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Abstract

Predicting expression levels of de novo protein designs in yeast through machine learning.
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Protein engineering has unlocked potential for the biomolecular synthesis of amino acid
sequences with specified functions. With the many implications in enhancing therapy
development, developing accurate functional models of recombinant genetic outcomes has
shown great promise in unlocking the potential of novel protein structures. However, the
complicated nature of structural determination requires an iterative process of design and testing
among an enormous search space for potential designs. Expressed protein sequences through
biological platforms are necessary to produce and analyze the functional efficacy of novel
designs. In this study, machine learning principles are applied to a yeast surface display protocol
with the goal of optimizing the search space of amino acid sequences that will express in yeast
transformations. Machine learning networks are compared in predicting expression levels and

generating similar sequences to find those likely to be successfully expressed.



ACKNOWLEDGEMENTS

I would like to thank Dr. Eric Klavins for accepting me as a master’s student in his
laboratory and for providing direction and guidance in exploring the topics of machine learning
and recombinant genetics throughout my graduate program in bioengineering. I appreciate his
feedback on directions of study and pointed advice in searching for background in
methodologies presented in this research. I would also like to thank the Ph.D. and postdoctoral
students in the Klavins Lab and in the Institute for Protein Design for providing data, code
examples, and insight into the research methodologies of protein engineering. I would like to
give a particular mention to Devin Strickland from the Klavins Lab and Hugh Haddox from the
Institute for Protein Design for their explanation of available datasets and yeast expression
technologies. 1 would also like to thank the members of the DARPA Synergistic Discovery and
Design Environment (SD2E) program for access and collaboration on developing analyses
extending from experimental data. Lastly, I would like to thank my professors at the University
of Washington who provided guidance and explanation of advanced topics in bioengineering

throughout my graduate program.



TABLE OF CONTENTS

LIST OF FIGURES ...... vi
LIST OF TABLES ...... X
CHAPTER 1: INTRODUCTION ...... 1
1.1 PROTEIN COMPOSITION ...... 3
1.2 STRUCTURAL DETERMINANTS ...... 6
1.3 BIOLOGICAL INVESTIGATIONS IN PROTEOSTATIC MECHANISMS ...... 10
1.4 YEAST EXPRESSION ...... 14
1.5 MACHINE LEARNING APPLICATION ...... 20
1.6 COMPUTATIONAL BIOINFORMATICS ...... 26
1.7 PURPOSE ...... 30
CHAPTER 2: METHODS ...... 31
2.1 SEQUENCE GENERATION ...... 31
2.2 YEAST EXPRESSION COUNTS ...... 33
2.3 PREDICTIVE MODEL DESIGNS ...... 35
2.4 ENCODING METHODS ...... 40
2.5 LATENT SPACE EXPLORATION ...... 42
CHAPTER 3: RESULTS ...... 44
3.1 PREDICTIVE ACCURACY ...... 44
3.2 UNSUPERVISED LATENT SPACE REPRESENTATION ...... 47
3.3 TRAINED MODEL DIMENSIONALITY REDUCTION ...... 53
3.4 SEQUENCE EXPRESSION COMPARISON ...... 55
CHAPTER 4: DISCUSSION ...... 58

REFERENCES ...... 61



LIST OF FIGURES

Figure 1. A) Fischer projection for general representation of amino acid molecules. The central
a-carbon is bonded to an amino group, a carboxyl group, a hydrogen atom, and the R group
unique to each amino acid. B) Dehydration reactions between the carboxyl group of one amino
acid and the amino group of another form peptide bonds that link multiple amino acids together,
establishing a protein’s carbon backbone. [7]

Figure 2. Representation of chiral @-carbon and the stereoisomers, the L-configuration and
D-configuration, as a result of constituent connectivity. The opposite charges of the amino and
carboxyl groups under physiological pH display the zwitterion arrangement providing both
acidic and basic properties to each amino acid. [11]

Figure 3. Representation of structural hierarchy of human PCNA DNA-binding protein. The
primary structure is defined by the sequence of amino acids from the N-terminus to the
C-terminus. The secondary structure is determined by the local structure of neighboring amino
acids, forming common fragment motifs seen in natural protein structures. The tertiary structure
is defined by the three-dimensional shape into which the sequence folds. The quaternary
structure is defined by the functional form of multiple interacting polypeptide monomers. [18]

Figure 4. Ramachandran plot of phi and psi angles, displaying characteristic regions of structural
elements based on geometric constraints of sequence backbone. [31]

Figure 5. A) Protein transport into the mitochondria through the ATP-driven chaperone activity
of HSP60 and HSP70. B) GroEL chaperone protein encapsulates an unfolded protein around
itself to prevent hydrophobic sequences from aggregating in crowded cells. A capping protein
isolates the unfolded chains and makes the chaperone core polar so the protein can fold. [41]

Figure 6. Proteostasis network maintaining the proper folding, trafficking, and degradation of
translated proteins while monitoring their impact on the overall cellular network. [37]

Figure 7. Model for linkage between kinase folding and activation for proposed model for
Hsp90-Cdc37-Cdk4 kinase complex cycle. A) Transition between states through an unfolded
intermediate (dashed line) presents a lower energy barrier. B) Comparison of the active and
inactive states between nonclients and client kinases. C) Model for regulation of kinase cycle.
[35]

Figure 8. Single yeast cell showing the main cell compartments involved in recombinant protein
expression. [50]

Figure 9. Visualization of combined large-scale interaction datasets extending from targeted
expression analysis in yeast. [17]

Figure 10. A) The plot displays the desired response variable Y as a function of the input features
X1 and X2. The blue surface represents the true underlying relationship between the two input



variables and Y. The red dots indicate the observed values for specific quantities, which further
display the difference between the observed values and the estimated values based on the
functional relationship between the inputs and response. B) The plot of mean-squared error
(red), bias (blue), and variance (orange) of the statistical learning algorithm displays the
bias-variance tradeoff in attempting to fit a predictive model to training data while minimizing
predictive loss on unseen test data. The dashed line represents the irreducible error of a
predictive function. [76]

Figure 11. Representation of the core components of deep learning design. The objective
function quantifies the performance of the network on a specified task. Learning involves
searching for the synaptic weights, through a set of updating rules, that maximize or minimize
the objective function, quantified by a loss or cost measure. The network architecture specifies
the connection of these units and determines the flow of information. [74]

Figure 12. Multilayer networks and backpropagation. A) Forward pass transforms the input data
through hidden representation into the dimensions of the output units. B) Backward pass updates
the weights through the gradient of errors with respect to the weights. [77]

Figure 13. Overview of different inputs and applications in biomedical and health informatics
where statistical learning algorithms can ascertain unknown connections between biological
signatures and specified therapeutic goals. [78]

Figure 14. Generalized architecture for machine-learning based amino acid encoding methods.
The input is the original sequential amino acid encodings, the output is the desired experimental
measure of fitness relating to sequence, and the hidden layer represents the new numerical
encodings of corresponding amino acids. [85]

Figure 15. Model architecture for dense layer activation in Tensorflow. A) Visualization of
input, hidden, and output layers. The input vectors of flattened sequence representations are
connected to each neuron of subsequent layers with decreasing dimensional size. The values
established in the tensor of each layer are the result of linear connections, activation functions,
and regularization. B) Layer specifications in Tensorflow. [99]

Figure 16. Bidirectional LSTM network architecture. A) Visualization of information flow for
embedded inputs. B) Layer specifications in Tensorflow. [99]

Figure 17. Convolutional network representation. A) The information flows through the
convolutional network, incorporating encoded amino acid sequences and associated measures of
performance. B) The skip connection adds the input information for the convolutional block to
the output of convolutional operations. [99]

Figure 18. Model architecture of the convolutional neural network in Tensorflow.

Figure 19. Encoded matrices of amino acid sequences. A) One-hot encoding matrix (65x21).
B) Hydropathy difference matrix (65x65). C) Language embedding matrix (65x128).



Figure 20. Amino acid code frequencies for training, validation, and total dataset.

Figure 21. Architecture of variational autoencoder. The encoder compresses the input data
down to two latent variable representations. The decoder samples from the latent space and
transforms them back to the original dimensions of the input data. Together, these two
architectures form the overall structure of the variational autoencoder (VAE).

Figure 22. Ranked predicted probability of sequence enrichment among expressing proteins,
colored by topology class.

Figure 23. Plot of predicted expression ratio (ratio of expressed counts to naive library counts)
through CNN compared to true values. The red line indicates where the two values are equal to
one another.

Figure 24. Comparison of predicted stability score to predicted expression ratio, colored by
topology class.

Figure 25. Latent space representation of aggregated Rosetta designs colored by topology
classification.

Figure 26. Latent space representation of aggregated data in variational autoencoder. A) All
Rosetta designed sequences colored in blue. Observed sequence colored in red. Single mutation
variants of observed sequence colored in yellow. B) Same plot with all other sequences colored
according to k-means cluster labels.

Figure 27. Reconstructed sequences from latent space represented by one-hot encoding of each
residue position. The top figure represents the one-hot encoding of each position in the amino
acid sequence. The positions indicating the amino acid type are the same at all positions except
for the one where the mutation occurred. The position of the original amino acid type is colored
in red, while the one indicating the type of the mutated sequence is yellow. The middle two plots
indicate the probability weight matrix for both the reference sequence and the mutated sequence.
These weight matrices were the result of decoding the latent space representations of each
sequence. The bottom figure represents the difference in the values of the probability weight
matrix between the reference sequence and the mutated sequence.

Figure 28. Plot of principal component analysis of mutated sequences on latent space
representation. A) View of overall latent space plotted with PCA eigenvector (in turquoise) of
mutated sequences. B) Zoomed in view of mutated sequences. Each dot along the eigenvector
represents a small perturbation in latent space to test for decoded output.

Figure 29. Reconstructed sequences from latent space representation. The top plot displays the
original sequence’s reconstruction. The middle plot displays the reconstruction following a
perturbation in latent space along the eigenvector of PCA analysis. The bottom plot displays the
difference in reconstructed predictions between the reconstructed original sequence and the
perturbed reconstruction.



