins.
Importantly, some imaging conditions clearly produce fingerprints that are highly separable
across all four categories, making them favorable for downstream classification. A particularly
illustrative example is the condition with dosage = 2.0 e /A2 and thickness = 400 A, where the
fingerprint trajectories are visibly distinct even to the human eye. Under this condition, each
category exhibits a unique feature profile across d,,;, suggesting that the graph topology of these
simulated volumes preserves sufficient biological and geometrical signal to support accurate
classification—not only between proteins and noise but also among protein classes. In contrast,
other conditions result in overlapping or ambiguous fingerprints. For instance, under dosage =
0.3 e /A2 and thickness = 500 A—the condition later selected for simulation-to-experiment

domain transfer—the feature trajectories for apoferritin, beta-galactosidase, and aldolase show

considerable overlap. While this condition was chosen for its close match to experimental
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fingerprints, its intrinsic limitations—namely the poor class separability among proteins—make
it difficult to distinguish structurally similar macromolecules. As a result, while GRIP-Tomo
performs well in binary classification (e.g., protein vs. noise in Figure 4.7D) under this condition,
it struggles to resolve finer structural differences between proteins like apoferritin and beta-gal
(Figure 4.9). This observation helps explain the drop in protein-class classification performance
seen in the next section: even though the synthetic data were calibrated to match experimental
imaging conditions, the condition itself does not support strong topological contrast between
proteins. If experimental data were acquired under a more favorable condition—such as higher
dosage and lower thickness, yielding fingerprints like those at dosage = 2.0 e /A2 and thickness =
400 A—then finer distinctions among proteins would likely be more achievable. This highlights
an important dual role of GRIP-Tomo fingerprints: not only do they serve as model input, but
they also act as diagnostic visual tools that can help researchers pre-screen synthetic imaging
conditions and anticipate the success or limitations of downstream classification. In this way,
GRIP-Tomo offers a novel lens for experiment design and simulation tuning, providing
actionable guidance on whether a given imaging regime is sufficient to separate relevant

biological classes.

The classification boundary on mock data revealed by varied sample thickness

To further quantify how sample thickness affects classification ability, Figure 4.4B shows
the per-class classification accuracy of GRIP-Tomo models trained and tested on mock data
generated with fixed dosage = 2.9 ¢ /A and varying sample thicknesses, as a study case.
trained using 5 samples per class and tested using 45 samples per class. In general, accuracy

decreases with increasing thickness, as expected due to more severe scattering and background
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noise. However, the trend is not uniform across categories, and an intriguing exception is
observed in the classification of aldolase, the smallest protein in the dataset. Additionally, the
accuracy was high at low thickness despite the small training set size of 5 samples, which
suggests the GRIP-Tomo is a data efficient method for predictions under desirable imaging
conditions. At thickness = 250 A, aldolase classification performance is lower than that of the
larger proteins. However, as thickness increases to 750 A, aldolase accuracy improves and
surpasses its performance at thinner conditions. This observation is counterintuitive under
traditional cryo-ET expectations, where smaller proteins typically become more difficult to
classify as sample thickness increases. One possible explanation lies in the nature of GRIP-
Tomo's feature representation. Unlike conventional methods that rely purely on raw voxel
intensity or template matching, GRIP-Tomo constructs graph-based representations that may
capture topological structure more robustly—even in noisier or more diffuse density
environments. The density of edge connectivity, modularity, and clustering behavior within the
graph may still provide discriminative signal for small proteins, even when the voxel-based
contrast is weak. Moreover, the relatively high electron dosage of 2.9 e /A2 used across these
simulations may contribute to improved signal for small structures like aldolase. In typical cryo-
ET experiments, lower dosages are often used to minimize radiation damage, which can suppress
small-protein signal early. In contrast, the higher dose used here might enhance visibility in a
way that complements the graph abstraction layer, allowing topological features to remain stable

across a wider range of thicknesses than traditional voxel-based approaches.
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Figure 4.4. GRIP-Tomo fingerprints identify favorable imaging conditions and track
classification performance across sample thicknesses. (A) GRIP-Tomo feature fingerprints
derived from mock sub-tomograms simulated across a grid of electron dosage (x-axis, 0.3 to 2.9
e/A?) and sample thickness (y-axis, 300 to 600 A). Each subplot shows the normalized 13-point
feature vector across different d,,;, combining 11 topological features described in Methods
3.1.6, and color-coded by structural category: apoferritin (blue), beta-galactosidase (purple),
aldolase (orange), and noise (gray). These vectors serve as ‘persistent topological fingerprints’
that encapsulate the graph-based signature of each macromolecular structure. (B) Per-class
classification accuracy of GRIP-Tomo as a function of increasing sample thickness. Each
thickness has its own model trained and tested on the data specifically simulated in this
thickness. 10% of mock data are used for training while 90% of mock data are used for testing.
Mock sub-tomograms were synthesized with dosage = 2.9 e /A2,

