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Abstract

The focus of this dissertation is on applications of machine learning-guided enzyme
engineering for modulating metabolic pathways to produce chemicals. Enzyme
engineering is especially useful for relieving bottlenecks in pathways, and machine
learning strategies can accelerate enzyme engineering by efficiently leveraging data. We
review machine learning-based protein engineering as a whole and demonstrate how we
used machine learning-guided protein engineering to design acyl-CoA reductase
enzymes that had increased activity for converting fatty acyl-ACPs to fatty alcohols. We
also discuss machine learning strategies used to design a set of 1-Deoxy-D-Xylulose 5-
Phosphate Synthase (DXS) enzymes (which are used for production of terpenoids) that
had improved fitness in vivo and illustrate how machine learning was used to understand
patterns in the fitness landscape. This dissertation demonstrates ways that machine
learning tools can accelerate optimization of metabolic pathways by optimizing protein
sequences, and the advances in this thesis can be used to help develop more efficient

and sustainable routes to produce chemicals.
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Author: Jonathan C. Greenhalgh



1.1 Overview of protein engineering for chemical production

Due to rising greenhouse gas emissions, there is a growing need to replace
traditional chemical synthesis strategies with alternatives that are more sustainable.
Traditionally, petroleum products have been used as chemical feedstocks and altered to
make more complex commodity chemicals. Plant oils are also used frequently in chemical
production, though their use raises concerns about deforestation and sustainability®.
Producing chemical products in engineered microbial cells (such as bacteria or yeast) is
a very promising alternative strategy to enable production of chemicals ranging from fuels
to pharmaceuticals?=. Microbes can produce chemicals through chemical synthesis from
simple renewable feedstocks, like sugars from biomass. Even if the end-product is a fuel,
using biomass as a source of carbon reduces the effect of carbon emissions, because
the carbon came from a plant or photosynthetic organism capable of fixing carbon from
the air. In addition to the environmental benefits, producing chemicals in microbes has
many other advantages; traditional chemical synthesis frequently requires harsh
chemicals or conditions, is limited in the scope of molecules that can be synthesized, and
substantial work must be done to generate a selective process. On the other hand, cells
can make products without harsh chemicals or conditions, including complex molecules
and natural products that cannot be artificially synthesized, and cellular and enzymatic
processes often have higher product selectivity than chemical methods.

Just like traditional chemical methods require optimization of the reagents and
conditions, chemical production in microbes involves optimizing metabolic pathways, or
metabolic engineering®®. There are many ways that microbes have been and can be

engineered to produce valuable chemicals. Common metabolic engineering strategies



include expressing heterologous pathways in a host organism (such as E. coli),
overexpressing key enzymes, and protein or enzyme engineering. The combination of
heterologous expression and overexpression allows individual proteins to be studied in
high yield and has led to many key biological advances. Protein and enzyme engineering
are also very useful tools, and can help optimize pathways further when other strategies
such as overexpression fail®; protein engineering is often used to address bottlenecks in
metabolic pathways, alter product specificity and introduce alternate metabolic routes to
pathways’. Briefly, some examples of protein engineering to improve production of
chemicals include engineering of thioesterase from Cuphea palustris to improve its
catalytic activity on octanoyl-ACP38, altering the substrate specificity of the E. coli
thioesterase ‘TesA® and thiolase enzymes from Cupriavidus necator and zoogloea
ramigera'®, reducing product inhibition in deoxy-D-xylulose-phosphate synthase (DXS)
from Populus trichocharpal!, and developing a glycolyl-CoA carboxylase for capturing

CO212,

1.2 Protein engineering strategies

A protein’s amino acid sequence determines its function, and protein engineering
is the process by which a protein is optimized for a specific function by altering the
sequence of its amino acids (i.e., introducing genetic mutations). Typically, protein
engineering involves making or designing a library of protein sequences containing a
variety of mutations. The library is then tested or screened for the desired function, and
any sequences that result in a gain of function can be further characterized or used as a

starting point for another round of engineering. Generally, there are two main strategies



for engineering proteins: 1) rational design and 2) directed evolution.
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Figure 1.1. Traditional protein engineering workflows. a) Rational design involves detailed
structural analysis followed by generating mutations at key residues. b) Directed evolution is an
iterative process by which beneficial mutations are gradually accumulated over several
evolutionary rounds. Directed evolution and rational design can sometimes be combined in
protein engineering workflows. c) Tradeoffs associated with protein engineering strategies.
Directed evolution usually requires access to a high throughput screen, whereas rational design
typically requires high quality structural data. Machine learning can make new protein engineering
targets accessible that can’t be reasonably engineered by traditional methods.

1.2.1 Rational design

Rational design involves detailed study of protein structure and using prior
knowledge of the structure and function to predict mutations that will enhance the desired
trait. Because rational design tends to focus on mutating just a few key positions in a
protein structure, libraries are not typically very large, and lower throughput or more
expensive testing can be used to screen it. To be successful, rational design requires a
very thorough understanding of the proteins structure, and therefore requires high

resolution structural data (usually X-ray crystallography data).



Rational design has been used to engineer proteins for many purposes. In
Grisewood & Hernandez-Lozada et al.%, the substrate chain length specificity of the
thioesterase ‘TesA was altered with rational design in tandem with a program called IPRO
(Iterative Protein Redesign and Optimization)*3. Starting with crystal structures of ‘TesA
and decanoyl-ACP, IPRO was used to identify specific mutations to ‘TesA that could
improve the binding interaction between ‘TesA and various acyl-acyl-carrier proteins
(acyl-ACPs). Mutations were then made in vivo and those that resulted in higher activity
on shorter chain (C8-C12) fatty acyl-ACPs were kept for the next round. This process was
repeated over four rounds, resulting in a “TesA variant that produced up to 50% C8 fatty
acid (the wild type ‘TesA is specific for C14 fatty acid).

Another example of using rational design to alter enzyme specificity is work done
by Bonk et al. to increase the ratio of C6 to C4 products in the reverse g-oxidation pathway
(also reffered to as the 3-hydroxyacid pathway)°, which is a pathway of interest for
production of fatty alcohols and other related molecules in microbes'*6. In this work,
structures of thiolases BktB and PhbA (from C. necator and Z. ramigera respectively)
were computationally docked to butyryl-CoA. The binding energies of mutated thiolases
were computed and compared to the wild-type and several specific mutations were
selected for further screening. Resulting mutants had up to tenfold improvements in the
ratio of C6 to C4 products, though most of this was driven by a reduction in activity for
acetoacetyl-CoA (the substrate leading to the C4 product).

In the non-mevalonate pathway (or MEP pathway), which is an important microbial
pathway for production of terpenoids!’, DXS is one of the key flux controlling enzymes?8.

It is also known that DXSs are feedback regulated by downstream prenyl-phosphates



(isopentenyl-diphosphate or IPP, and dimethylallyl diphosphate or DMAPP)!°. Banerjee
et al. sought to relieve this inhibitory effect in the DXS from P. trichocarpa, so they used
rational design to identify a pair of key positions that when mutated from alanine to glycine
reduced the amount of IPP based inhibition.

Carbon fixation is a grand challenge in renewable chemical production, but
enzymes that are capable of fixing carbon from carbon dioxide in the air are notoriously
inefficient. Scheffen et al.1? used rational design coupled with microfluidics to enhance
substrate promiscuity in a propionyl-CoA carboxylase to engineer a novel glycolyl-CoA
carboxylase (or GCC, an enzyme that doesn’t exist in nature) and enable a new cellular
pathway from glycolate to glycerate. This pathway also results in fixation of carbon
dioxide, and it is believed that replacing natural photorespiration with the GCC based

pathway could improve the carbon efficiency of the cells by 150%12,

1.2.2 Directed evolution

In contrast to rational design, directed evolution requires no structural information
at all. Directed evolution mimics natural evolution in a laboratory; an artificial selective
pressure is applied which favors enzymes with improved function?®21, Usually, a library
of mutated proteins is subjected to either a screen or selection that links the proteins
function to an observable trait. Improved variants can then be further mutated and
subjected to additional rounds of evolution. This iterative process can result in proteins or
enzymes with substantial improvements to their function. Directed evolution is most
effective when library sizes are large, and a high throughput screen or selection is

available, though it can be complimented with structural data in cases where high



throughput screening is not possible?2.Directed evolution has revolutionized biology and
been widely applied across all subdisciplines of protein engineering. It is an especially
powerful tool in advancing the introduction of chemical reactions that either weak or not
found in nature to cellular processes, as has been done with recent work to design
enzymes capable of creating carbon silicon bonds?324,

A few examples of how directed evolution has been used to engineer proteins for
producing chemicals will be given here, butit is by no means comprehensive. Hernandez-
Lozada et al.8 designed a high throughput selection designed to identify thioesterases
with higher activity for converting octanoyl-ACP to octanoic acid. The selection works by
using a ALipB strain of E. coli that is reliant on a source of either lipoic or octanoic acid
for growth. A library was made by randomizing the low activity but C8-specific
thioesterase from C. palustris. Thioesterase variants with higher C8 activity were capable
of rescuing growth in the selection conditions, and the approach was used to make
octanoic acid at very high levels (1.7 g/L) and very high purity (~90%)2. The thioesterase
variant discovered in this workflow was also later used to make large amounts of the fatty
alcohol 1-octanol?®.

Chen et al.?® used three rounds of directed evolution to engineer the
Saccharomyces cerevisiae mevalonate kinase enzyme to have improved activity in the
mevalonate pathway. The study identified three mutations that when combined improved
the ability of the enzyme to bind mevalonate and enabled a roughly 2.4-fold improvement
in lycopene titers. Another study by Alvizo et al.?” used directed evolution to develop a
carbonic anhydrase enzyme with improved stability (in terms of thermal, pH and solvent

tolerance). Carbonic anhydrases are enzymes capable of fixing carbon, and the



engineered carbon anhydrase from this study was tested at pilot plant scale and used to

capture COzfrom flue gas by converting CO2 and water to bicarbonate.

1.2.3 Drawbacks of traditional protein engineering strategies

Despite their successes, there are drawbacks to traditional protein engineering
strategies. For rational design, high resolution structural information is often unavailable
(though recent advances in protein structure prediction will soon begin to help fill this
knowledge gap). Additionally, rational design approaches fail to consider mutations that
are far from known active sites or binding sites that can have often surprising effects on
protein function. Directed evolution often involves making very large libraries with random
mutations. Because random mutations tend to be deleterious to function, it can take
extremely large libraries to find any functional variants, necessitating high throughput
screens or selections. The requirement for high throughput significantly limits the kinds of

enzymes that can be engineered using directed evolution.

1.2.4 Machine learning-guided protein engineering

To address the shortfalls of existing protein engineering strategies, machine
learning is emerging as a valuable tool in protein and enzyme engineering complementing
more traditional strategies. Machine learning is a process by which statistical models can
be used to help computer algorithms learn from data and recognize patterns. The use of
machine learning spans many disciplines and industries, and machine learning algorithms
are increasingly common in everyday applications. Though machine learning-guided

protein engineering is a very young discipline, it has already been used successfully to



accelerate protein engineering strategies and design enhanced proteins. Machine
learning complements traditional protein engineering strategies and can be easily coupled
with directed evolution or rational design workflows. A more detailed review of this topic
appears in Chapter 2, but a few important studies related to this dissertation will be
summarized here.

One of the first applications of machine learning to protein engineering was the
development of the protein sequence activity relationships (ProSAR)?82° algorithm by Fox
et al. ProSAR combines directed evolution with partial least squares regression models
that maps protein sequences to their function. Sequences that are likely to be beneficial
or neutral are identified and pooled for the next experimental round, and this process is
repeated until the protein’s activity is improved.

Another notable study was the use of Gaussian processes to iteratively sample a
protein fitness landscape by Romero et al.%? In this study, chimeric cytochrome P450
variants with substantial improvements to their thermostability were developed using an
active learning style approach that optimizes the search through a fitness landscape.
Briefly, gaussian process regression models were trained on chimeric protein
thermostability data, and an optimization procedure that will be described in detail in
Chapters 2 and 3 was used to design new chimeric proteins that were predicted to have
high activity. Then, those proteins were built in the lab and tested, and the regression
models were updated with the new data. At that point the cycle was repeated several
more times. The result was a P450 variant with significantly higher thermostability than
previously characterized variants. The optimization strategy used in this study has also

been used to engineer difficult to engineer proteins called channelrhodopsins that cannot
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be engineered by directed evolution alone3%-2,

There have also been substantial advances in how machine learning can
complement structure based and rational design approaches. Recently, Alley et al.33
developed a representation called UniRep. UniRep uses deep learning approaches
trained on amino acid sequences to find a statistical representation of protein sequences
that contains significant information about protein features and can be used for training
downstream machine learning models3*.

Another major development in the use of machine learning to aid in protein
engineering is the development of AlphaFold®®. AlphaFold is a neural network-based
model trained on protein sequences that is used to predict protein structures, and it
recently garnered worldwide attention at the 14" Critical Assessment of protein Structure
Prediction (CASP14), where it significantly outperformed competing methods.
AlphaFold’s high accuracy in predicting protein structures represents major progress
towards solving the protein folding problem. AlphaFold has already been used to predict
the structures of nearly every protein in the human proteome?®, and it promises to
revolutionize protein structure prediction and fill in gaps in current protein structure

databases and accelerate protein engineering efforts.

1.3 Overview of dissertation

The work in this dissertation focuses on machine learning-guided engineering of
enzymes in two important pathways: acyl-ACP reductases for fatty alcohol production and
DXS enzymes to improve performance of the MEP pathway. The chapters in this

dissertation illustrate different ways of how machine learning and protein engineering can
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be combined to improve production of valuable chemicals.

1.3.1 Chapter 2: Data-driven protein engineering

In Chapter 2, the field of machine learning-guided protein engineering will be
introduced and summarized. The fundamental principles and terms of machine learning
are reviewed in the context of protein engineering, and different methods for encoding
protein data (sequence vs. structural) will be explained and compared. Important
applications of different machine learning techniques from the literature will be described

as well, beyond the examples described in section 1.2.4.

1.3.2 Chapter 3: Machine learning-guided acyl-ACP reductase engineering for improved
in vivo fatty alcohol production

In Chapter 3, an active learning framework similar to the strategy used by Romero
et al.*° (described briefly in section 1.2.4) was used to engineer improved acyl-ACP
reductase activity in chimeric protein sequences derived from three parental acyl-CoA
reductases. We used machine learning models trained on data to help design new
sequences that balanced the need to explore new sequence space and exploit knowledge
of the sequence landscape, and then tested the recommended sequences in vivo. The
fatty alcohol titers were used to update the models, and the design-build-test-learn cycle
was repeated over ten rounds. The resulting enzyme had nearly threefold higher fatty
alcohol titers from acyl-ACPs than the best wild-type parent, and the improvement in the

titer correlated with an improvement in the Kcat.
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1.3.3 Chapter 4: Engineering 1-Deoxy-D-Xylulose 5-Phosphate Synthase (DXS) for
improved MEP pathway flux using a high-throughput growth selection

In Chapter 4 we build a large dataset of DXS activity by coupling a high-throughput
growth selection with next generation sequencing. The dataset allows us to make a
detailed mapping of the DXS fitness landscape. Then we use positive-unlabeled (PU)
learning to design chimeric DXS sequences for improving flux through the MEP pathway.
We then characterized the designed DXSs using in vitro coupled enzyme assays. We
found that the highest activity DXSs from the selection had similar activity to the wild type
DXSs in vitro, but interestingly, we also found that the designed DXSs were more strongly
inhibited by IPP and DMAPP than the wild-type parents. This result suggests that the
selection strategy we used likely favored enzymes that could be feedback regulated,

potentially by allowing the flux to turn on and off depending on the levels of IPP.

1.3.4 Chapter 5: Conclusions and Future Directions

In Chapter 5 I'll summarize the work done in each of these chapters and examine
how recent advances in machine learning and protein engineering can advance efforts to
further optimize proteins and metabolic pathways. I'll briefly describe how some emerging
techniques, such as neural networks and generative models, are being applied to protein

engineering problems.
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1.3.5 Chapter 6: Application of machine learning-based protein engineering to make an
improved acyl-ACP reductase enzyme

Chapter 6 is part of a large project through the Wisconsin Initiative for Science
Literacy (WISL) at UW-Madison and is directed towards the general public. Chapter 6
contains simple descriptions of ideas important for machine learning-guided protein

engineering as well as a narrative summarizing Chapter 3 in simple, everyday terms.
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2.1 Introduction

A protein’s sequence of amino acids encodes its function. This “function” could
refer to a protein’s natural biological function, or it could also be any other property
including binding affinity toward a particular ligand, thermodynamic stability, or catalytic
activity. A detailed understanding of how these functions are encoded would allow us to
more accurately reconstruct the tree of life and possibly predict future evolutionary events,
diagnose genetic diseases before they manifest symptoms, and design new proteins with
useful properties. We know that a protein sequence folds into a three-dimensional
structure, and this structure positions specific chemical groups to perform a function;
however, we’re missing the quantitative details of this sequence-structure-function
mapping. This mapping is extraordinarily complex because it involves thousands of
molecular interactions that are dynamically coupled across multiple length and time
scales.

Computational methods can be used to model the mapping from sequence to
structure to function. Tools such as molecular dynamics simulations or Rosetta use
atomic representations of protein structures and physics-based energy functions to model
structures and functions'=3. While these models are based on well-founded physical
principles, they often fail to capture a protein’s overall global behavior and properties.
There are numerous challenges associated with physics-based models including
consideration of conformational dynamics, the requirement to make energy function
approximations for the sake of computational efficiency, and the fact that, for many
complex properties such as enzyme catalysis, the molecular basis is simply unknown?. In

systems composed of thousands of atoms, the propagation of small errors quickly
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overwhelms any predictive accuracy. Despite tremendous breakthroughs and research
progress over the last century, we still lack the key details to reliably predict, simulate,
and design protein function.

Machine learning and artificial intelligence are transforming marketing, finance,
healthcare, security, internet search, transportation, and nearly every aspect of our daily
lives. These approaches leverage vast amounts of data to find patterns and quickly make
optimal decisions. In this chapter, we present how these ideas are starting to impact the
field of protein engineering. Instead of physically modeling the relationships between
protein sequence, structure, and function, data-driven methods use ideas from statistics
and machine learning to infer these complex relationships from data. This top-down
modeling approach implicitly captures the numerous and possibly unknown factors that
shape the mapping from sequence to function. These statistical models compliment
physical models and can even be used to improve physics-based models. Statistical
models have been used to understand the molecular basis of protein function and provide
exceptional predictive accuracy for protein design. We present three key stages in data-
driven protein  engineering—(1) representation: how to encode protein
sequence/structure/function data, (2) learning: automatic detection of patterns and
relationships in data, and (3) prediction: applying the learned models to design new

proteins.