Figure 30. The left shows the sequence reconstruction based on the location within the latent
space of the trained variational autoencoder. Each perturbation corresponds with a
position-weight matrix used to predict the most likely sequence given the coordinates in latent
space. The right shows the movement within the latent space representation. The color of the
background corresponds to the log probability of decoding the original reference sequence within
the latent space representation.

Figure 31. Two-dimensional latent space representation of the final layer of the trained
convolutional neural network. The reference sequence is colored in red, the sequences of single
mutations are colored in orange, and the remaining sequences are colored according to the values
of their predicted expression ratios as output from the CNN.

Figure 32. The impact of single-residue mutations on predicted expression enrichment. The plot
shows the probabilities from the trained CNN binary classifier, with the reference sequence
colored in red and all sequences with single-residue mutations colored in orange.

Figure 33. A) Locations of top 10 most highly expressed sequences for each of the 22 provided
topologies represented in the VAE’s latent space shown in red. B) Small perturbations away
from the locations of the most highly expressing proteins, 400 for each topology, in latent space
shown in blue.

Figure 34. The predicted expression metrics of the top 10 expressed sequences in the class
“0a6b.” In both plots, the top 10 most highly expressing sequences are colored in red. The other
sequence predictions are from decoded perturbations in the variational autoencoder’s latent
space. A) The predicted binary probability of an increased presentation among expressing
proteins for the sequence reconstructions. B) The predicted expression ratio of expressing counts
to naive counts for the sequence reconstructions.



LIST OF TABLES

Table 1. Amino acids with 3-letter codes, 1-letter codes, side chain properties, isoelectric points,
and hydropathy values. [6] [8] [13]

Table 2. Comparison of expression system components for inserted nucleic acid vectors and
posttranslational modifications. [44]

Table 3. Accuracy of different model architectures and encoding methods for target outputs. A)
Binary classifier for predicting whether a sequence will be enriched in expression counts. B)
Continuous variable prediction for ratio of expression to naive counts.

Table 4. Accuracy of different model architectures for A) topology classification and B) stability
score prediction.



CHAPTER 1: INTRODUCTION

Proteins form the foundation of biological processes that make all life possible. The fates
of biological cells are controlled by interacting proteins in metabolic and signaling pathways, in
complexes such as the molecular machines that synthesize and use energy sources such as
adenosine triphosphate (ATP), in the replication and translation of genes by polymerases, or
building up the cytoskeletal infrastructure [1]. Understanding the structural outcomes of proteins
translated from the genome has captured the geometrical determinants of a protein’s capabilities
in a biological environment. Function prediction from structure has been achieved both through
global comparison of naturally occurring protein homologies and the targeted binding analysis
with specified complementary structures [2]. With the completely sequenced genomes of more
than 600 organisms, the computational analysis of the molecular function, biological process,
and cellular components has created data for analyzing protein data down to the atomic level.

By decoding the information encoded in the complex structural and biochemical aspects
of natural proteins, the generation of de novo protein structures mimicking and enhancing their
naturally observed properties has become a tangible possibility. In targeted therapeutics, de novo
design offers the promise for creating binding proteins with shapes customized to bind to
targeted disease pathways [3]. Sequence similarity of homologous sequences in which at least
one’s structure and function has been experimentally determined has allowed researchers to
characterize families of proteins in which an unknown sequence is likely to show similar
structural and functional outcomes. Evolutionary development has explored the viability of
natural proteins that now offer a powerful toolkit as references for engineering new attributes and

functions in new protein architectures [4].



However, expanding the space of proteins beyond those isolated from natural organisms
has proved challenging due to the complexity of interactions among amino acid units and with
the environment in which a translated protein folds. The promise of theoretical designs suffer
from a low percentage of designs having NMR spectra and temperature melts of tightly packed
proteins [5]. Cooperative impacts of amino acid pairs in a sequence can alter the interactions of
the entire sequence and undermine the actual structural outcome of designs based on proteins
found in nature. While computational methods have captured many trends in the protein folding
landscape, there has yet to be developed a process for designing sequences with reliable
structural outcomes without extensive experimental validation.

In generating amino acid sequences that adopt a stable three-dimensional structure
through adaptations of existing scaffolds or through statistical modeling of new structural motifs,
high throughput methods are required for analyzing the cascade of effects resulting from
alterations to naturally validated proteins. Recombinant genes provide a platform for inserting
DNA fragments with codon specificity for a particular amino acid sequence into a host genome
for the expression of these fragments through natural cellular pathways. While the molecular
interactions of amino acid sequences ultimately contribute to their subsequent structure and
functions with other biomolecules, the expression of these proteins is crucial to creating
high-throughput analyses of design alterations in an enormous search space for potentially
successful designs. Experimental validation of these designs requires time-consuming and costly
resources which compound as the number and variety of tested designs are increased. Analyzing

the expression of de novo designs offers both a parallel insight into the successful fitness of a



design as well as the means to screen potential designs in the iterative process of successfully

creating proteins with desired properties.

1.1 Protein Composition

The primary structures of proteins are composed of sequences of variable lengths, where
each component in the sequence is one of 20 amino acids. While there exist in nature over 500
amino acids, only 20 of them are proteinogenic a-amino acids that are encoded by the universal
genetic code [6]. These amino acids contain two functional groups, an amino group (-NH,) and
a carboxyl group (-COOH), attached to the central a-carbon. Additionally, this central carbon is
bonded to a hydrogen atom and side chain, known as an R-group, providing the chiral nature of
the amino acid’s a-carbon. Multiple amino acids come together through peptide bonds in which
dehydration reactions take place to bond the COO™ group of one amino acid and the NH," group
of another, forming sequences of amino acids proceeding from a polypeptide’s N-terminus to its

C-terminus (Fig. 1).
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Figure 1. A) Fischer projection for general representation of amino acid molecules. The central ¢-carbon is bonded
to an amino group, a carboxyl group, a hydrogen atom, and the R group unique to each amino acid. B) Dehydration
reactions between the carboxyl group of one amino acid and the amino group of another form peptide bonds that
link multiple amino acids together, establishing a protein’s carbon backbone. [7]



The functional side chains, the compounds attached as the R-group to the a-carbon of
each amino acid, determine much of the unique structure and subsequent biochemical behavior
of polypeptide chains. The 3-dimensional conformation of this central carbon’s atomic bonds to
four different constituents produce the optically active stereoisomers, the L-configuration and
D-configuration, of each amino acid in which one enantiomer is the mirror image of the other
(Fig. 2). Furthermore, the tendency for the amino group and carboxyl group, on opposite ends of
each chiral carbon, to gain or lose a proton produce molecules, known as zwitterions, that can
behave as both an acid and base depending on the protein’s environment, regardless of the
attached functional groups [15]. This repeated stereocenter provides the reference for analyzing
the bond angles and electron density distribution throughout an amino acid sequence [14]. With
a chiral, stereogenic central carbon in each amino acid, the functional R-group of each amino
acid provides its distinct interactions with other functional side chains and extraneous molecules

for a protein’s carbon backbone [10].

COO0- (IZOO-
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Figure 2. Representation of chiral a-carbon and the stereoisomers, the L-configuration and D-configuration, as a
result of constituent connectivity. The opposite charges of the amino and carboxyl groups under physiological pH
display the zwitterion arrangement providing both acidic and basic properties to each amino acid. [11]

Each amino acid can be classified based on biochemical properties of its functional group

(Table 1). The structures of the observed functional groups are broadly classified into five



categories: nonpolar/nonaromatic, aromatic/uncharged, polar/nonaromatic,
negatively-charged/acidic, and positively-charged/basic. Among the various biochemical
characteristics of each amino acid, their isoelectric points and hydropathy are important
indicators of their unique interactions in solvent (Table 1). The isoelectric point refers to the
environmental acid/base conditions resulting in the deprotonation of the amino and carboxyl
groups, where the amino acid exists in its zwitterionic form [11]. For acidic amino acids, the
isoelectric point lies between the pH levels in which the carboxyl group and the side chain
become deprotonated, whereas the isoelectric point for basic amino acids lies between the pH
levels in which the side chain and amino group become deprotonated. The hydropathy index is a
quantitative measure of the degree of hydrophobicity characterized by numbers representing
hydrophobic moments. A larger (more positive) hydropathy index indicates more
hydrophobicity, the tendency for that amino acid to avoid an aqueous environment due to its
polarity. Molecules with a similar hydropathy index have an affinity for one another, whereas

those with largely different hydropathy indexes will repel one another [12].



Amino Acid 3-Letter 1-Letter Side Chain Properties Side chain groups Isoelectric | Hydropathy
Code Code Point Index

Alanine Ala A Nonpolar / Nonaromatic Alkyl 6.11 1.8
Arginine Arg R Positively-charged / Basic Guanidino 10.76 -4.5
Asparagine Asn N Polar / Nonaromatic Carboxamide 5.43 -3.5
Aspartic Acid Asp D Negatively-charged / Acidic Carboxylate 2.98 -3.5
Cysteine Cys C Polar / Nonaromatic Thiol 5.15 2.5
Glutamic Acid Glu E Negatively-charged / Acidic Carboxylate 3.08 -3.5
Glutamine Gln Q Polar / Nonaromatic Carboxamide 5.65 -3.5
Glycine Gly G Nonpolar / Nonaromatic Hydrogen 6.06 -0.4
Histidine His H Positively-charged / Basic Imidazole 7.64 -3.2
Isoleucine Ile 1 Nonpolar / Nonaromatic Alkyl 6.04 4.5
Leucine Leu L Nonpolar / Nonaromatic Alkyl 6.04 38
Lysine Lys K Positively-charged / Basic Primary amino group 9.47 -3.9
Methionine Met M Nonpolar / Nonaromatic Alkyl / Sulfur 5.71 1.9
Phenylalanine Phe F Aromatic / Uncharged Benzyl 5.76 2.8
Proline Pro P Nonpolar / Nonaromatic Cyclic secondary amine 6.30 -1.6
Serine Ser N Polar / Nonaromatic Alcohol 5.70 -0.8
Threonine Thr T Polar / Nonaromatic Alcohol 5.60 -0.7
Tryptophan Trp w Aromatic / Uncharged Heterocyclic indole 5.88 -0.9
Tyrosine Tyr Y Aromatic / Uncharged Phenol 5.63 -1.3
Valine Val \Y% Nonpolar / Nonaromatic Alkyl 6.02 42

Table 1. Amino acids with 3-letter codes, 1-letter codes, side chain properties, isoelectric points, and hydropathy
values. [6] [8] [13]

1.2 Structural Determinants
Due to the complexity of interactions within a protein’s framework, a significant variety

of overall conformations are made possible from the combination of these 20 amino acids (Fig.