4.6 CALIBRATION OF IMAGING CONDITIONS REDUCES THE
SIMULATION-TO-REAL GAP AND ENABLES INTERPRETABLE CROSS-

DOMAIN CLASSIFICATION
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Calibration of mock sub-tomograms to experimental sub-tomograms

To bridge the gap between synthetic and experimental sub-tomograms, I investigated
whether tuning mock imaging parameters could align topological fingerprints and improve
classification performance. Initial mock sub-tomograms were synthesized with imaging
parameters in cisTEM (dosage = 2.9 e /A2 thickness = 250 A) matching estimated experimental
settings. However, when visualizing their topological fingerprints (Figure 4.7A, dashed box), I
observed consistent divergence from experimental fingerprints (Figure 4.7B) across several key
features, including average clustering, eigenvector centrality, and degree assortativity shown in
the figure. These discrepancies reflect a simulation-to-real gap: although imaging parameters
appear nominally matched, the effective signal structures differ. To reduce this domain gap, I
performed a calibration step, systematically varying mock imaging parameters (see Figure 4.4,
Figure 4.5 and Figure 4.6) and identifying the setting—dosage = 0.3 e /A2, thickness = 500 A—
that minimized the fingerprint discrepancy. The topological fingerprints of the experimental sub-
tomograms and the composite similarity scores between the mock and sub-tomograms are shown
in Figure 4.6 to support the calibration, along with visual confirmation of the real space images.
Using this calibrated condition, I regenerated mock sub-tomograms for three categories
(apoferritin, beta-galactosidase, and noise-only), each with 60 rotated instances, yielding a
balanced training set of 180 samples. The experimental test set comprised 180 sub-tomograms

from the Protein Mixture Dataset (Methods 2.2).
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Figure 4.5. Visualization of mock sub-tomograms across simulated imaging conditions using
orthoplanes representation. Each panel displays the central z-axis slice of a mock sub-tomogram
of apoferritin, rendered using the map — orthoplanes function in UCSF ChimeraX. Sub-
tomograms were simulated using varied imaging conditions defined by electron dosage per tilt
(horizontal axis, 0.3 to 2.9 e /A?) and sample thickness (vertical axis, 300 to 600 A). The orange-
outlined panel (top row) shows the experimental reference slice from real Protein Mixture
tomogram, while the red-outlined panel highlights the synthetic condition (dosage = 0.3 e /A2,
thickness = 500 A) selected for optimal matching to the experimental data. A 100 A scale bar is
shown in the bottom right panel for reference.
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Figure 4.6. Composite similarity scoring between mock and experimental data based on GRIP-
Tomo fingerprints. (A) Normalized topological fingerprint averaged from 10 experimental sub-
tomograms, plotted across 13 graph cutoff values d,,;. The fingerprint combines 11 graph-based
features described in Methods 3.1.6, aggregated across protein categories. (B) Composite
similarity scores between each mock condition in Figure 4.4A and the experimental reference
fingerprint shown in (A). Each cell represents the similarity between a given mock dataset
(simulated under a specific dosage and thickness) and the experimental fingerprint. Scores are
computed by comparing the concatenated GRIP-Tomo feature vectors across categories and d;.
The highest similarity (score = 0.63) occurs at dosage = 0.3 e /A2 and thickness = 500 A,
outlined in red, indicating the optimal topological match between mock and experimental
samples.

Improved cross-domain classification after calibration

I then extracted graph-based persistent features as topological fingerprints from both the
training and testing datasets using the GRIP-Tomo pipeline and trained a Random Forest
classifier. Comparing classification results before (Figure 4.7C) and after (Figure 4.7D)

calibration highlights a clear performance gain: uncalibrated training yields poor generalization
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to experimental data (especially for protein class) with an accuracy of 0.39, whereas calibration
recovers strong classification capability, achieving 97% recall for proteins and an overall

accuracy of 0.81 (Figure 4.7C and 4.7D).

Interpretability of persistent features and relation to biological scales: To interpret this
performance, I examined the feature importances from the trained classifier (Figure 4.7E).

Interestingly, the top-ranked features cluster into three scale bands:

o Local range (cutoff 3 A): capturing local density and node connectivity, potentially
related to tightly packed atomic centers or helix cores.

o Intermediate (cutoff 6-8 A): these cutoffs consistently appeared in earlier GRIP-Tomo
work and may correspond to typical intra-domain distances, such as those spanning a-
helices, loops, or B-sheet spacing.

o Global range (cutoff 13—14 A): features like degree assortativity and max centrality at
these scales likely reflect global shape, modularity, or domain interfaces. These may
correspond to the diameters of the four-fold symmetry channel in apoferritin and central

cavity in beta-gal.