2.2 The data revolution in biology
The volume of biological data has exploded over the last decade. This is being

driven by advances in our ability to read and write DNA, which are progressing faster than
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Moore’s law®. Simultaneously, we have also gained unprecedented ability to characterize
biological systems with advances in automation, miniaturization, multiplex assays, and
genome engineering. It is now routine to perform experiments on thousands to millions of
molecules, genes, proteins, and/or cells. The resulting data provides a unique opportunity
to study biological systems in a comprehensive and less biased manner.

Protein sequence and structure databases have been growing exponentially for
decades (Figure 2.1b, c). Currently, the UniProt database® contains over 100 million
unique protein sequences and the Protein Data Bank’ contains over 100,000
experimentally determined protein structures. While there is an abundance of protein
sequence and structure data, there is still relatively little data mapping sequence to
function. ProtaBank is a new effort to build a protein function database®. Function data is
challenging to standardize because it is highly dependent on experimental conditions and
even the particular researcher that performed the experiments. Therefore, statistical
modeling approaches are most useful on data that is generated by an individual
researcher/research group. This allows a consistent definition of “function” that is not

influenced by uncontrolled experimental factors.
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Figure 2.1: The growth of biological data. (a,b) DNA sequencing and synthesis technologies are
advancing faster than Moore’s law. As a result, costs have decreased exponentially over the last
two decades. (c,d) Large-scale genomics, metagenomics, and structural genomics initiatives
have resulted in exponential growth of protein sequence and structure databases. (e) Deep
mutational scanning experiments combine high-throughput screens/selections with next-
generation DNA sequencing to map sequence-function relationships for thousands to millions of
protein variants.

Many sequence-function data sets are generated by protein engineering
experiments that involve screening libraries of sequence variants for improved function.
These variants may include natural homologs, random mutants, targeted mutants,
chimeric proteins generated by homologous recombination, and computationally

designed sequences. Each of these sequence diversification methods explores different
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features of the sequence-function mapping and varies in their information content.
Important factors include the sequence diversity of a library, the likelihood of functional
vs nonfunctional sequences, and the difficulty/cost of building the desired gene
sequences.

Recent advances in high-throughput experimentation have enabled researchers
to map sequence-function relationships for thousands to millions of protein variants®1°.
These “deep mutational scanning” experiments start with a large library of protein
variants, and this library is passed through a high-throughput screen/selection to separate
variants based on their functional properties (Figure 2.1e). The genes from these variant
pools are then extracted and analyzed using next-generation DNA sequencing. Deep
mutational scanning experiments generate data containing millions of sequences and
how those sequences map to different functional classes (e.g. active/inactive, binds
ligand 1/binds ligand and 2). The resulting data have been used to study the structure of
the protein fitness landscape, discover new functional sites, improve molecular energy

functions, and identify beneficial combinations of mutations for protein engineering®*-13,

2.3 Statistical representations of protein sequence, structure, and function

The growing trove of biological data can be mined to understand the relationships
between protein sequence, structure, and function. This complex and heterogenous
protein data needs to be represented in simple, machine-readable formats to leverage
advanced tools in pattern recognition and machine learning. There are many possible
ways of representing proteins mathematically including simple sequence-based

representations or more advanced structure/ physics-based representations. In general,
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a good representation is low dimensional but still captures the system’s relevant degrees

of freedom.
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Figure 2.2: Sequence, structure, and function representations. (a) A protein’s sequence folds into
a three-dimensional structure, and this structure determines its function and properties. (b) Protein
sequences can be represented using a one-hot encoding scheme that assigns 20 amino acid bits
to each residue position. A bit is assigned a value of “1” if the protein has the corresponding amino
acid at a particular residue position. (c) Structure-based representations use modeled protein
structures to extract key physiochemical properties such as hydrogen bonds, total charge, or
molecular surface areas. (d) Protein functions can be continuous properties such as
thermostability or catalytic efficiency, or discrete properties such as active/inactive. Discrete
properties can be represented using a binary (0 or 1) encoding.

2.3.1 Representing protein sequences
A protein’s amino acid sequence contains all the information necessary to specify

its structure and function. Each position in this sequence can be modeled as a categorical
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variable that can take on one of twenty amino acid values. Categorical data can be
represented using a one-hot encoding strategy that assigns one bit to each possible
category. If a particular observation falls into one of these categories, it is assigned a “1”
at that category’s bit, otherwise it is assigned a “0.” A protein sequence of length | can be
represented with a vector of 20l bits; 20 bits for each sequence position (Figure 2.2). For
example, assuming the amino acid bits are arranged in alphabetical order (A, C, D, E ...
W, Y), if a protein has alanine (A) at the first position, the first bit would be 1 and the next
19 bits would be 0. If a protein has aspartic acid (D) at the first position, the first two bits
would be 0, the third bit 1, and the next 17 bits 0. This encoding strategy can be applied
to all amino acid positions in a protein and represent any sequence of length I. One-hot
encoding sequence representations are widely used in machine learning because they
are simple and flexible. However, they are also very high dimensional (20l = thousands
of variables for most proteins) and therefore require large quantities of data for learning.

Machine learning is widely used in the fields of text mining and natural language
processing to understand sequences of characters and words. The tools word2vec and
doc2vec use neural networks to learn vector representations that encode the linguistic
context of words and documentsi4!®, These embeddings attempt to capture
word/document “meaning” and are much lower dimensional than the original input space.
Similar concepts have recently been applied to learn embedded representations of amino
acid sequences®®. This approach breaks amino acid sequences into all possible
subsequences of length k. These subsequences are referred to as k-mers. As an
example, the sequence PRFYLA contains the four 3-mers: PRF, RFY, FYL, and YLA. An

amino acid sequence’s k-mers are treated as “words” and a neural network is used to
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learn other words that are found before/after a given word (i.e. a word’s context).
Importantly, words that are found in similar contexts tend to have similar meanings. This
concept can be used to build low-dimensional vector spaces that place similar words
close together. For an amino acid sequence, this might mean that one amino acid triplet
is comparable to another, and therefore, we only need one variable to represent both.
This produces a low-dimensional representation or “protein embedding” that captures the
entire protein sequence. These protein embeddings can then be used to model specific

properties such as thermostability.

2.3.2 Representing protein structures

The properties of proteins depend on sequence through their structure, therefore
structure-based representations provide a more direct link to function. Experimentally
determining a protein’s three-dimensional structure (via crystallography, NMR, CryoEM)
is significantly more challenging and time consuming than determining sequence or
function. Therefore, most sequence-function data sets do not contain experimentally
determined protein structures. Instead, this missing structural information can be
approximated by taking advantage of the extreme conservation of structures within a
family. Homologous proteins with as low as 20% sequence identity still have practically
identical three-dimensional structures?’.

A protein’s overall fold can be represented by specifying which residues are
‘contacting” in the three-dimensional structure. These contacting residues could be
defined as any pair of residues that has an atom within five angstroms. Other contact

definitions could include different distance cutoffs, Ca-Ca distances, or CB-Cp distances.
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A protein’s contact map specifies all pairs of contacting residues and provides a coarse-
grained description of the protein’s overall fold. Importantly, contact maps are highly
conserved within a protein family, and therefore any two evolutionarily related proteins
have practically identical contact maps. If we assume a fixed contact map for a protein
family, structural information can be represented using a one-hot encoding scheme
similar to sequence encoding described above. Each pair of contacting residues can take
on one of 400 (20?) possible amino acid combinations, which can be one-hot encoded
using 400 bits. Therefore, the structure of a protein with ¢ contacts can be represented
with 400c bits. In contrast to sequence-based representations, this contact-based
representation can capture pairwise interactions between residues. However, this
increased flexibility comes at the cost of significantly higher dimensionality.
Three-dimensional protein structures can also be predicted using molecular
modeling and simulation software. Most protein sequence-function data sets can take
advantage of homology modeling approaches that start with a closely related template
structure, mutate differing residues to the target sequence, and run minimization methods
to relax the structure into a local energy minimum. State-of-the-art homology modeling
methods can reliably predict protein structures with less than 2 angstrom atomic RMSD?8.
These predicted structures can be analyzed to extract key physiochemical properties
such as surface areas, solvent exposure, and physical interactions (Figure 2.2). This
approach was recently applied to model the kinetic properties of B-glucosidase point
mutants'®. The substrate was docked into B-glucosidase homology models, and this
enzyme-substrate interaction was used to extract 59 physical features such as interface

energy, number of intermolecular hydrogen bonds, and change in solvent accessible
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surface area. A simple linear regression model could relate these physical features to -
glucosidase turnover number, Michaelis constant, and catalytic efficiency. Physics-based
representations tend to be lower dimensional than the sequence and contact encodings
described above. They may also have good generalization within a protein family or even

across protein families because they are based on fundamental biophysical principles.

2.4 Learning the sequence-function mapping from data

Advanced pattern recognition and machine learning techniques can be used to
automatically identify key relationships between protein sequence, structure, and
function. These tools are used for two primary tasks: supervised learning and
unsupervised learning. Supervised methods, such as regression and classification,
attempt to learn the mapping between a set of input variables and output variables. The
term “supervised learning” arises because the algorithms are given examples of input-
output mapping to guide the learning process. In contrast, unsupervised methods are not
given information about the output variable, but instead try to learn relationships between
the various input variables. Similar concepts have been used extensively in quantitative
structure-activity relationship (QSAR) models, which are typically used to predict the
chemical and biological properties of small molecules?. QSAR models have also been

applied to peptide and DNA sequences?':22,

2.4.1 Supervised learning (regression/classification)
Regression is a supervised learning technique that is used to model and predict

continuous properties. Continuous protein properties could include thermostability,
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binding affinity, or catalytic efficiency. Regression methods span from simple linear
models to advanced, nonlinear models such as neural networks.

Linear regression is the simplest regression technique and applies fixed weights
to each input variable. A linear model is described by the following equation:

y=XB+ € (2.1)

where y is a vector of continuous output variables, X is a matrix of sequence/structure
features (one protein variant per row), g is the weight vector, and € is the model error.
The model parameters (/) can be estimated by minimizing the sum of the squared error.

This least-squares parameter estimate has an analytical solution:

B =&TX)"1(X"Ty) (2.2)

Here,  corresponds to an estimate of the true 4.  can then be applied to new proteins
to predict their properties:

9 = Xnewb (2.3)
Linear regression provides a simple framework for relating sequence/structure to function,

and predicting the properties of previously uncharacterized proteins.
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Linear regression has been used to model chimeric cytochrome P450
thermostability?. A library of chimeric P450s was generated by shuffling sequence
elements from three related bacterial P450s2*. The thermostability of 184 randomly
chosen chimeric P450s was determined, and a linear regression model was used to relate
sequence to thermostability. Each chimeric protein’s sequence was one-hot encoded by
specifying which sequence elements were present. This encoding scheme is similar to
the sequence-based one-hot encoding described above, but sequence “blocks” are used
rather than individual amino acids. This simple regression model revealed a strong
correlation between the predicted and observed thermostability (Figure 2.3). The model
was applied to predict the thermostabilities of all 6,351 possible sequences in the chimeric

P450 library, and the most stable predicted sequences were validated experimentally.
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Figure 2.3: A linear regression model for cytochrome P450 thermostability. This model relates

sequence blocks of chimeric P450s to their thermostability values. The plot shows the model’s
cross-validated predictions for 184 chimeric P450s.
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Supervised learning methods, including linear regression, are highly susceptible
to overfitting data. A linear model must have at least as many data points as model
parameters to avoid overfitting. More complex nonlinear models require even more data.
Overfitting occurs when there is not sufficient data and the model fits spurious correlations
or noise, rather than the true underlying signal. An overfit model will display very small
error on the training data, but large prediction error on new data points.

All statistical models must be evaluated for overfitting and their ability to generalize
to new, unseen data points. One method for model validation involves training the model
on some fraction of the data and using the remainder to evaluate the model’s predictive
ability. For example, one could train a model on 60% of the data and test the model on
the remaining 40%. This holdout method is simple to implement, but also throws out
valuable information because the model is not learning from the entire data set. Cross-
validation is another method for model evaluation that more effectively utilizes the
available data. Cross-validation is similar to the holdout method, but rotates through
multiple training set-test set combinations. For example, ten-fold cross-validation breaks
the data into ten subsets; a model is trained on nine of these subsets and used to predict
the tenth subset. This process is repeated over all ten data folds (i.e. testing on all ten
subsets) and the results are averaged. Cross-validation allows all data points to be used
in model training and evaluation.

Overfitting can be reduced using regularization methods that favor simpler models.
Regularized parameter estimation involves minimizing the model's squared error in
addition to the magnitude of the model parameters. This can be achieved by including a

penalty term on the norm of the parameter vector:
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mﬁi,n(Xﬁ =2+ Bl (2.4)

Here, the first term corresponds to the model’s squared error, the second term is
the magnitude of the model parameters, and A tunes the relative influence of these two
terms. n determines the type of vector norm and is typically equal to 0, 1, or 2. LO
regularization (n=0) penalizes the total number of non-zero parameters in the model, L1
regularization (n=1) penalizes the sum of the parameter absolute values, and L2
regularization (n=2) penalizes the sum of the squared parameters. This minimization
problem can be solved analytically if n=2 or using convex optimization if n=1. The
hyperparameter 4 can be determined using cross-validation. Combinations of these
penalties can also be used, such as elastic net regression, which utilizes both L1 and L2
norms.

While regression methods model continuous properties, classification methods are
used to model discrete protein properties such as folded/unfolded or active/inactive.
Classifiers are especially important for modeling data generated by high-throughput
methods such as deep mutational scanning because these methods often bin proteins
into broad functional classes. Classification methods try to relate input feature vectors to
functional classes (e.g. active/inactive or folded/unfolded). Like the regression models
discussed above, classification models can be evaluated using cross-validation, and
regularization can be used to prevent overfitting.

Logistic regression is simple classification method that transforms a linear model
through the logistic (sigmoid) function to produce binary outputs. The name “logistic

regression” is a misnomer because it actually performs classification rather than
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regression. Logistic regression parameters can be identified using iterative methods or
convex optimization. Logistic regression was recently used to refine molecular energy
functions for designing de novo miniproteins?. Thousands of miniproteins were designed
using Rosetta protein design software, and these designs were screened for folding using
a high-throughput yeast display assay. Each protein’s structure was modeled and used
to generate physical input features such as number of H-bonds, Lennard-Jones energies,
and net charge. Logistic regression was then used to map these physical features to
whether a design was successful or unsuccessful. The use of logistic regression led to
the authors finding that a protein’s buried nonpolar surface area was a dominant factor in
determining design success. The logistic regression model was used to rank designs and
drastically improved the rate of successful designs.

Kernel methods are another modeling approach that is widely used in machine
learning and bioinformatics. In contrast to the parametric regression/classification
methods described above, kernel methods do not require input feature vectors, but
instead a user defined similarity function (or kernel function) is used to compute the
“implicit features” by comparing pairs of data points. Kernel methods are more effective
at dealing with high dimensional problems than parametric models because they do not
have to store large parameter matrices. The similarity function could be as simple as an
inner product between feature vectors, or it can represent more complex, potentially
infinite dimensional, relationships between data points?®. This flexibility allows them to
learn from unstructured objects such as biological systems. Popular kernel methods
include Support Vector Machines (SVMs) and Gaussian Process (GP)

regression/classification.



36

Gaussian processes use kernel functions to define a prior probability distribution
over a function space. This allows predictions of both the function mean and its
confidence intervals. Gaussian processes have been used to model stability and activity
of cytochrome P450s?’. A structure-based kernel function was developed to define
structural similarity between pairs of proteins. GP regression using this kernel function
explained 30% more of the variation in P450 thermostability in comparison to linear
regression and sequence-based kernels. The structure-based kernel was also used to

model enzyme activity and binding affinity for several P450 substrates.

2.4.2 Unsupervised/semisupervised learning

Unlike supervised learning, where the data is labeled or categorized, in
unsupervised learning there are no labels associated with each data point. Unsupervised
learning can be used to find patterns such as clusters or correlations within data. The
main drawback of unsupervised techniques is that the outputs are unknown, i.e. there is
no mapping to protein function. However, these techniques still provide valuable
information about proteins because of the massive amount of protein sequence data that
is currently available. Examples of unsupervised methods include clustering, where data
points are grouped based on similarity, and principal component analysis (PCA). PCA is
a projection of data onto lower dimensional space in a way that maximizes the variance
of the projection. This converts high dimensional input variables into a set of uncorrelated
principle components that are ranked based on their variance. These principle
components can be used to reduce the dimensionality of a problem and identify important

relationships among variables?®.
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Figure 2.4: Unsupervised learning from protein sequences. (A) Statistical coupling analysis of the
RNase superfamily reveals five independent components (ICs) that correspond to groups of
coevolving residues (B) These five ICs form contiguous “sectors” in the three-dimensional protein
structure. Figure was adapted from 3.

Unsupervised methods can be used to identify patterns in multiple sequence
alignments (MSAs) of evolutionarily related proteins. Statistical coupling analysis (SCA)
analyzes residue coevolution by performing principal component analysis on a protein
family’s MSA?°. The dominant principle components consist of positions that coevolve
and can reveal networks of spatially connected amino acids called protein sectors (Figure
2.4). Protein sectors have been demonstrated to play roles in protein dynamics and
allostery and may represent functional modules®®3!, EVmutation is another unsupervised
method that models natural sequence variation and simultaneously considers epistasis
(non-independence of mutational effects)32. Although EVmutation is only parameterized
on an MSA (i.e. it is unsupervised), it is capable of predicting the functional effects of
amino acid substitutions and residue interdependencies.

Semisupervised methods learn from data sets that contain both unlabeled and
labeled data points. Semisupervised approaches can be used in protein engineering to

transfer knowledge across protein families. A semisupervised approach was recently
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developed that trained an unsupervised embedding model (doc2vec) on a large protein
sequence database'®. These embeddings were then used as the inputs for supervised
Gaussian process regression. This approach was used to model channelrhodopsin

membrane localization, P450 thermostability, and epoxide hydrolase enantioselectivity.