3). The linear arrangement of amino acids determines each protein’s primary structure. Coding
of the protein’s sequence from the N-terminus, the amino end, to the C-terminus, the carboxyl
end, is encoded through the sequence of three-nucleotide codons in an organism’s DNA. This
primary structure is stabilized by the covalent peptide bonds between adjacent amino acids. The
proximity of amino acids to one another in a linear sequence is an initial factor in the
segmentation of hydrophilic/hydrophobic regions across the protein and the formation of local

constraints for side-chain orientations [13].
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Figure 3. Representation of structural hierarchy of human PCNA DNA-binding protein. The primary structure is
defined by the sequence of amino acids from the N-terminus to the C-terminus. The secondary structure is
determined by the local structure of neighboring amino acids, forming common fragment motifs seen in natural
protein structures. The tertiary structure is defined by the three-dimensional shape into which the sequence folds.
The quaternary structure is defined by the functional form of multiple interacting polypeptide monomers. [18]

A protein’s secondary structure, the local three-dimensional of neighboring amino acids,
is largely the result of hydrogen bonding between nearby units. The most common secondary

structures are a-helices and -pleated sheets. The a-helix is characterized as a rod-like structure



with a clockwise peptide coiling around a central axis, stabilized by hydrogen bonds between a
carbonyl oxygen atom and an amide hydrogen atom four residues down the chain [21]. S-pleated
sheets, arranged in either a parallel or antiparallel arrangement, contain peptide chains alongside
one another in strands held together by intramolecular hydrogen bonds between a carbonyl
oxygen on one chain and an amide hydrogen on an adjacent chain [22]. More flexible loop
structures connect these defined structures along a protein’s sequence. Several less common
structures are present in native proteins, and other extended structures, such as the polyproline
helix and a-sheet, are hypothesized as important folding intermediates [20]. When
characterizing secondary structure elements, the DSSP system (hydrogen bond estimation
algorithm) assigns one of eight letters, within three broad categories, to each amino acid along a
sequence based on an energy function relating its distance from other carbonyl oxygens and
amide hydrogens [21]. Helical fragments are described with three letters: G (3,, helix), H
(a-helix), and I (n-helix). p-strands are described as either E (5-bridge) and B ($-bulge). Loop
fragments are described with three letters: S (bend), T (hydrogen-bonded S-turn), and C
(unclassified with no regular hydrogen bonding) [25].

A protein’s tertiary structure, its three-dimensional shape mostly determined by
hydrophilic/hydrophobic and acid-base interactions between side chain groups, impacts the short
and long-range electrostatic forces determining each residue’s secondary structure [23]. The
secondary structure seen in the native conformation of a protein reflects an energetic
compromise between the local conformational propensities and global restraints emerging from
close packing, specific patterns of side chain interactions, and hydrogen bond restraints [23].

Short-range interactions are determined by both general and sequence-specific local statistical



potentials from the lattice structure of atoms surrounding a residue’s a-carbon. Long-range
interactions are largely determined by centrosymmetric properties and hydrophobic burial
potentials [23]. Upon folding into their native state three-dimensional structures, multiple
polypeptide chains can further conform to quaternary structures. Protein-protein interactions of
these tight complexes, such as the binding of ribonuclease inhibitor to ribonuclease A to protect
RNA degradation, can be engineered to favor certain oligomerization states that control
biological pathway mechanics [24].

Efforts in protein engineering have led to statistical representations of these interactions
in modeling dynamics. Characterizing the dihedral angles between amino acids along a
sequence backbone has provided a cartesian representation of atoms in a protein’s projected
folded conformation (Fig. 4). Based on the orientation of repeating a-carbon (C,), secondary
carbon(C’), and nitrogen atoms in the backbone, the rotational angles around the N-C_, bond (phi
angle) and the around C_-C’ bond (psi angle) allow for restricted orientations in which potential
amino acids must conform to produce a stable design [28]. The structural determination of de
novo sequences based on Euclidean constraints, such as the characterization of backbone
motions through four parameters in Crick’s Parameterization, have shown efficacy in
reproducing many in silico designs [29]. Electrostatic calculations extending from these
geometric constraints have allowed for the probabilistic representation of changes in free energy
at positions in a sequence based on enthalpy and entropy changes of residue substitutions, such
as the free energy determination of helical stability based on the Zimm-Bragg model for

statistical weighting of combinatorial residues [21][30].
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Figure 4. Ramachandran plot of phi and psi angles, displaying characteristic regions of structural elements based on
geometric constraints of sequence backbone. [31]

1.3 Biological Investigations in Proteostatic Mechanisms

Tracing the pathway from genetic code to functional protein structure was inspired by Dr.
Christian Anfinsen’s scientific credo that the sequence of amino acids and the environmental
conditions in which folding occurs are sufficient to determine a protein’s 3-dimensional structure
[32]. Dr. Anfinsen’s initial studies into determinants of the protein ribonuclease A’s structure
established a framework for protein folding experiments. The undertaking in establishing
determinants of protein structure was rooted in the observation that, despite the fact that a
particular amino acid sequence could potentially adopt a vast number of conformations, a protein
defies entropy and collapses into a specific ordered structure [32]. This energetic benefit from

sequestering hydrophobic amino acid side chains from the polar environment of a biological cell
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is achieved through a cascade of intermediates between the DNA coding of proteins to their
3-dimensional functional forms.

Expressed proteins must navigate a cascade of dense protein regions and varying degrees
of polarity as they emerge from the ribosomes before becoming a functional member of the
cellular environment. The exposure of a translated sequence to the cytosol, organelles, and other
proteins within the cell can cause unfolded portions to become tangled with their neighbors and
expose the hydrophobic regions, risking the formation of tangled aggregates [40]. The fact that
cell membrane proteins, containing large stretches of hydrophobic residues presented on the cell
surface to remain anchored in the fatty acid tails of membranes, do not unfold and aggregate
after passing through a polar environment hinted at the presence of cellular mechanisms
mediating the folding process. Investigations into further folding processes across cellular
membranes in yeast led Dr. Franz-Ulrich Hartl and Dr. Arthur Horwich to discover the first
folding micromanager in the chaperone protein heat shock protein 60 (HSP60). In studying the
deficiency of the enzyme ornithine carbamoyltransferase implicated in diseases related to the
urea cycle, HSP60 was discovered as a crucial component of ATP-dependent protein
translocation and refolding as they cross the mitochondrial membrane (Fig. 5) [39]. Following
this chaperone discovery, the folding cascade process was confirmed in the discovery of the
catalytic bacterial equivalent of HSP60 known as GroEL [39]. This family of molecular
chaperones acts to encapsulate unfolded proteins through multiple protein complexes, creating an
environment of selective hydrophobic interactions to prevent aggregation, for folding following

mitochondrial import (Fig. 5).
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Figure 5. A) Protein transport into the mitochondria through the ATP-driven chaperone activity of HSP60 and
HSP70. B) GroEL chaperone protein encapsulates an unfolded protein around itself to prevent hydrophobic
sequences from aggregating in crowded cells. A capping protein isolates the unfolded chains and makes the
chaperone core polar so the protein can fold. [41]

Since their original discovery, a multitude of both ubiquitous and specified chaperone
proteins have been shown to contribute structural and kinetic advantages in the dynamic process
of DNA transcription to protein expression. From the pervasive heat shock protein 70, greeting
nascent chains that come off the ribosomes to regulate solubility through the ubiquitin
proteasome system, to the bacterial Trigger Factor binding to several regions of alkaline
phosphatase, variable regions of amino acid sequences achieve their funcional state through a
continuous cascade of intermediate bonding configurations [33][34]. Their roles in the
expression pathway further allow for the integration of mutations in the evolutionary pathway of
cellular functionality. Chaperones enable evolution and de novo design expression by stabilizing

mutations while the cell explores the benefit of the mutations [36].
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The dynamic involvement of intermediate proteins led to understanding of proteostasis,
in which competing pathways control the folding, trafficking, and degradation of proteins in the
cell (Fig. 6). By controlling the conformation, binding interactions of quaternary structure, and
location of individual proteins, proteostasis allows for differentiated cells to change their
physiology for development [37]. The 3-dimensional conformation and binding interactions of a
particular sequence can vary significantly depending on its state in the proteostatic pathway.
Temporal adaptation of these proteostatic mechanisms is necessary to manage a constantly
changing proteome as new proteins enter the translation pathway and misfolded proteins gather

in the cell [37].
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Figure 6. Proteostasis network maintaining the proper folding, trafficking, and degradation of translated proteins
while monitoring their impact on the overall cellular network. [37]

These interacting pathways present both causes of diseases and targets for disease
intervention. For instance, Alzheimer’s Disease has presented the toxic byproduct of a

dysfunctional proteostatic pathway in the presentation of misfolded protein aggregates as
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amyloid fibrils [42]. While the multifaceted steps in folding pathways make it difficult to
specifically target the misstep leading to negative folding outcomes, potential therapeutic targets
lie in the target bonding or replacement of proteostatic mechanisms. Targeted binding
interactions with the Hsp90-Cdc37-Cdk4 kinase complex and the adenosine triphosphate pocket
providing enzymatic energy have been proposed in targeted therapeutics, such as the role of

Tafamidis in targeting amyloid neuropathy [35].
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Figure 7. Model for linkage between kinase folding and activation for proposed model for Hsp90-Cdc37-Cdk4
kinase complex cycle. A) Transition between states through an unfolded intermediate (dashed line) presents a lower
energy barrier. B) Comparison of the active and inactive states between nonclients and client kinases. C) Model for
regulation of kinase cycle. [35]

1.4 Yeast Expression
Targeting proteostatic pathways for cellular intervention or the synthesis of novel

molecular structures has motivated the design of de novo protein sequences. While the study of
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protein folding in vitro has revealed the dynamic interactions of amino acids with each other, the
actualized formation of these proteins depends on the complex biological environment found in
nature. The parameterization of forces shaping protein expression and evolution necessitates a
biological environment in which reproducible mechanisms of the proteostatic system influence a
protein’s eventual conformation. Biological expression systems offer the ability to analyze the
translated products of recombinant DNA technology. High throughput systems allow for the
comparison of large amounts of protein sequences in targeted design of protein characteristics,
yet their applicability is limited by their ability to express large amounts of active protein [46].
The anatomical and biochemical characteristics of different cells affect the efficiency of
transcription and translation.