This multi-scale distribution suggests that GRIP-Tomo captures biologically meaningful
structure-function relationships through its graph-based representation. This scale-based
distribution supports the hypothesis that different graph cutoffs capture different levels of
structural hierarchy. For instance, the importance of average clustering at cutoff 6 A may reflect
the compactness of secondary structure motifs, while degree assortativity at cutoff 13 A may
relate to global organization patterns such as ion channel diameter or central symmetric domains.
Moreover, the calibration strategy demonstrates a practical path to aligning synthetic and real

data—a crucial step for enabling domain transfer in machine learning models trained on



simulated biological systems. Together, these results validate both the interpretable nature of

GRIP-Tomo features and the effectiveness of imaging condition calibration in closing the

simulation-to-experiment gap for downstream classification.
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Figure 4.7. Calibrating mock imaging conditions aligns persistent topological fingerprints with
experimental data and improves cross-domain classification performance. (A) Persistent
topological fingerprints from mock sub-tomograms synthesized under uncalibrated (dashed box,

dosage = 2.9 e /A2, thickness = 250 A) and calibrated imaging conditions (solid box, dosage =

0.3 e /A2, thickness = 500 A), showing persistent feature trends across cutoffs d_.,, for
representative features: average clustering, number of nodes, max eigenvector centrality, and
degree assortativity. Gray and red lines represent noise and protein categories, respectively;

shaded regions denote sample variance. (B) Persistent topological fingerprints of experimental
data. (C) Confusion matrix of classification before calibration (trained on mock data in dashed

box in A and tested on experimental data in B). (D) Confusion matrix of classification after
calibration (trained on mock data in solid box in A and tested on experimental data in B) (E) Top
10 feature importances from the Random Forest model trained on calibrated mock data and

tested on experimental data.
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4.7 DETAILS OF GROUND TRUTH DATA GENERATION, GRAPH FEATURE

EXTRACTION AND MACHINE LEARNING CLASSIFICATION

4.7.1 Graph based analysis of density volumes

In the previous work, August George developed a method called GRaph Identification of
Proteins in Tomograms (GRIP-Tomo) to identify proteins in pristine synthetic volume densities
[26] in one pass, illustrated in Figure 6 of [26]. Briefly, in this method, an input sub-volume is
normalized and thresholded. The remaining high-density voxels above the threshold are clustered
using DBSCAN. [174] The cluster centroids as assigned as nodes, and edges are added between
the nodes if their Euclidean distance is below a cutoff value, d.,; and d_,,; for PDB structure and
density volumes. From this graph there is a vector of 12 topological graph features calculated:
number of nodes, number of edges, number of communities, density, average clustering of each
node, degree assortativity, diameter, average paths length, clique number, max betweenness
centrality, max closeness centrality, max eigenvector centrality. The average relative similarity
can be computed from two graph feature vectors. August George used a single short cutoff of 8

and 9 angstrom to distinguish single-domain and multiple-domain proteins.

In GRIP-Tomo 2.0, I build on the previous work of GRIP-Tomo 1.0, creating a
mathematical graph representation G = (V, E) using the HDBSCAN algorithm [175, 176] instead
of DBSCAN. The set of nodes V correspond to the cluster centroids from HDBSCAN, and the
set of edges E accounts for the relations between nodes. An edge exists between any two nodes if

!

they are within a cutoff distance d_,,;. The distance between two nodes is the minimum Euclidean
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distance. Thus, the mathematical graph representation is defined as an adjacency matrix, where

dcy: 1 an important hyperparameter regulating the connectivity of the graph.

4.7.2 Ground Truth Data Generation

Synthesis of single-particle mock sub-tomograms from known protein structures:

For the synthesis of a mock sub-tomogram with a protein and artifacts (Figure 4.2A and
4.8A), it starts by simulating a tilted series of 2D images from a protein data bank (PDB) [177]
structure, using cisTEM [25] to generate noise and experimental artifacts. I simulated
combinations of artifacts by varying the electron dosage and sample thickness. The 2D tilt series
was simulated from -60 to 60 degrees with 3-degree increments, which reproduces a missing

wedge effect.

I first match the densities of the simulated 2D tilt images to an experimental reference
dataset (see Methods 2.2) using IMOD. [160] I then applied Topaz 2D denoise [169] to the
density-matched 2D tilt images, using the affine model with a patch size of 64. The denoised tilt
series was merged together using the EMAN2 [161] and then was contract transfer function
(CTF) corrected, reconstructed, and low pass filtered using IMOD. The mock sub-tomograms
density was inverted using RELION 4 [148] to harmonize the simulated and experimental

datasets.

In addition to the mock sub-tomograms containing protein structures, I also synthesized
noise-only sub-tomograms with no proteins as a control data set for the synthesized datasets.
These were simulated using the same process as those described above, except that the starting

protein structure was replaced by a single carbon atom at the center of the space.
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Figure 4.8. Parallel workflows for generating mock and experimental sub-tomograms with
tunable control over imaging artifacts. (A) Synthetic sub-tomogram generation starts from
known protein structures (e.g., PDB files), which are used to simulate 2D tilt series using
cisTEM with controllable imaging parameters (e.g., electron dosage per tilt, sample thickness).
The simulated tilt series is further processed to incorporate key cryo-ET artifacts: (1) density
distribution alignment using IMOD’s densmatch, (2) contrast transfer function (CTF) correction
via phase flipping, and (3) denoising using a pretrained 2D Topaz model. The resulting
preprocessed tilt series is reconstructed into a 3D tomogram, yielding mock sub-tomograms.
These mock volumes exhibit controllable SNR characteristics, making them ideal for model
training and benchmarking. (B) Experimental sub-tomograms are generated by reconstructing
3D tomograms from raw tilt series of mixed-protein samples. After preprocessing (CTF
correction and denoising), the 3D tomogram is manually inspected to record particle coordinates.
Sub-volumes are extracted using IMOD's trimvol, producing experimental sub-tomograms for
testing and comparison. Example real-space and Fourier-space slices are shown for mock and
experimental sub-tomograms under varying conditions, illustrating structural degradation under
low-dose and high-thickness regimes.