2.5 Applying statistical models to engineer proteins

Statistical modeling approaches provide unprecedented predictive accuracy for a
wide variety of complex protein functions/properties. These models can be used to
understand protein function and design new proteins. In addition, many classes of
statistical models can provide confidence intervals for their predictions. These confidence
intervals can be used to gauge whether a prediction is valid or if it contains too much
uncertainty to be useful. We discuss several protein engineering strategies that leverage
the predictive power of statistical models.

The most straightforward data-driven protein engineering approach involves
training a model on a data set and then extrapolating that model to design best predicted
sequences. This method was applied to engineer thermostable fungal cellobiohydrolase
class Il (CBHII) cellulases®3. A panel of 33 chimeric CBHIIs was characterized for their
thermal inactivation half-lives at elevated temperatures. This data was used to train a
linear regression model that related sequence blocks to thermal tolerance. This model
was then used to design 18 chimeras that were predicted to have enhanced stability
relative to the parent enzymes. Most of these designed CBHII chimeras could hydrolyze
cellulose at higher temperatures than most stable parent. A key feature of this

extrapolation-based design approach is a relatively small training set (<1% of possible



39

chimeras) can be used to make predictions over a massive combinatorial sequence
space. The CBHII regression model also pointed to a single sequence block that
contributed over 8 °C of thermostability3*. Further analysis revealed that a single amino
acid substitution in that block (C313S) was responsible for the elevated thermostability.
This example highlights how statistical models can be used to uncover molecular
mechanisms contributing to protein function.

Itis important to consider the space of sequences that a statistical model can make
valid predictions on. This prediction domain is highly dependent on the model's
sequence/structure representation. For example, consider a model that uses one-hot
encoding to represent protein sequences. This model can only learn the effect of amino
acids that are observed in the training set, and therefore can only make predictions about
sequences composed of combinations of these observed amino acids. Representations
that include information about amino acid properties and/or protein structure can broaden
a model’s prediction domain. Representations that use three-dimensional structural
models to extract key physiochemical properties have potential to generalize well within
a protein family and even across protein families.

Statistical models can be incorporated into an iterative directed evolution
framework. ProSAR uses a statistical model to guide the search for beneficial mutations
35, This model consists of a one-hot encoded sequence representation and a partial least
squares linear regression model to relate sequence to function. A mutational library is
screened, and the model classifies each amino acid substitution as deleterious, neutral,
beneficial, or underdetermined (i.e. needing more information). Substitutions that are

beneficial or underdetermined are combined with new substitutions in the next round, and
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this screen-and-learn process is repeated over multiple rounds. The ProSAR method was
used to engineer bacterial halohydrin dehalogenases (HHDH) to perform a cyanation
reaction important for the synthesis of the cholesterol-lowering drug Lipitor®®. 18 rounds
of ProSAR yielded HHDH variants with over 35 mutations and increased the volumetric
productivity of target reaction by ~4,000-fold. More recently, ProSAR-driven evolution
was used to evolve ultra-stable carbonic anhydrase variants (107 °C thermostability at pH
10 in 4.2 M solvent) that enhanced the rate of CO2 capture by 25-fold over the natural

enzymes6,
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Figure 2.5: Active machine learning. (a) Active learning involves designing maximally informative
sequences, experimentally characterizing these sequences, learning from the resulting data, and
repeating this process over multiple iterations. (b) Upper-confidence bound (UCB) optimization
involves iteratively selecting the sequence with the largest upper confidence bound (mean +
confidence interval). The schematic illustrates sequence space in one dimension and the true
mapping from sequence to function as a black line. Characterized sequences (small red dots)
have accurate model predictions and small confidence intervals. The first panel shows five
characterized sequences, which cause the model to propose one UCB optimal sequence (marked
with a star). The second panel shows the results after this UCB optimal sequence is
characterized—this causes a new UCB sequence to be proposed. This iterative process is
guaranteed to efficiently converge to the optimal point.

Statistical models can also be used in an active learning setting that very efficiently
explores protein sequence space. Active learning involves sequentially designing an
informative experiment, performing that experiment, learning from the resulting data, and
repeating the process over multiple cycles (Figure 2.5a. For protein engineering, the
active learning algorithm must first learn the sequence-function mapping and then apply
this knowledge to design optimized sequences. The primary challenge is how to allocate
experimental resources toward understanding the sequence-function mapping versus
designing optimized sequences. This trade-off is referred to as the “exploration-

exploitation dilemma”, and the objective is to minimize the amount of exploration that is

needed to predict optimized sequences. Upper confidence bound (UCB) algorithms
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provide a principled framework for trading off between exploration and exploitation
modes®’. The UCB algorithm iteratively selects the point with the largest upper confidence
bound (predicted mean plus confidence interval) and therefore encourages sampling of
points that are simultaneously optimized and uncertain (Figure 2.5b). A UCB search
algorithm was combined with a Gaussian process regression model to optimize
cytochrome P450 thermostability?”. Eight rounds of UCB optimization identified
thermostable P450s that were more stable than variants made by rational design,

recombination or directed evolution.

2.6 Conclusions and future outlook

The protein sequence-structure-function mapping involves thousands
of interacting atoms, a practically infinite number of dynamic conformational states,
and physical processes that span multiple length and time scales. This mapping is
extremely difficult to model from a physical perspective. In contrast, statistical methods
are able to learn complex interrelationships directly from experimental data. This top-
down understanding of complex systems allows discovery of new functional mechanisms
and provides exceptional predictive accuracy.

This chapter provides an overview of emerging data-driven approaches to model
and engineer proteins. We have described statistical representations of proteins, how
these representations can be used to learn from data, and practical protein engineering
applications of these models. As a relatively new field, there is still significant room for
improving these methods, especially in the area of sequence and structure

representations. ldeal representations would be sparse, but still have a broad prediction
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domain. These representations may integrate different sources of information
(evolutionary, biochemical, and physical) into a single unified model. Advanced machine
learning methods such as dictionary learning and deep learning attempt to learn new
representations directly from data and could play an important role in protein modeling.
Another key challenge for the field is data access and sharing. While there are many
interesting sequence-structure-function data sets, they are often buried in a publication’s
supplemental information and very difficult to parse/organize. Efforts to share data on
public repositories and databases such as ProtaBank will greatly accelerate progress in
the field.

In addition to proteins, statistical approaches can be used to model genotype-
phenotype relationships across all levels of biological organization. For example, linear
regression was used to model product titers in a multi-enzyme biosynthetic pathway; this
model was then used to optimize enzyme expression levels to maximize overall product
production®®. Another example used compressed sensing methods to model a protein’s
DNA-binding specificity3®. Statistical methods have been widely used in genetics relate
phenotypes to genetic loci using quantitative trait locus (QTL) mapping.

Data-driven approaches are transforming every field of science and engineering.
This revolution has been triggered by the confluence of advances in data generation, data
access, and data analysis/interpretation. Advanced experimental technologies are
allowing us to analyze biological systems on an unprecedented scale and resolution. The
resulting data is also becoming readily accessible through large, public biological
databases and repositories. At the same time, there have been tremendous advances in

artificial intelligence and pattern recognition. Widespread interest in machine learning has
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also driven improvements in software packages such as the Scikit-learn and Keras deep
learning Python libraries. Data-driven approaches leverage the continuously expanding
sea of data and will play an increasingly important role in biological discovery and

engineering.
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3.1 Abstract

Alcohol forming fatty acyl reductases (FARS) catalyze the reduction of thioesters
to alcohols and are key enzymes for microbial production of fatty alcohols. Many
metabolic engineering strategies utilize FARs to produce fatty alcohols from intracellular
acyl-CoA and acyl-ACP pools; however, enzyme activity, especially on acyl-ACPs,
remains a significant bottleneck to high-flux production. Here, we engineer FARs with
enhanced activity on acyl-ACP substrates by implementing a machine learning (ML)-
driven approach to iteratively search the protein fithess landscape. Over the course of ten
design-test-learn rounds, we engineer enzymes that produce over twofold more fatty
alcohols than the starting natural sequences. We characterize the top sequence and
show that it has an enhanced catalytic rate on palmitoyl-ACP. Finally, we analyze the
sequence-function data to identify features, like the net charge near the substrate-binding
site, that correlate with in vivo activity. This work demonstrates the power of ML-models

in improving function of traditionally difficult-to-engineer proteins.
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3.2 Introduction

Fatty acyl reductases (FARSs) are vital for the microbial synthesis of key primary
and secondary metabolites such as fatty aldehydes, waxes, alkanes, and fatty alcohols.
These enzymes often interface with fatty acid anabolic/catabolic pathways and catalyze
the reduction of thioester bonds found in acyl-acyl carrier proteins? (acyl-ACPs) and acyl-
coenzyme As (acyl-CoAs)?. These enzymes typically have a preference for either acyl-
ACP or acyl-CoA substrates, but also display cross reactivity due to the common thioester
bond in both substrates. Some FARs perform only one, two-electron, reduction step to
produce aldehydes?, while others can perform two sequential reduction steps (totaling
four electrons) to produce alcohols directly*-®.

The alcohol-forming FAR enzymes capable of complete reduction of thioesters to
alcohols have been widely used in metabolic engineering for producing fatty alcohols’11.
The enzymes Maqu 2220 and MA-ACR from Marinobacter aquaeloei display high activity
on acyl-CoA substrates and produce the corresponding fatty alcohols?#!l. These
enzymes can be incorporated to feed off of the reverse beta oxidation pathway to yield
high levels of alcohols®. Another common metabolic engineering strategy involves
terminating the host organism’s fatty acid elongation cycle with a thioesterase to produce
a fatty acid that can then be converted to an acyl-CoA by an ATP dependent ligase, and
then finally converted to an alcohol by a FAR”?12, This approach was recently applied
using an engineered C8-specific thioesterase to produce octanol at a titer of 1.3 g/L°.
While these titers are impressive, alcohol production could be more efficient with enzymes
that bypass the thioesterase-ligase route, and instead directly convert acyl-ACPs to

alcohols?s.
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Alcohol-forming FARSs that prefer acyl-ACP substrates are less well characterized,
and often display low to moderate activity relative to enzymes that prefer acyl-CoA
substrates. Engineering alcohol-forming FARs such as MA-ACR to have higher activity
on acyl-ACP substrates would open up new highly efficient pathways to making fatty
alcohols in vivo. However, these enzymes are challenging to engineer using traditional
protein engineering methods. MA-ACR and its close homologs lack high-resolution crystal
structures needed for most computational and rational engineering approaches. Directed
evolution strategies are also difficult because fatty alcohol production cannot be assayed
in high-throughput. Machine learning (ML)-based protein engineering has recently
emerged as an efficient strategy for engineering proteins with limited structural and
functional information'4-2°, Machine learning algorithms can infer the protein sequence-
function mapping given a limited experimental sampling of the landscape®*. The resulting
sequence-function models can be used to computationally explore sequence space and
predict optimized sequences.

In this work, we apply an ML-based protein engineering framework to engineer
acyl-ACP reductases to produce fatty alcohols in vivo. We start by characterizing the
ability of MA-ACR and related enzymes to produce fatty alcohols from intracellular acyl-
ACP pools. We then design a large library of chimeric enzymes and develop an ML-based
protein optimization strategy to rapidly identify highly active sequences. Our approach
consists of generating diverse initial sequence sampling to get a preliminary view of the
landscape, followed by ten iterative design-test-learn cycles to efficiently search the
landscape and discover optimized sequences. We show that the algorithm converges on

highly active acyl-ACP reductases that produce 4.9-fold more fatty alcohols than MA-
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ACR. We evaluate the performance of the engineered enzymes in vitro and find the
improved alcohol titers are the result of engineered enzymes with increased catalytic
efficiency. Finally, we perform a statistical analysis of the landscape and identify key
sequence elements that contribute to enzyme activity. Many of these elements are
located near the enzyme’s putative substrate entry channel and may be involved with
modulating the preference between acyl-CoA and acyl-ACP substrates. These results
open future directions to engineer enzymes for efficient microbial production of fatty

alcohols.

3.3 Results
3.3.1 In vivo fatty alcohol production by natural and chimeric acyl-ACP reductases

We focused our protein engineering efforts on MA-ACR from Marinobacter
aquaeloei because it displays high in vivo activity on acyl-CoA substrates’-° and it was
also suspected to accept acyl-ACP substrates. MA-ACR consists of two domains that
sequentially reduce thioesters to alcohols (Figure 3.1a). The C-terminal acyl-thioester
reductase (ATR) domain reduces thioesters from ACP or CoA substrates to aldehydes,
and the N-terminal aldehyde reductase domain (AHR) reduces aldehydes to alcohols*.
We also identified two related enzymes from Marinobacter BSs20148 and Methylibium
Sp. T29 that have 60-81% sequence identity with MA-ACR (Figure 3.1b) and were
previously shown to produce alcohols from acyl-CoAs®®. Throughout the remainder of
this chapter, we refer to the FAR enzymes from Marinobacter aquaeloei, Marinobacter

BSs20148, and Methylibium Sp. T29 as MA-ACR, MB-ACR, and MT-ACR, respectively.
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Figure 3.1: Acyl-ACP reductase activity of natural and chimeric enzymes. (a) Alcohol-forming
acyl-ACP reductases consist of two domains that sequentially reduce acyl-ACP substrates to
aldehydes, and then aldehydes to alcohols. (b) We focused our studies on three diverse
sequences from M. aquaeloei (dark blue), Marinobacter BSs20148 (light blue), and Methylibium
Sp. T29 (yellow), which we refer to as A, B, and T, respectively. (c) Total fatty alcohol production
by the three natural sequences and the six chimeric enzymes generated by shuffling their AHR
and ATR domains. The error bars represent one standard deviation centered at the mean of four
replicates (n=4) from cultures derived from individual colonies, except for MA-ACR (where n=5),
parent B (fusion A-B, where n=3) and the empty vector (n=2). (d) ATR domain residue-residue
contact map used for SCHEMA recombination. The colored squares depict the eight sequence
blocks from the SCHEMA design that minimizes structural disruption. () The SCHEMA blocks
mapped onto the ATR domain’s three-dimensional structure (the colors correspond to the
squares in panel d). (f) Our chimeric ATR library was fused to the AHR domain from MA-ACR.
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We characterized the ability of these three natural enzymes to produce fatty
alcohols from intracellular acyl-ACP pools by introducing them into E. coli RLO8ara?!, a
strain that lacks the fadD gene, which encodes an acyl-CoA ligase. Deletion of fadD
decreases the formation of acyl-CoAs and thus presents the enzymes with substrates
that are predominantly acyl-ACPs from fatty acid biosynthesis!®3. We grew each strain
under aerobic conditions, extracted the fatty alcohols and measured the fatty alcohol (C6-
C16) titers using gas chromatography. We found the enzyme MB-ACR from Marinobacter
BSs20148 displayed more than double the total fatty alcohol titer of MA-

ACR (Figure 3.1c). These results suggest that MB-ACR may have a preference
for acyl-ACP substrates because it was previously shown to have lower activity than MA-

ACR on acyl-CoA substrates®.
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Figure 3.2: RASPP chimeric enzyme library design. The SCHEMA-RASPP algorithm was used
to identify sets of breakpoints that simultaneously maximize the average mutation level (M) of the
library and minimize the SCHEMA energy (E) of the library. Each point in the graph represents a
library of chimeras, and the library that was selected is shown in black. Libraries with randomized
breakpoints are shown in light gray for comparison.
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We next characterized the fatty alcohol production from chimeric enzymes
generated by swapping AHR and ATR domains between the three natural sequences. Of
the six possible chimeric enzymes, we found the chimera with an AHR domain from MA-
ACR and the ATR domain from MB-ACR displayed the highest fatty alcohol titers (Figure
3.1c). This chimeric enzyme produced ~50% more fatty alcohol than MB-ACR and
roughly three-fold more fatty alcohol than MA-ACR. The ATR domain from MT-ACR also
displayed increased activity (~1.5x) when fused to the AHR domain from MA-ACR. These
results suggest that MA-ACR’s AHR domain is more efficient than the AHR domains from
the two other natural enzymes.

To further explore how gene shuffling can enhance fatty alcohol production, we
designed a large library of ATR domains using SCHEMAZ22-24 structure-guided
recombination (Figure 3.1d). Our design used a homology model of MA-ACR’s ATR
domain to define the family’s contact map and identified seven breakpoints within the
domain that balance structural disruption with library diversity (Figure 3.2).

These seven breakpoints define eight sequence blocks that span the ATR domain’s
structure (Figure 3.1e). Notably, the structure’s substrate access channel is composed of
blocks 4, 5, 6, 7, and 8, and diversity at these positions may result in changes in the
enzyme’s substrate preference. Each of the eight sequence blocks can be inherited from
one of the three natural enzymes to define a combinatorial sequence space of 38
sequences. However, block 6 from MA-ACR and MB-ACR happened to be perfectly
conserved, and therefore the total library diversity is 2*37 = 4,374 sequences. We fused

our chimeric ATR domains with the highly active AHR domain from MA-ACR (Figure 3.1f).
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For the remainder of the chapter, we refer to chimeras by a block sequence (e.g.
A-ABTABTAB) that specifies which of the three enzymes each sequence fragment was
inherited from. Here, A, B, and T correspond to MA-ACR, MB-ACR, and MT-ACR,
respectively; the first position specifies the AHR domain and the remaining positions
specify the ATR domain’s eight SCHEMA blocks. We also refer to the three sequences
that have all eight ATR blocks from a single natural enzyme as ‘parental’ enzymes. Here
‘parent A’ has the block sequence A-AAAAAAAA, ‘parent B’ is A-BBBBBBBB, and ‘parent

TisA-TTTTTTTT.

