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ABSTRACT OF THE DISSERTATION 

Computing amyloid: approaches for evaluating, discovering, and targeting amyloids 

 

by 

 

Samantha Anne Zink 

 

Doctor of Philosophy in Biochemistry, Molecular and Structural Biology 

University of California, Los Angeles, 2024 

Professor Jose Alfonso Rodriguez, Chair 

 

 

Amyloid proteins call into question our long-standing notions of the relationship between a protein 

sequence and its three-dimensional fold. These proteins exhibit distinct conformations associated with 

soluble and fibrillar states and potentially various fibril polymorphs. This conformational plasticity 

contributes to the diverse roles of amyloids, which fall into two distinct categories within biological 

systems. Pathogenic amyloids are observed in patients suffering from debilitating neurodegenerative and 

systemic disorders such as Alzheimer’s Disease and Parkinson’s Disease and can be infectious as is the case 

with prion-related diseases. In contrast to pathogenic amyloids, functional amyloid assemblies have a 

defined function in living systems. Such functional amyloids are prevalent across both eukaryotic and 

prokaryotic domains of life, implying the fold may be an early and conserved mechanism with value to 

cellular function. This dichotomy raises an important question: What dictates the fold adopted by amyloid-

forming sequences and in turn, what determines the function of a particular amyloid fold? This thesis 
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attempts to address this puzzle with computational tools and experimental validation, as a stepping stone 

toward a broader understanding of amyloids across the tree of life. 

 

Advances in structural biology have provided atomic-level views of amyloids, from short 'steric zipper’ 

segments and to full amyloid fibril structures, offering researchers detailed insights into the features of 

amyloid proteins. Concurrently, the advent of machine learning techniques has allowed for the exploration 

of data that previously had been unfeasible. Importantly, despite their differences, pathogenic and functional 

amyloids have been found to share a common architecture: long unbranched fibrils with polypeptide chains 

folded nearly two-dimensionally within a layer, and with adjacent layers stacked parallel in register. The 

work presented in Chapter 2 of this dissertation explores the application of machine learning strategies to 

expand the capabilities of steric zipper prediction and investigates their utility in mining organism 

proteomes for high zipper propensity proteins that may harbor amyloid-forming domains. The approach 

offers a fast way to survey proteomes for putative amyloid-forming proteins or domains, providing insight 

into the prevalence and distribution of steric zippers across proteomes. Chapter 3 presents an alternative 

application of the methods developed in Chapter 2. Here, we employ computational approaches to design 

novel peptide sequences indented to bind a known fibril surface. Subsequently, we investigate the effects 

of these designed peptides on amyloid fibril growth and their resulting structures.  By combining structural 

biology, machine learning, and targeted peptide design, the work presented in this thesis aims to deepen our 

understanding of amyloid proteins across diverse biological contexts, potentially paving the way for novel 

therapeutic strategies and insights into both pathogenic and functional amyloid formations. 
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Chapter 1 

INTRODUCTION 

 

A Historical View of Amyloid Studies 

The initial identification of amyloid proteins dates to the mid-19th century, marking the beginning 

of a complex scientific narrative. In 1854, physician scientist Rudolf Virchow first described 

unusual deposits in human brain tissues that exhibited a reaction to iodine staining that was 

reminiscent of starch.1 This observation led Virchow to coin the term “amyloid” – meaning starch-

like. However, this classification was short-lived. Merely four years later, scientists Friedreich and 

Kekule upended Virchow’s assumption by demonstrating the presence of nitrogen in these peculiar 

masses, reveling them to be proteinacous.1 This pivotal discovery was just the first step in 

deconstructing the structural and functional complexities of amyloids, setting the stage for a 

scientific journey that would eventually unveil a diverse world of protein aggregates. 

 

As the field of amyloid biology expanded, it became evident that these proteins were ubiquitous 

across the biological spectrum – from those involved in devastating diseases to others performing 

crucial biological functions across the tree of life. In humans, the discovery of amyloid 

involvement in diseases like Alzheimer’s, Parkinson’s and type-II diabetes dominated much of the 

early research. In 1984, Glenner and Wong’s isolation and purification of amyloid- (A) was the 

first instance linking an amyloid disease to a specific protein.2 This lead to the formulation of the 

‘amyloid hypothesis’ and sparked a surge in research focused on amyloid formation, aggregation, 

and toxicity. In the 2002, however, Chapman et al. demonstrated that the extracellular fibrils 

produced by the bacteria E. coli are amyloid.3 The discovery of amyloid-like structures in bacteria 
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expanded the research beyond a medical context. Subsequent investigations revealed amyloid 

presence in fungi with the identification of yeast prions, as well as in higher order organism such 

as Pmel17 in mammals or Orb2 in Drosophila.4–6  

 

The trajectory of amyloid research has been profoundly influenced by technological 

advancements, particularly in the realms of structural and computational methods. Astbury’s 

application of X-ray fiber diffraction in 1935 provided the first insights into the cross- structure 

of amyloid fibrils.7 Subsequently, X-ray diffraction and microcrystal electron diffraction 

(MicroED) enabled identification of atomic structures of amyloid fibril building blocks from short 

peptide segments.8,9 More recently, advancements in cryogenic electron microscopy (cryo-EM) 

and helical reconstruction have allowed us to visualize full-length amyloid fibrils in unprecedented 

detail, providing a comprehensive view of their structures.10,11 

 

In parallel, advancements in computational biology have played an increasingly crucial role in 

amyloid research. The development of parallel computing in the 1990s and GPU acceleration in 

the 2000s dramatically increased simulation timescales and system sizes. These technological 

leaps have enabled the application of molecular dynamics simulations to large protein systems, 

including amyloids, providing insights into the mechanics of amyloid formation and stability that 

experimental efforts alone cannot achieve. Such simulations have significantly enhanced our 

understanding of the hydrophobic affect in amyloid formation and elucidated the impact of 

mutations on fibril stability.12,13 Advancements in computing have also revolutionized high-

throughput protein design and molecular modeling, further enhancing amyloid research. Protein 

design software, particularly Rosetta, has become a powerful tool for engineering second-
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generation amyloid inhibitors.14 Rosetta’s capabilities extend beyond design, forming the 

foundation of the 3D-profiling method crucial for predicting hexapeptide sequences with a high 

propensity to adopt steric zipper motifs – the fundamental structural element of amyloid fibrils.15 

Finallly, the impact of machine learning advances on protein research is only beginning to be 

realized. In 2020, AlphaFold harnessed the power of deep learning to achieve structure prediction 

accuracies surpassing those of traditional physics-based force fields.16 This breakthrough has been 

remarkable for canonical proteins, revolutionizing the field of protein structure prediction. 

However, this technology has not yet been successfully adapted for amyloid proteins, highlighting 

a potential area for future development in computational approaches to amyloid research. 

 

 As we continue to elucidate the complexities of amyloid biology, interdisciplinary approaches 

combining structural biology, biophysics, and computational methods promise to yield further 

insight into amyloid proteins.  

 

 

An introduction to the amyloid fold 

The amyloid fold is unique and differs remarkably from canonical globular and membrane protein 

folds. Canonical proteins typically employ of a mix of varying structural motifs such as -helices, 

-sheets, and loops. They utilize all three dimensions in their folded state and generally adopt a 

single 3D structure. Amyloids, on the other hand, are protein assemblies comprised largely of -

sheets. Individual protein monomers fold in 2 dimensions which then stack and form stabilizing 

interactions with identical residues above and below. The resultant structure is a long, unbranched 

fibril with  strands stacked 4.8 Å apart and  sheets running perpendicular to the fibril axis and 
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spaced ~8-12 Å. It is this combination of motifs gives rise to the characteristic cross- diffraction 

pattern. Within  strands, stabilizing hydrogen bonds form between identical backbone amide 

groups along the length of the fibril. Between  sheets, side chains interdigitate to form a dry 

interface called a steric zipper.8 Within the steric zipper, most amino acid side chains contribute 

stabilizing features between  sheets. The stacking of hydrophobic residues provides favorable 

van der Waals contacts and/or - stacking while the stacking of polar residues can form hydrogen 

bond ladders.8,17,18 Alternatively, uncomplimented charged residues can be destabilizing. Analysis 

on solved amyloid fibrils, however, reveal that uncomplimented charges are often located on the 

surface and exposed to solvent molecules, mitigating some of the electrostatic repulsion.19 It is the 

combination of these factors across many fibril layers that contributes to the marked stability of 

the amyloid fold. 

 

Sequence Composition  

Despite the similarities in their ultra structure, the sequences of amyloid proteins exhibit 

remarkable diversity. In fact, it is thought that under the correct conditions, most proteins can form 

fibrils due to the presence of amyloid-driving hexapeptide segments.20 This fact makes it difficult 

to assess a protein’s ability to form amyloid or predicting the fold itself difficult. The importance 

of polar residues in the stabilization of amyloid cores was shown early on in the cases of both 

neurodegenerative disease and functional yeast prions.18,21 Early bioinformatic approaches have 

identified sequence patterns that promote the formation of -sheet rich fibril structures. In a set of 

de novo designed proteins, alternating patterns of hydrophobic and polar residues in the proteins 

sequence form structures resembling those of amyloid proteins.22 Subsequent studies revealed that 

these alternating patters occur less often in natural proteins and suggest these sequences have been 
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disfavored by evolution.23 Additionally, work from the Linquist lab revealed the expansion of 

sequence repeats enhances the aggregation of amyloid-like fibrils in the yeast prion Sup35.24 

However, work by Goldschmidt et al. showed that sequence composition alone is not enough to 

promote fibrillization but the particular order of residues imparts major determinants in amyloid 

formation.20  

 

Amyloid Polymorphism 

Protein folding is conceptualized as a search for the global free energy minimum conformation for 

a given primary sequence. This process can be visualized as a funnel, where x and y axes represent 

all possible conformations given a sequence and z represents the free energy of each state. Under 

normal conditions, intramolecular contacts drive folding towards a single functional conformation 

at the energetic minima resulting in a smooth energy landscape. However, certain conditions can 

destabilize this functional form, promoting an aggregation pathway driven by intermolecular 

contacts. This shift results in a more rugged energy landscape, where amyloid folds and other off-

target aggregates predominate. 