Collecting single-particle experimental sub-tomograms:

To validate this approach, I extracted sub-tomograms from an experimental tomogram
(Figure 4.2B and 4.8B) containing a mixture of three proteins that are structurally similar but

discernable in size and shape: horse spleen light chain apoferritin (PDB ID: 2WO0O, stated as
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‘apoferritin’ in following texts), -galactosidase (PDB ID: 6DRY, stated as ‘beta-gal’ in following
texts) and aldolase (PDB ID:8EW?2) (Table 4.1). This solution was made of a sparse mixture of

each protein at an individual concentration of 1.5mg/mL in a buffer of 25mM Tris, 2mM MgCI2,
50mM NacCl, and 2mM DTT. 3uL of the protein mixture was loaded onto a 1.2/1.3 holey carbon

TEM grid, blotted under 90% RH, and vitrified by plunge freezing into liquid ethane.

. B-galactosidase
Table 4.1 apoferritin (beta-gal) aldolase
Structural Q‘@@'&:
Snapshots . é@é@
PDB ID 2W00 6DRV 8EW2
# of residues 4080 4096 1452
Weight (kDa) 498.24 466.41 157.05
stoichiometry homo-24-mer homo-4-mer homo-4-mer
Symmetry octahedral dihedral dihedral

Table 4.1. The macromolecules in the solution of protein mixture. The protein mixture solution
contains three spheroidal macromolecules: apoferritin (horse spleen, light chain), -galactosidase
(beta-gal) and aldolase. The size of aldolase was too small for manual particle picking.
Therefore, only the particles with the former two proteins were manually picked as a dataset for
testing.

Screening and tilt series collection was performed with serialEM [178] in a dose
symmetric strategy with images every 3 degrees to +/- 60 degrees. Total cumulative electron
dose for the tilt series was 120e/A? at 42,000 times magnification for a pixel size of 1.1 A/pixel
and a 20eV energy filter slit. Raw frames were motion corrected with Motioncor2, [179]
denoised with Topaz using the affine model with a patch size of 1024, [169] and the tilt series

were aligned and reconstructed in IMOD using back weighted projection. CTF fitting and

correction was performed with IMOD’s CTF plotter prior to reconstruction. Tomograms were
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visualized with the 3dmod module in IMOD for particle picking, and the sub-volumes were
extracted using the ‘trimvol’ command in IMOD. [160]

From a reconstructed tomogram, I worked with Kate Baldwin to manually pick 180 sub-
volumes split across each of the three categories: apoferritin, beta-gal and noise-only. Due to its
small size, aldolase was not picked. Sub-tomograms centered on the picked particles were
extracted using IMOD [160] and inverted with RELION 4. [148] Besides the dosage and
thickness, I use consistent cisSTEM settings across all the synthesized samples: the tilt angle
range is -60 to 60 degrees with an interval of 3.0 degrees, frame is 1, phase is 0.5 and defocus is
30000 angstroms to mimic the experimental settings when collecting the Protein Mixture
Solution dataset. The remaining cisTEM settings were set to the default values. All mock sub-
tomograms have a volume of 219*219*219 cubic pixels at 1 angstroms/pixel resolution. For
computational efficiency I used a uniform box size for all the mock sub-tomograms. The
experimental sub-tomograms used a 1.1 angstroms/pixel (‘apix’) resolution, which is close to the
mock sub-tomograms mentioned above. I extracted sub-volumes of 219*219*219 cubic pixels to

be consistent with the mock sub-tomograms.

4.7.3 HPC enhanced workflow of extracting topological features from mock and experimental

density volumes

Density volumes to features

To extract interpretable graph-based features from cryo-electron tomographic data, I
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worked with Reece Neff to develop a high-throughput workflow that transforms 3D density
volumes (in MRC format) into topological descriptors. This pipeline was optimized for HPC
deployment using Parsl [180] and executed on ALCC Perlmutter.

Standard scaling and normalization: a per-volume standard scaling is applied to ensure
consistency in density distribution across MRC files. Using scikit-learn’s StandardScaler, [112]
voxel intensities were rescaled via z-score normalization: z=(x—p)/c, where p and ¢ denote the
mean and standard deviation of the MRC volume. This step enables fair comparison between
mock and experimental datasets, which often exhibit different dynamic ranges and baseline
densities.

Thresholding: A threshold ratioing step retained the top 10% highest-density voxels in
each standardized volume. This top-k percentile filtering caps the number of candidate voxels
passed downstream, bounding the computational complexity and memory usage of graph
construction. The ratio was chosen to maximize feature extraction completeness while ensuring
the pipeline could run within time and memory constraints on HPC.