3.3.2 Increasing fatty alcohol production with ML-driven enzyme engineering

We aimed to identify the most highly active enzymes from our chimeric ATR
domain library. However, the chimera space consists of thousands of unique sequences
and is much too large to fully characterize using our low-throughput gas chromatography
assay. Instead, we developed an ML-based sequence optimization method to rapidly
identify highly active sequences with minimal experimentation (Figure 3.3a). Our
approach consists of generating diverse initial sequence sampling to get a preliminary
view of the landscape, followed by iterative design-test-learn cycles to efficiently search

the landscape and discover optimized sequences.
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Figure 3.3: ML-accelerated protein sequence optimization. (a) An overview of our sequence
space search strategy. We first initialize the search by designing a diverse set of sequences that
broadly sample the landscape. We then iterate through multiple design-test-learn cycles to
efficiently understand and optimize in vivo fatty alcohol production. (b) Sequence space
visualization over ten rounds of UCB optimization (each round is shown as a different color). The
three parent enzymes are found at the vertices of this chimeric sequence space and all chimeras
fall within the parents’ envelope. The UCB optimization started by broadly sampling the
landscape, but quickly converged on highly active regions. (c) The in vivo fatty alcohol titers over
the course of the sequence optimization. Each point depicts an individual sequence’s mean fatty
alcohol production in the sequence optimization phase and the horizontal grey bars represent the
average titer during that round of sequence optimization. The mean, standard deviation and
number of replicates, where n is equal to the number of cultures analyzed (each one from an
individual colony), are shown in Supplementary Table 3.5.
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We generated a diverse initial sampling of sequence space using a greedy
algorithm to identify the set of 20 sequences that maximized the Gaussian mutual
information with the full chimera space consisting of 4,374 sequences. We then
constructed these sequences and experimentally measured their fatty alcohol titers in
three E. coli strains (Figure 3.4). We evaluated the chimeras’ titers in RLO8ara under
aerobic conditions to assess activity on acyl-ACP substrates. Seventeen of the twenty
sequences displayed no measurable alcohol production in RLO8ara and the remaining
three produced low titers that were below the least productive parent (T). We also tested
their activity in the CM24 strain® that was engineered to produce high concentrations of
acyl-CoA substrates. In the CM24 strain under anaerobic conditions, we found two of the
twenty chimeras produced alcohol titers comparable to least productive parent (B).
Finally, we also evaluated alcohol titers in BL21(DE3) under aerobic conditions and found
eight of the twenty chimeras produced measurable alcohols. Notably, the panel of twenty
chimeras displayed differential activity across strains, which could be the result of varying
substrate pools within each strain and different substrate preferences between the

chimeric enzymes.
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The fatty alcohol titer data from these 20 initial sequences was used to train
Gaussian process (GP) sequence-function models that can make predictions across the
entire chimera space. Importantly, GPs also provide estimates of the model’s uncertainty
(confidence intervals) that can be used to gauge the reliability of predictions and highlight
gaps in its understanding of the landscape!*.

With the initialized GP sequence-function model, we then iterated through multiple
design-test-learn cycles with the goal of identifying the optimal sequence with minimal
experimental samples. The sequences for the next round of experimentation were
designed using an upper-confidence bound (UCB) criterion that simultaneously explores
uncertain regions of the landscape and samples sequences that are predicted to be
optimized. UCB optimization provides strong theoretical guarantees for efficiently
balancing exploration and exploitation?®2¢, and should rapidly converge on the optimal
sequences. During each iteration, we designed 10-12 sequences using a batch mode
UCB criterion (see section 3.5), assembled the corresponding genes, transformed them
into E. coli, and measured each strain’s fatty alcohol titer using gas chromatography. The
new data was then used to update the sequence-function model and the process was
repeated. We performed a total of ten rounds of UCB sequence optimization and saw
gradual improvements in fatty alcohol titers (Figure 3.3). The details of each round of UCB
optimization can be found in Supplementary Table 3.4.

The UCB sequence optimization converged on multiple highly active acyl-ACP
reductases. The enzyme with the highest titer had a block sequence of A-ATBBAAAB
and we refer to this top sequence as ATR-83. Additional in vivo characterization showed

that ATR-83 produces a total titer of 54 + 11 mg/L fatty alcohols (Supplementary Table
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3.5), which is nearly five-fold greater than the titer of MA-ACR and about two-fold greater
than the best natural sequence (MB-ACR). The alcohols produced by ATR-83 and the
other top chimeras consisted of primarily hexadecanol (C16) and some tetradecanol
(C14). This product distribution is expected since long chain acyl-ACPs are the primary

precursors for the lipids that make up the cell membranes in E. coli?’?2,

3.3.3 Improved fatty alcohol production occurs via an enhanced catalytic rate on acyl-
ACP substrates

Our engineered acyl-ACP reductase chimeras produce several-fold more fatty
alcohols than the initial natural sequences. Increased flux through the metabolic pathway
can be the result of improved protein stability and/or expression, enzyme kinetic
properties, or possibly interactions with other components of the pathway. We performed
further biochemical analysis of the engineered enzymes to better understand how they

increase alcohol production.
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Figure 3.5: Expression levels and kinetic activity of selected ATRs. (a) We measured the
expression levels of the ATR-83 chimera and the three parental enzymes. These four enzymes
displayed no significant differences in expression despite the large differences in their alcohol
titer. The error bars represent one standard deviation centered at the mean (n=3, 4, 3, and 2 for
ATR-83, parent B, parent A and parent T respectively, where n is the number of cultures analyzed,
each from individual colonies). (b) We characterized the kinetics of selected enzymes on
palmitoyl-ACP. The error bars represent one standard deviation centered at the mean (n=4
technical replicates). ATR-83 displayed a higher turnover number (k.. ) relative to parent B, and
higher activity overall compared to the other parents. The kinetic parameters for parents Aand T
could not be precisely determined due to their low overall activity and the resulting poor fit to the
Michaelis-Menten model.
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Figure 3.6: Representative SDS-PAGE gel for measuring ATR expression level (the molecular
weight markers are in units of kDa), image analysis of the intensity plots, and standard curve. The
red arrow in the gel panel shows the expected molecular weight of MA-ACR.

We first measured the level of enzyme expression in the production strain (Figure
3.6, Figure 3.5a). We found all sequences were expressed at high levels and there were
no statistically significant differences between the natural and engineered sequences.
Next, we purified the enzymes and measured their kinetic properties on palmitoyl-ACP
(Figure 3.5b,c). ATR-83 and parent B displayed similar Km values for palmitoyl-ACP, but
ATR-83 had a substantially larger turnover number. ATR-83’s increase in kcat matches its
improvements in fatty alcohol titer. Taken together with the enzyme expression data, this
suggests that the engineered enzymes are increasing alcohol production by an enhanced
catalytic rate.

We also analyzed the enzymes’ activity on CoA substrates and found that ATR-83
has a lower activity than the parents on palmitoyl-CoA (Figure 3.7). This suggests that

ATR-83 may not be a faster enzyme overall, but instead displays an altered preference
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for ACP over CoA. This altered preference could be the result of changes in the protein

surface that interacts with the ACP substrate.
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Figure 3.7: Comparison of enzyme activity on palmitoyl-CoA substrates and acyl-ACP substrates
for the three parental enzymes (Parents A, B, and T) and ATR-83. Data are presented as the
mean of four technical replicates + SD.

3.3.4 Statistical analysis of the enzyme landscape reveals features that influence fatty
alcohol production

Over the course of our UCB sequence optimization, we collected 96 data points
mapping chimeric sequences to fatty alcohol titers. This sequence-function data can
serve as a rich resource for understanding how protein sequence and structure impact in
Vivo enzyme activity. We trained a GP regression model to predict fatty alcohol titers from
sequence. This model displayed excellent predictive ability in a cross-validation test
(Figure 3.8).

We used this predictive model to assess how each chimera sequence block
contributes to overall enzyme activity (Figure 3.9a). We see that most block positions
influence activity and display a broad range of effects. The three sequence blocks with
the largest positive contribution were block 7 from MA-ACR, block 3 from MB-ACR, and

block 2 from MT-ACR. Substitution to any one of these blocks tends to increase alcohol
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Figure 3.8: Cross-validated Gaussian prOC(elosgs(Tirt;rg);?:;aslion model used to study chimera landscape
and determine contributions of blocks.
titers by over 70%. Block 8 from MB-ACR also strongly tends to increase the titers. The
sequence blocks with the most negative contribution were blocks 3 and 7 from MT-ACR.
Overall, most blocks from MT-ACR were deleterious for alcohol production.
We mapped the block effects onto MA-ACR’s homology model to relate their
contributions to structure and mechanism (Figure 3.9b). Block 2 likely forms extensive
interactions with the enzyme’s NADPH cofactor, and MT-ACR is the best parent at this

position. While there are many amino acid differences in this block, it's notable that MT-

ACR has a different NADPH binding motif than the other two parents (GGSSGIG vs.
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Figure 3.9: Statistical analysis of the fatty alcohol production landscape. (a) Contributions of each
sequence block to the alcohol production of chimeras. (b) Mapping of the contributions to the
structural model of MA-ACR. Blocks with strong effects (either positive or negative) line up with
key structural features such as the NADPH binding domain, the active site and the ACP binding
site. (c) Correlation between net charge near the binding site and fatty alcohol titer of chimeras.
Chimeras with higher net charges tend to produce higher titers. Additionally, three key blocks
were found to correlate with both activity and with charge. Combining all three of these blocks
results in highly active enzymes. The statistics for the finalized dataset (mean, standard deviation
and number of replicates) are available in Supplementary Table 3.5. (d) Positions in the parent
sequence alignment that contain non-conserved charged residues within 10 A of the putative ACP
binding site (positively charged residues are shown as blue text, negatively charged residues are
shown as red text). (e) Locations of key charged residues in the structural model of MA-ACR
docked with palmitoyl-ACP. Optimal combinations of blocks could produce more favorable
interactions with the ACP.

GATSGIG). MT-ACR’s motif may provide more efficient NADPH utilization in vivo. Blocks
4-8 make up the binding pocket for the acyl-thioesters. Block 5 contains three of the
catalytic residues (a Y, S and K), and block 6, whose sequence is highly conserved,
appears to be involved in NADPH binding. Blocks 7 and 8 appear to contain surface
residues; positively charged residues in these blocks are likely involved in docking the
negatively charged acyl-ACP?°.

We hypothesized the net charge of the enzyme’s substrate binding pocket may

influence activity because the ACP substrate contains many negatively charged residues.
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To examine the enzyme’s charge distribution near the substrate binding site, we
computationally docked ACP (from PDB entry 6DFL

[https://www.rcsb.org/structure/6DFL]) to our homology model of MA-ACR using

RosettaDock3°. We then identified all interface positions within a 10 A radius of the docked
ACP and calculated the net charge of each chimera’s interface residues. We found the
net charge of an enzyme’s substrate binding interface was positively correlated with the
total fatty alcohol titer (Figure 3.9c). A chimera’s substrate interface charge is dictated by
nine sequence positions that are near the ACP substrate and that contain charged
residues in at least one parent (Figure 3.9d,e). The charges at these sequence positions

can largely explain the preferred blocks from Figure 3.9a.

3.4 Discussion

Engineering fatty acyl reductases (FARS) to have improved activity on acyl-ACP
substrates could open routes to in vivo production of fatty alcohols, and other valuable
bioproducts such as waxes and alkanes. In this work, we engineered enzymes with
improved activity on acyl-ACP substrates. Our approach leveraged gene shuffling to
broadly sample sequence space and ML-driven protein engineering to rapidly and
efficiently identify optimized sequences. Our top identified enzyme, ATR-83, displayed
two-fold higher in vivo fatty alcohol titers than the best natural sequence MB-ACR and
nearly five-fold higher titers than MA-ACR. These increases in fatty alcohol titer are a
result of ATR-83’s enhanced turnover number on ACP substrates. The chimeric enzymes
discovered in this work have potential to improve the efficiency of alcohol production from

acyl-ACPs in vivo.


https://www.rcsb.org/structure/6DFL

71

Shuffling the AHR and ATR domains between the three natural sequences
generated chimeric enzymes that produce a broad range of fatty alcohol titers. From
these results, it appears the ATR domain from MB-ACR has the highest activity on ACP
substrates and the AHR domain from MA-ACR has the highest activity on the
intermediate aldehyde substrate. Rather than directly affecting the catalytic rate, it's also
possible that these domains could be enhancing activity through inter-domain
interactions, especially since MA-ACR has been shown to be tetrameric?.

Machine learning is rapidly advancing the fields of directed evolution and protein
engineering'®>1"31, Though some ML-based strategies (especially those involving deep
learning or neural nets) require massive amounts of training data, active-learning
approaches (such as UCB optimization) can be used to simultaneously explore the
sequence-function landscape and identify improved sequences from relatively few data
points. The reduced need for data enables protein engineering workflows that don’t
depend on high-throughput techniques, and thus overcomes major limitations of directed
evolution approaches. Our design-test-learn cycle closely resembles the UCB
optimization process previously used to engineer thermostable chimeric cytochrome
P450s'4. However, a key difference in this work was the introduction of an active/inactive
binary classifier to filter out potential inactive sequences that provide little information
regarding enzyme activity. Incorporating this classifier led to improved predictions by the
GP regression model, especially in early UCB rounds when the number of active
sequences was small (only 12 sequences were active from the first three rounds).

In the early rounds of our UCB sequence optimization, we found it was helpful to

restrict the number of block exchanges from the parent sequences in order to bias the
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search towards functional sequences. Sampling further away almost always resulted in
non-functional sequences that provided little information about the fatty alcohol
production landscape. We learned this trick during the course of the sequence
optimization, which certainly limited the efficiency of our method. Future improvements to
UCB algorithm could include an informative prior for the active/inactive binary classifier
that encodes a preference to sample near the parent sequences when limited functional
data is available.

In principle, our protein engineering framework is applicable whenever an
underlying fitness landscape can be inferred via machine learning. There have been
multiple previous studies demonstrating the effectiveness of machine learning to navigate
the sequence-function landscape. A notable example used a similar UCB method to
optimize cytochrome P450 thermostability!*. A lower confidence bound (LCB) algorithm
was used to predict chimeric channelrhodopsins that localize to the plasma membrane of
mammalian cells, and UCB optimization was then used to identify chimeras with high
localization!®. GP classification and regression models were further used to engineer
highly light sensitive channelrhodopsins for optogenetics®!. Iterative searches through
protein sequence-function landscapes such as UCB optimization and LCB minimization
reduce dependency on large datasets, and enable engineering of more difficult protein
targets.

ATR-83 produced 50% more fatty alcohols than parent B (A-BBBBBBBB) and
450% more than MA-ACR. It is difficult to interpret these in vivo results because
intracellular acyl-ACP pools exist as a broad mixture from C4-C18, and each enzyme may

have its own substrate preferences. We performed further kinetic characterization on the
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enzymes and found ATR-83’s increased in vivo alcohol production is the result of
enhanced turnover number (kcat) on ACP substrates, rather than enzyme expression or
Kwm effects. Interestingly, ATR-83 displays lower activity on acyl-CoA substrates than
parent B and MA-ACR. Since both acyl-ACP and acyl-CoA substrates have the same
thioester bond that is being reduced, one might expect substrate specificity to manifest
as differences in Km between the enzymes. However, we observed enzymes’ Kcat to be
the major determinant of substrate specificity. One possible explanation for the observed
behavior could be that ACP is interacting with the enzyme surface to allosterically
enhance the catalytic rate. Similar allosteric modulation by ACPs has been observed in
the LovD enzyme?®?,

We found a positive correlation between an enzyme’s net charge near the putative
substrate binding site and its activity on acyl-ACPs in vivo. This relationship may be
expected because positive charges on the enzyme surface could enhance electrostatic
interactions with the negatively charged ACP substrate. The chimeric enzymes’ substrate
interface charge is largely dictated by blocks 4, 7, and 8. Sequences with B at block 4, A
at block 7, and B at block 8 (i.e. XXXBXXAB) can increase the net interface charge of a
chimera by up to +4. The average alcohol titer of chimeras containing these three blocks
is 42 mg/L, compared to an average of 8 mg/L for sequences without that combination.
These results suggest future enzyme engineering directions to supercharge the substrate
interface with positively charged residues to further enhance electrostatic interactions with
ACP. A similar approach has been applied to acyl-ACP thioesterases, leading to

improved enzyme activity?°.
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While we demonstrated that our engineered enzymes have improved activity on
palmitoyl-ACP both in vivo and in vitro, the activity of the enzymes on shorter and medium
chain substrates is less clear. Production of medium chain fatty alcohols, such as octanol,
remains a prime target for metabolic engineering, since medium chain fatty alcohols are
more valuable than long chain fatty alcohols®3. In order to explore the in vivo activity of
these engineered enzymes on shorter chain acyl-ACPs, new methods would be needed
to alter the acyl-ACP distribution in the cells without significantly disrupting pathways
involving production of lipids for the cell membranes. Alternatively, pathways that utilize
acyl-CoA pools show promise for making medium length alcohols selectively’:°. While our
active-learning strategy focused on acyl-ACP activity, it could also be used to enhance
activity on medium chain acyl-CoAs.

While our engineered ATRs were able to significantly boost fatty alcohol production
from acyl-ACP substrates, the titers we achieved are still far below those from pathways
that rely on acyl-CoA intermediates, such as the implementation of reverse beta oxidation
in Mehrer et al. (1.8 g/L)® and the utilization of a thioesterase/acyl-coA ligase pair in
Hernandez-Lozada et al. (1.3 g/L)°. Our lower titers are expected since the acyl-ACP pool
is considerably smaller than the acyl-CoA pools that can be achieved in these and similar
pathways. Additionally, these previous works involved extensive strain optimization to
boost acyl-CoA pools, while our current enzyme engineering results were achieved in an
unmodified host strain. Importantly, the acyl-ACP route to produce fatty alcohols is more
direct and has a lower energetic cost than pathways utilizing acyl-CoA intermediates.

Future work could focus on strain engineering efforts to upregulate fatty acid biosynthesis
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by modifying FadR expression or by relieving the pathway’s feedback inhibition by longer
chain acyl-ACPs.

Our ability to engineer microbes to produce high-value chemicals is often limited
by the availability of enzymes to catalyze key chemical reactions. We have presented an
enzyme engineering framework that leverages ML-based sequence-function models with
iterative experimentation to rapidly identify improved enzymes. This approach can be
generally applied to enzymes that lack a high-throughput functional assay or structural
information, and therefore are challenging to engineer using traditional directed evolution
and rational methods. Future advances in enzyme engineering will open routes to

produce valuable chemicals from low-cost and renewable feedstocks.

3.5 Methods
3.5.1 Chemicals, reagents, and media

E. coli RLO8ara?! and CM24® assay media used for this study are the same
composition as Miller LB, except with 10 g/L peptone instead of 10 g/L tryptone. CM24
media was supplemented with 1% wi/v glucose, and sterile filtered using a 2 uM filter. E.
coli RLO8ara assay medium was sterilized by autoclaving. Both media were adjusted to
a pH of 7.0 prior to sterilization.