 

The rugged landscape of off-target aggregates reflects the propensity of amyloid proteins to form 

diverse structural polymorphs. These polymorphisms manifest not in the gross morphology of the 

amyloid fibril, but in the fine details of backbone and side chain geometries at their cores, 

impacting overall symmetry, and the number/type of contacts at the interface. Referencing the 

zipper alone, the side chains of zippers can pack differently (packing polymorphism), the zipper(s) 

can form from different segments of the protein (segmental polymorphism), or two segments with 

different sequences can come together to form a heterozipper.25 With a single protein having 
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multiple potential zipper segments, the possibilities for potential folds are numerous. Because of 

this, the environment in which the protein exists has the potential to influence the polymorph(s) 

that is ultimately formed. Environmental factors, such as the presence of complementary 

molecules like ionic salts or cofactors, can mitigate electrostatic repulsion due to close contact 

with like charges. In -synuclein (Syn) isolated from multiple system atrophy patients, positively 

charged lysine residues are closely clustered.26 Unresolved density in this region suggests an 

anionic ligand, potentially mitigating charge repulsion.26 Additionally, post-translational 

modifications can exhibit similar charge dampening effects as is seen in the structures of pY39 

Syn.27 Mutations in the protein, particularly those associated with familial forms of amyloid 

diseases, can alleviate electrostatic repulsions or steric issues, thereby lowering the energy barrier 

required to access specific amyloid conformations. 

 

Amyloids exhibit a distinctive nucleation-driven growth mechanism  

It is well-documented that the process of amyloid formation proceeds through a common nucleated 

growth mechanism.28 When depicted graphically, it assumes a sigmoidal shape, encompassing an 

initial lag period followed by a phase of exponential increase ultimately flattening off at saturation 

levels. The lag phase is thought to be the span of time in which a nucleus, the smallest unit capable 

of templating fibril growth, can form. Once formed, monomers add to the nucleus and fibril 

elongation occurs quickly. The formation of a nucleus is typically a rare event, but several 

phenomena have been observed to abbreviate the initial lag period. One method is through the 

introduction of a preformed, stable nucleus, known as secondary nucleation or seeding. This 

process can occur in both a homogenous manner, where monomers add to fibrils of the same 

protein, or a heterogenous manner, where fibrils of one protein induce the fibrillization of a 
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different, but compatible, protein.29,30 Additionally, epitaxial nucleation is another possible 

mechanism to which fibril growth can be initiated. Here, the presence of a full-length fibril 

provides a surface to which a separate fibril grows, either in a homo- or heterogenous manner. It 

is important to note that not every type of seed/fibril is capable of cross-seeding or templating the 

growth of all amyloid fibrils. Understanding the compatibility requirements and the molecular 

determinants of these types of interactions is important, however, for understanding mechanisms 

in amyloid-related diseases and in the development of treatments. 

 

Nature has taken advantage of the amyloid fold to perform a broad set of biological functions 

Amyloids have been observed throughout the tree of life. In these cases, amyloid assemblies are 

employed by the organism to serve a diverse set of functions. For example, the amyloid Curli 

provides anchoring and structural support to bacterial biofilms.3 In mammals, the protein CPEB3 

is thought to modulate the formation of long-term memories.31 Furthermore, functional amyloids 

can serve as protein storage repositories, exhibit regulatory roles as suppressors and activators of 

various processes, and act as vehicles for information transition in the form of prions.19 The breadth 

and scope of functional amyloid structures, as well as their associated roles, represent an emerging 

domain that is only beginning to be elucidated.  

 

Amyloid fibrils are a pathological indicator of a wide variety of diseases 

Amyloid proteins are found deposited into plaques as fibrillar aggregates in several human diseases 

where their presence is correlated with pathophysiology. These diseases are both neurological and 

systemic in nature, as aggregates containing specific proteins can be found across the body in 

organs such as the brain, kidney, liver, and heart. There are approximately 50 protein misfolding 
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disorders associated with the formation of amyloids, among the most notable are Alzheimer’s 

Disease, Parkinson’s Disease, and diabetes.32 These disorders are often diseases of aging, in part, 

due to the slow templating process of amyloid growth (see previous section). Factors such as 

familial inherited mutations can influence fibril growth patterns and are sometimes correlated with 

early disease onset. 

 

In a group of neurodegenerative diseases, called synucleinopathies, there is an abnormal 

accumulation and deposition of the protein -synuclein (Syn) into fibrillar plaques. This group 

includes diseases such as Dementia with Lewy bodies, multiple system atrophy, and Parkinson’s 

Disease (PD), the second leading cause of neurodegeneration after Alzheimer’s Disease.33 In PD, 

clinical studies have noted that sporadic PD often begins in a pre-symptomatic phase with the 

presence of Syn in the dorsal motor nucleus of the vagus nerve, a region outside of the central 

nervous system.34 In late stages of the disease, aggregates move into the central nervous system 

(CNS), specifically to the substantia nigra and cerebral cortex, in a manner suggestive of template-

based spreading.34,35 The molecular mechanisms underlying the formation of Syn deposits in the 

gut, and their subsequent migration to the brain, remain elusive; however, unraveling this 

phenomenon could provide valuable insights into the mechanisms driving amyloid fibril growth 

and seeding processes.  

 

Introduction to in vitro and in silico methods in amyloid structural biology 

Experimentally, the gold standard for characterizing high-resolution structure information of full-

length amyloid fibrils is single-particle Cryo-EM. However, this process is slow, cumbersome, and 

restrictive as it cannot account for all polymorphs in a sample. Crystallography is an alternative to 
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Cryo-EM and has revealed high-resolution structural information of key zipper forming regions. 

This approach is powerful but is limited to small segments of the protein and thus cannot reveal 

full fibril folds. Atomic force microscopy (AFM) has proven invaluable in amyloid research, 

enabling both nanoscale visualization of fibril formation and assessment of material properties. 

Notably, AFM studies have revealed that amyloid fibrils possess strength comparable to steel, 

underscoring their remarkable structural integrity.36 While experimental techniques have provided 

crucial insight into amyloid structures, the complexity and dynamic nature of amyloid formation 

benefits from complementary computational approaches. These methods as applied to amyloids 

are summarized below. 

 

First principles calculations can offer structural predictions in lieu of experiments. Molecular 

Dynamics (MD) simulations have been employed to study the relative stability of wild-type and 

mutant amyloid fibrils, providing insight into how mutations can influence the strength of a fibril 

core.13,37 MD simulations have also been used in conjunction with homology-based modeling to 

predict the structure of bacterial-based amyloid fibrils.38  Additionally, the application of MD 

simulations allows for the assessment of stability profiles of computationally designed mini-

protein inhibitors aimed at preventing amyloid formation by proteins such as tau, amyloid- (a), 

and Syn.14 Due to the prohibitive computational costs associated with MD simulations, 

alternative approaches are required for high-throughput evaluation and screening processes in full 

length fibrils. 

 

Knowledge-based potentials, in contrast, offer powerful predictive power at a computationally 

affordable cost. These potentials are derived from previously determined structures and are based 
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on probabilities rather than approximations of the true quantum mechanical wavefunction. A front-

runner in this space is the software suite, (Py)Rosetta.39 Here, the stability of protein models is 

assessed through a combination of physical and statistically-derived terms.40 With the energy 

function serving as the foundation, this approach has demonstrated successful application in 

various modeling domains, including protein design, molecular docking, and density-based 

modeling techniques.14,40–42  

 

Recent breakthroughs in machine learning have propelled the field of protein structure prediction 

and assessment into a new era. Amongst the top performers, DeepMind’s AlphaFold and Rosetta 

(trRosetta, roseTTAfold) have consistently outperformed others in the latest Critical Assessment 

of protein Structure Prediction (CASP14) competition.16,43,44 No longer relying on sequence- or 

physical-based quantification metrics explicitly, these deep-learning based approaches effectively 

learn the structure of proteins in an end-to-end manner directly from the Protein Data Bank (PDB).  

The reliance of multiple sequence alignments makes predicting the folds of amyloid via this 

method unfeasible due to the low number of solved amyloid folds. 

 

An introduction to amyloid specific protein-prediction methods 

Many amyloid-specific computational approaches have been developed to aid in the assessment 

and prediction of amyloid proteins. These approaches can be broadly categorized into two main 

methods: sequence-based and structure-based. Sequence-based prediction techniques evaluate the 

intrinsic tendencies of amino acid sequences to form amyloid fibrils, without considering structural 

information. In this space, there has been significant focus on predicting regions prone to forming 

-sheets, the building block of amyloid fibrils.45–47 These algorithms rely on the physiochemical 
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properties and arrangement of amino acids within the peptide. As an alternative approach, machine 

learning techniques have been leveraged to discover previously unidentified proteins in the yeast 

genome that display prion-like properties.48 This approach is limited in its application due to the 

small and homogeneous training set, but is useful in identifying proteins of a specific amino acid 

make (see chapter 2). Alternatively, structure-based approaches rely on physical modeling and 

energetic evaluation to assess a sequences’ likelihood to form fibrils, as is done in the 3D-profiling 

method.15 Here, the energetic fit of a hexapeptide sequence modeled onto the backbone of a known 

steric zipper is evaluated. This method has been successful at predicting sequences prone to 

forming type-1 homozippers both in individual proteins as well as across proteomes.20  

 

Overview 

This thesis demonstrates the power of interdisciplinary approaches in advancing our understanding 

of the amyloid fold, with a particular focus on computational methods. In Chapter 2, I harness 

machine learning and big data techniques to mine proteomes for amyloid-forming segments, 

providing unprecedented insights into the prevalence and diversity of potential amyloidogenic 

sequence across various organisms. Chapter 3 extends this computational approach by applying 

design principles to engineer peptides predicted to interact with preformed fibrils, shedding light 

on the complex dynamics of fibril growth. Together, these studies highlight the significant potential 

of integrating computational and traditional biochemical methods to unravel the mysteries of 

amyloid formation and behavior, paving the way for future advances in both basic science and 

therapeutic interventions. 
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ABSTRACT 

Predicting the amyloid fold and the propensity of peptide segments to adopt amyloid-like 

structures remain a challenge. However, recent progress has facilitated structure-based prediction 

of steric zipper propensity and the use of machine learning to accelerate the calculation of 

predictive models across many scientific areas. Leveraging these advances, we have developed a 

new approach for rapid proteome-wide assessment of zipper profiles that is informed by four 

million steric zipper predictions collected over ten years. This collection is used to build a machine 

learning model capable of predicting steric zipper propensity at rapid speed and allowing for the 

assessment of zippers at both the protein and proteome level. Our predictions show enrichment for 

zipper forming segments in proteins involved in cell wall reorganization in yeast, highlighting a 

potential category of interest for experimental characterization. Overall, our predictive model 

allows for the exploration of amyloid formation across the tree of life and provides a tool for rapid 

assessment of both novel and designed sequences for zipper density.  