Several expression systems have been developed with the aim of producing functional
amino acid sequences with reasonable cost and effort. Bacterial, yeast, insect, and mammalian
cells have been commonly utilized for expressing large amounts of active protein (Table 2). No
system represents a universal expression toolset that can guarantee high yields of recombinant
product as every polypeptide product poses its own biomechanical and energetic obstacles in
terms of expression [46]. Bacterial cells, particularly Escheria Coli, were initially utilized for
their ability to produce protein in large quantities, providing the opportunity to purify, analyze,
and use expressed protein in a short amount of time [46]. These prokaryotic cells play an
important role in producing fragments that do not require glycosylation through extracellular
expression of protein sequences through the periplasm of their cell membranes, yet their yields
are highly dependent on the sequence in question [46]. Eukaryotic cells offer an advantage in

their biological relevance to therapeutic design, providing advanced protein folding pathways for
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secreting correctly folded heterologous proteins into culture media [46]. Insect cells provide a
popular pathway for baculovirus-mediated gene expression while maintaining the functional
activity of a foreign protein of interest, yet their considerably higher oxygen demand and
insufficient recognition of certain proteolytic cleavage sites can create stress on the translation
pathways in sensitive cells [46]. Mammalian cells offer the natural mechanisms for recognizing
and processing eukaryotic proteins, yet the significant variance of their transcriptional elements
in different cell lines and complex growth medium requirements limit the throughput of tested

designs [46].

Characteristics E. coli Yeast Insect cells Mammalian cells

Cell growth rapid (30 min) rapid (90 min) slow (18-24 h) slow (24 h)

Complexity of growth medium minimum minimum complex complex

Cost of growth medium low low high high

Expression level high low-high low-high low-moderate

Extracellular expression secretion to secretion to secretion to secretion to
periplasm medium medium medium

Posttranslational modifications

Protein folding refolding usually refolding may proper folding proper folding
required be required
N-linked glycosylation none high mannose simple, no sialic  complex
acid

O-linked glycosylation no yes yes yes
Phosphorylation no yes yes yes
Acetylation no yes yes yes

Acylation no yes yes yes
gamma-Carboxylation no no no yes

Table 2. Comparison of expression system components for inserted nucleic acid vectors and posttranslational
modifications. [44]

Yeast cells present highly efficient secretion of folded and processed heterologous
proteins on simple growth media as compared to other eukaryotic expression platforms (Fig. 8).
As the most well-known yeast strain and first eukaryotic genome to be completely sequenced,
Saccharomyces cerevisiae represents a well-characterized, efficient, and robust cellular platform

for a variety of expression purposes [47]. The two primary vectors used for the expression of
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genes in yeast are episomal vectors that propagate extrachromosomally and integrated vectors
where chromosomal integration occurs by homologous integration [46]. Classical mutagenesis
can be used for increasing homologous expression, while recombinant production can be
facilitated by introducing a gene of interest in autonomously replicating plasmids or integrating it
in the genome. The designs of a yeast expression system for a desired protein product resulting
from an inserted vector require an origin of replication or integration, a strong promoter, and a

selection marker [47].

surface-displayed secreted

su rface—displayed cellulases cellulases

minicellulosome

@/‘.
5124% P

\smg\e cellulases

Golgl&g \Oy/
/] /gﬁ

> N =% o

[ A
plasma |/ ( vacuole /.‘ ° }’
membraneT \ 4 . mitochondrion //
1 3 4

\
cell wall ) .
nucleus
». ribosome

- g

[AI[2IE]  conventional protein secretion pathway

anchor protein for surface display (a-agglutinin,
glycosylphosphatidylinositol)

&5 : - )
m cohesin-dockerin structure on a scaffoldin

& glycosyl hydrolase

Figure 8. Single yeast cell showing the main cell compartments involved in recombinant protein expression. [50]

Vectors applied for transformation of yeast host strains are hybrids of bacterial and
yeast-derived sequences [47]. The bacterial fragment carries elements crucial for plasmid
proliferation in E. coli, such as the selection marker indicating the success of transfection and the
origin of replication. Expression of recombinant proteins in Saccharomyces cerevisiae can be

done using three types of vectors: integration vectors (YIp), episomal plasmids (YEp), and
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centromeric plasmids (YCp) [51]. Ylp integrative vectors do not replicate autonomously, but
they are integrated into the genome loci at low frequencies through homologous recombination
[51]. These vectors typically integrate as a single copy, yet methods to increase copies of gene
integrations such as targeting the rDNA cluster have been developed for over-expressing certain
genes. YEp episomal vectors replicate autonomously due to the presence elements of the 2 um
yeast plasmid. These vectors can exist in cells in over 30 copies, yet they can lead to unstable
strains with significant batch variation in the production process [47]. YCp centromere vectors,
typically used in low-level expression and as cloning vectors, are autonomously replicating
single copy plasmid vectors containing centromere sequences and autonomously replicating
sequences [51].

Selection markers are classified into complementation markers and dominant selection
markers. Complementation markers are marker genes that complement an auxotrophic mutation
in the genome, such as URA3 or LEU2, used in selection for all expression systems. Dominant
selection markers are antibiotic markers such as G418 or cyclohexamide [47]. Selection of
transformed E. coli, typically using an antibiotic-resistant marker, allows for the isolation of
DNA or a plasmid before subsequent transformation and selection of S. cerevisiae to ensure
plasmid persistence through generations. Promoters, which are DNA sequences that can recruit
transcriptional machinery and lead to transcription of the downstream DNA sequence, are
typically utilized for the overexpression of heterologous proteins [47]. Constitutive promoters,
such as the ADH2 promoter, remain active under all circumstances in the cell, whereas inducible
promoters, such as the inducible HXT7 high affinity hexose transporter, are active with the

presence of an inducible stimulus [52]. The isolated DNA sequence is transformed in the yeast
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cells through shuttle vectors designed with the promoter, a cloning site for gene insertion, and
regulatory elements for maintenance [51]. Along with providing a carbon-source is necessary
for the growth and induction of product for each yeast cell phenotype, the glycosylation of
sequences to form mannoproteins proves a crucial step in proliferating expression across
different phenotypes [53]. Glycosylation and several other post-translational modifications, such
as phosphorylation and N-acetylation, are enacted on a translated protein during its expression in
the yeast cell surface to modulate protein activity and reduce degradation [54].

Following the selection and scaling-up of high expressing yeast clones in appropriate
culture media, fluorescent proteins and epitope tags commonly integrated into the chromosomal
locus offer a reporting mechanism for tracking a protein’s cellular dynamics [56]. Flow
cytometry can be used in cell sorting to pass cells with fluorescent markers through a light beam
to measure the light scatter characteristic of each cell’s components, allowing for the separation
of cells that meet a fluorescence threshold from non-displaying cells [58]. These cells with
tagged protein sequences are isolated and purified from the cellular mixture for analysis.
Accounting for protease release during cell lysis through protease inhibitors, precipitated
proteins can be separated according to amino acid properties such as isoelectric point through ion
exchange chromatography, molecular weight through sodium dodecyl sulfate-polyacrylamide gel
electrophoresis (SDS-PAGE), or molecular conformation through affinity chromatography.
Processing of deep sequencing data identifies specific amino acid sequences through recognition
of a unique barcode and cut sites upstream and downstream of an ordered sequence [60].
Genome-wide datasets based on the expression profiles of recombinant vectors have created

gene interaction networks to identify central genes in a disease-specific network (Fig. 9) [59].
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Figure 9. Visualization of combined large-scale interaction datasets extending from targeted expression analysis in
yeast. [17]

1.5 Machine Learning Application
Due to the complexity of accurately representing the multitude of interactions that
collectively overcome the entropic cost of folding a protein’s conformation in a dynamic
biological environment, powerful statistical tools are necessary to capture patterns in each
protein’s extensive structural data. A significant challenge in protein design lies in formulating
predictive insights from new, unseen sequential input in order to assess the application of natural

constraints on the output of de novo designs. The development of advanced computing power
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and machine learning methodologies have offered the capacity to generate informed predictions
through optimization techniques for complex combinatorial problems [65].

Machine learning broadly encompasses statistical methodologies for programming
computers to optimize a performance criterion by using example data or past experience [65]. Its
application has shown remarkable ability to make informed, automated predictions in various
areas, particularly in the realms of image classification and natural language processing [71].
While the use cases for machine learning models can differ substantially, the statistical
relationships inferred through their architectures can be applied effectively to transformed data.
Proteins found in nature present a diverse variety of sequential and structural data, where their
biochemical properties can be ascertained using modern proteomic informatics tools [17].
Through representing the features of amino acid sequences numerically, each sequence provides
an instance which can be mapped to an output measure based on its features and associated
feature values [17].

Machine learning methods can accomplish different tasks based on the type of inputs
and outputs provided for a model. Supervised learning methods utilize labeled data inputs to
finding the functional relationship /" between input data x with associated output data,
mathematically represented as y = f{x) + £, incorporating noise terms to account for uncertainty
and dimensional transformations for establishing mathematical relationships [71]. In contrast,
unsupervised learning methods utilize unlabeled input data with the aim of discovering inherent
structures in the data in order to find simplified representations of the input features [71].
Variations of these frameworks have been implemented in machine learning representations that

reflect biologically-relevant complexity. In reinforcement learning, which is based on
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neuroscientific perspectives of animal behavior, past inputs are generalized to iterative
high-dimensional inputs using goal-oriented algorithms at different time steps to maximize
cumulative feature reward [73]. In capturing the integration and activation properties of real
neurons in the human nervous system, the advent of artificial neural networks has applied
interconnected statistical architectures to biological system inputs to model and optimize
complex artificial learning systems [74].