Individual fatty alcohol standards were prepared at a concentration of 200 mg/mL
by dissolving alcohols ranging from C3 to C17 in 200 proof ethanol. Then, alcohols were
mixed to make 10 mg/mL standards of even-chain alcohols (C4, C6, C8, C10, C12, C14
and C16) and odd-chain alcohols (C3, C5, C7, C9, C11, C13, C15, C17). All unique

biological materials are available upon request.
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3.5.2 Measuring in vivo fatty alcohol titers

We measured in vivo alcohol titers produced by each enzyme variant using gas
chromatography (GC). Overnight cultures started in LB + Kanamycin from individual
colonies from the transformation were grown for 16-20 hours and diluted into a 50 mL
culture of E. coli RLO8ara Assay Medium + Kanamycin in a 250 mL baffled shake flask
such that the final OD was about 0.01. The media had a 20% (10 mL) dodecane overlay,
and we supplemented the media with 1 mL of 50% v/v glycerol. The cultures grew at 37
°C for 45 minutes at 250 rpm, and then we induced protein expression by adding 500 yL
of 200 mM IPTG (final concentration 100 uM IPTG). As a control, each batch also included
blank cultures that were prepared by mixing media, dodecane, glycerol and antibiotic in
the same amounts as the expression cultures, but without any cells added. The
expression cultures incubated for 18 hours at 30 °C after induction.

Afterwards, we cooled the expression cultures on ice to prevent evaporation. Then,
we added 150 pL of 10 mg/mL odd-chain internal standard mixture to each culture flask
and mixed them vigorously to make an emulsion. Immediately after mixing, we transferred
5 mL of the emulsion to a glass centrifuge tube pre-loaded with 1 mL of n-hexanes. We
vortexed the tubes for 20 s, shook for 20 s, and vortexed for another 20 seconds. Then,
we centrifuged the samples for about 10 minutes until the organic layer and aqueous
layers separated and extracted about 900 L of the organic layer to load into a GC vial
for analysis on GC-FID.

We analyzed all GC samples using a Shimadzu Model 2010 GC-FID system with

an AOC-20i autosampler and a 60 m 0.53 mm ID Stabilwax column (Restek 10658). The
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oven temperature program used to analyze samples from RLO8ara and CM24 samples
was based on Mehrer et al.2 and is as follows: 45 °C hold for 10 minutes, ramp to 250 °C
at 12 "C/minute, hold at 250 °C for 10 minutes. In some individual experiments we
shortened the hold time. Each run included standards of the odd-chain internal standard
mixture and even-chain standard mixture to control for any changes in the retention times
of the analytes. We estimated the concentrations of even-chain fatty alcohols by
averaging the areas (A1 and Ai+1) and concentrations (Ci1 and Ci+1) of the odd-chain
internal standards that bracketed the particular even-chain analyte. We used the resulting
response factor to convert the area of the even-chain species (Aj) to the original media

concentration (Ci) per Equation 3.1:

avg(Ci_1, Cis1)

' ' avg(Ai—1,Ais1)

(i =2,4,6,810,12,14,16) (3.1)

3.5.3 Aerobic alcohol production in BL21(DE3)

We cloned the initial seed sample ACR chimeras into the pET28 backbone and
transformed into BL21(DE3). Cultures were started in LB + Kanamycin from individual
colonies from the transformation and grown overnight for 16-20 hours. We diluted the
cultures 100-fold into 5 mL cultures of LB + Kanamycin in culture tubes. We grew the
cultures for 2.5-3 hours, measured the ODs, and then induced with 5 uL of 200 mM IPTG
and incubated for 24 hours at 20 °C with shaking at 250 rpm.

Following protein expression, we incubated the cultures ice for 1.5-2.5 hours.
Nonanol (C9) and heptadecanol (C17) were used as internal standards; a solution that

was 5 uM nonanol and 5 uM heptadecanol in hexanes was prepared and added (1 mL)
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to each 5 mL expression culture. We then vortexed and spun down the sample in a
centrifuge (1000x G for 10 minutes) to separate the phases. 900 uL of the organic layer
was extracted for analysis on GC-FID. Titers of fatty alcohols were determined using an
external standard curve with standards of each of the even chain fatty alcohols in hexanes
and dividing by the extraction ratio (5) to convert from the concentration in the organic

phase to the original concentration in the media.

3.5.4 Anaerobic alcohol production in CM24

ACR chimeras were cloned into the pBTRCK plasmid backbone and transformed
into CM24 along with seFadBA (g130, pACYC-seFadBA) and tdTER (g131, pTRC99A-
tdTER-fdh)8. We started overnight cultures from individual colonies in LB + Kanamycin +
Carbenicillin + Chloramphenicol. The following day, after 16-20 hours, 600 uL of overnight
cultures were diluted in 30 mL of CM24 Assay Medium + Kanamycin + Carbenicillin +
Chloramphenicol with a 20 % (6 mL) dodecane overlay in a 50 mL serum vial, which was
sealed. We grew the cultures for 2 hours at 30 °C, and then induced by injecting 300 pL
of 100 mM IPTG (for a final IPTG concentration of approximately 100 uM) through the
septum with a needle. Cultures were then incubated at 30 °C for 48 hours.

Following expression, we cooled the cultures on ice and added 180 pL of an
internal standard mixture (the same fatty alcohol mixture used for quantitation of alcohols
in RLO8ara). We mixed the samples thoroughly and extracted 5 mL of the emulsion with

1 mL of hexane per the same protocol as RLO8ara above.
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3.5.5 Structural modeling and SCHEMA library design
We utilized the MODELLER3* homology modeling software to build 100 models of
each of the acyl-thioester reductase domains of MA-ACR, MB-ACR, and MT-ACR using

the following PDB entries as templates: 3M1A-A [https://www.rcsb.org/structure/3M1A],

3RKR-A [https://www.rcsb.org/structure/3RKRY], 3RIH-A

[https://lwww.rcsb.org/structure/3RIH], 3AFM-B [https://www.rcsb.org/structure/3AFM],

3AFN-B [https://www.rcsb.org/structure/3AEN], and 4BMV-A

[hitps://www.rcsb.org/structure/4ABMV]. We built a contact map by determining which

pairwise amino acid contacts (defined as two amino acids within a 4.5 A radius based on
any atoms in the amino acids) were present in each model, and weighted each contact
by the percentage of models in which the contact was present.

We determined the crossover between the aldehyde-reductase domain and the
acyl-thioester reductase (ATR) domain by aligning the sequences of MA-ACR, MB-ACR,
and MT-ACR and selecting a crossover point at the conserved LDPDL, approximately
350-360 residues from the N-termini. Then, we used SCHEMA-RASPP to determine 7
additional crossover locations within the ATR domain that were compatible with Golden

Gate assembly.

3.5.6 Gene assembly and strain construction

All ATR enzymes tested were cloned into the pBTRCK plasmid backbone and
transformed into E. coli RLO8ara?!. We obtained the three natural parent sequences from
prior studies®®. We amplified the AHR and ATR domains of each of the natural

sequences, as well as the plasmid backbone, by PCR using primers (Supplementary
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Table 3.7) that contained Golden Gate overhangs. We used Phusion Hot Start Flex 2X
Master-Mix (NEB) for all PCR reactions. Then, we used Golden Gate assembly to
combine the pieces and synthesize the domain shuffled variants. Golden Gate reactions
were carried out either using commercial Golden Gate assembly mix (NEB), or an in-
house mixture of the components from NEB (T4 DNA ligase buffer, Bsal HF v2 and T4
DNA ligase).

We designed plasmids containing each of the 24 blocks determined by RASPP
such that each block was flanked by Bsal restriction sites. The plasmids were synthesized
by TWIST Biosciences. The blocks (including the Bsal site) were amplified by PCR and
cloned into a backbone vector harboring the AHR domain of MA-ACR by Golden Gate
assembly. For sequences that we studied in vitro, we amplified the whole FAR sequence

and used Golden Gate assembly to add the insert into a pET 28 backbone.

3.5.7 Greedy algorithm to design an informative seed sample

We sought to identify the set of 20 chimera sequences that is maximally
informative of the full chimera landscape. We quantify ‘informativeness’ as the Gaussian
mutual information I(S;L) between the chosen sequences S and the full landscape L. This
mutual information simplifies to the Gaussian entropy H(S) because S is a subset of L.
Entropy is a submodular set function and can therefore be efficiently optimized using a
greedy algorithm.

We started with our three parent sequences and scanned over all possible chimera

sequences si to determine which resulted in the largest Gaussian entropy H(S U {si}). This
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top sequence was added to the chosen set of sequences S and the greedy sequence

selection process was repeated until 20 sequences were chosen.

3.5.8 Sequence-function machine learning

We modeled the sequence-function landscape using a combination of a Gaussian
Naive Bayes (GNB) classifier to distinguish inactive versus active sequences and
Gaussian process (GP) regression to model a sequence’s fatty alcohol titer.

The active/inactive classifier was trained on chimera sequence-function data using
scikit-learn’s Naive Bayes classifier. We categorized sequences as active if their alcohol
titer was above a certain threshold; otherwise, they were considered inactive. The amino
acid sequences for each tested chimera were one-hot encoded and used as inputs for
the classifier. The resulting model provides a prediction of the probability that a sequence
is an active enzyme.

We also trained a GP regression model on the active sequences’ fatty alcohol
titers. Our GP regression model used a homogeneous linear kernel to define the

covariance between pairs of sequences

ki =0%x; - x; (3.2)
where ¢?2 is a tunable variance hyperparameter, and x; and x; are the encodings for

sequences i and j, respectively. The Hamming kernel one-hot encoded each amino acid
option at each sequence position, while our structure kernel one-hot encoded amino acid

pairs at each residue-residue pair that was contacting in the three-dimensional structure.



82

We calculated the GP’s posterior mean and variance following Algorithm 2.1 in
Rasmussen & Williams® (section 3.5.17).

We used leave-one-out cross-validation to scan variance (¢2) hyperparameter
values ranging from 10 to 10° and selected values that maximized the correlation
coefficient and minimized the mean squared error (Figure 3.10). When these two
objectives could not be realized simultaneously, we chose ¢ values that balanced them.
We then used the chosen o2 value to fit the GP model on all the data and predict the

activities of all untested sequences that the GNB classifier labeled as active.
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Figure 3.10: Cross validation scans by round during sequence optimization. The leftmost
column shows the correlation coefficients as a function of ¢2, the middle shows the mean
squared error, and the right shows the final cross validated result. The selected values of o2
are shown as black dots in the leftmost and middle columns.
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3.5.9 Upper-confidence bound optimization

We utilized UCB optimization to select informative sequences to build and test for
the next round. For UCB rounds 2-10, we trained the active/inactive GNB classifier and
the alcohol titer GP regression model on all prior data. We then applied the GNB and GP
models to make functional predictions over all untested chimeras. We choose a panel of
sequences to test using a ‘batch mode’ UCB selection strategy3¢, while excluding any
sequences that were predicted to be inactive from the GNB classifier. We first chose the
sequence that maximized the GP upper confidence bound (mean + one standard
deviation). This is the UCB optimal sequence. We then retrained the GP model with the
assumption that the UCB optimal sequence’s true titer was equal to its predicted titer. We
then recalculated the UCBs and chose the new UCB optimal sequence. This process
enables selection of multiple UCB optimal sequences per round, and it was repeated until
10-12 sequences were chosen per batch. The details of each round of UCB optimization
can be found in Supplementary Table 3.4.

The first UCB round was performed slightly differently than the others because we
were still refining our method. For the first UCB round, we trained GP regression models
on alcohol titers from both BL21(DE3) and CM24 strains. We chose sequences that
maximized the sum of the BL21(DE3) and CM24 UCB scores and selected a panel of ten

chimeras using the batch mode UCB approach described above.

3.5.10 Measuring in vivo enzyme expression levels using SDS-PAGE
To verify that increases in fatty alcohol titers were due to enzyme activity, we

performed additional characterization of the protein expression levels for the parents and
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selected chimeras. To estimate the expression level of the ATR enzyme, we performed
additional replicates using the same expression conditions as were used during UCB
optimization. Then, after extracting the fatty alcohols, we suspended the remaining 5 mL
pellet in 1 mL of media. We normalized the ODs of the suspensions to an OD of 10 and
pelleted and froze 500 uL of the OD 10 culture. We later thawed the frozen pellets and
lysed them using 250 pL lysis buffer (3872 uL 100 mM Tris pH 7.4, 120 pL Bugbuster, 4
pL lysozyme and 4 uL DNAse ).

We prepared a standard curve using dilutions of purified MA-ACR. We added 3 uL
of each MA-ACR dilution to 12 pL of SDS master mix (which consisted of 5 parts 2X SDS
mix and 1 part1 M DTT). and mixed them in a 1:1 ratio (volume:volume) with empty vector
lysate. The other lysates were mixed with 2X SDS buffer and 3 pL 100 mM Tris pH 7.4
(to ensure equal volumes of lysate between the standards and the samples). We heat
denatured the lysates (at 85 “C for 2-5 minutes) and analyzed them by SDS-PAGE.

We used F1JI, an image analysis software?®’, to estimate the intensities of the ATR
band in the MA-ACR standards and generate a standard curve (Supplementary Figure
3). We made new standard curves for each replicate to reduce gel to gel variability, and
only compared samples to standards on the same page gel. Expression levels are

reported as pg/mL of ATR (at an OD of 20).

3.5.11 Biosynthesis of fatty acyl-ACP substrates
We synthesized the acyl-ACP substrates by functionalizing purified E. coli ACP

with a 4’-phosphopantetheine arm by the acyl-ACP synthetase from Vibrio harveyi®®, and
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then attaching the acyl-chain to the thiol end of the arm using a phosphopantetheinyl

transferase (SfP) from Bacillus subtilis.

3.5.12 Expression of V. harveyi AasS, B. subtilis SfP and E. coli ACP

The enzymes needed to functionalize palmitoyl-ACP were expressed using the
method in Hernandez-Lozada et al. with some minor modifications3°. The cells were
grown for 2 hours at 37 °C (200 rpm) and then induced with 1 mM IPTG (final
concentration) without cooling the cultures as was done in Hernandez-Lozada et al. AasS
and SfP were expressed overnight at 18 °C for 18-24 hours, and ACP was expressed at
20 "C overnight (18-24 hours) and harvested by centrifugation. We also purified the
proteins using the method from Hernandez-Lozada et al., however rather than using
dialysis, we used Amicon filter columns to carry out buffer exchange. The final

concentrations of the proteins were determined using Bradford assays.

3.5.13 Functionalization of E. coli ACP

To cleave the His-tag from the Apo ACP, we added 700 uL of 2.1 mg/mL TEV
protease to the 4 mL ACP solution. The reaction incubated overnight (16-20 hours) at 20
°C shaking at a speed of 250 rpm. At the conclusion of the digestion, we stored the mixture
in 50% glycerol at -80 °C. Later, to purify the cleaved Apo ACP, we thawed the digestion
and ran it over parallel gravity columns packed with Nickel Sepharose Fast Flow resin.
We pooled the flow-through and buffer exchanged with 50 mM Na2HPO4 pH 8 + 10%
glycerol using an Amicon filter unit (MWCO 3000 kDa). The concentration of the cleaved

Apo-ACP was determined by a Bradford assay.
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The conditions for the reactions to generate Holo-ACP were: 500 uM Apo ACP, 5
MM SfP, 5 mM Coenzyme A, and 10 mM MgCl2 in 100 mM Naz2HPO4 pH 8. The reactions
took place in 500 uL aliquots in 1.5 mL Eppendorf tubes and shaken in a beaker at 37 °C
for 1 hour.

We dissolved sodium palmitate in water heated to 65 °C to a concentration of 100
mM. After the holo-ACP reactions were finished, we added palmitate, ATP, and AasS to
the reaction mixture, (along with enough buffer to double the reaction volume), to give
final concentrations of 5 mM palmitate, 5 uM AasS and 10 mM ATP. The reactions
incubated overnight (16-20 hours) at 37 "C. Then, we pooled the reactions, purified the
palmitoyl-ACP by running the mixture through a gravity column packed with Nickel
Sepharose Fast Flow Resin. We buffer exchanged the purified palmitoyl-ACP into 100

mM Na2HPO4 + 10% glycerol pH 8.

3.5.14 Purification of ATRs

We expressed parental ATRs (A-AAAAAAAA, A-BBBBBBBB, and A-TTTTTTTT)
and purified them per the same method as E. coli ACP, except for the buffer exchange
step. We buffer exchanged them into 20 mM Tris, 50 mM NaCl pH 7 using an Amicon
filter unit (30,000 kDa MWCO). Then, we added glycerol to the proteins (about 15 % v/v
for parents 1-3). We expressed ATR-83 at 30 “C rather than 20 *C but purified it in the
same manner, though we added more glycerol to the purified ATR-83 (final concentration
~50 % v/v glycerol). We determined the concentration of the enzymes by Bradford

assays.
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3.5.15 In vitro enzyme kinetics on palmitoyl-ACP and palmitoyl-CoA

We determined the activity of the above ATRs in a 96 well plate based assay using
5’5 Dithiobis(2-nitrobenzoic acid) or DTNB to monitor the progress of the conversion of
palmitoyl-ACP to hexadecanol and free holo-ACP (measuring the absorbance at a
wavelength of 412 nm). We tested palmitoyl-ACP concentrations up to 40 uM (as this
concentration should be within the physiological range within cells)®. Reactions
contained 1 uM of the respective ATR and 200 uM NADPH in 20 mM Tris + 50 mM NaCl
pH 7 and the total reaction volume was 100 pL. The concentration of DTNB was 250-252
MM (the difference is due to slightly different preparations of a NADPH/DTNB master
mixes on different dates).

To gauge activity of the ATRs on CoAs in vitro, we carried out reactions using
palmitoyl-CoA as a substrate. The in vitro assay used to determine CoA activity was

identical to that used for ACP activity above.

3.5.16 Computational docking and analysis of interfacial charge

We used the RosettaDock3%4! application to perform local docking simulations to
dock a structure of palmitoyl-ACP (from PDB entry 6DFL) to MA-ACR. We did not include
the acyl-chain in the docking simulations. We ran 1000 docking simulations and selected
a model based on minimizing the total energy and the interface score. Then, using
PyMOL, we determined which residues in the model of MA-ACR were within a 10 A radius
of the ACP molecule. The number of charged residues within that radius was then
determined, and the net interface charge was defined as the number of positive residues

minus the number of negative residues.
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3.5.17 Gaussian process regression and UCB calculation

During the training step of each round, we preprocessed the data and mean
centered the encoding of the training set (x;,-,) the test set encoding (x;,;), and the activity
values for the training set (y;).- Then, to train the model, we follow Algorithm 2.1
presented in Rasmussen and Williams?®. First, we evaluate the kernel function between
all pairs of training sequences (K) and between the training sequences and test

sequences (k,):

K = 0%Xyn * Xipm (3.3)
k. = sztrn ) X{st (3.4)

where ¢? is the hyperparameter used to regularize the model. Then, we perform a
Cholesky decomposition:

L = Cholesky(K + ¢2I) (3.5)
where g2 is the noise level (and in this case was set equal to 1) and I is the identity matrix.
L is a lower triangular matrix that can be used to efficiently solve the following:

o = L"(L\Y¢rn) (3.6)
The predicted mean (y*) can then be calculated as:

v =Kla+Y,.., (3.7)

where Y,,...n 1S the mean activity value of the training sequences. The confidence intervals
(CI) are then determined by calculating the variance (v*) as follows:
v =L\Kk, (3.8)

v =diag(0®X,g - X5) — VIV (3.9)
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CI =+v* (3.10)

Finally, the UCB can be calculated by summing y* and CI for each sequence.