INTRODUCTION 

 The amyloid fold appears across the tree of life. While many amyloids are associated with 

protopathic diseases,1 non-pathogenic amyloids have emerged as a counterpoint to the idea that 

amyloid assemblies result from misfolding errors. Non-pathogenic amyloids can be functional, or 

fulfill a specific role; for example, these can range from structural to regulatory.2 Ongoing efforts 

have significantly broadened our understanding of the universe of amyloid proteins, but our 

perspective of amyloid-forming proteins or domains across entire proteomes is still limited. 

 Despite their unique function or association with disease, amyloid proteins are defined by 

a set of structural features that are common to all amyloid folds. Amyloid fibrils are typically 
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elongated and unbranched. Within them, individual protein monomers fold in roughly 2-

dimensions, stacked ~ 4.8Å apart.3 These fibrils can be composed of thousands of monomer layers. 

Stacked -sheets run parallel and in-register to the fibril axis while extended protein strands 

outspread perpendicularly from the axis. This scaffold is the source of the diagnostic cross- 

diffraction pattern observed in pathogenic amyloids.4,5 In amyloid fibrils, stacked -strands are 

stabilized through backbone hydrogen bonding which extend the length of the fibril. In amyloid 

fibril cores, the interfaces of mating -sheets show tight interdigitation of peptide side chains, often 

so close in space to leave no room for water molecules. This structural motif was termed the steric-

zipper, and is thought to be a major contribution to the stability of amyloid fibrils.6 

 It has been proposed that any protein can adopt an amyloid fold, making it difficult to 

predict amyloid propensity based on sequence alone. This idea is highlighted by the remarkable 

sequence diversity seen in the set of ~30 known amyloid proteins.3 However, some categories of 

proteins have a unique sequence composition that might predispose proteins to form functional 

amyloids; this is the case with prions. An enrichment of branched polar residues (Q/N) is a 

hallmark of prion-like proteins.7 This has allowed for the development of sequence-based machine 

learning approaches, such as that developed by Alberti et al., that resulted in the identification of 

29 new yeast prion candidates that matched a particular sequence profile.8 It is currently not 

known, however, if the unique link between sequence composition and prion or amyloid folds 

extends beyond yeast prions or if this is diagnostic of functional prion behavior across organisms. 

 Structure-based approaches are an alternative method of identifying novel sequences that 

are predicted to adopt an amyloid-like fold. The online zipper database (zipperDB) is an example 

of structure-based amyloid predictors.9 Instead of only looking at the sequence, zipperDB models 

six residue segments of a protein sequence onto a type 1 steric zipper backbone and uses the 
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Rosetta energy to evaluate the likelihood of that segment's ability to adopt a steric zipper.9 This 

approach has been remarkably successful in identifying segments prone to forming zippers and 

has been used to query millions of hexapeptide sequences. However, its dependence on a multi-

parameter search and optimization necessarily makes zipperDB computationally expensive and 

thus limits the scale of its deployment and the investigation of zipper forming potential on a 

proteome level. 

 Here, we aim to leverage the pre-existing scores generated by zipperDB over its 10+ years 

of existence by using machine learning to dramatically accelerate the assessment of potential 

amyloid-forming sequences. We train a fully-connected neural network on 4.1 million zipperDB 

sequence-score pairs and pre-compute zipper propensity scores for all possible 64 million 

hexapeptide sequences. We then investigate the utility of using type-1 zipper prediction scores to 

identify protein domains or regions with putative amyloid-forming potential across entire 

proteomes. This tool is publicly available as a webserver (https://zipperdb.mbi.ucla.edu) that 

uniquely enables the exploration of zipper forming potential across the tree of life. 

METHODS 

Zipper propensity prediction: 

We treated the prediction problem as a regression to minimize the differences between the 

score predicted for a given hexapeptide and the score calculated for it by the original ZipperDB 

protocol. The set of available training data, obtained from queries submitted to the ZipperDB 

database, contained a total of 4,144,232 hexamer sequences and their corresponding scores. 

Segments were randomly partitioned into the training, test, and validation set with 3,276,800 

segments included in the training set, 733,184 segments in the validation set, and 134,248 in the 

test set (including 310 test amyloid segments will be 134,558). 
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We constructed a network whose structure was composed of three fully connected layers. 

In it, hexapeptide sequences were one-hot-encoded to a 6×20 array, and then passed onto a 

120x120 fully connected hidden layer (Figure S1a). Each node was connected to every node in the 

output nodes through linear operations, so each node produced an output equivalent to: 

𝑦𝑗 = ∑𝑤𝑖𝑥 + 𝑏𝑖 

After the first layer of the network, a rectified linear unit (ReLU) was adopted as the activation 

function to introduce non-linearity to the model as follows: 

f(x)= max(0,x) 

Outputs from the hidden layer were then passed through a 120×1 FC layer to produce a 

single number as a predicted score. Differences between predicted scores and those in the training 

set were minimized by reducing the mean squared loss (MSE) loss between the two. The loss 

function is calculated as follows: 

∑
(P − T)2

N
 

Where P is the predicted score, T is the original ZipperDB score, and N is the number of 

segments evaluated. Training converged after ~1,000 epochs, after which the loss score had 

decayed to ~0.2 REU2 (Figure S1b). With this model, we computed scores for all possible 

permutations of hexapeptide sequences, totaling 206 = 64,000,000 segments. Scores for this 

number of segments were produced within 45 minutes on an NVIDIA GeForce RTX 3090 GPU. 

This included the time required to load the model, generate predictions, and write all outputs into 

an output CSV file. 

We also evaluated the accuracy of the model by evaluating the performance on the test set. 

Among all 134,248 segments, 90.6% of segments fell within the error range of ±0.5 REU while 

98.0% of segments fell in the range of ±1 REU, indicating a high degree of accuracy achieved by 
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the model (Figure S1d). Additionally, we evaluated the network’s steric zipper prediction accuracy 

using a confusion matrix on the test set (Figure S1c). The original protocol contended that any 

hexamer that has a REU score ≤-23 are predicted to form steric zippers. In this case, positive was 

considered as REU ≤ -23.0 while REU > -23.0 was considered negative. The confusion matrix was 

built as follows while the criteria is defined as:  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃 +  𝐹𝑁
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁 +  𝐹𝑃
 

Where TP is true positive, TN is true negative, FP is false positive, and FN is false negative. 

The model had an accuracy of 0.980, a sensitivity of 0.926, and a specificity of 0.992. It is worth 

noting that there was no clear distinction between some positive and negative segments. That is, 

for example, there was not a significant difference between a hexamer that had a score of -23.1 

REU and another that has a score of -22.9 REU, though the latter was considered a negative while 

the former one a positive score. 

Overall, we demonstrated that a simple FC network could replicate the time-consuming 3D 

profiling protocols of ZipperDB with a high accuracy and a significant increase in efficiency. 

Through the prediction of all possible permutations, we were then be able to carry out proteome-

level analysis of steric zipper formation within minutes or seconds. 

 

Calculated metrics 

A number of metrics were calculated for each protein. Molecular weight was calculated as 

a sum of average isotopic masses of each amino acid in the sequence and the average isotopic mass 
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of one H2O molecule (as in ExPASy ProtParam). GRand AVerage hydropathY (GRAVY) was 

calculated as a sum of Kyte-Doolittle hydrophobicity values across the sequence. Percent 

composition by amino acid and by type is the percent based off of the total sequence length. The 

amino acid types were split as follows: hydrophobic = (A, V, I, L, M), aromatic = (F, W, 0.5Y), 

positive = (H, K, R), negative = (D, E), polar = (N, Q, S, T, 0.5Y), special = (C, G, P). If an amino 

acid is in the sequence but not in the previous list, it was counted as non-canonical. Note tyrosine 

was assigned both polar and aromatic type and thus contributed a weight of 0.5 in each category.  

Two additional metrics are calculated: the aliphatic index and instability index. The 

aliphatic index was defined as the relative volume of a protein occupied by aliphatic side chains 

(A, V, I, L) and was calculated as in Ikai, 1980.10 The instability index is an estimate of the relative 

stability of a protein in a test tube. A value < 40 was predicted to be stable and a value of > 40 

predicted to be unstable.11  

 

Developed metrics 

 In addition to published metrics, we developed two protein level amyloid-specific metrics, 

Zif (Zipper fraction) and pAD (putative Amyloid-forming Domain). Zif represents the fraction of 

hexapeptides in the protein sequence that meet the threshold of qualifying as a zipper segment: 

any hexapeptide with a propensity score ≤ -23. 

 pAD corresponds to any stretch of 75 residues within a sequence that contains the highest 

density of zipper segments in a protein; this was calculated using a sliding window approach. It 

reports the number of zipper segments present within the 75-residue window with the highest 

number of zipper segments. If a protein is smaller than 75 residues, the number of zipper segments 

in the whole protein was reported.  
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Transmembrane helix masking 

 Initial analysis of top scoring Zif/pAD sequences revealed proteins that contained long, 

repetitive stretches of hydrophobic residues. Gene Ontology (GO) analysis revealed a large 

majority of these sequences encoded proteins with many transmembrane (TM) domains. Because 

of this, we implemented a masking protocol that allowed us to view proteome-level zipper 

predictions without the overrepresentation of transmembrane domain-containing proteins, 

alongside the raw zipper predictions. To identify putative transmembrane domains we used the 

protocol proposed by Kyte and Doolittle, 1982, where protein segments of 19 residues long with 

GRAVY scores greater than 1.6 are assumed to have a high chance of being transmembrane 

domains.12 In the TM-masked set, any identified zipper segments that overlapped with an assumed 

transmembrane domain were not considered when calculating proteome-wide Zif and pAD 

metrics. We recognize that the TM-masked set may suffer from false negatives, but consider that 

integral membrane segments are likely to be sequestered by the membrane and thus may be less 

likely to freely form amyloid fibrils.  

 

Consideration of non-canonical amino acids and splice variants 

Sequences containing non-canonical amino acids were omitted from our training and calculations 

due to the sparse sampling of these with predictive modeling programs. Thus, any proteins that 

contain non-canonical amino acids were not explicitly scored for overall amyloid propensity, any 

calculated metrics (instability index, GRAVY, etc.), or developed metrics (Zif, pAD). Proteins 

containing non-canonical amino acids make up a small fraction of the total number of proteins in 

the proteome (0% in yeast, 0.02% in Arabidopsis).  
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When analyzing whole proteomes, all splice variants are considered and plotted 

individually. For proteins in the amyloid atlas, the splice variant with the longest polypeptide 

sequence (i.e. unprocessed) was chosen, unless otherwise noted. 