Density coarsening: a density-aware voxel coarsening strategy is introduced with NumPy
[67] to reduce spatial and computational load. Voxels were grouped in 3x3x3 windows, and their
average position and density were computed to generate a representative centroid. This strategy
preserves local density peaks and reduces worst-case complexity up to 1/Csize3 for cube size C,
supporting scalability even for volumes with >10 million voxels.

HDBSCAN clustering: To isolate protein signals from background noise, the coarsened
point cloud was clustered using HDBSCAN. Unlike DBSCAN, which is sensitive to parameter
tuning at low thresholds, HDBSCAN identifies stable clusters over a range of densities, enabling

robust segmentation. The largest persistent cluster from each volume was selected as the
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candidate region for downstream graph representation. Clustering parameters were tuned to
perform Ill across synthetic and experimental datasets (e.g., min_samples=512,
min_cluster size=512).

Graph construction: From the retained cluster points, graphs were constructed across
multiple spatial resolutions. Each graph was built by assigning edges between node pairs within
a cutoff distance. I varied d_.,, from 3 A to 15 A to capture persistent structural features across
scales. The resulting multi-scale graphs reflect both local density geometry and global
topological connectivity.

Persistent graph feature calculation across d,,;: For each graph at every cutoff level, a
comprehensive set of 11 graph features was extracted, including degree assortativity, clustering
coefficient, eigenvector centrality, closeness centrality, and others. This set of features across
every d.,, were aggregated into a single vector representation with a size of 11 graph features x
13 d,; values = 143 machine learning features per sub-tomogram and saved as CSVs for
subsequent machine learning (ML) analysis. To improve scalability, features with poor runtime
efficiency are excluded, such as max clique number, which is identified as a key bottleneck
during profiling.

By combining these features across biological relevant multiple scales, I created a
persistent graph feature vector of the data as a foundation for training explainable machine

learning models. These persistent feature vectors are then passed into a Random Forest (RF)

[181] model to perform model training and testing, as described in the Methods section 4.

HPC Parallelization Using Parsl

To support scalable feature extraction from thousands of sub-tomograms under various

parameter settings, I worked with Reece Neff to deploy the pipeline on the ALCC Perlmutter
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supercomputer using Parsl, a Python-based parallel scripting library. [180] Parsl’s dataflow-
aware scheduler orchestrates concurrent task execution while preserving data dependencies
between stages. Each processing step—standardization, thresholding, clustering, graph
construction, and feature extraction—was parallelized across independent sub-tomograms or

parameter combinations.

On Perlmutter, 1024 nodes can be used to process 4096 sub-tomogram volumes in
parallel. Parsl allowed different pipeline stages to run asynchronously across workers,
dramatically reducing total wall-clock time. Over 100,000 graph features across the mock and
experimental datasets were collected, enabling thorough downstream analysis. Execution time
profiling across 45,000 features further guided optimization, identifying steps like clique number
and graph construction as major bottlenecks for large, dense graphs. These findings motivated

improvements such as feature pruning and the use of coarsening to reduce graph size.

4.7.4 Training, Evaluation and Interpretability of the learning model

Machine learning model:

To evaluate the discriminative power of GRIP-Tomo 2.0 graph-based features and assess
their biological relevance, I trained and interpreted a supervised Random Forest (RF) classifier
[181] using Python’s scikit-learn [112] implementation and 1000 estimators. RF models are 111
suited for classification tasks with low data amounts and provide feature importance values for
interpretability.

I constructed multi-class classification including aldolase, apoferritin, beta-gal and noise
in Figure 4.4, the Random Forest model was trained and tested on the same mock dataset. For

each imaging condition with a certain combination of dosage and thickness, 200 mock sub-



124

tomograms (50 each of aldolase, apoferritin, beta-gal, and synthetic noise) were simulated
following the pipeline in Figure 4.2A and 4.8 A. These mock sub-tomograms were then randomly
split as 10% for training and 90% for testing.

I also constructed a binary classification task to distinguish between protein-containing
and noise-only sub-tomograms in Figure 4.7. The training dataset consisted of 180 mock sub-
tomograms (60 each of apoferritin, beta-gal, and synthetic noise), generated under the calibrated
imaging condition (electron dosage = 0.3 e /A2, thickness = 500 A). The test set comprised 180

experimental sub-tomograms annotated as protein or noise via manual inspection.

Performance evaluation

To evaluate the classification performance of the trained Random Forest model on the
testing dataset, I calculated the confusion matrix, accuracy and F1 score using scikit-learn. [112]
The confusion matrix provides an overview of the classification performance and contains the
counts of true positive, true negative, false positive, and false negative predictions. From these
values I can determine the accuracy (ratio of correctly predicted instances to the total instances in

the testing dataset) and F1-score (harmonic mean of precision and recall).