3.6 Data availability

The data supporting the findings of this work are available within the chapter and
its Supplementary Information files. A reporting summary for this article is available as a
Supplementary Information file. Structural data for the following PDB IDs from the protein

databank were utilized: 6DFL [https://www.rcsb.org/structure/6DFL], 3M1A

[https://www.rcsb.org/structure/3M1A], 3RKR [https://www.rcsb.org/structure/3RKR],

3RIH [https://www.rcsb.org/structure/3RIH], 3AFM

[https://lwww.rcsb.org/structure/3AFM], 3AFN [https://www.rcsb.org/structure/3AFEN],

4BMV [https://www.rcsb.org/structure/4ABMV] for structural models. Additionally, all

enzyme sequence function data collected in this work is available at the ProtaBank
protein engineering database under ID Nu9KXbjT4

[https://www.protabank.org/study analysis/nu9KXbjT4/].

3.7 Code availability

All code for machine learning, UCB protein sequence optimization, and data

analysis is available at the GitHub repository: https://github.com/RomeroLab/ML-Guided-

Acyl-ACP-Reductase-Engineering (archived version:

https://doi.org/10.5281/zenodo.5259326).



https://www.rcsb.org/structure/6DFL
https://www.rcsb.org/structure/3M1A
https://www.rcsb.org/structure/3RKR
https://www.rcsb.org/structure/3RIH
https://www.rcsb.org/structure/3AFM
https://www.rcsb.org/structure/3AFN
https://www.rcsb.org/structure/4BMV
https://www.protabank.org/study_analysis/nu9KXbjT4/
https://github.com/RomeroLab/ML-Guided-Acyl-ACP-Reductase-Engineering
https://github.com/RomeroLab/ML-Guided-Acyl-ACP-Reductase-Engineering
https://doi.org/10.5281/zenodo.5259326
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3.9 Supplementary tables

Supplementary Table 3.1. Strain list.
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Strain Description Source/Reference
Escherichia coli DH5a n/a Lucigen
Escherichia coli BL21 DE3 n/a Lucigen
Escherichia coli 10 G Supreme n/a Lucigen

E. coli RLO8ara

E. coli K-12 MG1655 AfadD AaraBAD
AaraFGH ®(AaraEp Pcpis-araE)

Lennen et al.?

E. coli CM24

E. coli LS5218 AfadE AatoC AldhA
AackApta AadhE ApoxB AfrdABCD AydiO

Mehrer et al.®

AfadBA AfadlJ AfadD

Supplementary Table 3.2. Key plasmids.

Name Description Source
pET 28 MA-ACR ACR from Marinobacter aqueolei VT8 | Rung Yi Lai, (currently
fused to maltose binding protein (MBP) | Suranaree University of

on pET 28 backbone, T7 promoter KmR

Technology), while a post-doc at
UW-Madison

pBTRKirc

Ptrc promoter, pBBR1 origin, KanR

Youngquist et al.7

pBTRCK MA-ACR

ACR from Marinobacter aqueolei VT8
fused to maltose binding protein (MBP)
on pBTRCKtrc backbone

Youngquist et al.7

pBTRCK MB-ACR

ACR from Marinobacter BSs20148 fused
to maltose binding protein (MBP) on
pBTRCKItrc backbone

Mehrer et al.8

pBTRCK MT-ACR

ACR from Methylibium Sp. T29 fused to
maltose binding protein (MBP) on
pBTRCKItrc backbone

Mehrer et al.®

pACYC-seFadBA

FadBA from Salmonella enterica,
pACYC origin, Trc promoter, CmR

Mehrer et al.®

PTRC99A-VhTER-fdh

Trans-enyol-CoA reductase (TER) from
Vibrio harveyi and formate
dehydrogenase from Candida boindinii,
pBR322 origin, Trc Promoter, AmpR

Mehrer et al.®

PET 28 Ec-ACP

Apo-Acyl Carrier Protein (ACP) from E.
coli

Hernandez-Lozada et al.®

pET 28 Vh-AasS

AasS from V. harveyi

Hernandez-Lozada et al.®®

pET 28 Bs-Sfp

Sfp from Bascillus subtilis

Hernandez-Lozada et al.®®

pLaclRARE ITEV
(PQE60)

TEV Protease

Hernandez-Lozada et al.®®
(Originally from Hazel Holden
Lab)




Supplementary Table 3.3. Protein structure templates used for homology models.

Template Protein function %ID to MA-ACR
(PDB)

3mla.A Short-chain dehydrogenase 40

3rkr.A Short-chain oxidoreductase 37

3rih.A Putative short-chain dehydrogenase or reductase 36

3afm.B Aldose reductase 36

3afn.B Aldose reductase 36

4bmv.A Short-chain dehydrogenase 36



https://www.rcsb.org/structure/3M1A
https://www.rcsb.org/structure/3RKR
https://www.rcsb.org/structure/3RIH
https://www.rcsb.org/structure/3AFM
https://www.rcsb.org/structure/3AFN
https://www.rcsb.org/structure/4BMV

94

lolIs

pasenbs ) yum
6 Jo wns a Anisod ddo el N
Z'S ¢€9'0 | 6S0°0 | ZIWIUIN | 988.°0 | ST. 14 6 0T a0Nn ‘dN | 8801 | xx990N
ENTENE)
loua Inpnns
pasenbs ) yum
/9T Jo wns a Alisod ddo el
26T 68T°0 | 0000 | ZIWIUIN | Z/.7.°0 | TS6T TT 14 0T a0Nn ‘dN | e801d 590N
w
al21)J909 [ouiax b
uo ulwweH
e[a1lod e yum
8§ 3 Aisod dd9 el
T6'€C | G/2°0- | 9000 | ZIwiXeN | 98020 | TVET T1T S 0T a0Nn ‘dN | e801d 790N
|aulay b
ulweH
pare 9 ynm
uo [nojeo Anisod ddo el
118 | 89€°0- | €E¥'0 | noadsul 10N 434" TT L 0T a0n ‘dN | e801d €90N
|aulay b
ulweH
pare ] Yum
uo [naes Alsod Hdo el
9v'TT | Z6T'0 | €€¥'0 | 1noadsuy| 10N 89¢T TT L 0T a0Nn ‘dN | 8801 | xx29ON
|aula b
pare pa1 ulwweH | 1219
[nojed | enojes uo Unm +
10N 10N TO0 noadsu| | suoN V/N V/N S 0T a0Nn ddO | #ZIND | «TA0N
IN uone
V/IN V/IN V/N V/N V/N V/N V/N (04 0¢ Xen SUON | SUON | zifemu|
aANoe (/bw)
Jusld aq p|o e Bu
JoJla | 14}8092 0] pal ysaiyl pau 1191112 iuren
pa uole u J1paud A sgns paisol Bisap u ubisap | [apow
Jenbs | 21102 01109|3s saou 1IAIOR 320]q saou saou Bisap 10} 10}
J0 | |opow 72 10} Ny anbas IETT pa anbas anbas aoud pasn | pasn
wns d9 72 poylsiN aNoD jo# ISse|D MO||Y 10 # 10 # nbas [SPON eleq

‘'spunoJ uoneziwndo gHnN Jo sje1aq ‘¢'s 9|qel Arequawa|ddng




95

Buiuresy jopow Buunp paddems Ajjeluapiooe alam punol SIyl Ul saduanbas om] 10} S[9ge| B Lxxx

‘S|jopow bulures)
10} 8|geneA [|ns sem saauanbas asay) woJj palelausab elep ayl Ing ‘10418 Buipod e 01 anp fewndo-gHN-Uou ai1dM punod Syl Ul Saouanbas,.,

punou 1siiy 8yl buninp buiuny JayawerediadAy 10) pasn 10U Sem uoleplfeA SSOIDy

[ENIENE]
10119 1nyonas
palenbs ) yum
=} JO wns o >_H_woa dHd9 el
/v'S | 9820 |T200 | ZWuWN | /S5/6°0 | €2€ S 6 4 aon ‘N | e8071d | 0T9ON
u
2121}}909 [EIENEE]
uo 1nonas
11ej21109 ] yum
vl 9 Amsod ddo el
Sz 99’0 | /000 | ZIWIXeWN | 66/8°0 | ¥19 S 0T 0T aon ‘gN [ e80T7d | 690N
[ENIEYNIE)
nyonans
3 Unm
¥ uo Alisod ddo el
90'€T | 2/¥’'0 | 2200 | noadsul | 698°0 | 285 4 L 0T aon ‘gN | e807d | 840N
u
a101}J802 EVENE]
uo nyonans
11e|24109 ) yum
6 9 Amsod ddo el
LTTT | ¥8€°0 | GE0'0 | ZIwWXeN | T80 YT Z 0T 0T aon ‘gN [ e801d | /90N
|aulay 8
1nyonas




Supplementary Table 3.5. Fatty alcohol titers of chimeric ATRs characterized in RLO8ara both

during the UCB phase and final validation.
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Block_seq UCB titer n (UCB) Finalized n (finalized)
(mg/L) titer
(mg/L)
ATR-01 | A ATAATTBB 15+03 |3 15+03 |3
ATR02 | A TATTTTAB 0.8 1 0.8 1
ATR-03 | ATTTTBTBA 0.9 1 0.9 1
ATR-04 | A ATTBAATB 0.6 1 0.6 1
ATR-05 | A.ABTATTTA 0.9 1 0.9 1
ATR-06 | A.TAATBTTB 0.9 1 0.9 1
ATR-07 | A AATAATBT 0.8 1 0.8 1
ATR-08 | A ATTABTAT 0.8 1 0.8 1
ATR-09 | A-TBATATAB 1 1 1 1
ATR-10 | ATTBAATTA 28+01 |3 28+01 |3
ATR-11 | A ATBTATTA 0.7 1 0.7 1
ATR-12 | A BAABTTAA 0.9 1 0.9 1
ATR-13 | A.BTTAAATB 0.8 1 0.8 1
ATR-14 | A-TBBTTABT 1 1 1 1
ATR-15 | A-TBABATTT 0.7 1 0.7 1
ATR-16 | A .BBATBATT 0.7 1 0.7 1
ATR-17 | A.BBTTATBA 0.7 1 0.7 1
ATR-18 | ATTABTABA 22402 |3 22402 |3
ATR-19 | A-TBTABAAA 0.8 1 0.8 1
ATR-20 | A BTBATTAT 26+02 |3 26+02 |3
ATR-21 | A AABTTAAT 0.8 1 0.8 1
ATR-22 | A.BABBTATA 1 1 1 1
ATR-23 | A.ATBBBAAT 38+03 |3 3.8+03 |3
ATR-24 | A TABATABT 0.8 1 0.8 1
ATR-25 | A.BTBTTAAB 5+0.9 3 5+0.9 3
ATR-26 | A-TAAABTBB 3.6+06 |3 3.6+0.6 |3
ATR-27 | ATTBTTTAA 4+1 3 4+1 3
ATR-28 | A-TBAAATAA 27402 |3 2702 |3
ATR-29 | ATBTTATTB 05+01 |3 05+01 |3
ATR-30 | A-TAATAATA 06+01 |3 06+01 |3
ATR-31 | A-TBTTTATB 06+02 |3 06+02 |3
ATR-32 | A-TBTATATA 07+02 |3 07+02 |3
ATR-33 | A.BTTAATBA 09+02 |3 1+02 5
ATR-34 | ABTATBTTA 4+0.1 3 52+16 |5
ATR-35 | A.ABBATABA 08+01 |3 103 5




ATR-36
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A-AABBTTBA 1+0.1 3 13+04 |5
ATR-37 | A-BABTTTBA 12+02 |3 14+02 |5
ATR-38 | A-AABTTTBA 12+01 |3 14£03 |5
ATR-39 | A-AABATABA 1+0.2 3 11+03 |5
ATR-40 | A-BTBBBABB 21+2 3 21+2 3
ATR-41 | A-ATAAAAAB 27+7 3 27+7 3
ATR-42 A-AABABAAA 12+1 3 12+1 3
ATR-43 | ATTBTBTTT 29+03 |3 29+03 |3
ATR-44 | A-AAABBAAA 125+1 |2 125+1 |2
ATR-45 | A-AAABAAAB 33+6 3 33+6 3
ATR-46 | A-AABAAAAB 1942 3 1942 3
ATR-47 | A-BBBTBABB 81+08 |3 81+08 |3
ATR-48 | A-BAAAAAAB 158+2 |3 1568+2 |3
ATR-49 | A-ABAAAAAT 36+01 |2 36£01 |2
ATR-50 A-BBBBBATB 14+01 |2 14401 |2
ATR-51 | A-BBBBBTAB 20+3 2 20+3 2
ATR52 | A-ABBAAAAA 12+3 2 12+3 2
ATR-53 | A-ABBBBTBB 21+1 2 21+1 2
ATR-54 A-AABAAAAT 44+01 |2 44+01 |2
ATR-55 A-BBBBBTTB 13+02 |2 1.3+02 |2
ATR-56 | A-ATBAAAAA 14+4 2 14+4 2
ATR-57 | A-BBBABTBB 95+06 |2 95+06 |2
ATR-S8 | A-AAAABATA 08+01 |3 08+01 |3
ATR-59 | A-BBBBBAAB 49.1+0.9 |4 49.1£09 |4
ATR-60 | A-ATABAAAA 19+1 2 19+1 2
ATR-61 | A-AABBAAAA 1242 3 12+2 3
ATR62 | A-BABBBABB 37+5 2 37+5 2
ATR-63 | A.ABBBBABB 36 +4 3 36 +4 3
ATR-64 A-AAAABAAB 13.2+0.6 |2 132+0.6 |2
ATR65 | A-ABAAAAAB 14+2 2 142 2
ATR66 | A-BTBBBTBB 18.8+0.7 |2 188+0.7 |2
ATR-67 | A-BBBABABB 7+5 2 7+5 2
ATR-68 A-BTBBBATB 7.7+04 |2 7.7+04 |2
ATR-69 | A-BTBBBAAB 54+6 4 54+6 4
ATR-70 | A-BBBBAAAB 39+4 2 39+4 2
ATR-71 | A-ABBBBAAB 50+ 4 2 45+14 |4
ATR-72 | A-BABBBAAB 34+6 2 34+6 2
ATR-73 A-BBABBATB 28+04 |2 28+04 |2
ATR-74 | A-ATBBBABB 1942 2 1942 2
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ATR-75 | A.ABBBBATB 24+03 |2 24+03 |2
ATR-76 | A.BABBBATB 43%0 2 43%0 2
ATR-7T7 | A.AABBBABB 355+0 |2 355+0 |2
ATR-78 | A.ATBBATAB 41£10 |2 41 +10 2
ATR-79 | A.BTABBAAB 54+1 2 54+1 2
ATR-80 | A BTBBAAAB 60 + 4 3 60 + 4 3
ATR-81 | A ATBTBAAB 24 + 24 4 24 + 24 4
ATR-82 | A .BTABAAAB 54 +3 2 4221 3
ATR-83 | A.ATBBAAAB 61+6 4 54 +11 11
ATR-84 | A_AABBBAAB 36+ 10 2 36+ 10 2
ATR-85 | A ATABBAAB 48+7 2 48+7 2
ATR-86 | A.ATBBBAAB 56 + 4 2 45 + 19 3
ATR-87 | A ATABAAAB 50 + 12 2 50 + 12 2
ATR-88 | A ATBBBTAB 333 2 333 2
ATR-89 | A AABBAAAB 40+ 4 2 40 + 4 2
ATR-90 | A.BTBAAAAB 3742 2 3742 2
ATR-91 | A.ATBABAAB 16+ 3 2 16+ 3 2
ATR-92 | A.ABBBAAAB 35+4 2 35+4 2
ATR-93 | A.BTBBATAB 35 1 35 1
Fusion B-A | g ApAAAAAAA N/A N/A 1063 |4
Fusion B-T | g 1777TTT N/A N/A 62 4
Fusion T-A | T AAAAAAAA N/A N/A 120 4
Fusion T-B | 1 pRBRBBBBB N/A N/A 20 4
MA-ACR
(Parent A) | A-AAAAAAAA 12+3 13 11+3 26
MB-ACR | g.pBBBBBBB 23+1 3 26+8 7
MT-ACR* | 117TTTT 5+1 3 4+1
Parent B
(Fusion A-B) | A-BBBBBBBB 39+5 5 37+8 13
Parent T
(Fusion A-T) | ATTTTTTTT 8+1 3 62 10

The average titer is represented as the mean £ SD. The number of replicates (n) indicates
the number of cultures derived from individual colonies tested. Titers reported in ‘Finalized
Titer column of Supplementary Table 3.5 are the final titers averaged over all
experimental replicates, including additional validation experiments. For this reason,
some of the final titers reported in Supplementary Table 3.5 differ slightly from the titers
shown in the Figure 3.3 of the main text, which reflect average titers based on fewer
replicates during the UCB optimization process (the titers presented in Figure 3.3 are
shown in the ‘UCB Titer’ column of Supplementary Table 3.5). Specifically, the titer of
ATR-83 was originally 61 mg/L (n = 4), making it the top enzyme sequence during the
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UCB optimization. This is why ATR-83 was chosen for further characterization. Additional
in vivo experiments performed on ATR-83 caused its average to drift down to 54 mg/L (n
= 11) and below the next highest enzyme’s (ATR-80) titer of 60 mg/L (n = 3). We
performed a Welch’s T-test and found the average titers of ATR-80 and ATR-83 are not
statistically significant (p=0.18). The WT MT-ACR sequence in the first block (1t) of the
ATR domain differs from the sequence of the block used to make chimeric sequences
(1T) containing that block by a one amino acid swap (N to H).
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Supplementary Table 3.6. Amino-acid sequences of blocks and sequence elements.