 

RESULTS 

Hexapeptide Analysis 

We trained a neural network on 4.1 million hexapeptide sequence-score pairs that were 

originally generated via the structure-based threading method of zipperDB.9 We then used this 

network to generate scores for all possible 64 million hexapeptides and performed a thorough 

assessment on the features of that dataset. We first explored the properties of the full set of 64 

million possible hexapeptides, compared to the sets used in the training of the neural network. We 

separated the data into groups: all possible hexapeptides (allHex, n = 64M), the machine-learning 

set, which includes all segments submitted to the original zipperDB (train = 3.28M, test = 0.134M, 

and validation = 0.733M), and the set of hexapeptides excluded from training (excl = 59.86M).  

The hexapeptide scores are related to ΔG, where a negative score [reported in Rosetta Energy 

Units (REU)] indicates increased stability and a more favorable arrangement. Histograms of the 

scores are multimodal in the allHex and excl set with a majority of the density falling between -50 

and 0 REU (Figure 2). Two additional subpopulations are apparent: one centered around 180 REU 

and one present between 0 and 75 REU. These populations represent hexapeptides that, when 

modeled in Rosetta, exhibit either unrealistically large scores indicative of physically impossible 

clashes or reveal potential biases in the scoring function for specific residues. The histograms from 

each machine learning set (train/test/val) appear unimodal with most of the data falling between -

50 and 0 REU. For scores < 0, the averages across all five datasets are overlapping, indicating 
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agreement across sets included and excluded from training. The differences in modality are likely 

due to bias in in the original zipperDB toward protein sequences suspected to form amyloid; the 

sequences that constitute the training data were selected by users interested in amyloid, likely 

reducing sequence diversity. Therefore, the training data likely does not exhibit the diversity in all 

possible hexapeptide sequences, but the volume of data should be enough to mitigate the present 

biases. 

         We then looked at the behavior of the hexapeptide scores across various sequence 

compositions. There are numerous cases where an increase in the number of the specific amino 

acid type leads to a more favorable zipper score. As the number of hydrophobic residues in the 

hexapeptide increases, there is a higher likelihood of adopting a steric zipper motif, as reported by 

a linear decrease in the propensity score (Figure S2). We see the same linear dependency in the 

number of -branched residues (I, T, V) present in the hexapeptide (Figure S2); as the number of 

-branched residues increase, the propensity score becomes more favorable. Finally, the number 

of polar residues present is correlated to an increase in zipper propensity (Figure S2). Polar residues 

contain additional hydrogen bonding capabilities through their side chain atoms, which are thought 

to further stabilize the steric zipper motif. These trends are true across all five data subsets. 

         Other amino acid types are correlated to a decrease in zipper propensity. Aromatic residues 

are thought to stabilize the steric zipper through - stacking VDW interactions. In our analysis, 

however, we see a slight shift to less favorable as the number of aromatic residues in the 

hexapeptide is increased (< 1 REU) (Figure S2). Additionally, there is decrease in zipper 

propensity when adding charged residues (both negative and positive) as well as special residues 

(C, G, P) to the hexapeptide sequence (Figures S3 and S4). Charged residues tend to destabilize 

the zipper arrangement due to electrostatic repulsion and/or unmatched charged complementarity. 
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Sequences containing proline residues were omitted from the original zipperDB due to their 

unusually high propensity scores. Our method similarly yields elevated scores for proline-

containing sequences, leading us to regard these scores as unreliable. These sequences drive the 

decrease in zipper propensity seen with the addition of special residues (Figure S3). 

To understand this further, we examined how charge influences the propensity score of the 

hexapeptide, independent of the amino acid composition. As the total number of charged residues 

increases, the average propensity score becomes less favorable (Figure S4). This is also true when 

looking at the total charge of the hexapeptide. The resulting data takes on a parabolic shape with 

the minima at zero total charge and increasing as the total charge moves towards ± 6 (Figure S4). 

Interestingly, there is a linear increase in score when adding charged residues to both the zipper 

interface and the solvent interface (Figure S5). We would expect adding charged residues to the 

solvent interface to have less of a detrimental effect to the score than adding a charge to the zipper 

interface. This highlights potential biases in the solvation parameters of Rosetta.  

         Lastly, we assessed how zipper propensity changes when each amino acid occupies each 

position in the hexapeptide. We took the average score of all hexapeptides that had the amino acid 

of interest in the position of interest and expanded across all amino acids and positions in the 

hexapeptide. A majority of the amino acids had average scores of ~ -20 REU across all positions 

in the hexapeptide with the exception of arginine and proline (Figure S6). Scores of arginine-

containing hexapeptides remain stable constant across positions, regardless of arginine position; 

however, the average score of ~ -15 REU is higher than other residue types. Arginine is a large, 

positively charged amino acid and is not expected to pack well in the zipper interface. Additionally, 

proline is inconsistent across positions. This is likely due to limitations in the training data as the 

original zipperDB did not routinely include scores for prolines. Additionally, the sequences with 
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prolines that were included in training were inconsistent and scored very high, indicating Rosetta 

has difficulty in modeling proline residues in the type-1 zipper backbone. In conclusion, arginine 

is a consistent driver in unfavorable scores and the inconsistency of proline score likely makes it 

unreliable. 

  

Proteome Analysis 

Amyloid Atlas 

We next sought to develop metrics that describe the density of zipper segments in both the 

whole protein and specific protein domains. Zif is the fraction of protein that contains hexapeptides 

predicted to form zippers (see Methods). pAD, a domain specific metric, reports the total number 

of zipper segments per 75 residues in the sequence block with the most zipper segments. 

Hydrophobic residues pack well at the zipper interface and are also prominent in the membrane 

spanning regions of membrane proteins. Therefore, we implemented a masking procedure based 

on a segment’s GRAVY score to reduce interference between favorable zipper segments and 

transmembrane domains (see Methods). These metrics highlight proteins with a high number of 

zipper-prone segments, and we hypothesize that these proteins are prone to forming amyloid 

fibrils. 

         To investigate the behavior of these metrics, we examined the properties of protein 

sequences with experimentally-determined amyloid structures (see Amyloid Atlas). This set of 36 

unique protein sequences is populated mainly with human amyloids that have disease association 

but contains some examples across function and organism. The hexapeptide score distribution of 

these proven amyloid-forming proteins resembles that of the all-Hex set with no statistically 
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significant differences (Figure S7). The average Zif score is 0.15 ± 0.07 while the average pAD is 

17.92 ± 8.70 (Figure S8). Among the top ranked candidates are prominent amyloid proteins such 

as tau and α-synuclein. There are only seven examples of functional amyloid proteins, but when 

ranked by Zif and pAD, their scores are evenly distributed throughout the dataset, suggesting that 

both functional and pathogenic amyloids contain a similar number of zipper segments (Table 1). 

While the two groups have a similar number of zipper segments, the way in which the adhesive 

interfaces come together to form the core is what dictates the behavior of that fibril species. The 

number of zipper segments is not indicative of how it will behave, just that it has the ability to 

form a fibril. When comparing Zif’s in the fibril core with the proteoform sequence, we saw a 

higher density of zipper segments in the core (Figure S7b). 

 We next looked at correlations between the protein’s properties and Zif score to gain a 

better understanding of features potentially correlated to zipper formation. We see moderately 

strong correlations with Zif scores and a protein’s GRAVY and aliphatic index (both measures of 

hydrophobicity) (Figure S12). This makes sense given the strong positive correlations to 

hydrophobic and -branched sequence composition and agrees with previously described literature 

on amyloid prone sequences. 

         We wanted to compare the performance of pAD on the set of observed amyloid structures. 

There are 13 observed polymorphs of the disease-associated, fully processed protein Islet Amyloid 

Polypeptide (IAPP). All observed cores overlap in sequence space (residues 34-70). pAD reports 

17 of the 75 residues (0.23) are predicted to form zippers in the region 1-85 (multiple start positions 

with the same pAD score are reported) in unprocessed IAPP. If the window length is shortened to 

40 residues, pAD reports a score of 14 out of 40 residues (0.35) are predicted to form zippers in 
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the sequence region of residue 27-76. Both of these sets overlap with the observed regions of the 

fibril core. 

         In another example, we looked at Nup98, the large nucleoporin protein that is involved in 

transport across the nuclear pore complex but is found phase-separated in certain cancers and 

deposited in amyloid fibrils in Alzheimer’s disease where tau is also present.13 Despite the large 

size of this protein, pAD reports the top domain between residues 34-128 with 27 of the 75 residues 

(0.36) predicted to have high propensity for forming zippers. The observed fibril core is between 

residues 84-124 and overlaps with the predicted pAD. 

         This dataset gives us an idea as to what these metrics look like for a set of proteins with 

known amyloid folds. However, given the small number of proteins in this set as well as their bias 

towards human disease state, we wondered what this type of analysis would look like at the 

proteome level. 

 

Evaluating zipper-forming propensity across the Saccharomyces cerevisiae proteome 

We next wanted to understand the behavior of these metrics on a proteome level. As a 

starting point, we compared the behavior of the Saccharomyces cerevisiae proteome to the dataset 

of predicted yeast prion proteins in Alberti et al., 2009.8 The average Zif and pAD for the yeast 

proteome are 0.15 ± 0.05 and 19.5 ± 6.73, respectively. About 65% of the Alberti dataset lies above 

the proteome average for both metrics (Figure S9). 

         Zif is negatively correlated to high percentages of charged residue content in the protein 

sequence (Figure 3). This is expected as charged residues are not predicted to be compatible with 

adopting a steric zipper motif. Interestingly, there is a positive correlation with the percentage of 

polar residues in the sequence, but the positive correlation comes with increased percentage of S 
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and T rather than Q and N (Figures 3 and S10). This is unexpected given the fact that Q/N are 

typically enriched in known amyloid-based prions, a feature that was prominent amongst the 

Alberti data set. Thus, this approach likely highlights yeast amyloid proteins that are dissimilar to 

the Q/N-rich prions found in Alberti et al. 