Interpretability of feature importance in a learnt model

14

In GRIP-Tomo 2.0, I calculate the importance of each feature at each d,,; by scikit learn
feature importance. [112] The feature importance serves as a metric for measuring the sensitivity
of the predicted result to the change of inputs. Thus, this approach provides insights into which

features contribute most significantly to the model’s prediction.
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4.8 DISCUSSION AND CONCLUSION

The evolutionary conserved protein structures are useful features to identify proteins in

tomograms with realistic noises

Cryo-electron tomography enables visualization of macromolecular structures in their
native context, but its inherently low signal-to-noise ratio (SNR) poses serious challenges for
reliable protein classification. GRIP-Tomo 2.0 addresses this limitation by extracting
evolutionarily conserved topological patterns—persistent across replicates and imaging
conditions—using a graph-based representation of 3D macromolecular architecture. These graph
features, by focusing on structural connectivity rather than intensity, remain robust even under
noise and missing wedge artifacts, enabling protein detection without the need for segmentation
or template matching. Unlike traditional voxel-based workflows, GRIP-Tomo 2.0 emphasizes the
geometric backbone of biological structures, allowing classifiers to operate in a topologically

informed and biologically meaningful space.

Topological fingerprints enable imaging-aware synthesis design and cross-domain calibration

GRIP-Tomo 2.0 highlights its unique strengths in both predicting classification
performance and interpreting data quality through topological fingerprints. By visualizing how
persistent features vary across imaging parameters, GRIP-Tomo 2.0 enables researchers to
anticipate favorable conditions for both training set design and experimental setup. Moreover,
the ability to reveal counterintuitive trends—such as improved aldolase classification at

moderate thickness—opens new avenues for investigating the interplay between graph topology,
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molecular structure, and imaging physics. These insights point toward future opportunities for

mechanistic understanding and methodological refinement in cryo-ET analysis.

By simulating diverse imaging conditions and projecting volumetric information into
topological fingerprints, GRIP-Tomo 2.0 establishes a simulation-to-experiment learning
framework that informs both data generation and interpretation. Surprisingly, I found that
optimal alignment between synthetic and experimental data did not occur under the highest
imaging quality, but rather at intermediate conditions—specifically, electron dosage of 0.3 e /A2
and sample thickness of 500 A. Under these parameters, synthetic fingerprints most closely
resembled those of experimental sub-tomograms, despite increased within-class feature overlap
that made protein classification more challenging. These results underscore the importance of
realism and task-alignment over maximal contrast in bridging the simulation-to-experiment gap
and suggest new principles for generating synthetic data for downstream cryo-ET machine

learning tasks.

Graph representation of proteins raises efficient, interpretable and trustworthy machine learning

GRIP-Tomo 2.0 identifies proteins from cryo-ET data by leveraging machine learning on
synthetic training data derived from a single atomic structure in the Protein Data Bank (PDB).
This approach operates within a limited genomic and structural space, where each protein class
originates from a single known conformation. Starting from this minimal input, GRIP-Tomo 2.0
simulates mock sub-tomograms under realistic imaging conditions to generate training examples,
enabling automated classification of macromolecules in noisy tomograms. By removing the need
for large quantities of annotated, high-quality training data—which are often difficult or
impractical to obtain in cryo-ET—GRIP-Tomo 2.0 offers an efficient and accessible alternative

for structural discovery. Despite the narrow diversity of structural input, the framework extracts
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robust topological features that generalize to experimental data, demonstrating the power of

structurally grounded simulation for data-scarce biological inference.

The interpretability of GRIP-Tomo 2.0 stems from its graph-theoretic foundation.
Persistent topological features—such as clustering, assortativity, and eigenvector centrality—not
only drive classification performance but also correlate with known structural motifs like a-
helices, B-sheets, and symmetric domains. Feature importance rankings from trained models
consistently identified these biologically relevant descriptors, offering insight into how the cross-
domain protein vs. noise classification is achieved. GRIP-Tomo 2.0 fingerprints further allow for
systematic benchmarking of imaging conditions: researchers can visually inspect feature
separability across a dosage-thickness matrix before choosing optimal simulation parameters for
training. This transparency distinguishes GRIP-Tomo 2.0 from black-box deep learning models

and enables trustworthy, reproducible workflows.

A key advantage of GRIP-Tomo 2.0 is its ability to generate large volumes of annotated
synthetic data tailored to experimental conditions. This capability opens the door for training
other Al models, including deep networks, particularly for underrepresented classes such as
small proteins or rare conformational states. Researchers in the cryo-ET community can use
GRIP-Tomo 2.0 not only as a classification tool, but also as a data generation engine—creating
curated mock datasets to bootstrap or augment their own learning pipelines. In addition, the low
data requirements needed for classification reduces the need for manual data labeling. By
providing both interpretability and extensibility, GRIP-Tomo contributes a versatile framework

for structure-aware machine learning in cellular imaging.