The mathematically-defined goal of these statistical learning algorithms is to optimize,
through some measure of accuracy, the systematic representation of the information that input
variables contain about the associated response variables for use in formulating either predictions
or inferences [76]. The qualitative or quantitative variables associated with the expression of
designed protein sequences present targeted regression and classification goals for statistical
frameworks. Filtering the search space for functions representing the relationship among
variables requires a choice of parameters that may be adjusted in order to achieve a model that
best fits the training data (Fig. 10). For quantitative outputs, the estimated loss in predictive
accuracy is generally assessed with test data’s mean squared error, which is a function of model

variance, square bias, and irreducible error according to the following [76]:

B (yo— f(z0)) = Var(f(z0)) + [Bins(f(x0))]? + Var(e)

For qualitative outputs, the estimated loss in predictive accuracy is measured by the test error

rate between predicted and actual classes according to the following [76]:

Ave (I(yo # io)).
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The degree of flexibility allowed in the model impacts its predictive accuracy on new,
unseen inputs through the amount which the estimated relational function will change if fit to a
different training data set. In parallel, the model’s bias relates to the error introduced by
approximating a complex problem by a simpler model. The two factors tend to be inversely
related through a bias-variance trade-off (Fig. 10). Achieving minimal values of both variance
and bias is a primary challenge in statistical learning for complex biological processes in that a
predictive model needs to simultaneously capture relationships in a dataset while avoiding

overfitting such that the model accurately extends to new observations [75].

25
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Figure 10. A) The plot displays the desired response variable Y as a function of the input features X, and X,. The
blue surface represents the true underlying relationship between the two input variables and Y. The red dots indicate
the observed values for specific quantities, which further display the difference between the observed values and the
estimated values based on the functional relationship between the inputs and response. B) The plot of mean-squared
error (red), bias (blue), and variance (orange) of the statistical learning algorithm displays the bias-variance tradeoff
in attempting to fit a predictive model to training data while minimizing predictive loss on unseen test data. The
dashed line represents the irreducible error of a predictive function. [76]

Advanced machine learning architectures become necessary for wide datasets in protein
engineering applications, in which the number of relevant input feature influences far exceeds

the output dimensions [75]. In controlled experimental designs, machine learning makes
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minimal assumptions about the data-generating systems, thus removing the need for potentially
inaccurate assumptions while capturing relevant features in complicated nonlinear interactions
[75]. Representation learning methods allow software systems to be fed raw proteomic data and
automatically discover representations needed for classification or detection. Deep learning
methodologies encompass multiple layers of representation with non-linear transformations
between layers to extract more abstract representations of the input [77]. The core components
of a neural network design for extracting representations of protein sequences include an
objective function to be maximized or minimized, a set of learning rules expressed as learning
rule updates, and the network architecture expressed as pathways and connections for

information flow (Fig. 11) [74].
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Figure 11. Representation of the core components of deep learning design. The objective function quantifies the
performance of the network on a specified task. Learning involves searching for the synaptic weights, through a set
of updating rules, that maximize or minimize the objective function, quantified by a loss or cost measure. The
network architecture specifies the connection of these units and determines the flow of information. [74]

The natural definition of learning, to change a system that improves its performance, is

reflected in the credit assignment procedure for ensuring that changes in parameter weights
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produces an improvement in the model’s objective function. A learning model’s objective
function, F (W), offers a measure of the system’s performance given a vector of its current
synaptic weights, . The weights and subsequent change in performance can be mathematically

represented as follows [74]:

W > W + AW,
AF = F(W + AW) — F(W).

The performance change based on small changes to ¥, assuming that F is locally smooth in its
current state, can be approximated by the inner product between the weight change and the

gradient of F with respect to W as follows [74]:
AF = AW - Vyw F(W).

To guarantee an improvement in performance during training, the change in performance is
constrained to be a positive value for each step. Gradient-based algorithms operate under the
intuition that small steps of weight parameter values in the direction that provides the greatest
improvement for that step size. A small step size, 7, is chosen to improve the objective function
as much as possible as follows [74]:

AF =~ nVNyw FO)T - Vy F(W) > 0.

This challenge of credit assignment in the search for an improved objective function is
aided in the architecture of a learning network (Fig 12). Several learning rules have been
proposed in providing an estimate of the gradient of the objective function. Simple error
back-propagation has proven an effective methodology in training multi-layer architectures
through the calculations of stochastic gradient descent [77]. Alternative learning rules, such as

feedback alignment, node perturbation, and regression discontinuity design, introduce
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significantly higher bias or variance in the learning calculations when compared to error

backpropagation [74]. While certain inductive biases can be useful in applying prior knowledge

to optimization procedures, features with complex and unknown interactions in protein

interactions facilitate a methodology that can ascertain parameter updates through more simple

learning updates. This error backpropagation procedure, applied repeatedly through all

modules, calculates the derivative of the objective function with respect to the input of a module

by working backwards from the gradient with respect to the output of that module [74].
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Figure 12. Multilayer networks and backpropagation. A) Forward pass transforms the input data through hidden
representation into the dimensions of the output units. B) Backward pass updates the weights through the gradient of

errors with respect to the weights. [77]

1.6 Computational Bioinformatics

As software models have increased in complexity and scope of objectives, their

applications have extended from simple image classification to large biologically-relevant
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datasets (Fig. 13). General areas of machine learning applications in bioinformatics extending
from the expression pathway include genomics, pharmacogenomics, and epigenomics [78].
Pinpointing the genetic origin of cellular functions, evaluating variations in an individual’s drug
response to treatment brought on by a genetic profile, and investigating protein interactions to
understand higher level processes have presented challenges in therapeutic development aided by

the processing power of high-order algorithms.
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Figure 13. Overview of different inputs and applications in biomedical and health informatics where statistical
learning algorithms can ascertain unknown connections between biological signatures and specified therapeutic
goals. [78]

At the transcription level, next-generation sequencing technologies such as single-cell
RNA sequencing have provided data for quantifying changes in the presence and quantity of
RNA transcripts in the cellular transcriptomes over time or across cellular groups. Patterns of
differential gene expression can be identified through supervised and unsupervised learning
algorithms. Learning methodologies such as the random forest classifier can be utilized to create

decision trees for predicting cellular phenotype based on the relative contribution of associated
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genes [75]. Time-varying contributions of expression control mechanisms impacting cellular
fates can be captured through feature representation learning and functional enrichment analysis,
such as in Liang et al’s development of an F-score algorithm for global expression profiles in
dividing cells [80]. In pioneering understanding patterns of cellular control of neurological cells,
such applications as the characterization of brain cell types through the Allen Institute for Brain
Science has displayed crucial insights into the minute differences in cell types involved in
neurodegenerative disorders through clustering algorithms of single-cell RNA sequencing data
[81].

Attempting to capture experimentally determined and potentially unknown aspects of
amino acid inputs, various encoding methodologies have been proposed for relaying information
relevant to protein folding outcomes into statistical architectures (Fig. 14). Binary encoding
methods utilize high-dimensional sparse vector representations, from 20 dimensional categorical
one-hot encoding to lower dimensional 5-bit encodings of each amino acid, create a vectorized
form in which an algorithm can recognize the distinct inputs and establish weighted calculations
for optimizing a cost function [85]. Physicochemical properties based on the side chain group of
each amino acid, such as hydrophobic, steric, and electric properties, can also encode targeted
aspects of proposed sequences to attribute multidimensional patterns of covariation among the
input sequence [85]. Position-dependent methods can generate substitution probabilities at each
sequence position to generate multiple sequence alignments for a target protein sequence [85].
Furthermore, structure-based encodings can account for distinct interactions, from short-range to

long-range, to reflect inter-residue contact energies [85].
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Figure 14. Generalized architecture for machine-learning based amino acid encoding methods. The input is the
original sequential amino acid encodings, the output is the desired experimental measure of fitness relating to
sequence, and the hidden layer represents the new numerical encodings of corresponding amino acids. [85]

Implementation of encoded amino acid sequences has shown potential in relating
characteristics of natural proteins to de novo design. Fukuchi et al’s binary classification of
structural domains into either assigned domains or intrinsically disordered domains trained
through sequence position-specific scoring matrices has targeted regions of unknown structural
identity across a proteome [82]. Quantitative structure activity relationship analysis has
presented the application of convolutional neural networks in virtual screening for
protein-protein interactions in drug discovery [78]. Such binding affinity goals have produced
high-throughput platforms, such as Younger el al’s AlphaSeq platform for rapid characterization
of synthetic sexual agglutination in reprogrammed S. cerevisiae cells expressing recombinant
designs, that exponentially increase screening speed of targeted designs [83]. Deep residual
network training of inter-residue contacts and distances based on coevolutionary data, such as the
transformed restrained Rosetta method from Yang et al, extends an efficient screening process
for structural goals and connects it to an energy-minimization protocol for generating structures

guided by these restraints [84]. Beyond minute additions to protein domains found in nature,
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deep learning has expanded the search space for novel secondary structural elements validated

through parametric restraints, such as coiled-coiled assemblies and helical bundles [79].