         Gene Ontology (GO) term analysis on the top 100 candidate proteins ranked by Zif are 

enriched for proteins involved in flocculation, cell wall/organelle organization and protein 

metabolic processes. Similarly, top ranked candidates for pAD are enriched for proteins involved 

in cell adhesion in biofilm formation, flocculation, and cell wall organization. This is in agreement 

with amyloid screening studies that noted enrichment in cell wall proteins.14  

 The top ranked protein according to pAD is the cell wall protein CRH1. This protein 

functions as a chitin transglycosylase and is upregulated upon an increase in temperature. pAD 

reveals a window between residue 299 and 374 with 67 predicted zipper segments (0.89) (Figure 

1b). There are no experimental structures of this protein, but according to the AlphaFold3 (AF3) 

model, the N-terminal half of the protein is -sheet rich with pLDDT scores > 90 indicating very 

high confidence in the prediction (Figure 1b).15 The C-terminal half, however, is unstructured and 

coincides with the putative amyloid domain (Figure 1b).  

 Wojciechowski et al. showed amyloid-like folds were predicted using AF3 under certain 

conditions.16 To gain insight into the potential amyloid fold of CRH1, we modeled 20 copies of 

the putative amyloid domain. AF3 indeed produces a model with amyloid-like features; mainly ß-

sheet rich, vertically stacked, with the correct distances present (Figure 4a). The 2-dimensional 

fold within the fibril core, however, is lost. It is in these intricacies in the heterozipper 

arrangements that dictates how the fibril folds in on itself. 
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DISCUSSION 

The identification of amyloid-forming segments across entire proteomes is a 

computationally intensive problem. However, we have capitalized on the advent of readily 

accessible ML protocols and a decade of scored zipper predictions generated by the ZipperDB 

webserver to implement an approach to this problem that relies on the ML-driven scoring of 

zipper-forming propensities for hexapeptides. This implementation is orders of magnitude faster 

than existing approaches for scoring zipper formation propensity, though it yields a simple 

predicted score rather than a structural model of a predicted zipper complex.9  

Given the speed of the updated ML-driven zipperDB, we considered it ideal to determine 

scores for all possible individual hexapeptide sequences. This analysis in turn yielded insights into 

potential biases in its scoring and enables proteome-wide characterization of zipper-forming 

propensities. As anticipated, an increasing number of hydrophobic residues led to a more stabilized 

zipper arrangement. These residues, especially Y, are known to stabilize amyloid fibrils due to 

favorable - stacking in the fibril core.6,17 In our analysis, however, the average score for 

hexapeptide sequences remained relatively unchanged regardless of the number of aromatic 

residues present. In contrast, increasing numbers of branched polar residues in the hexapeptide 

sequence also produced more favorable zipper scores.6,17,18 This was especially true for the -

branched amino acids (I, T, V), but also surprisingly true for serine. Conversely, we confirmed 

that an increased number of charged residues in the hexapeptide sequence results in a decrease in 

favorability. Unexpectedly, this decrease in favorability is present when adding charged residues 

to either the zipper interface or the solvent interface.3 These discrepancies likely reflect the 

opportunity for improvement in the solvation parameters in the Rosetta score function, the basis 

for our ML training. A further limitation is our restriction of peptide backbones to a type-1 
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homozipper arrangement. Theoretically, however, our analysis could be expanded to all ten 

symmetry patterns of steric homozippers, as well as to heterozippers, where the mating sheets 

contain different amino acid sequences.6,18,19 With our success in training of type-1 zippers, we 

believe that our structure-informed ML approach can be utilized to model and predict other steric 

zippers and the accompanied boost in computational speed could provide information on potential 

bias in the  simulation protocol, especially for the implementation of the Rosetta score function. 

 Based on our analysis of zipper scores, we developed two predictive metrics that help 

assess proteome level zipper predictions. Zif describes the frequency of zipper segments on a 

whole protein, while pAD does so for a protein sub-domain. Our initial analysis performed on the 

S. cerevisiae proteome showed favorable agreement with previously identified putative prions or 

amyloids. The set of candidate yeast prions in the Alberti dataset are well distributed throughout 

the proteome according to both Zif and pAD, with about 70% residing above the proteome average 

for both metrics. However, while yeast prions are expected to have high Q and N content, 7,8 high 

zipper propensity is not strictly correlated with Q/N content. This difference in propensity might 

reflect a residual bias in the energy function used for scoring in the original zipperDB.20 This is 

not entirely surprising, since that scoring function did not explicitly account for hydrogen bond 

networks that might stabilize zipper cores. 

GO term analysis of the top 100 ranked proteins in yeast revealed enrichment for proteins 

that localize to the cell surface, extracellular space, and cell septum/bud scar. In particular, GO 

term analysis revealed groups of proteins involved in biofilm formation, flocculation, and cell wall 

remodeling. This is in agreement with literature from other fungal species where functional 

amyloids have been shown to be involved in processes at the cell wall such as hydrophobins in 

filamentous fungi.21–23 Moreover, this is reminiscent of functional amyloids in bacterial species 
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that are present at the cell wall such as the reproductive proteins of the chaplin family in 

Streptomyces coelicolor and the biofilm proteins present in Escherichia coli and Salmonella spp.24–

28 The proteins Gas1 and Ygp1 are both involved in cell wall function and have been shown to 

have amyloid properties in vitro and were ranked 24th and 72nd by pAD. Originally identified in 

a yeast screen using PSIA-LC-MALDI, these proteins form SDS-resistant puncta in yeast cells 

and were shown to have amyloid properties via the bacteria-based system C-DAG14 (Figure 1b). 

Intriguingly, among the top ranked protein domains is a family of serine-rich cell wall 

components. The TIR family (TIR1, TIR2, TIR3, TIR4) is upregulated upon an anaerobic shift in 

the environment where they move to the cell wall and replace existing cell wall proteins.29 TIR2, 

TIR3, and TIR4 are all ranked within the top 10 with pAD scores of > 55 segments in the domain 

(0.73). The putative amyloid domain is predicted to start in the middle of the protein sequence, 

overlapping with a predicted unstructured region (AF3 pLDDT < 50).  

 In addition to our analysis of the yeast proteome, we pursued an additional model organism 

that is significantly understudied in amyloid biology, Arabidopsis thaliana. Proteome-wide zipper 

prediction in Arabidopsis revealed top ranked candidates are proteins that contain a high density 

of repeat segments and are predicted to have -solenoid structures via AF3 (Figure 4b). This type 

of structure has been adopted by some prions and has amyloid characteristics. Most notably, the 

fungal prion Het-S uses a -solenoid fold in its prion state to induce heterokaryon 

incompatibility.30,31 Additionally, the bacterial amyloid, Curli, uses a -solenoid fold as a 

structural component of a biofilm.32 Most similar to the predicted fold, however, is the proposed 

amyloid-like -solenoid fold of the ice nucleating proteins in bacteria.33–35 This is supported by 

work from the Linquist lab, which showed potential prion behavior in proteins involved in the 

autonomous flowering pathway of this species.36 Luminidependens (LD), Flowering Locus PA 
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(FPA), and Flowering Locus CA (FCA) each possess prion-like properties. However, those 

proteins did not rank highly in our analysis likely due to the specific scoring of Q and N residues. 

Interestingly, it is suggested in the paper that these proteins could act as non-canonical prions due 

to lack of high molecular weight aggregates.  

 We have made our platform accessible to facilitate prediction and experimental validation 

of steric zipper forming segments and putative amyloidogenic proteins. We expect the speed and 

capacity of the new zipperDB to aid in the identification of proteins with a high proportion of 

zipper segments, which can narrow down the potential candidates for experimental testing. It 

remains to be seen whether a high density of zipper forming segments translates to high propensity 

to form amyloid fibrils in vitro and in vivo. 
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FIGURES 

 

Figure 2-1: a. Comparison of structure-based 3D profiling method to structure-informed machine 

learning-based approach. Top panel shows structure-based zipperDB methodology. Sequence is 

divided into hexapeptide segments, individually modeled onto NNQQNY backbone where the 

energetics are evaluated and finally are reported in the zipper profile. A decade of data from this 

process (4.1 million hexapeptide sequence/score pairs) were collected and fed into a neural 
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network which then produced scores for all 64 million possible hexapeptide sequences. The 

structure-informed method will query the precomputed table to produce the zipper profile. b. 

Candidate examples from S. cerevisiae proteome. AlphaFold3 models are shown on top colored 

by pLDDT scores (blue > 90, yellow < 50). Bottom panel shows pAD highlighted in green.  
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Figure 2-2: Score distribution histograms for each dataset. Histograms were plotted across all five 

datasets: all hexapeptides (allHex), sequences excluded from the machine learning set (excl) and 

machine learning sets (train, val, test). The means for scores < 0 across all five sets exhibited 

overlapping ranges (allHex = -19.27 ± 4.62, excl = -19.23 ± 4.7, train = -19.79 ± 3.62, val = -19.79 

± 3.62, test = -19.81 ± 3.6). 
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Figure 2-3: Correlation between Zif and percentage of amino acid type for proteins in the S. 

cerevisiae proteome. Black dots represent prospective yeast prion proteins from Alberti dataset. 

Pearsons’s correlation coefficients shown. Bounds represent minimum and maximum values. 
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Figure 2-4: AlphaFold3 Structure Predictions. a. AF3 models of predicted amyloid domains in 

top S. cerevisae pAD candidate proteins. b. AF3 models of top pAD candidates in A. thaliana. 
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SUPPLEMENTARY FIGURES 

 

 
Figure 2S-1: Description and validation of the Structure-Informed Machine Learning Model a. 

schematic diagram depicting architecture of the fully-connected neural network b. The decay of 

loss during training (log scale) shows the model reached convergence after ~1000 epochs of 

training c. Normalized confusion matrix shows the model achieved 98% accuracy. d. Normalized 

error distribution performed on the test set shows that 98% of the error is within ± 1 REU of true 

score.  
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Figure 2S-2: Relationship between amino acid composition and zipper propensity score. The 

number of hydrophobic, polar, and -branched residues are correlated with a more favorable zipper 

arrangement whereas the number of charged and special residues are correlated with a less 

favorable zipper score. 
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Figure 2S-3: Impact of individual amino acid counts on predicted amyloid propensity scores in 

hexapeptides. Averaged scores taken for hexapeptides with scores < 0.  
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Figure 2S-4: Impact of charged residues in a hexapeptide sequence on zipper propensity scores. 

As the number of charged residues or the magnitude of the total charge in the hexapeptide 

increases, the average propensity score increases. 
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Figure 2S-5: Charged residues at the zipper interface and the solvent interface have similar effects 

on the hexapeptide’s overall zipper propensity score.  
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Figure 2S-6: Mean zipper propensity scores for hexapeptides based on amino acid type and 

position. Schematic represents numeric positions based on Sawaya et al. 2007.6 
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Figure 2S-7: a. Score distribution for hexapeptides present in Amyloid Atlas. The distribution 

shape resembles that of all hexapeptides, with similar means. Black line represents the probability 

density function for the Amyloid Atlas dataset. The dataset mean is -21.23 ± 4.13 REU. b. zif 

comparison of the solved core vs full-length proteoform sequences for 9 notable amyloids. The 

cores, on average, have higher zif scores than their full-length sequences. 