Limitations of GRIP-Tomo 2.0
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Despite these strengths, several limitations remain. First, the mock data generation
requires manual tuning to match experimental conditions. Future work will explore how to
automate this process using a data-driven approach. Second, cross-domain classification
struggles to distinguish between structurally similar proteins (e.g., apoferritin vs. beta-gal, see
Figure 4.9), likely due to fingerprint overlap under current imaging conditions; improved
separation may be possible with higher dosage and thinner samples. Third, while I explored the
effect of thickness in detail—including the surprising robustness of small proteins like
aldolase—future work should systematically vary dosage and build a complete condition-
performance matrix. Fourth, feature extraction remains computationally intensive even on high-
performance computing clusters; accelerated implementations, potentially on GPUs, are needed
for broader adoption. Lastly, thismethod has so far been validated only on a single experimental
dataset. Demonstrating its generalizability across other tomograms will be an important next

step.

5
-5.5 3
(0]
Q
£
52
<3
®©
>
5
) 13 0
2
(]
c
N s
Ca 8\\\(\ &*
® & &
S 0Q (\0\

Predicted

Figure 4.9. Multi-class confusion matrix when RF model is trained on calibrated mock data and
tested on experimental data. Although the cross-domain protein vs noise binary classification
could achieve 81% accuracy, when assigned the task to classify apoferritin, beta-gal and noise,
the RF model shows poor performance in distinguishing the three categories. The overall
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accuracy drops to 51%, indicating the fact that apoferritin and beta-gal are not classifiable in this
this specific experimental case.

4.9 CONCLUSION

To conclude, GRIP-Tomo 2.0 represents an advancement in computational tools for cryo-
electron tomography by providing a novel solution to current limitations in particle classification
workflows. Building upon the previous framework, this enhanced platform integrates tunable
mock data simulation with realistic noise, and a novel interpretable feature extraction pipeline
with high-performance computing acceleration. The key innovation lies in extracting biologically
relevant molecular "fingerprints" that enable effective cross-domain learning from simulated to
experimental data while requiring minimal training datasets. By improving the interpretability
and data-efficiency of macromolecular classification, GRIP-Tomo 2.0 opens new avenues for

visual proteomics using large-scale data simulations.
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CHAPTER 5: CONCLUSION AND DISCUSSION

This dissertation presents an integrated investigation of cellular phenotypes across
biological scales through a physics-informed lens. By combining molecular simulations,
mechanochemical modeling, and interpretable machine learning, the work advances a unifying
framework centered on topology and hierarchy—concepts that have proven powerful for

describing structural organization in living systems. [10, 182]

A central finding across the three projects is that topological descriptors—such as contact
interfaces, branching configurations, and graph motifs—remain robust even when system
geometry varies or noise is introduced. In Chapter 2, the oligomeric topologies of cofilin dimers
were shown to influence actin filament remodeling in a redox-sensitive manner. These
conformational states are governed by intermolecular interactions but persist as distinct modes of
filament decoration. [54] In Chapter 3, simulations of actomyosin networks revealed that
topological transitions—characterized by avalanche-like reorganization—signal instability and
precede structural collapse. Predictive features extracted through machine learning, such as

network density and centrality variance, enabled early identification of such events. [7, §]

Chapter 4 extends this topological framework to the cellular scale via GRIP-Tomo 2.0.
This pipeline utilizes synthetic cryo-electron tomography (cryo-ET) data to train graph-based
classifiers that recognize proteins based on topological fingerprints. Notably, optimal domain
alignment between synthetic and experimental datasets did not occur at the highest imaging
quality, but rather under intermediate conditions—highlighting a nontrivial structure-noise

tradeoff that aligns with recent observations in simulation-to-experiment learning. [37] The
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model's interpretability also allowed biological features, such as rotational symmetry or cluster

connectivity, to be linked directly to classification outcomes.

Together, these findings suggest that hierarchical topology provides a scale-agnostic
vocabulary for bridging molecular detail and whole-cell architecture. By anchoring physical
modeling in topological abstraction, one can construct generalizable descriptors of biological
function—even under conditions where data are limited, noisy, or heterogeneous. This offers
significant promise for emerging fields such as spatial proteomics, integrative structural biology,

and in situ cell modeling.

Nonetheless, several limitations remain. First, the simulated and synthetic data used in
Chapters 2 and 4, while controlled, cannot fully recapitulate the biochemical heterogeneity or
imaging distortions present in live-cell contexts. Second, the classification tasks considered in
Chapter 4 focus on a narrow range of protein targets, and it remains unclear how the method
scales to more diverse cellular environments. Third, the parameter space for simulation and
imaging (e.g., SNR, dosage, defocus) is only partially explored; a more comprehensive sampling
could reveal new insights into model generalization. Finally, the computational cost of
generating synthetic data and performing graph-based analysis remains a barrier to broad

adoption.

Future work should aim to bridge the simulation-to-experiment gap more effectively by
calibrating synthetic data against empirical benchmarks and expanding the diversity of protein
architectures used for training. Integrating diffusion models or generative adversarial networks
(GAN5s) into synthetic cryo-ET pipelines could improve realism. Additionally, extending GRIP-
Tomo 2.0 to handle multi-protein complexes and dynamic interactions—especially with time-

resolved cryo-ET—would increase its biological utility. Automation of the entire workflow, from
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simulation to classification, is another important direction to enhance scalability and

accessibility.