Element/
block Amino acid sequence
Maltose | MKIEEGKLVIWINGDKGYNGLAEVGKKFEKDTGIKVTVEHPDKLEEKFPQVAA
binding | TGDGPDIIFWAHDRFGGYAQSGLLAEITPDKAFQDKLYPFTWDAVRYNGKLIA
protein | YPIAVEALSLIYNKDLLPNPPKTWEEIPALDKELKAKGKSALMFNLQEPYFTWP
MBP (MBP) | LIAADGGYAFKYENGKYDIKDVGVDNAGAKAGLTFLVDLIKNKHMNADTDYSI
Tag tag AEAAFNKGETAMTINGPWAWSNIDTSKVNYGVTVLPTFKGQPSKPFVGVLSA
GINAASPNKELAKEFLENYLLTDEGLEAVNKDKPLGAVALKSYEEELVKDPRIA
ATMENAQKGEIMPNIPQMSAFWYAVRTAVINAASGRQTVDEALKDAQTNSSS
NNNNNNNNNNLGIEGRISEF
AHR | NYFLTGGTGFIGRFLVEKLLARGGTVYVLVREQSQDKLERLRERWGADDKQV
domain - | KAVIGDLTSKNLGIDAKTLKSLKGNIDHVFHLAAVYDMGADEEAQAATNIEGTR
A AAVOQAAEAMGAKHFHHVSSIAAAGLFKGIFREDMFEEAEKLDHPYLRTKHES
EKVVREECKVPFRIYRPGMVIGHSETGEMDKVDGPYYFFKMIQKIRHALPQW
VPTIGIEGGRLNIVPVDFVVDALDHIAHLEGEDGNCFHLVDSDPYKVGEILNIFC
EAGHAPRMGMRIDSRMFGFIPPFIRQSIKNLPPVKRITGALLDDMGIPPSVMSF
INYPTRFDTRELERVLKGTDIEVPRLPSYAPVIWDY
AHR | NYFVTGGTGFIGRFLIAKLLARGAIVHVLVREQSVQKLADLREKLGADEKQIKA
domain | VVGDLTAPSLGLDKKTLKQLSGKIDHFFHLAAIYDMSASEESQQAANIDGTRA
AHR B AVAAAEALEAGIFHHVSSIAVAGLFKGTFREDMFAEAGKLDHPYFRTKHESER
Domain VVRDDCKVPFRIYRPGLVIGDSATGDMDKVDGPYYFFKMIQKIRGALPQWVP
s TIGIEGGRLNIVPVNFVADALDHIAHLPNEDGKCFHLVDSDPYKVGEILNIFCEA
GHAPKMGMRIDSRMFGFVPPFIRQSLKNLPPVKRMGRALLDDLGIPASVLSFI
NYPTRFDARETERVLQGTGIEVPRLPDYAPVIWDY
AHR | QYFVTGATGFIGKRLVRKLLDRRGSTVHFLLRPESERKLPELLAYWGLSGAAK
domain | ARAVPVYGDLTAKKLGVAADAIKALKGRIDAIYHLAAVYDLGADEAAQVQVNIE
T GTRSAVEFAQAIQAGHFHHVSSIAAAGLYEGVFREDMFDEAEGLDHPYFMTK
HESEKIVRKECKLPWTVFRPAMVVGDSTTGEMDKIDGPYYFFKLIQRMRQLL
PPWMPAVGLEGGRVNIVPVDFVVAALDHISHAKLELDRRCFHLVDPVGYRVG
DVLDIFGKAAHAPKMNLFVNAALLGFIPKSVKKGLMALAPVRRIRNAVMKDLG
LPEDMLTFVNYPTRFDCRDTQAALKGSGIECPNLKDYAWRLWDY
1A WERNLDPDLFKDRTLKGTVEGKVCV
1B WERNLDPDLFKDRTLRGTVEGKVCV
1T WERNLDPDLFIDRSLRGTVGGKVVL
1t WERHLDPDLFIDRSLRGTVGGKVVL
2A VTGATSGIGLATAEKLAEAGAILVIGARTKETLDEVAASLEAKGGNVHAYQCD
FS
2B VTGATSGIGLATAEKLADAGAILVIGARTOETLDQVSAQLNARGADVHAYQCD
FA
ATR 2T VTGGSSGIGLAAACKFAEAGAVTVICARDADKLDEAVKEIKAFAGKEARVFSY
: SVDIA
%‘l’gi'sn 3A DMDDCDRFVKTVLDNHGHVDVLVNN
3B DMDACDRFIQTVSENHGAVDVLINN
3T DEAGCKAFLEALQAEHGGVDFLINN
4A AGRSIRRSLALSFDRFHDFERTMQLNY
4B AGRSIRRSLDKSFDRFHDFERTMQLNY
aT AGRSIRRAIENSYERFHDFERTMQLNY
5A FGSVRLIMGFAPAMLERRRGHVVNISSIGVLTNAPRFSAYVSSKSALDAFSRC
AAAEWSDRNVTF
5B FGSLRLIMGFAPAMLERRRGHIINISSIGVLTNSPRFSAYVASKSALDSFSRCA
AAEWSDRRVCF
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5T FGCLRVTMGVLPGMVAKRKGHVVNISSIGVLTNAPRFSAYVASKAALDAWTR
CASSEYADTGISF

6A TTINMPLVKTPMIAPTKIYDSVPT

6B TTINMPLVKTPMIAPTKIYDSVPT

6T TTINMPLVRTPMIAPTKIYNNVPT

TA LTPDEAAQMVADAIVYRPKRIATRLGVFAQVLHALAPKMGEIIMNTGYRM

7B LSPEEAADMVVNAIVYRPKRIATRMGVFAQVLNAVAPKASEILMNTGYKM

T LAPEEAADMIAQACVYKPVRIATRLGTAGQVLHALAPRVAQIVMNTSFRM

8A FPDSPAAAGSKSGEKPKVSTEQVAFAAIMRGIYW*

8B FPDSMPKKGKEVSAEKGASTDQVAFAAIMRGIHW?*

8T FPDSEAAKGEKGAKPQLSAEAVALQQMMRGIHF*
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Chapter 4
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for improved MEP pathway flux using a high-throughput growth
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4.1 Introduction

Protein engineering? is a very useful tool for solving various problems in biology.
For example, engineered proteins, such as antibodies, can be used as therapeutics and
engineered enzymes can be used in industrial processes or in cells to perform specific
chemical reactions or degradations. Protein engineering is an especially useful tool in the
field of metabolic engineering, where an engineered protein can be used to introduce a
novel? biochemical pathway, or to remove a bottleneck in an existing pathway? with the
goal of improving the yield of a specific product or chemical degradation.

One pathway that can be improved by protein engineering efforts is the 2-methyl-
3-erythritol 4-phosphate (MEP) pathway. The MEP pathway is an important pathway for
bacterial production of terpenoid compounds*’. Terpenoids, also called isoprenoids, are
useful as advanced biofuels such as farnesane'?13, as precursors for polymers'4,and as
precursors to pharmaceuticals, such as the anti-malarial drug artemisinin®-° or the anti-
cancer compound taxol*?,

However, the first enzyme in the pathway, 1-Deoxy-D-xylulose 5-phosphate (DXS)
is a major bottleneck for the pathway®>'>-18, As such, DXS is a prime target for protein
engineering, since increasing its activity could alleviate the bottleneck in the pathway and
enable higher in vivo flux towards isoprenoids!®. There have been many studies that have
used DXSs from various species of bacteria and plants to improve flux through the MEP
pathway (to make products such as lycopene*?%2!, isoprene® or other terpenoid or
carotenoids??), but there have not been as many attempts to engineer the DXS enzyme
itself. One notable attempt to engineer DXS was work done by Banerjee et al.'°, where

they used rational protein design to engineer the DXS from Populus trichocarpa to have
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lower feedback inhibition effects from isopentenyl pyrophosphate (IPP), but the mutations
in some cases reduced the catalytic activity as well.

In this work, we build a library of chimeric DXSs and design and utilize a high
throughput growth-based selection and Oxford Nanopore sequencing to identify variants
with improved in vivo characteristics. We also employ machine learning techniques to
design improved DXS sequences and then characterize DXS activity in depth with an in
vitro coupled-enzyme assay. The designed DXSs generally show substantially higher
enrichment in our selection than the wild-type parental enzymes, though the in vitro
assays suggest their catalytic efficiency is near the wild-type. Interestingly, we also
observe that the designed DXSs display a sensitivity to downstream metabolites (IPP and
DMAPP) that was not observed in the parental sequences. These results demonstrate a

workflow that could be adapted to engineer other enzymes in the MEP pathway.

4.2 Results
4.2.1 Library design

Protein recombination is an extremely useful tool in protein engineering. Proteins
in a protein family can be split into functional modules or sequence blocks, which can
then be swapped for equivalent modules from a different homolog in the family to form a
chimeric protein. To determine the location and size of these modules for our chimeric
protein library, we made a multiple sequence alignment of DXSs using jackhmmer?3
(Figure 4.1a), and then used PSI-COV?* (Figure 4.1c) to identify pairs of covarying amino

acid resides. We selected four DXSs as parental enzymes: EcDXS, BsDXS, ZmDXS
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Figure 4.1: Overview of DXS library design. a) We used the jackhmmer algorithm to generate a
multiple sequence alignment (MSA) of 375,776 DXS sequences. b) We visualized the DXS
sequence space by trainining a variational autoencoder (VAE) on the MSA. Chimeric DXSs in our
final library are shown in the inset as dark gray, the parents are shown as colored squares. c) We
used PSI-COV to analyze the MSA and generate a contact map (d) that can be a proxy to a
structure or homology model. Then, we used the contact map as an input for the SCHEMA
RASPP algorithm (e) to determine the most effective breakpoints. f) Crystal structure of DXS from
E. coli with each block in a different color. The colors in (f) correspond to the colors in the contact
map (d).

(which are wild-type sequences), and tPtDXS, (which is a truncation of the double-mutant
DXS from Populus trichocarpa)!®. We then determined a contact map (Figure 4.1d) using
these covarying residues and used it as an input for the SCHEMA-RASPP algorithm. We
used SCHEMA-RASPP to calculate breakpoints that would split the parental enzymes

into eight blocks (Figure 4.1e and f), resulting in a library size of 6,5536 possible DXS
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sequences. We denote chimeric sequences as a string of numbers, such as 43231311,

where 1, 2, 3 and 4 correspond to EcDXS, BsDXS, ZmDXS and tPtDXS respectively.

4.2.2 High throughput mapping of the DXS activity landscape

To learn the DXS sequence function mapping, we designed a growth-based
selection. DXS is an essential enzyme in E. coli, but by expressing enzymes from the
heterologous mevalonate pathway in E. coli it is possible to grow DXS knockout strains
by supplementing with mevalonate® or functionally equivalent molecules (such as
mevalonolactone). The Jennifer Reed lab generously provided us with the AdxsMB strain®
(originally developed by Martin et al.) which we used as the base strain for our selection.
We then cloned the full chimeric DXS library into AdxsMB, supplementing the media with
either mevalonic acid or mevalonolactone (Figure 4.2a). In supplemented conditions, the
cells can grow regardless of whether the DXS that they’re expressing is functional.
However, by transferring them to media without mevalonate, a selection pressure is
applied that favors cells with active DXS variants. In order to determine DXS fitness, we
grew the DXS library with mevalonate, washed the cells to remove extracellular
mevalonate and transferred them to media without mevalonate. Then we added a
chemical inducer (IPTG) to initiate protein expression. We grew this culture longer to
ensure any remaining intercellular mevalonate was depleted, and then used the cells to
start a final selection culture. We sequenced fractions of the cells from prior to the wash
step (pre-selection) and after the induced culture was allowed to grow (post-selection).

Comparing the sequencing reads, we then calculated the frequencies each sequence
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appeared in each dataset and determined their enrichment values, which we use as an
indicator of overall fithess in the selection (Figure 4.2a and b).

The enrichment values that we determined from the sequencing reads can be used
to map the DXS sequences to their function (Figure 4.2b and c). We found that the
enrichment values were strongly correlated between our experimental replicates,
demonstrating the robustness of the method. The enrichment values, as well as machine
learning models trained on them, were then used to identify DXS sequences with
especially high fitness. Two DXS sequences were designed by simply maximizing the
enrichment values (site-wise and sequence based), and two other DXS sequences were
designed using a positive-unlabeled (PU) learning strategy?® (Figure 4.2d). Each of these
designed sequences showed a very high enrichment in our in vivo selection and were

then studied further to determine what traits led to their high fitness.
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Figure 4.2: a) We transformed our library of chimeric DXS enzymes into the strain AdxsMB and
carried out a selection by removing mevalonate from the media. We isolated the DNA from
cultures before and after the selection for Oxford Nanopore sequencing, and then used the data
to determine which DXS variants were enriched or predicted to have high activity (using PU
learning models). b) We mapped the enrichment values to the VAE visualization to generate a
depiction of the sequence function landscape. We observed a cluster of highly active DXS
variants near the bottom right corner of the chimera space. c) Site-wise enrichment values. d)
Designed DXS chimeras block representations and methods of design. Blue, orange, green and
red correspond to EcDXS, BsDXS, ZmDXS and tPtDXS respectively.
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4.2.3 Experimental characterization of designed DXSs

To characterize our designed DXS variants, we first performed growth assays
designed to mimic the conditions of the selection (Figure 4.3), except for the sequences
were assayed individually and not in a pooled manner. We found that all the designed
DXSs and parental DXSs grew under selective conditions, but we did not observe a
correlation between the growth rates and the enrichment values from the pooled

selection.
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Figure 4.3: a) Growth curves of DXSs transformed into AdxsMB in parallel individual (i.e. non-
pooled) growth assays. EV is an empty vector control EV + Mev is the empty vector control
supplemented with mevalonate, which was used as a positive control. b) Growth rates with and
without IPTG. We observed that the growth rates in our selection conditions were generally quite
similar between the parental enzymes and the designed chimeras. Interestingly, we also observed
high growth rates with no IPTG, suggesting that there is some leaky expression.

We also attempted to determine whether differences in protein expression could
be the cause of increased enrichment (Figure 4.4). We grew E. coli cells expressing each
of the parental and designed DXSs in selective conditions, and then harvested the cells
in the exponential growth phase for analysis. We then lysed the cells and used SDS-

PAGE gels to study the expression levels of each of the DXSs. We did not observe a
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clear correlation with the enrichment and expression; EcDXS was the one of the most
highly expressed DXSs, yet it has some of the lowest enrichment values, whereas
ZmDXS expression was very low, yet it has the highest enrichment of all the wild-type
enzymes. However, it does appear that the chimeric DXSs were expressed better than

the other parental DXSs.
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Figure 4.4: a) SDS-PAGE gel of total fractions from DXS expression experiment. b) Gel of soluble
fractions. In general, the chimeric DXSs were expressed quite well, as was EcDXS. The other
parental DXSs were more poorly expressed.

Due to the lack of correlation between expression and enrichment, , we next set
up a miniaturized pooled selection to verify the trends we had initially observed in the
enrichment values. We repeated the pooled selection process as described earlier, but
instead of the full DXS library, we only transformed eight sequences (four designed DXSs
and the four parental DXSs). The sequencing results from this experiment showed a very
strong correlation with the results from the full library (Figure 4.5), validating the method

and the observations.
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Figure 4.5: Comparison of pooled and non-pooled (miniature) enrichment experiments. The
overall trend in enrichment was reproduced when we tested the smaller pool of eight enzymes
and them to the results from the full library. There was a mismatch in the precise enrichment
values, but this was expected since the full library would have had manyfold lower counts of the
parents and designed enzymes due to competition with all the other sequences in the library.

To further study the designed DXSs, and probe the origin of their increased
enrichment, we performed in vitro assays to determine kinetic parameters for each
parental and designed DXS. We quantified reaction rates using a coupled-enzyme assay
with DXR (Table 4.1) and fit the rates to a Michaelis-Menten model. Surprisingly, we found

that, overall, the designed DXSs had similar activity to the wild type sequences. The Ku
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values for the DXSs were all very similar to each other as well. One DXS sequence (DXS-

1) did appear to have an improved kcat Over the best parental DXS (EcDXS) in some

assays, but the difference was small.

Table 4.1: Kinetic constants for DXS enzymes determine using coupled enzyme assays

Enzyme | GAP kcat | Pyruvate | TPP kcat | GAP KM | Pyruvate TPP IPP Ki DMAPP Ki
(’s) kcat (/s) (Is) (uM) KM (uM) KM (UM) (UM)
(M)
EcDXS | 3.63 % 201+ 0.88 + 260.83+ | 80.49+ 148+ | 47191+
4.36 04 0.37 149.06 34.98 0.66 102.55 954 + 79.68
BsDXS | 1.56 132+ 0.81+ 136.33+ | 100.85 + 13+
0.49 0.49 0.35 34.45 284 0.34 >1000 >1000
ZmDXS 0.92 + 214 + 226.46 + | 239.41 + 0.83+ | 165.26 + | 602.95
0.8+05 | 0.61 0.18 147.37 144.14 0.67 48.34 343.97
tPtDXS | 0.13 + 0.19 + 0.74 + 771+ 0.16 £
0.08 nan nan 3.51 8.23 +nan | nan NM NM
DXS-1 | 2.09 221+ 1.76 £ 237.71+ | 213.79 203+ | 29.79%
1.09 0.38 0.32 155.86 72.55 0.38 9.02 74.75+25
DXS-2 | 1.52+ 146 + 252+ 227.17+ | 122.04 161+ | 2154+ 55.47 +
0.39 0.64 0.35 66.7 36.82 0.37 1.68 5.34
DXS-3 | 0.75* 0.79 = 154 + 101.66 £ | 108.19 072+ | 1115+ | 35.29%
0.17 0.36 0.56 35.29 46.23 0.37 2.61 17.92
DXS-4 | 1.05= 1.03 = 1.65+ 119.45+ | 93.25+ 1.07+ | 28.74 98.79 =
0.36 0.81 0.41 61.82 74.47 0.14 1.83 23.64

We also performed inhibition studies to determine whether there were differences

in how the designed DXSs were impacted by feedback inhibition. Feedback inhibition

involving downstream prenyl phosphates is known to affect some DXSs, and our

experiments probed whether there was competition between these inhibitors and the

cofactor thiamine pyrophosphate (TPP), whose activation to an ylide is essential to

catalyzing the DXS reaction?. Surprisingly, we observed feedback inhibition from

isopentenyl pyrophosphate (IPP) and dimethylallyl pyrophosphate (DMAPP) in all the

designed DXS sequences, while the inhibition was markedly less in the wild-type

sequences (Figure 4.6).
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Figure 4.6: IPP (a) and DMAPP (b) inhibition curves. We titrated IPP and DMAPP into coupled-
enzyme assays to determine their effects on enzyme activity. Interestingly we observed a very
strong effect on the chimeric enzymes and only a small effect on the parental enzymes.