 

 

 

 

 

 

 

 



 52 

 
Figure 2S-8: Distribution of ranked Zif and pAD for proteins with solved amyloid fibril structures 

(see Amyloid Atlas). Red line denotes dataset mean.  
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Figure 2S-9: Distribution of ranked Zif and pAD for proteins in S. cerevisiae proteome. Black 

dots represent prospective yeast prion proteins from Alberti dataset. Red line denotes dataset mean.  
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Figure 2S-10: Correlation between Zif and amino acid content for proteins in the S. cerevisiae 

proteome. Pearsons’s correlation coefficients shown. Bounds represent minimum and maximum 

values. Black dots represent predicted yeast prions from Alberti dataset. 
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Figure 2S-11: Metric Calculation. Zif is calculated by dividing the number of zipper segments by 

the total number of hexapeptide segments in the protein (magenta bar) PAD is calculated via a 

sliding window approach. The number of zipper segments is counted in 75 residue blocks. The 

reported number is the segment with the highest number of zipper segments. Cyan, blue, and purple 

bars represent the first three windows of alpha-synuclein (with 23, 24, 25 zipper segments, 

respectively). Green dots represent segments predicted to form zippers. 
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Figure 2S-12: Correlation between Zif and physical metrics for proteins with known amyloid 

structures (see Amyloid Atlas). Pearsons’s correlation coefficients shown. Bounds represent 

minimum and maximum values.  
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Table 2S- 1: Metrics for proteins in Amyloid Atlas 

Accession ID Gene  Predicted TMD Zif pAD 

P69020 AUR31 0 0.33 4 

P82042 UPE35 0 0.25 3 

P37840 SNCA 0 0.24 27 

O14960 LECT2 0 0.23 22 

P0DOX8 IGGL 0 0.23 21 

P01699 IGLV1_44 0 0.22 19 

Q9NUM4 TMEM106B 1 0.21 30 

P10997 IAPP 1 0.2 17 

P00441 SOD1 0 0.19 14 

Q03689 het_s 0 0.18 20 

P01308 INS 0 0.18 14 

Q9VSR3 orb2 0 0.17 26 

Q13148 TARDBP 0 0.17 20 

P35637 FUS 0 0.16 26 

Q13546 RIPK1 0 0.16 20 

P01714 IGLV3_19 1 0.16 17 

P52948 NUP98 0 0.15 27 

O14776 TCERG1 0 0.13 44 

P10636 MAPT 0 0.13 28 

P23727 PIK3R1 0 0.13 22 

Q92734 TFG 0 0.13 19 

P04925 Prnp 1 0.13 16 

P01275 GCG 0 0.13 12 

P04273 PRNP 1 0.12 15 
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P02766 TTR 1 0.12 11 

P05067 APP 1 0.11 20 

P04156 PRNP 2 0.11 15 

Q92804 TAF15 0 0.1 23 

O14979 HNRNPDL 0 0.1 15 

P09651 HNRNPA1 0 0.1 14 

Q9Y572 RIPK3 0 0.1 14 

P61769 B2M 1 0.1 10 

P22626 HNRNPA2B1 0 0.05 10 

P0DJI8 SAA1 2 0.02 2 

P05367 Saa2 3 0.01 1 
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CHAPTER 3 

 

Machine learning-aided design of type-1 homozippers with fibril-surface binding potential  

 

Introduction 

Amyloidoses are a set of proteopathies associated with the accumulation of insoluble 

protein fibrils in tissues.1 On the macromolecular scale, protein monomers form amyloid fibrils by 

adopting a nearly 2-dimensional fold and stacking on top of each other along the fibril growth axis. 

Each fibril layer is -strand rich and can contain one or more polypeptide chains that form 

protofilaments with compact cores; multiple protofilaments can form part of a single fibril, 

aligning along the fibril axis at defined interfaces. Amyloid fibrils grow through nucleation-

dependent polymerization, similar to that of actin/microtubule assembly and protein 

crystallization.2 The initial step of fibril growth is dependent on the formation of a nucleus, a rare 

event due to the thermodynamic unfavourability. Once formed, however, polymerization proceeds 

rapidly where individual protein monomers align along a single dimension to form fibrils that can 

contain millions of stacked layers.  

There are instances in which fibril growth can be accelerated. This can occur when point 

mutations shift the predisposition of the protein to adopt an amyloid fold, as is thought to be the 

case with familial mutations.3 Seeding, a phenomenon where the presence of a preformed amyloid 

fibril induces the misfolding of monomer, is another instance in which acceleration is enhanced. 

This process can occur between members of the same protein or in some cases between different 

proteins (cross-seeding).4,5 The exact mechanism behind this phenomenon is not currently 

understood. 
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 Typically, canonical proteins fold into a single structure at the global free-energy minima. 

Pathogenic amyloids, however, can adopt multiple conformations in the fibril state. These amyloid 

polymorphs adhere to the same structural principles, but differ in their amino acid contacts, number 

of protofibrils, or both.6 Environmental conditions can influence which polymorph predominates 

in solution, both in vitro and in vivo.6 Additionally, studies in mice suggest polymorphs can have 

different levels of toxicity as well as differences in seeding and propagation properties similar to 

that of prion strains.7 This emphasizes the importance of understanding the molecular mechanisms 

driving these observed behaviors in treatment of amyloid-related diseases. 

 -synuclein (Syn) is a 140 residue, intrinsically disordered protein that has been 

implicated in a set of neurodegenerative diseases known as synucleinopathies. To date, 24 unique 

polymorphs of Syn have been solved.6 These structures exhibit conservation of -strand pieces 

but differ in connectivity, as evident in the wild-type structures solved by Li et al, 2018.8 Here, two 

polymorphs, labeled rod and twister, share a conserved bent -arch that pack the preNAC and 

NACore zipper interfaces, respectively. These two regions are of particular importance due to their 

implication in Parkinson’s Disease (PD). The preNAC region contains many of the familial 

mutations associated with the early onset of PD while the NAC region has been demonstrated to 

be both essential for and capable of inducing Syn aggregation and its associated toxic effects.3,9,10 

 In the present work, we utilize strategies from protein design to gain insight into the 

molecular mechanisms behind cross-seeding with Syn.  We designed 6-residue peptides with the 

idea that they had the ability to for type-1 homozippers on the surface of Syn. We investigated to 

what degree (or not) are the peptides (1) stabilizing/destabilizing the nucleus, (2) promoting fibril 

stability, or (3) promoting secondary nucleation through a set of biochemical and structural 

experiments. 
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Materials and Methods 

Computational design of surface binding zippers 

 The solved fibril structures of Syn (pdb 6cu7, 6cu8) were used to identify regions on the 

surface of either fibril polymorph that could accommodate the formation of a type-1 homozipper. 

Two candidate regions were selected, with three potential hexapeptide arrangements. The zipper 

forming residues were held fixed while the solvent facing residues were computationally mutated. 

The set of peptides was assembled through enumeration of all possible combinations of amino 

acids (excluding C, P, R, and W) at positions 2, 4, and 6. The resultant set was scored for zipper 

propensity via the zipperDB. 

 

Peptide crystallization 

B1_R115 (GNAQVY) peptides were purchased from GenScript and dissolved at 10 mg/mL in 

ultrapure water. A ‘Wizard’ crystallographic screen (Rigaku) was used for initial crystallization 

efforts. Diffraction quality peptide crystals grew after 24 hours in 2000 mM ammonium sulfate, 

100 mM sodium citrate/citric acid at pH 5.5 and a 1:1 volume of peptide:buffer.  

 

Peptide structure determination 

Crystals of B1_R115 were harvested from hanging drops and prepared for microED analysis by 

depositing ~2 microliters of crystal slurry onto a Quantifoil carbon support on a copper mesh grid 

and blotting excess liquid using a vitrobot (Thermo). Diffraction data were collected on a Talos 

F200C side-entry transmission electron microscope (Thermo-Fisher Scientific) operating at 

200KeV equipped with an Apollo direct electron detector. Diffraction was observed to ~0.9-1.0 Å 



 62 

resolution. Data were processed in the CCP4 Suite, direct methods tools from SHELX were used 

to generate an initial model, which was further refined in PHENIX and REFMAC. 

 

ThT Assay 

Wild-type Syn monomer (175 μM) was mixed with 20 μM thioflavin-T (ThT) and 5 molar excess 

of A1_R9, B1_R115 and B1_R590 peptide in a 96-well plate. The signal was monitored using the 

FLUOstar Omega Microplate Reader (37 °C with 600 rpm orbital shaking, ex. 448-10 nm, em. 

482-10 nm; BMG Labtech).  

 

Peptide Docking 

 Peptide docking was performed as follows. The crystal structure of B1_R115 was aligned 

to the surface of the rod polymorph (pdb 6cu7) in PyMol. Energy minimization was performed in 

Rosetta using FastRelax with 6 Å distance constraints between C atoms in the peptide and the 

suspected binding region on the surface of the fibril. 

 

 

Results and Discussion 

High-throughput computation peptide design 

 To design peptide surface binders, we first identified regions on either the rod or twister 

polymorph of wild-type Syn that could form a type-1 homozipper (pdb = 6cu7, 6cu8).8 Two 

regions were identified: region (A) 58KTKEQVTNV66 and (B) 51GVATVA56 (Figure 1a). Region 

A is exposed to solvent in both the rod and twister polymorph. Region B, however, is buried at the 

protofilament interface in the rod polymorph and exposed in the twister polymorph. Region A was 
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broken down into two hexapeptide segments (A1: 58KTKEQV63, A2: 60KEQVTN65), yielding three 

peptide scaffolds to design. Surface residues on the fibril were held constant, while interior facing 

residues were enumerated with all possible combinations of amino acids (excluding C, P, R, and 

W), totaling 12,288 candidate peptides. Candidate peptides were scored for zipper propensity 

(Figure 1b). Final peptides were chosen based on a favorable zipper propensity score as well as 

solubility (Figure 1b,c). 