1.7 Purpose

Among the advancements in protein stability prediction and biological systems for
generating designed sequences, the aspect of expressibility is a crucial component in developing
high throughput procedures for optimizing specified protein products. While the targeted
application of the de novo designs, such as targeted drug binding efficiency or increased
enzymatic activity, represents the ultimate goal of protein engineering, the process to achieving a
successful design requires repetitive and time-consuming testing procedures to filter the massive
search space for effective sequences. The ability to express these designs in a biological
platform can hinder the search for effective therapies and presents a roadblock in developing
validated systems for theoretical designs. As such, the goal of this work is to integrate
software-based machine learning principles in expression level data of recombinant experiments
in yeast in order to develop predictive measures of success extending from a given sequence of
amino acids. The patterns of expressibility among various designs would allow for the screening
of potential designs for their viability in binding experiments and structural determination, while
also offering the generation of new potential expressing sequences extending from those showing

successful integration in the yeast expression pathway.
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CHAPTER 2: METHODS

2.1 Sequence Generation

In order to obtain a diverse collection of protein sequences for analyzing the collective
impact of each amino acid on expression levels, approximately 100,000 sequences designed by
laboratory researchers in the University of Washington’s Institute for Protein Design were
collected along with approximately 100,000 sequences from Two Six Labs, generated through a
trained deep learning generator. These expression observations were made available through the
Texas Advanced Computing Center (TACC) database storing relevant files for the DARPA
Synergistic Discovery and Design (SD2) program. The datasets originated from designs
resulting form the Rosetta software suite including algorithms for computational modeling and
analysis of protein structures. Protein design was performed in three stages in the work of
Rocklin et al: backbone construction, sequence design, and selection of designs for testing [60].
Backbone construction consisted of the de novo construction of compact, three-dimensional
backbones with pre-specified secondary structures. Blueprint files were built for each topology
in order to define a secondary structure at each residue position and the strand pairing of any
p-sheets based on a set of rules relating secondary structure patterns to protein tertiary motifs.
The rules were developed based on chirality orientations for three classes of junctions between
adjacent secondary structure elements: 3, Sa, and af [86]. The blueprint files were used to
select three-dimensional fragments from protein crystal structures matching the proposed
secondary structure. These fragments were assembled into a full protein backbone using Monte

Carlo sampling with a scoring function such that the backbone matched the specified secondary
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structure, satisfied compactness criteria, and avoided steric clashes. The scoring function was
based on Bayesian separation of total energy into components that describe the fitness of a
sequence given a particular structure [88].

The backbone structures produced were used as input for the Rosetta sequence design
protocol FastDesign [89]. This protocol uses an approach called packing, where random
substitutions are made using sidechain rotamers to find the sequence with the lowest possible
energy for each backbone. The search for the lowest energy state is accomplished through
repeated alternating rounds of rotamer optimization and gradient-based energy minimization
based on amino acid repulsion. Rosetta energy functions incorporating linear combinations of
terms modeling interactions between atoms, solvation effects, and torsion energies were utilized
to obtain the lowest possible energy for each backbone [90]. The allowed residues at each
position were restricted according to the Rosetta LayerDesign protocol, in which the
environment for each residue was classified into core, boundary, or surface residues based on the
solvent-accessible surface area of main-chain atoms [86]. Before the final selection stage, the
designs were filtered according to compactness and overall Rosetta score [60].

The filtered designs were ranked according to several metrics, ranging from simple
sequence properties such as number of hydrophobic residues to combinations of Rosetta energy
terms such as full-atom energy and hydrogen bonds per residue. Multiple rounds of ranking
were instituted with additional metrics such as geometric similarity to fragments of natural
proteins and hydrophobic clusters. The final round involved an automated ranking scheme with
structura metrics using topology-specific linear regression, logistic regression, and gradient

boosting regressions to predict experimental outcome [60]. The resulting sequences were
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padded with the repeating sequence GSS at the C-terminus until each sequence had a total length
of 65 residues. Combined, the protein design protocol resulted in a collection of over 100,000

sequences within 22 topology classes and their associated features.

2.2 Yeast Expression Counts

The expression of designed sequences was performed through the methods described by
Rocklin et al in the University of Washington’s Institute for Protein Design [60]. All sequences
were reverse translated and optimized for codon transcription using DNAworks2.0. This
methodology optimizes the coding sequence for expression systems to avoid potential problems
such as high glycine and cysteine content, codon bias, and complex intron/exon structures [91].
The sequence libraries were amplified for yeast transformation in two polymerase chain reaction
steps. In the first step, 10 ng quantity, from CustomArray libraries, and a 2.5 ng quantity, from
Twist and Agilent libraries, of synthetic DNA were amplified using Kapa Biosystems
polymerase for 10-20 cycles by qPCR. The number of cycles was chosen to terminate the
reaction at 50% yield to avoid overamplification. The reaction products were isolated through
agarose gel electrophoresis and then re-amplified by qPCR. The second PCR product was
purified and concentrated to remove DNA primers, nucleotide triphosphates, salts, and enzymes
according to the protocol from Banauil et al [93]. A modified version of the pETcon yeast
surface display vector to enable homologous recombination with designed sequences containing

40 base pairs on either end [94]. DNA libraries for deep sequencing were prepared in a similar
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manner, except the amplification was started from yeast plasmid prepared from cells by
Zymoprep. Six base pair barcodes were added in the second qPCR step.

S. cerevisiae yeast cells were grown and induced in preparation for cell density
measurement by NanoDrop. Approximately 12-15 million cells in 1 mL increments were added
to each microcentrifuge tube. The cells were washed and resuspended in a buffer solution before
being labeled with anti-c-Myc-FITC for detection using chemiluminescent reagents [92]. The
cells were sorted using a Sony SH800 flow cytometer, initially gated by forward-scattering and
back-scattering area to collect the main yeast cell population. These cells were then gated by
forward scattering width and height separately to separate individual and dividing cells from cell
clumps. After these gating steps, the cells were gated by fluorescence intensity at a level of
2,200 fluorescent units to separate displaying cells from non-displaying cells. The fraction of
cells passing the fluorescence threshold and the total number of cells were collected before any
proteolysis steps for each sort. The libraries were assayed at six protease concentrations over
three sequential selection rounds in order to assess the EC;; values of each sequence, providing a
normalized stability score. Furthermore, the library was identified in a sequencing run using a
unique six base pair barcode, and then the reads were paired using the PEAR (paired-end read
merger) program for target fragments [95]. These reads were considered counts if the read
contained the Ndel cut site sequence upstream from the ordered sequence, the Xhol sequence
downstream from the ordered sequence, and matched the ordered sequence at the amino acid

level.
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2.3 Predictive Model Designs

The dataset included each amino acid sequence in the library and its associated
characteristics available through sequencing and subsequent experimental analysis. Among the
expression reads for each sequence, the dataset included the naive library counts of the DNA
sequence corresponding to each transformed sequence, the counts with no proteolytic exposure
for each expressed design passing the fluorescent threshold, and the expression counts following
each level of proteolytic exposure. Expression was indicated by the naive library counts and
expression counts, normalized by the ratio between the two values, whereas the proteolytic
exposure counts were only used for establishing the stability score when comparing expression
to protein stability [60].

Machine learning architectures were implemented in order to encode the sequences to
numerical representations and formulate predicted expression levels. Models were implemented
for the objectives of classification and quantitative regression utilizing the machine learning
frameworks PyTorch and Tensorflow in Python. Among various architectures considered,
standalone versions or combinations of three general frameworks for extracting were
implemented: linear dense layer activation, the long short-term memory (LSTM) architecture of
recurrent neural networks designs, and a version convolutional neural network (CNN).

Dense layers are regular deeply connected neural layers implemented either as
standalone output conversions or as part of larger neural network architectures. Each neuron of a
dense layer is connected to each neuron of the previous layer, forming multilayer perceptrons
(MLP). Each layer contains a weight matrix W, a bias vector b, and the activations, a, of the

previous layer. The values in the indices of the following layer correspond to hidden
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representations capturing the linear transformations of the previous layer’s values followed by a
nonlinear activation function. The nonlinear activation functions, providing the ability for the
network to learn by updating weights with respect to the error, utilized in the analysis included
rectified linear unit (ReLU), sigmoid, hyperbolic tangent (tanh), and softmax. Dense layer

architectures were incorporated in the available vector representations of each amino acid

sequence (Fig. 15).
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Figure 15. Model architecture for dense layer activation in Tensorflow. A) Visualization of input, hidden, and
output layers. The input vectors of flattened sequence representations are connected to each neuron of subsequent
layers with decreasing dimensional size. The values established in the tensor of each layer are the result of linear
connections, activation functions, and regularization. B) Layer specifications in Tensorflow. [99]

Recurrent neural networks incorporate the conditional probability of an output variable at
a given position given the possible effects of values in previous positions throughout a sequence.
In capturing a sequence’s historical information up to a current time step, each hidden state is
computed recurrently with previous time steps to capture sequential effects at each position. Due

to the variable impacts of other amino acids based on their distance to the position in question,
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the implementation of a long short-term memory modification attempts to balance the impacts of
long-term and short-term information preservation. Each hidden state contains a forget gate and
a memory gate that contribute to the magnitude with which the output of each position is
computed based on the learned contributions of previous positions. Because the relative
contributions of each amino acid is not limited to those only seen in previous positions within a
linear sequence, the bi-direction LSTM architecture was adopted to incorporate both forward and

backward hidden state updates in training (Fig. 16).
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embedding
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Figure 16. Bidirectional LSTM network architecture. A) Visualization of information flow for embedded inputs.
B) Layer specifications in Tensorflow. [99]

Convolutional neural networks utilizes the concept of spatial invariance, such that the
network responds similarly to observed regions of a sequence, and aggregates these local
representations to make predictions at the entire sequence level. Rather than having a single
activation corresponding to each spatial location, convolutions produce entire vectors of hidden
representations corresponding to each spatial location. These feature maps provide a spatialized

set of learned features passed on to the subsequent layer. In encoded sequences, this operation
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amounts to a two-dimensional cross-correlation of a kernel operator passed over the input
matrices and the addition of a bias term. This operation is followed with a pooling layer to
reduce the spatial size of each convolved feature. The convolution layers in this architecture
were dilated to capture potential longer range impacts of neighboring residues. The
convolutional network implemented for analysis incorporated a modified version of the ResNet

architecture in which repetitions of convolutional and pooling layers are added to the initial input

to help mitigate the problem of vanishing gradients (Fig. 17, Fig. 18).
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Figure 17. Convolutional network representation. A) The information flows through the convolutional network,

incorporating encoded amino acid sequences and associated measures of performance. B) The skip connection adds
the input information for the convolutional block to the output of convolutional operations. [99]
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Figure 18. Model architecture of the convolutional neural network in Tensorflow.

The architectures of the models were adjusted across multiple iterations to find those with
the best validation accuracy in their respective predictive goals. Those with the best achieved
predictive performance in each framework were reported. For classification models, the loss
function of categorical cross-entropy was used, which accounts for the product of the ground

truth and the predicted output class score for each sequence. For quantitative prediction models,
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the loss function used was mean square error, which accounts for the average square of the
difference between the predicted outcomes and the true values for each encoded sequence. Very
little difference in results based on the choice of activation functions was observed, so rectified
linear unit (ReLU) was used for connected layers other than those in the final output layers. The
final layers either used a softmax activation for classification or a linear activation for

quantitative outputs.