Another promising avenue is to test the robustness of GRIP-Tomo 2.0 in more
challenging experimental conditions, such as imaging of crowded cellular environments
containing overlapping or interacting macromolecules. Developing strategies to disentangle
overlapping topological signatures or adapt classifiers to high-density contexts could

substantially improve its applicability to in situ proteomics.

For the cofilin project, future work could leverage advanced structure prediction tools
such as AlphaFold-Multimer to systematically explore the oligomerization landscape. This
would help identify energetically favorable conformations at larger oligomer sizes and reveal

potential structural motifs that govern filament severing efficiency.

Regarding actomyosin networks, recent updates to simulation platforms like MEDYAN
now include membrane coupling and curvature feedback. Incorporating these features into the
current modeling framework could enable new studies of actin—-membrane interaction, cortical

tension regulation, and force generation at cellular boundaries.

At the whole-cell level, simulation environments such as Lattice Microbes offer the
ability to simulate even more complex intracellular dynamics, including signaling cascades and
macromolecular crowding. Coupling GRIP-Tomo’s graph abstraction with spatially resolved,
stochastic whole-cell simulations may yield unprecedented insight into emergent cellular

behavior.

On the modeling front, the development of hybrid frameworks that couple physical

simulations with data-driven inference could yield both predictive power and mechanistic
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insight. For example, variational coarse-graining techniques or physics-informed neural

networks may allow biologically grounded parameter inference from limited experimental input.

Ultimately, this dissertation demonstrates the value of topological reasoning in biological
physics. It shows that across scales—from molecular dimers to protein networks to the crowded
cellular environment—structural patterns can be distilled into interpretable, machine-readable
signatures. These signatures, in turn, provide a foundation for predictive modeling and functional
inference. As experimental techniques continue to evolve, and as data integration across
modalities improves, topological frameworks like those introduced here may serve as key tools

for connecting physics, computation, and biology.
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APPENDIX

The research data in this dissertation are stored in University of Washington Hyak Klone High
Performance Computing cluster directory: /gscratch/cheung/chengxuan/ChengxuanLi 2025/.

The structure of the data is attached below:

(1) The research project studying avalanche and Arp2/3 complex in actomyosin network

simulated by MEDYAN, published in https://pubs.acs.org/doi/10.1021/acs.jpcb.1c04792

I— Arp23 avalanche MEDYAN

| |— data_for paper: the MEDYAN simulations data used in the paper

| | |— 10 14 2020 paperdata v4 1: simulation data batch 1 for brancher concentration
| | |— 10 14 2020 paperdata v4 2: simulation data batch 2 for brancher concentration
| | |— 9 23 2019: simulation data batch 3 for brancher concentration

| | L Machine-Learning_data: simulation data for machine learning results

| I— manuscript_figures: the figures and codes/slides for creating these figures, in different

versions of the manuscript

| |— manuscripts: the manuscripts in different versions during the preparation and revision

process

| |— MEDYAN analysis&animation_tools: Python codes for animating and analyzing

MEDYAN simulation results (Mayavi for animation)

| L— MEDYAN _softwares: Several versions of MEDYAN software that are used in related

research works
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(2) The research project studying cofilin oligomerization, published in

https://pubs.acs.org/doi/10.1021/acs.jpcb.3c07938
I— cofilin_oligomer

| I— manuscripts&figures: the different versions of manuscripts as well as codes/slides for

figures during preparation and revision process of the paper

| |— simulations: The AWSEM simulations for cofilin oligomerization as well as docking

simulations using ClusPro

| | |— 39-39 tetramer simulations

| | |— 4BEX-147C _mutant simulations_analysis

| | L ClusPro_docking

| L software: The AWSEM software used for the simulations above

| L— awsemmd-master

(3) The research project about developing the GRIP-Tomo 2.0 framework, manuscript in

preparation when this dissertation is written
— GRIP-Tomo_2.0

| I— code for manuscript: the codes for plotting figures in the manuscript, can also be

found in Gitlab
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I— Figure 3 mrc2features
I— Figure 4 and S3 mock features varying dosage and thickness

L— Figure5 cross-domain_classification

|— data

I— csv_for features: graph features stored in csv files, for fingerprint plotting and

machine learning

| |— experimental

| I— mock before calibration dosage=2.9 thickness=250

| I— mock calibrated to_experimental dosage=0.3 thickness=5000
| I— mock varied dosage-and-thickness 1-sample-per-categopry

| L— mock varied_thickness_50-samples-per-category

|— PDB: PDB files used for cisTEM mock sub-tomogram simulations
| I— apoferritin-betagal-aldolase-noise 50-copies_each_category

| L— apoferritin-betagal-noise_60-copies each_category

L subtomograms: sub-tomograms from cisTEM simulations and experimental protein

mixture dataset

|— experimental data
I— mock data before calibration dosage=2.9 thickness=250

I— mock data calibrated dosage=0.3_thickness=500
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|— mock data varying dosage and thickness one sample per condition

L— mock data vary thickness explore boundary
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