 Zippers A1 and A2 had higher overall zipper propensity scores (Figure 1b) and lower 

hydrophobicity scores (Figure 1c) than zipper B. This is unsurprising as the B peptide has a 

baseline hydrophobicity score of 5.6 due to the homozipper interface (amino acids G, A, V) 

whereas zipper A has a baseline hydrophobicity score of -7.4 with the zipper interface forming 

with amino acids K, K, and Q. As noted in chapter 2, there is a correlation between more favorable 

zipper scores and an increase in the hydrophobicity of the peptide sequence. Three peptide 

segments were chosen for biochemical and structural characterization due to their favorable zipper 

scores and calculated hydrophobicity: KTKIQY (A1_R9), GNAQVY (B1_R115), and GNAKVY 

(B1_R590). 

 

A preliminary structure solution of peptide B1_R115 

We performed crystallization studies on the peptides to assess the ability of the designed 

peptides to form steric zippers. Needle-like crystals grew in B1_R115 (GNAQVY) condition. 

Subsequently, high-resolution diffraction data was collected and a 1.0 Å structure was solved via 

direct methods. B1_R115 crystallized as a parallel class-1 steric zipper. The interface between 

fibrils forms favorable hydrophobic interactions with residues Gly1, Ala3, and Val5, mimicking 

the interface between fibrils in the rod polymorph. 
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Kinetic effects of designed peptides on fibrillization 

 We first wanted to understand the effect the presence of the peptide had on the fibrillization 

kinetics of wild-type (WT) Syn. We performed a thioflavin-T (ThT) assay with 175 M wt Syn 

alone, as well as in the presence of 5x M excess of each peptide (Figure 3a). At a 5:1 peptide:Syn 

stoichiometric ratio, the inflection point is observed at earlier times indicating that fibrillization is 

occurring more rapidly in the presence of the peptide. Using the t1/2 as a point of comparison, 

B1_R590 had the largest effect on the kinetics and decreased the lag time 8-fold, whereas B1_R115 

and A1_R9 decreased the lag time 5-fold and 2.6-fold, respectively. There was no observed 

fluorescence for the peptide alone. Additional kinetic experiments were performed at 1x and 0.2x 

M excess of each peptide (Figure 4). Increased fibrillization kinetics was observed for 1x M 

excess of each peptide but decreased fibrillization kinetics was observed for 0.2x M excess. 

 Several potential mechanisms could contribute to the observed reduction in the lag phase 

of fibrillization induced by the presence of molar excess of the peptide. Firstly, the peptide may 

promote fibril stability, enhancing overall thermodynamic favorability. Secondly, the peptide could 

stabilize the amyloid nucleus, lowering the energetic barrier associated with the critical nucleation 

event. Thirdly, the peptide may act as a catalyst for secondary nucleation processes. However, the 

extent to which each of these mechanisms contributes remains unknown. To elucidate the 

underlying mechanistic details, a systematic investigation aimed at delineating the individual 

contributions of these potential pathways will need to be perused.  

 

Morphological screening of fibrils grown in the presence of peptide 

 As an initial screen to identify the potential implications of the observed change in kinetics 

upon addition of peptide, we looked at the fibrils formed via negative-stain cryogenic electron 
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microscopy (cryo-EM) (Figure 3b). Wild-type fibrils alone exhibit a mix between slow and fast 

twisting polymorphs, presumably the rod and twister polymorphs observed by Li et al., 2018.8 

Upon addition of both B1_R115 and B1_R590, however, there is an apparent shift in the 

morphology of fibrils formed where there is an observed increase in the number of fast twisting 

fibrils. The fibrils present in the A1_R9 condition, however, are more similar to what is observed 

for wild-type. 

If peptide binding is occurring as designed, the observed polymorph shift is expected. 

Peptide B was designed to bind at the protofilament interface of the rod polymorph (Figure 1a). 

This interaction would prevent the interface between protofilaments from forming, potentially 

favoring the formation of the twister polymorph. Peptide A, however, is solvent-exposed in both 

the rod and twister polymorphs (Figure 1a), allowing it to bind compatibility to either polymorph. 

It should be emphasized that negative-stain cryo-EM can be used as an initial screen to identify 

potential trends, but more thorough methods will need to be perused to confirm and quantify the 

presence and distribution of polymorphs in the sample. 

 

 

Peptide Docking 

 To understand if the peptide can stably interact with the target region on the surface of the 

fibril, we performed peptide docking experiments with B1_R115 and the rod polymorph of Syn. 

The solved peptide crystal structure was aligned to the surface of the fibril. Distance constraints 

were applied between the peptide and the corresponding binding region on the fibril. The docked 

peptide and fibril were then subjected to an energy minimization cycle in Rosetta.  
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The resultant structure indeed exhibited a decrease in energy (~ - 800 REU), suggesting a 

potentially stable interaction; however, caution is warranted in this interpretation. Several factors 

inherent to modeling in Rosetta can lead to false positives where energetically favorable 

conformations in silico may not accurately represent physiological interactions. Therefore, 

experimental validation is crucial to confirm the predicted interactions. 

 

 

Concluding Remarks 

 Our research strategy involved the deliberate selection of peptides with potential binding 

affinity to specific fibril interfaces. We hypothesized that this approach might modify the 

properties of the fibrils that are formed, either through alterations in their structure and/or growth 

kinetics. We did not anticipate the way in which they would be altered, but what was observed is 

that many of the peptides that were supposed to interact with the surface, also accelerated growth. 

Now we suspect that it could be due to stabilization of the fibrils or the formation of additional 

nucleation sites. However, these hypotheses require further validation through additional 

experimental studies. 
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Figures 

 

Figure 3-1: Computation design and identification of candidate surface binders. (a) Wild-type α-

synuclein rod (6cu7) and twister (6cu8) polymorph structures were used to identify surface 

exposed regions to which potential surface binder peptides could form favorable type-1 

homozippers; region A is shown in magenta, region B is shown in blue. (b) Histograms of zipper 

propensity scores for all designed candidate peptides; region A1 shown in magenta, region A2 

shown in pink, region B shown in blue. (c) Hydrophobicity vs. zipper propensity scores for regions 

A1, A2, and B1. 
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Figure 3-2: Crystallization of GNAQVY peptide. (a) Electron micrograph of microcrystals 

formed from GNAQVY peptide. (b) Crystal structure of designed peptide GNAQVY. 
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Figure 3-3: (a) Kinetic profiles shows a decrease in lag phase of α-synuclein aggregation in the 

presence of designed peptides. No fluorescence is observed for peptides alone. (b) Negative-stain 

EM micrographs of α-synuclein fibrils grown with and without peptides. 
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Figure 3-4: Dose dependance on fibrillization kinetics of α-synuclein aggregation in the 

presence of 5x, 1x, and 0.2x M excess of each peptide. Fibrillization kinetics is enhanced for 5x 

and 1x M excess and decreased in 0.2x conditions. 
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Supplementary Data 

 

Table 3S-1: Preliminary structure solution for B1_R115 peptide 

Sequence GNAQVY 

Space group No. 4 (P 1 21 1) 

Cell length constants (Angstrom) a=15.56, b=4.73, c= 23.83 

Cell angle constants (Degrees) α=90.00, β=103.397, γ=90.00 

Completeness 96.5% 

Resolution (Angstrom) 0.90 

R factor at outermost shell 39.2% 

CC1/2 (all, outermost shell) 99.1 (67.5) 

R factor overall  12.7% 

R1 (SHELXL) 18.78% 

R-work (Refmac) 31.12% 

R-free (Refmac) 32.06% 
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Appendix Chapter 1 

This chapter is based on the publication titled “Cryo-EM Structure of a Human LECT2 Amyloid 

Fibril Reveals a Network of Polar Ladders at its Core”. 

Richards, L. S., Flores, M. D., Zink, S., Schibrowsky, N. A., Sawaya, M. R., & 

Rodriguez, J. A. (2023). Cryo-EM Structure of a Human LECT2 Amyloid Fibril Reveals 

a Network of Polar Ladders at its Core. Structure, 31(11) 1386-1393. 
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Supplementary Information: 

 

Figure S1. Production of recombinant LECT2 amyloid fibrils. Related to Star Methods. A) 

Predicted amyloid forming six-residue segments (kcal/mol < -23.0) are shown for the LECT2 

sequence, calculated using ZipperDB. B) A His-tagged, full-length LECT2 polypeptide was 

expressed and purified using a His-Trap column under the illustrated gradient. C) Purity of the 

fractions was evaluated by gel electrophoresis. The purest fractions: 14-17, 19 (red) were 

pooled and concentrated. D) The recombinant protein was used to form fibrils and Thioflavin T 

fluorescence was monitored over 48 hours of growth. Red line represents the mean of samples 

done in triplicate, error bars represent standard deviation. E) The resulting fibrils from Thioflavin 

T analysis were imaged by negative stain TEM. 
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Figure S2: X-ray Diffraction from LECT2 fibrils. Related to Star Methods. A) X-ray diffraction 

exposure of bundles recombinant LECT2 fibrils. B) Radial profile generated from the diffraction 

image indicates a strong diffraction ring at 4.69Å. 
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Figure S3: Vitrified LECT2 fibrils, CTF analysis, and 2D classification. Related to Figure 1 and 

STAR Methods. A) Example image of the vitrified fibrils used for cryo-EM data collection. B) 

Example CTF image showing the signature fibril diffraction profile at 4.69Å. C) Representative 

2D class of the fast-twisting fibril species from a 1024 pixel box. D) Representative 2D class of 

the slow-twisting fibril species from a 1024 pixel box. E) A slow-twisting fibril image from 2D 

class after classification using a 384 pixel box in Relion. F) Composite image of 384 pixel box 

size 2D classes from the slow-twisting fibril polymorph stitched together to show its full twist. G) 

De novo 3D model generated from 2D classes in Relion viewed from the side and H) as a cross 

section. 