2.4 Encoding Methods

Several encoding methodologies were tested in representing the incoming sequences in
numerical forms which could be analyzed (Fig. 19). The primary method for analysis was the
one-hot encoding of each amino acid. In this methodology, each amino acid is represented by a
vector of length 21 to account for each of the 20 amino acids and an additional value for any
miscellaneous values. Within each vector, all values are zero except for the index corresponding
to the amino acid, which received a value of one. Each sequence was thus represented by a
65x21 matrix of concatenated one-hot encoded vectors. To analyze performance based on amino
acid hydropathy, a matrix consisting of hydropathy differences between residues at each position
was also created for each sequence. In each matrix, the value at each index is the difference
between the hydropathy values of two amino acids, one in the position corresponding to the row
and the other in the position corresponding to the column. Thus, each sequence in this encoding

was represented by a 65x65 matrix with the difference in hydropathy values between two amino
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acids in each entry. Finally, based on encoding methods in natural language processing, each
amino acid type was also embedded in a dense vector representation based on a dictionary of the
20 amino acid codes. This embedding conversion starts with an initialized set of random weights
and learns a numerical vectorized embedding of specified length for each amino acid code.

Thus, the amino acid letters of each sequence were embedded into a 65x128 matrix of numerical

embedded values.
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Figure 19. Encoded matrices of amino acid sequences. A) One-hot encoding matrix (65x21). B) Hydropathy
difference matrix (65x65). C) Language embedding matrix (65x128).

These encoded sequences were fed through the network for learning predicted outcomes
based on experimental fitness. The first measure of expressibility was established as a binary
classification in which each sequence would be considered to either be enriched or depleted in
cell sorting the fluorescent expressed sequences when compared to the amount in the naive
library. The cutoff between the two classes was set based on the ratio of expressed counts over
naive counts at a value of one. The second measure of expressibility was the numeric value of

this ratio between expressed counts and naive counts. Finally, the expressed counts alone were
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used as the measure of expressibility. Due to the uncertain nature of the variability in the amount
of each sequence transformed in yeast, the differences in predictive performance on these values
were compared. The sequences were split into training (80%) and validation (20%) sets for
analyzing model performance (Fig. 20). Within the aggregated dataset of Rosetta-designed
structures, the models were also trained using the categorical output of topology and the

numerical output of stability score.
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Figure 20. Amino acid code frequencies for training, validation, and total dataset.

2.5 Latent Space Exploration

In order to generate possible design alterations that could achieve improved expression
performance, a variational autoencoder (VAE) was implemented to explore the latent space
representations of the sequences. This VAE architecture works to create a bottleneck for input
data that ensures only the most relevant factors determining an observation’s structure can pass
before being reconstructed to the original dimensions of the input data (Fig. 21). This
architecture is based on examples in handwriting recognition and language translation where
input representations are converted to two-dimensional representations in latent space. This

latent space is sampled and translated to the original dimensions of the input. This model
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architecture offers both training in the accurate lower-dimensional representation of complicated
sequences and in the generation of new sequences from this latent space. This hidden
representation was analyzed for comparisons among altered sequences and utilized to generate

new sequences
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Figure 21. Architecture of variational autoencoder. The encoder compresses the input data down to two latent
variable representations. The decoder samples from the latent space and transforms them back to the original
dimensions of the input data. Together, these two architectures form the overall structure of the variational
autoencoder (VAE).



CHAPTER 3: RESULTS

3.1 Predictive Accuracy
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The binary classification of designed sequences into those with increased expression was

made possible with varying degrees of success. The validation accuracy of binary predictions
ranged from 67.4% to 76.3%. The dense layer activations tended to show the least predictive
accuracy in the validation sets, whereas the convolutional neural network architecture had the
highest predictive accuracy. Interestingly, dense layer activation was able to achieve a high
training accuracy/low training error estimate with both outputs, yet its validation Furthermore,
the most successful encoding method appeared to be the categorical one-hot encoding of each
amino acid when compared to the other two methods. The same differences in performance
were observed in the prediction of the continuous variable of expression ratio. The

convolutional neural network displayed the lowest mean squared error (MSE) of 0.412 in the

validation set using one-hot encoding of the input amino acids.

A B
Binary Classification Expression Ratio Prediction
Model Inputs Train Accuracy Val. Accuracy Model Inputs Train MSE Val. MSE
1: Dense Layers | 1hot encoding 91.2% 67.4% 1: Dense Layers | 1hot encoding 0.196 0.598
2: Dense Layers | Hydropathy difference | 90.6% 66.8% 2: Dense Layers | Hydropathy difference | 0.274 0.613
3: Dense Layers | Embedding layer 86.7% 66.9% 3: Dense Layers | Embedding layer 0.341 0.625
4: Bi- LSTM 1hot encoding 92.2% 71.2% 4: Bi- LSTM 1hot encoding 0.542 0.548
5: Bi-LSTM Hydropathy difference | 93.1% 71.8% 5: Bi-LSTM Hydropathy difference | 0.589 0.596
6: Bi-LSTM Embedding layer 87.1% 721% 6: Bi-LSTM Embedding layer 0.596 0.532
7:CNN 1hot encoding 93.1% 76.3% 7: CNN 1hot encoding 0.294 0.412
8: CNN Hydropathy difference | 94.2% 73.1% 8: CNN Hydropathy difference | 0.412 0.541
9: CNN Embedding layer 89.2% 741% 9: CNN Embedding layer 0512 0.591

Table 3. Accuracy of different model architectures and encoding methods for target outputs. A) Binary classifier for
predicting whether a sequence will be enriched in expression counts. B) Continuous variable prediction for ratio of
expression to naive counts.
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Through the binary classifier, the relative probability of a sequence being enriched in the
group of expressed counts compared to the group of naive counts allowed for a relative
comparison of expressibility across all sequences (Fig. 22). The model was trained on the
experimental data from the deep learning model generated designs, and it was applied to the
designs from the Institute for Protein Design to visualize the distinctions among the labeled
topologies. In general, the probability of enrichment among expressed proteins was most similar

among topologies
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Figure 22. Ranked predicted probability of sequence enrichment among expressing proteins, colored by topology
class.

The prediction of the continuous output of expression ratio, defined as the ratio of
expressed counts to naive counts, produced values that tended to increase along with an increase
in their true values (Fig. 23). While some designs showed larger deviation from their expected
values, the increase in predicted values showed a loosely linear increase as the true value of the
expression ratio increased. The coefficient of determination (R?) value between the true
expression ratio and predicted expression ratio was 0.672, suggesting a trend in increased

predicted expression ratio along with an increase in the true expression ratio.
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Figure 23. Plot of predicted expression ratio (ratio of expressed counts to naive library counts) through CNN
compared to true values. The red line indicates where the two values are equal to one another.

The same model architectures were applied to the topology classes and stability scores
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associated with each sequence (Table 4). As these features have been experimentally determined

in other experiments, they offer a basis of comparison both for the efficacy of this model as well

as associations of expression data with these features. The predictive models performed very

well on extracting topology classes from the provided sequences, with the convolutional neural

network classifying the topology of each sequence with 99.7% accuracy in the validation set.

The models also performed reasonably well with the stability score as the output, with the CNN

architecture displaying the lowest validation MSE of 0.260.

A B
Topology Classification Stability Score Prediction
Model Inputs Train Accuracy Val. Accuracy Model Inputs Train MSE Val. MSE
1: Dense Layers | 1hot encoding 94.5% 96.3% 1: Dense Layers 1hot encoding 0.329 0.412
2: Bi-LSTM 1hot encoding 91.3% 94 8% 2: Bi-LSTM 1hot encoding 0.314 0.358
3: CNN 1hot encoding 99.1% 99.7% 3:CNN 1hot encoding 0.239 0.260

Table 4. Accuracy of different model architectures for A) topology classification and B) stability score prediction.
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Comparing the predicted values of sequence expression ratio to stability score, the
predicted expression did not show a clear linear trend with the predicted stability score (Fig. 24).
A given predicted expression level showed designs with a wide range of stability scores. When
labeled by topology, several topologies tended to cluster with similar expression levels, while
others showed more variation in predicted expression levels across their set of designs.
Observing if there were any trends between expression ratio and stability score, it was not clear

if one predicted feature had a specific impact on the other.

Predicted stability score

(=L SIS . P Y]

Predicted expression ratio

Figure 24. Comparison of predicted stability score to predicted expression ratio, colored by topology class.

3.2 Unsupervised Latent Space Representation
Sequences closely matching designed sequences were sought after for improved
expression performance. The representation of the trained sequences in latent space showed the
capabilities of the variational autoencoder to locate similar sequences in two-dimensional latent

space (Fig. 25). When colored by topology, the latent space representation distributed the
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sequences in similar locations among the 2-dimensional space. This space displays the sample
space from which the decoder recreates sequences based on position-based probability

predictions.
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Figure 25. Latent space representation of aggregated Rosetta designs colored by topology classification.

A designed sequence was chosen as a reference for analyzing the effects of single point
mutations on the representation of the sequence. Multiple sequences were generated from this
reference sequence by mutating single amino acids at each location with another chosen from the
collection of all natural amino acids. All designs were plotted in the two-dimensional latent
space representation, and the reference sequence along with the mutated variants were separated
for visualization (Fig. 26). Additionally, the sequences not part of the set of mutants were
colored according to the cluster labels resulting from their partitioning through k-means
clustering, which showed slightly different clusters than those seen by simply labeling according
to topology classification. As seen in the latent space representation, the degree and direction of

separation between the original sequence and the mutated variants differed depending on the
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location and type of amino acid substitution, displaying the unique impacts of a single amino

3 2 -1 L} 1 2 3 2 1 o 1
200 200

acid on the encoded nature of a polypeptide sequence.

A B

Figure 26. Latent space representation of aggregated data in variational autoencoder. A) All Rosetta designed
sequences colored in blue. Observed sequence colored in red. Single mutation variants of observed sequence
colored in yellow. B) Same plot with all other sequences colored according to k-means cluster labels.