 

  



 90 

 

 

Figure S4: LECT2 fibril stability. Related to Star Methods. A) Nephelometer turbidity readings 

for the incubated fibril samples over 24 hours. B-E) Negative stain TEM images of the fibrils 

remaining after 24 hours incubation in fibrillization buffer (B), water (C), 3M urea (D), and 40nM 

Proteinase K (E). Average of samples done in triplicate shown, error bars represent standard 

deviation. 
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Figure S5: Cryo-EM grid optimization. Related to Star Methods. Recombinant fibrils were 

plunge frozen in buffer at different dilutions and Vitrobot blot settings for optimal particle 

dispersion, representative micrographs are shown. A) No dilution results in clumping and 

overcrowding. B) Addition of 0.25% glycerol improves ice distribution, but 2-fold dilution does 

not reduce crowding. C) 6-fold dilution improves fibril distribution in grid holes. D) Reducing the 

blot force improves ice distribution and maintains fibril distribution. 
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Figure S6: Cryo-EM data processing and model comparisons. Related to Star Methods. A) 
Overview schematic representation of helical reconstruction of fibril species performed in 

RELION showing maps of fibril sides and cross sections. B) FSC curves between independently 

refined half-maps which were phase randomized (red), unmasked and corrected (green), 

masked (navy blue), or masked and corrected (black). Final resolution of 2.7Å was calculated 

using a cutoff of FSC=0.143. 
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Figure S7: Identification of sequence matching LECT2 fibril structure by threading and energy 

minimization in Rosetta. Related to Figure 3 and Star Methods. A) Threading analysis indicates 

that the sequence beginning at Met55 is the most energetically favorable among possible 

assignments for the cryo-EM map (red circle). B) Energy-minimized, fast relaxed model from 

Rosetta predicts overall fibril core morphology as well as the stabilizing polar ladders in the 

hydrophilic pockets (inset).   
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Figure S8: LECT2 globular fold and solvent accessibility of residues 55-75. Related to Star 

Methods.  A) Views of LECT2 in its globular form (PDB:5B0H)17. Residues 55-75 (colored in 

red) are identified as forming the amyloid core of LECT2 in its fibril form. B) Solvent accessible 

surface area per residue of LECT2 in its globular fold calculated using the Ochanomizu 

University program (ver. 1.2). 
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Figure S9: Mass spectrometry of Proteinase K digested fibrils. Related to Star Methods. A) 

SDS-PAGE shows stable protein species present over one hour of Proteinase K digestion. 

Boxed band was excised and peptides were extracted for GeLC-MS/MS (inset) with sequence 

segments detected colored in green.   
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Table S1: Summary of Proteinase K digested LECT2 peptides identified by GeLC-MS/MS. 

Related to Star Methods. 

Annotated Sequence Modifications MH+ [Da] Theo. MH+ [Da] Charge m/z [Da] XCorr 

[K].NAINNGVR.[I]   857.4591 857.4588 2 429.2332 1.62 

[K].mFYIKPIK.[Y] M1(Oxidation) 1055.596 1055.596 3 352.5368 1.09 

[K].mFYIKPIK.[Y] M1(Oxidation) 1055.596 1055.596 2 528.3015 1.85 

[K].mFYIKPIKYK.[G] M1(Oxidation) 1346.753 1346.754 3 449.5891 1.43 

[K].mFYIKPIK.[Y] M1(Oxidation) 1055.599 1055.596 3 352.538 1.26 

[K].mFYIKPIK.[Y] M1(Oxidation) 1055.596 1055.596 2 528.3016 0.61 

[K].KGEKLGTLLPLQK.[V]   1424.884 1424.884 3 475.6328 0.45 

[K].mFYIKPIK.[Y] M1(Oxidation) 1055.596 1055.596 3 352.537 0.79 

[K].mFYIKPIKYKGPIK.[K] M1(Oxidation) 1742.006 1742.007 4 436.257 0.95 

[K].GEKLGTLLPLQK.[V]   1296.789 1296.789 3 432.9346 1.48 

[K].LGTLLPLQK.[V]   982.6294 982.6295 2 491.8184 0.5 

[K].LGTLLPLQK.[V]   982.6304 982.6295 2 491.8188 1.56 

[K].LGTLLPLQK.[V]   982.6304 982.6295 2 491.8189 1.3 

 
*Table includes only peptides mapped to the human LECT2 protein sequence used in these experiments. 
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Figure S10: Modelled domain-swapping for globular LECT2 dimer. Related to Figure 2. A) 

Modelled conformation of the LECT2 dimer (cyan, pink) domain-swapped through loop 2 using 

the ALECT2 fibril core structure (blue, red).  B) ALECT2 fibril structure pictured above the 

domain-swapped model to highlight conformational similarities. 
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Figure S11: Atomic force microscopy of ALECT fibrils. Related to Star Methods. AFM images of 

ALECT2 fibrils show left-handed helical twisting and a crossover of 85nm at scan angles of A) 0 

degrees and B) 90 degrees. 
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Data S1. PyRosetta Sequence Threading Code, related to STAR Methods 

import os 

import numpy as np 

import pandas as pd 

from pathlib import Path 

import csv 

 

from pyrosetta import * 

from pyrosetta.rosetta import * 

from pyrosetta.teaching import * 

from pyrosetta.toolbox import * 

 

from rosetta.protocols.cryst import * 

from rosetta.protocols.rosetta_scripts import * 

 

np.set_printoptions(threshold=sys.maxsize) 

 

init('-ignore_unrecognized_res -load_PDB_components false -ignore_zero_occupancy false') 

 

##################################################### 

### INPUTS ### 

##################################################### 

### protein name 

protName = 'lect2' 

 

### to build symmetry pose 

symmInfo = 'lect2.symm' 

pose_file = 'lect2_INPUT.pdb' 

 

### start/end residues in pose numbering for base layer of symmetric pose 

base_start = 85 

base_end = 105 

 

### for job distribution 

job = int(sys.argv[1]) 

 

### sliding window size 

window_size = 21 

 

### full sequence txt file to be threaded 

seq_file = 'seq.txt' 

 

### output name for scores file 

scores_output = 'lect2_scores.csv' 

 

##################################################### 

### PREPROCESSING ### 

##################################################### 

### pre prosess sequence file  

seq = Path(seq_file).read_text() 

seq = seq.replace('\n', '') 

seq_list = list(seq) 
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##################################################### 

### FUNCTIONS ### 

##################################################### 

scorefxn = get_fa_scorefxn() 

 

def symmetrize_pose(pose): 

    """ set up symmetric pose """ 

    pose_symm_data = core.conformation.symmetry.SymmData(pose.total_residue(), pose.num_jump()) 

    pose_symm_data.read_symmetry_data_from_file(symmInfo) 

    core.pose.symmetry.make_symmetric_pose(pose, pose_symm_data) 

    sym_info = pose.conformation().Symmetry_Info() 

 

    print("AssymUnit? equivalent_res") 

    for i in range(1, pose.size()+1): 

        print(i, sym_info.bb_is_independent(i), sym_info.bb_follows(i)) 

 

    print("Total Subunits:", sym_info.subunits()) 

 

    return pose 

 

def def_windows(x, wnd_sz): 

    """ define sequence positions for each window """ 

    window_list = [] 

     

    start_pos = 0 

    end_pos = start_pos + wnd_sz 

 

    num_windows = len(x) - wnd_sz + 1 

     

    for j in range(0, num_windows): 

        window_tmp = [] 

        for i in range(start_pos, end_pos): 

            window_tmp.append(x[i])    

        start_pos += 1 

        end_pos += 1 

        window_list.append(window_tmp) 

     

    return window_list 

 

def thread(pose, x, base_start, base_end): 

    """ perform threading 

        x = sequence window list """ 

 

    j = 0 

    for i in range(base_start, base_end+1): 

         mutate_residue(pose, i, x[job][j]) 

         j += 1 

 

def FRwDensity(pose, rpt_num): 

    """ set up and perform FastRelax with cryoEM density map  """ 

     

    ## set up density FastRelax 
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    setup_dens = XmlObjects.static_get_mover('<LoadDensityMap name = "loaddens" 

mapfile="postprocess.mrc"/>') 

    setup_dens.apply(pose) 

    setup_dens_pose = rosetta.protocols.electron_density.SetupForDensityScoringMover() 

    setup_dens_pose.apply(pose) 

 

    ## set up score function with correct weights 

    score = get_score_function() 

    score_dens_cart = create_score_function('ref2015_cart') 

    score_dens_cart.set_weight(rosetta.core.scoring.elec_dens_fast, 25) 

    score_dens_cart.set_weight(fa_elec, 1.5) 

 

    ## set up fast relax parameters 

    mmf = pyrosetta.rosetta.core.select.movemap.MoveMapFactory() 

    mmf.all_bb(setting=True) 

    mmf.all_bondangles(setting=True) 

    mmf.all_chi(setting=True) 

    mmf.all_jumps(setting=True) 

    mmf.set_cartesian(setting=True) 

 

    FR = pyrosetta.rosetta.protocols.relax.FastRelax(scorefxn_in=score_dens_cart, standard_repeats=1) 

    FR.cartesian(True) 

    FR.set_movemap_factory(mmf) 

    FR.min_type("lbfgs_armijo_nonmonotone") 

 

    ## apply FR, score relaxed pdb, and output file 

    FR.apply(pose) 

    output_name = 'lect2_FR_thread_' + str(job) + '_' + str(rpt_num) + '.pdb' 

    pose.dump_pdb('./output/' + output_name) 

    scores = output_name, score_dens_cart(pose), scorefxn(pose) 

     

    return scores 

 

##################################################### 

### RUN ### 

##################################################### 

 

window_list = def_windows(seq_list, window_size)  ## build list of sequence windows 

seq_list_df = pd.DataFrame(window_list)           ## convert to df 

 

for i in range(0, 3): 

    pose = pose_from_pdb(pose_file)                          ## create pose object 

    pose = symmetrize_pose(pose)                             ## symmetrize the pose 

 

    thread(pose, window_list, base_start, base_end)          ## perform threading; mutate side chains on 

pose object to reflect the current sequence window 

    scores = FRwDensity(pose, i)                             ## perform FastRelax on current sequence window 

 

 

 



 102 

Appendix Chapter 2 

This chapter is based on the preprint titled “Structure of a reversible amyloid fibril formed by the 

CPEB3 prion-like domain reveals a core sequence involved in translational regulation.” 

Flores, M. D., Sawaya, M. R., Boyer, D. R., Zink, S., Tovmasyan, S., Saucedo, A., Zee, 

C.-T., Cardenas, J., Fioriti, L., & Rodriguez, J. A. (2022). Structure of a reversible 

amyloid fibril formed by the CPEB3 prion-like domain reveals a core sequence involved 

in translational regulation. BioRxiv : The Preprint Server for Biology 
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Figure 2.  The role of E120 and D121 in CPEB3 puncta formation in cells. Wild type CPEB3-
GFP shows fine, granular like aggregates in HT22 mouse hippocampal neurons after 24 hours 
of expression. a, Schematic of full-length WT construct expressed in cells. b, Sequence 
alignment of AC region in FL constructs with corresponding mutated residues in red. c, CPEB3-
GFP WT and mutants (green) and nuclear staining (blue) in HT22 neurons. d, insets of panel c. 
Scale bar = 10 µM.     
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