Through the encoding of these variants in the latent space, their subsequent decoded
outputs present distinctions in their predicted sequences. Reconstructions of latent space
locations creates a probability weight matrix in which the neural network assigns a probability in
among all 20 amino acid options at each position (Fig. 27). Single point mutations create
changes in the output probability matrix across all positions, not just the one where the mutation
occurred. This change in predicted probability displays the cascade of effects resulting from
changing minute regions of a sequence. Due to the complex nature of creating a
low-dimensional space of sequences composed of 65 amino acids, the direction of changes
resulting from small changes in the sequence offer visual insight into how the variational

autoencoder is learning to minimize the loss of decoded accuracy.
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one hot enceding of input sequence (original(red), mutated(yellow))
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Figure 27. Reconstructed sequences from latent space represented by one-hot encoding of each residue position.
The top figure represents the one-hot encoding of each position in the amino acid sequence. The positions
indicating the amino acid type are the same at all positions except for the one where the mutation occurred. The
position of the original amino acid type is colored in red, while the one indicating the type of the mutated sequence
is yellow. The middle two plots indicate the probability weight matrix for both the reference sequence and the
mutated sequence. These weight matrices were the result of decoding the latent space representations of each
sequence. The bottom figure represents the difference in the values of the probability weight matrix between the
reference sequence and the mutated sequence.
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Principal component analysis (PCA) was applied to the set of mutated sequences to find
the direction in latent space accounting for the majority of the variance among their encodings.
Moving along the first principal eigenvector from PCA analysis, the alterations in latent space

present new sequences that reflect the change seen from single point mutations. The goal of
analyzing sequence fitness along this vector is to move in latent space in a manner that reflects
small changes to a target sequence. The vectors along which the VAE minimizes

representational loss in this space point to potential gradients in which the change in output

topology can be analyzed, possibly creating new combinations of amino acids along an

observable gradient.
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Figure 28. Plot of principal component analysis of mutated sequences on latent space representation. A) View of
overall latent space plotted with PCA eigenvector (in turquoise) of mutated sequences. B) Zoomed in view of
mutated sequences. Each dot along the eigenvector represents a small perturbation in latent space to test for

decoded output.



Perturbing incremental steps along the PCA eigenvector of the mutated sequences

subsequently allows for the visualization of predicted sequence decoding (Fig. 29, Fig. 30).
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Moving along the first principal component vector, corresponding to the direction that captures

the most variance in the latent space reconstruction of the mutated sequences, the decoded output

sequence changes significantly, particularly when moving further away from the locations in
which the training sequences were observed. The subsequent changes in decoded sequences

offers the generation of sequences not used in training and how they relate to the variation in

sequences resulting in different expression levels.
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Figure 29. Reconstructed sequences from latent space representation. The top plot displays the original sequence’s

reconstruction. The middle plot displays the reconstruction following a perturbation in latent space along the
eigenvector of PCA analysis. The bottom plot displays the difference in reconstructed predictions between the

reconstructed original sequence and the perturbed reconstruction.
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Figure 30. The left shows the sequence reconstruction based on the location within the latent space of the trained
variational autoencoder. Each perturbation corresponds with a position-weight matrix used to predict the most
likely sequence given the coordinates in latent space. The right shows the movement within the latent space
representation. The color of the background corresponds to the log probability of decoding the original reference

sequence within the latent space representation.
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3.3 Trained Model Dimensionality Reduction
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After training the models with the supervised outputs of expression metrics, the

sequences were passed through the trained architecture in order to visualize the distribution of

values (Fig. 31). These vectors of length 100 were compressed into two latent variable
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representations similarly to the hidden state of the variational autoencoder. The two-dimensional

latent space shows the distribution of predicted expression ratios based on the one-hot encoding

of their amino acid sequences. The plot displays a general tiered segmentation of the values,
tending to increase as the values of both latent variables increased (diagonally top and to the
right). The plot of the sequence and its single-point mutations display how each sequence

representation impacts its location in latent space and the subsequent predicted expression



metric. Mutating the sequences tended to move their hidden representations along a diagonal

from top left toward bottom right in the plot, corresponding to close expression metrics (as

54

indicated by the color gradient of all the points). Because these sequences were passed through a

separate model trained only on the output metric of expression, the two-dimensional
representation is, as expected, different than that based on the variational autoencoder, which

was trained on the decoded output of the representations.

Figure 31. Two-dimensional latent space representation of the final layer of the trained convolutional neural
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network. The reference sequence is colored in red, the sequences of single mutations are colored in orange, and the

remaining sequences are colored according to the values of their predicted expression ratios as output from the

CNN.



55

3.4 Sequence Expression Comparison

The reference sequence and the single-residue mutant variants visualized in the VAE
were compared by passing their one-hot encodings through the trained classification model (Fig.
32). Each variant produced a different probability of enrichment among expressing proteins.
There were multiple mutated variants that either decreased or increased the binary probability
compared to the original reference sequence. The supervised learning method previously
described presents an ordering of the most preferred single mutations in a target sequence in
terms of expressibility, presenting possible iterative changes to a desired sequence outcome that

could improve expression in a surface display assay.
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Figure 32. The impact of single-residue mutations on predicted expression enrichment. The plot shows the
probabilities from the trained CNN binary classifier, with the reference sequence colored in red and all sequences
with single-residue mutations colored in orange.

The variational autoencoder’s latent space itself was also used to generate new sequences

not observed in the training data. The orientation of the two-dimensional space ideally presents

similar sequences, as determined by training the decoded outputs of the space, in close proximity
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to one another in the space (Fig. 33). Making small perturbations in this space was used to
generate 400 sequences close (within a random range within 0.1 units of both latent space
parameters) to the top 10 most highly expressed sequences within each of the 22 given
topologies in the training data. These sequences were then fed into the trained expression
network to predict their expression levels (Fig. 34). The comparison of sequences similar to the
top 10 most expressed sequences in the topology “0a6b” are displayed for visualization. While
many of the sequences did not appear to show a high expression prediction (as displayed in their
predicted binary classification probabilities and their predicted expression ratios), several
sequences showed promising expression predictions that could match or even exceed the
expression of those seen in the surface display assay. These sequences offer potential alternative
designs that could create a more successful expression trial with targeted designs similar to those

of interest in the original protocol.
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Figure 33. A) Locations of top 10 most highly expressed sequences for each of the 22 provided topologies
represented in the VAE’s latent space shown in red. B) Small perturbations away from the locations of the most
highly expressing proteins, 400 for each topology, in latent space shown in blue.
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Figure 34. The predicted expression metrics of the top 10 expressed sequences in the class “0a6b.” In both plots, the

top 10 most highly expressing sequences are colored in red. The other sequence predictions are from decoded
perturbations in the variational autoencoder’s latent space. A) The predicted binary probability of an increased
presentation among expressing proteins for the sequence reconstructions. B) The predicted expression ratio of
expressing counts to naive counts for the sequence reconstructions.
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CHAPTER 4: DISCUSSION

The processes of this study presented a use case for machine learning principles in
expression of both observed and newly generated sequences in a yeast surface display assay.
While many studies have been conducted in the application of de novo designs to their predicted
stability and structure, this study addressed a gap in analyzing the crucial aspect of expressing
these sequences for efficient analysis of potentially successful folding outcomes. Machine
learning principles showed a degree of success, measured by their errors in predicted outcome
classifications and numerical predictions, in being able to gather patterns from complex high
dimensional sequences and relate those to the target of expression. Similarly, the reduction of
these higher dimensions was made possible through machine learning architectures to both
visualize the distinctions among these various combinations of amino acids and generate new
sequences with similar representations to those seen in training data.

While this study analyzed the sequences of one assay, its application could be improved
and extended to other applications with repeated experiments. One aspect of this study to
address is the differences in the naive counts of each sequence observed in the sample. While
this value was used to normalize the expression counts in creating an expression ratio for the
target output, it would be useful to know if that variation remains constant in repeated
experiments. Knowing whether that variation is due just to random sampling noise in a set of
billions of cells or if it is a relevant metric of how well these sequences can be transformed into
the cells would help to refine the model and determine if that aspect of recombinant genetics
ultimately impacts the expression levels in addition to the sequence’s pathway from the genome

to cell surface expression. Furthermore, increasing the diversity of the training data could help
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to refine patterns that are learned in the models in making predictions. This study was based on
a library of approximately 100,000 sequences among 22 topologies. The more diversity in
sequences and associated topologies could provide more clear distinctions in amino acid
combinations that ultimately impact expression and make the model’s separation of sequences
based on the

In addition, validation of the model with subsequent expression assays is needed to verify
if the networks are in fact making biologically accurate predictions based on these sequences.
Repeating the experiment with small alterations to the library would provide insight into the
small impacts of mutations in expression and whether these noticed differences are consistent
across different trials. For the generated sequences extending from decoding representations
from the variational autoencoder, it would also be necessary to validate that these sequences,
which achieved a predicted expression level through these models, do in fact show similar
expression levels when transformed in a yeast library. The model made predictions based on the
sequences seen in the training library, yet the ultimate use of this platform would be to ensure
that these targeted generations can improve upon the expression of other sequences.

The broader value of this procedure in protein engineering would come from its
extension into targeted protein structure folding outcomes. It has shown promise in filtering the
search space for designs intended for a specific binding and therapeutic function, but integrating
it into an iterative workflow of protein design, expression, and binding affinity would help to
both refine the model’s outcomes and produce tangible results in terms of finding designs with
the highest probability of fulfilling their intended purpose. For instance, the processing of

potential designs for the binding analysis of designs, such as in the AlphaSeq platform of
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A-Alpha Bio, provide a direct extension of progressing targeted designs through to the testing
stage of therapeutic development. Furthermore, this platform could be used in conjunction with
biophysical models to help refine their chemical and electrostatic projections of the atomic
structure of each sequence. As an accurate theoretical representation of these sequences is
necessary for developing novel structural elements, this expression prediction could help to
further screen sequences in the design process and emphasize the ability for these desired targets
to be expressed in a biological setting. Additionally, extending this analysis to other transgenic
applications could help to elucidate the success of gene therapy in eukaryotic cells. Adjacent to
the goal of predicting expression in biological platforms, similar analysis could be done for the
successful integration of gene’s in live mammalian cells, presenting the successful translation of

proteins in a dynamic cellular environment aiding in a therapeutic outcome.
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