4.3 Discussion
4.3.1 Recombination

A major advantage of our recombination strategy is that it generally preserves the
most important features of the proteins structure and makes it more likely that the
recombinant protein will retain its function. Interestingly, recombination strategies often
result in new proteins that have properties that are superior to any of the parental
enzymes used to make it. Other advantages of module-based recombination approaches
are that they are highly amenable to training machine learning models, and that the size
of the sequence block is usually large enough that it can be correctly identified in next
generation sequencing workflows without base-level accuracy. These two factors make
comprehensive screening of a chimeric protein library and learning the sequence -

function landscape a possibility. In this study, we had good success of designed enzymes
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both expressing and exhibiting the desired function. Combined with the PU machine
learning strategy, we were able to design DXS enzymes with enhanced enrichment

Scores.

4.3.2 Advantages of coupling chimeric library with ONT

Our strategy for coupling a growth-based selection with Oxford Nanopore (ONT)
long read sequencing resulted in generation of a very large library of chimeric proteins
containing tens of thousands of sequencing reads. Machine learning modeling efforts
involving chimeric proteins have typically been limited in size to a few hundred
sequences, due to the need to clone chimeras individually for testing. Because we have
access to a growth selection and ONT sequencing, we were able to screen a large library
of over 65,000 sequences. In some cases, we were unable to aquire adequate
sequencing data, however we acquired enough sequencing data to calculate enrichment
values for about 25% of these sequences (roughly 16,000 sequences), making this a very
thorough characterization of the chimeric landscape. Having access to such a large
volume of data also enables training of more advanced machine learning models to better

identify important sequence features for activity.

4.3.3 Discussion of kinetic parameters and correlations with enrichment

It was very surprising that we didn’t observe improvements in either the growth
rates or kcat/Km for the designed DXS sequences given their high enrichment values. We
expected that DXS variants with higher enrichment values would correspond to higher

activity, but we found that that was not the case. There appears to be no correlation
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between the kcat Of the DXS or the enrichment values, suggesting that there are other
factors influencing the enrichment values than enzyme activity alone. To determine what
other factors could be influencing the enrichment values, we performed growth rate
experiments in conditions selective for DXS function, and also probed the role of protein
expression. However, there were also no trends relating enrichment to either growth rate
in selective conditions or to protein expression.

Our finding that the designed chimeras were inhibited more strongly by IPP and
DMAPP was even more surprising. The results of the inhibition experiments suggest that
feedback regulation is playing an important role in DXS fitness. It is possible that because
the wild type enzymes are less strongly inhibited, cells expressing them accumulate toxic
levels of IPP and/or DMAPP, whereas cells expressing the DXSs that are susceptible to
feedback inhibition can reduce flux through the MEP pathway when IPP and DMAPP
levels are too high. IPP has been shown to have varying detrimental effects ranging from
slowing down nutrient uptake to potentially disrupting nucleotide synthesis?”:28, Since we
observed both better protein expression for the designed DXS enzymes, and an
increased inhibition in the presence of IPP and DMAPP, it is likely that these two

observations are linked.

4.3.4 Effects of feedback inhibition by IPP and DMAPP

While DXS variants that are feedback inhibited may seem contrary to the
engineering objective of achieving high flux, it could be an advantage in vivo, allowing the
cells expressing the DXS to temporarily turn down the flux when there is too much IPP,

and allowing the flux to increase again once excess IPP has been depleted by
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downstream enzymes. Because there are multiple other bottleneck enzymes downstream
of DXS in the MEP pathway, having a DXS that can switch between high and low flux
states could be a beneficial trait in vivo when there is a selective pressure applied. To
contrast, cells expressing a DXS without the inhibition trait would maintain a high flux until
the concentration of IPP was too high and then would effectively shut off.

It is possible that because there was not a deliberate IPP/DMAPP sink in our base
selection strain, that we unintentionally selected for the feedback inhibition trait in our
DXS sequences. However, the fact that this trait was identified in chimeras consisting of
parents that lack the inhibition trait is very interesting in and of itself and demonstrates
the capability of recombination strategies to generate proteins with characteristics not
seen, or weakly seen, in the parents. Future engineering efforts could utilize our selection
method with an IPP/DMAPP sink (by adding an isoprene synthase for example)® that
would enable higher fluxes through the pathway and potentially identify enzymes capable
of sustaining those fluxes. Despite this, our selection strategy was successful in
identifying enzymes that demonstrate high fitness in vivo and is a powerful method for
identifying active enzymes in the MEP pathway, and the methodology could be easily

modified to engineer other bottlenecks in the pathway as well.

4.3.5 ML modeling to understand sequence function landscape

Machine learning tools are useful for understanding key features of the sequence
function landscape. We trained machine learning models on the enrichment data to
attempt to determine key structural features for DXS activity. Models trained on only the

sequence (in block representation) generally underpredicted DXS activity. Adding
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interaction terms to the encoding greatly improved the model performance, suggesting
that pairwise and higher order interactions between blocks of sequence could be playing
a significant role in DXS fitness (Figure 4.7b). Interestingly, the model predictions for the
top block and top pairwise interactions don’t match up with the enrichment values (Figure
4.7a), but the PU learning model did predict a top sequence that was very similar to the
actual top sequence (43331311 for PU learning, 43231311 for the actual best sequence).
However, despite the closeness of the PU learning model to the top enrichment
sequence, the two DXS sequences designed by optimizing the enrichment performed
better in vivo and in vitro than the two DXSs that we designed using PU learning. PU
learning works best for sparse matrices, but with so much enrichment data, using PU
learning wasn't strictly necessary. The fact that there was a difference in the PU learning
prediction and the sequence with the top enrichment suggests that the PU learning model
underpredicted the performance of the top variants. It is also interesting to note that the
two sequences designed based on their enrichment values had higher kcats than the two
PU learning-designed sequences. Because of the amount of enrichment data available

in this case, enrichment appears to be the better metric to use for designing sequences.
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Figure 4.7: a) Heatmaps showing the site-wise enrichment values, PU learning coefficients, linear
regression coefficients (3" order), and ridge regression coefficients (3" order). The top individual
block predicted by each method is highlighted in solid red. The top pairwise interaction is highlight
by dashed red lines with a connection between the two blocks. b) Ridge regression models that
account for higher order interactions fit the data better but may also be slightly less generalizable
based on their low cross validation scores.
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Figure 4.8: a) Structure of ECDXS zoomed in on the TPP binding pocket with non-conserved
residues that contact TPP highlighted in red. b) Location of the positions in the 1D sequence and
a small alignment showing which chimeras contain which residues. The enrichment values are
shown on the side for reference.

4.3.6 Discussion of sequence factors which could impact activity and inhibition

Banerjee et al. described the engineering of PtDXS to reduce its inhibition by IPP1°,
We used a truncated form of the PtDXS double mutant from that study as one of our
parental DXSs, and, in line with Banerjee et al.’s findings, we observed that it had low
activity, and very low inhibition by IPP and DMAPP compared to other DXSs. EcDXS and
ZmDXS had more inhibition than the other parents, while BsDXS had very low inhibition.

Banerjee et al. point to a pair of specific alanine residues in PtDXS that play a role in
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binding IPP, and in their engineered PtDXS these alanine residues were both mutated to
glycine. However, EcDXS and BsDXS both have the native alanine’s at these positions.
ZmDXS has a serine residue in place of the first alanine. Differences at this position could
influence how the enzymes are affected differently by inhibitors.

We used PyMOL to identify all residues in the crystal structure of ECDXS (PDB
201sA)?° that were within 5 A of the bound thiamine pyrophosphate (TPP) cofactor (Figure
4.8a). Of these 22 residues, all but five are conserved in the parental DXSs (and therefore
in the chimeras as well). Four of the five non-conserved positions contain either a glycine
or an alanine in at least one of the parents, and at three positions the difference between
the parents is simply a swap of whether the residue is glycine or alanine. The findings of
Banerjee et al. suggest that the activity and inhibition can be modified by modifying the
non-polar residues involved in binding TPP, A154 and A345 (as numbered in EcDXS), so
recombining the blocks containing these residues could change the activity. Interestingly,
all four designed DXS variants contained serine residues at position 154 instead of
alanine (Figure 4.8b). Likely, mutating this alanine to serine increases the fithess of DXSs
in our selection, potentially by influencing how well the DXS binds and is feedback
inhibited by IPP. The importance of A345 is emphasized by the fact that the block that
contains it (block 5) is especially important when considering the site-wise enrichment
values.

Block 5 from EcDXS was the most highly enriched block based on the enrichment
analysis. It is notable that all four designed chimeras contain the sequence from EcDXS
at this position. Additionally, block 5 contains a histidine (H299) residue that could have

a role in catalysis?®, which could explain its importance for fithess, though the residue
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itself is conserved in all the parents. Block 5 from EcDXS is also involved in an important
pairwise interaction with block 8 from EcDXS, though the nature of the interaction is
unclear. The combination of these two blocks is the highest site-wise enrichment score
when pairwise interactions are considered. Interestingly, the machine learning models
predictions of the top block and the top pairwise interaction don’t match up (Figure 4.7a),
which suggests that even the third order models trained on the enrichment data failed to

capture important information about the fithess landscape.

4.4 Conclusions

In this work, we develop a pipeline for engineering DXS to have improved in vivo
characteristics. The pipeline consists of generating a chimeric enzyme library, carrying
out a high-throughput growth selection, and sequencing the library at different stages
(before and after the selection) using long-read sequencing. While originally designed for
engineering DXS, this pipeline could easily be modified to engineer either other bottleneck
enzymes in the MEP pathway, such as IspG and IspH®. The nature of the selection could
also enable combinatorial engineering of the entire MEP pathway, which would otherwise
be much more difficult to study.

With our approach we identified chimeric DXS sequences that had significantly
higher enrichment values than their parental enzymes. Surprisingly, we found that the
improvement in enrichment did not correlate with enzymatic activity, improved substrate
binding, or growth rate in selective conditions. We also observed no correlation between
enrichment and protein expression levels. We further discovered that the chimeric DXSs

that we designed based on enrichment values and PU learning were much more strongly
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inhibited by IPP and DMAPP than the parental enzymes, suggesting that the selection
conditions favored enzymes that could be regulated by feedback inhibition. Future
experiments could leverage the findings of this work to make further improvements to

DXS enzyme activity and MEP pathway flux.

4.5 Materials and methods
4.5.1 DXS library design

To design the library we first built a large multiple sequence alignment (MSA) by
using jackhmmer?2 to align 375,776 DXS sequences from the Uniref database®°. We then
used a program called PSI-COV?* to identify pairs of covarying residues. We used the
information to build a contact map that could be used as an input for the SCHEMA/RASPP
algorithm31-33 along with an alignment of the sequences of DXSs from E. coli, B. subtilis,

Z. mobilis, and P. trichocarpa (truncated) to design crossover points for chimeric DXSs.

4.5.2 Library construction and cloning

After designing the crossover points for the chimeric library, we ordered two sets
of pre-cloned insert plasmids containing the each of the blocks designed by
SCHEMA/RASPP from Twist Biosciences. One set contained blocks 1-4 (one plasmid for
each parent enzyme), and the other set contained blocks 5-8 for each of the parental
enzymes. Each block was flanked by Bbsl restriction enzyme sites. The pre-cloned insert
plasmids from each set were combined into one reaction and then a Golden Gate
assembly was used to build two combinatorial sub libraries, one for blocks 1-4 and the

other for blocks 5-8. The reaction conditions were 75 pg of the destination plasmid, 75 ng
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of the each of the pre-cloned insert plasmids, 2.5 uL 10X T4 DNA ligase buffer (NEB), 1
ML or 5 pL (400 or 2000 units) T4 DNA ligase (NEB), and 1 pL (10 units) of Bbsl-HF (NEB)
to a total reaction volume of 25 pL in water. The reactions were carried out using a
thermocycler, alternating between 37 °C and 16 °C (5 minutes each) for 30 cycles,
followed by a final 5-minute step at 60 °C. The Golden Gate product was transformed into
E. coli 10G classic electrocompetent cells from Lucigen (1 pL product into 25 pL of cells)
and plated on LB + 50 pg/mL kanamycin agar plates. The final products were flanked by
Bsal restriction enzyme sites on the destination plasmid.

We made the final 8 block library by digesting the sub library plasmids with Bsal
and then ligating them together into a new destination vector (pET22_Ptrc_GG site TrrB)
with a 1:3 molar ratio of vector to sub library inserts. The ligation was carried out for 16
hours at 16 'C and 1 pL of the ligation product was transformed into 10 G classic

competent cells and plated on LB + 100 pug/mL carbenicillin + 0.5% glucose agar plates.

4.5.3 High throughput DXS growth selection and sequencing

We miniprepped the DXS library and transformed the DNA into the strain AdxsMB?®
in ten parallel transformations by adding 50 ng of the miniprepped library into 50 pL of
electrocompetent AdxsMB cells. We grew the cells at 37 °C for 1 hour in 1 mL of SOB +
1 mM mevalonolactone + 10 pg/mL tetracycline. We pooled these outgrowths and
transferred the cells to a 200 mL culture of LB + 1 mM mevalonolactone + 10 pg/mL
tetracycline + 100 ug/mL carbenicillin + 0.5% glucose and incubated it at 37 °C for 16
hours. We set aside 10 mL of the culture for the post selection and maxiprepped the DNA

from the remaining preselection culture. Then we washed the 10 mL of culture that had
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been set aside three times with LB and used it to inoculate a 200 mL culture of LB + 10
pg/mL tetracycline + 100 pg/mL carbenicillin + 100 uM IPTG at a starting density of OD
= 0.05. We grew this culture for 5 hours at 37 °C to deplete the intercellular mevalonate,
and then transferred it to a 200 mL culture of LB + 100 uM IPTG + 100 pug/mL carbenicillin.
We maxiprepped the culture after 16 hours for sequencing. We linearized the DNA from
both the preselection and post selection culturesby digesting with Hpal and submitted the
linear DNA for sequencing using Oxford Nanopore Technology (ONT). We repeated this
process in triplicate.

We also prepared a miniature library using the same workflow consisting of the
four parental DXS enzymes and the four enzymes that we designed. We transformed 1
ML (50 ng) of each plasmid containing each DXS individually into 50 pL alighots of
AdxsMB competent cells. We grew the cells at 37 °C for 1 hour in 1 mL of SOB + 1 mM
mevalonolactone + 10 pg/mL tetracycline and then pooled 625 pL of each transformation
outgrowth for a total of about 5 mL culture. We added this 5 mL of culture to an 100 mL
culture of LB + 1 mM mevalonolactone + 10 pg/mL tetracycline + 0.5 % glucose and grew
it for 16 hours at 37 °C. Afterwards we washed 5 mL of the preselection culture 3 times
with LB and used it to inoculate a 100 mL culture of LB + 100 pM IPTG + 100 pg/mL
carbenicillin (at a starting OD of 0.05). Then, we grew this culture for 16 hours,
midiprepped the DNA, and digested it with Hpal prior to submission for sequencing with

ONT.
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4.5.4 Analysis of sequencing data

We converted the raw sequencing reads from the selection experiments to block
based sequences. We did this by aligning each of the 24 sequence blocks to each of the
reads. We set an alignment threshold, and if a block aligned to a sequencing read with a
percent identity above this threshold, then we labelled that section of the sequence as the
block in question. We only kept sequences that could be completely determined for
downstream processing of the dataset.

We used the files containing the block-based sequences to calculate enrichment
values for each of the sequences (sequence-wise) and for each of the blocks (site-wise).

The enrichment (E) of a sequence is given by the following equation:

E = 10g2 <fpost selection> (4.1)

fore setection
where f corresponds to the frequency the sequence or block appears in the pre or post
selection dataset respectively.

Once we calculated enrichment values, we used the enrichment values to train
positive-unlabeled (PU) learning models and design chimeric DXS sequences that would
have high fitness. PU learning models were trained using the methods described in Song
et al.?> We designed four chimeric DXS sequences. DXS-1 contained the combination of
blocks with the highest site-wise enrichment scores. DXS-2 was the sequences with the
highest sequence-wise enrichment score. DXS-3 and DXS-4 maximized the PU learning
scores; DXS-3 had the highest main effects mean and DXS-4 had the highest pairwise

effects mean.
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4.5.5 Growth validation of DXS chimeras

We transformed each of the parental and designed DXS enzymes and an empty
vector control into individual aliquots of AdxsMB electrocompetent cells per methods
described above. The outgrowth was plated on LB + 1 mM mevalonolactone + 100 pg/mL
carbenicillin + 10 pg/mL tetracycline agar plates. We selected individual colonies from the
plates and used them to inoculate 5 mL cultures of LB + 1 mM mevalonolactone + 10
pg/mL tetracycline + 100 pg/mL carbenicillin + 0.5% glucose, which we grew for about 16
hours overnight. We then washed 1 mL from each culture 3 times and started 3 mL
cultures of LB + 10 pg/mL tetracycline + 100 pg/mL carbenicillin + 100 uM IPTG with an
initial OD of 0.05. We grew these cells for 5 hours and then inoculated new cultures in
wells of a 96-well microtiter plate such that the starting OD was 0.012 in 100 pL LB + 10
pg/mL tetracycline + 100 pg/mL carbenicillin + 100 uM IPTG. We monitored the OD

continuously for 20-24 hours using a Tecan Spark plate reader.

4.5.6 Estimation of DXS expression level

We transformed plasmids (Ptrc-TrrnB backbone) into AdxsMB cells and started 5
mL cultures from individual colonies in LB + 1 mM mevalonolactone + 100 pg/mL
carbenicillin + 10 pg/mL tetracycline. We grew these cultures for 15 hours, and then
washed the cells three times with 5 mL of LB. We then used the washed cells to inoculate
50 mL cultures of LB + 100 pg/mL carbenicillin + 10 pg/mL tetracycline + 100 uM IPTG
with a starting OD of 0.05. We grew these cultures for about 5 hours at 37 °C, and then
passaged them to start new 50 mL cultures with an initial OD of 0.05. We grew these

cultures until the OD was between 0.4 and 0.5 and harvested the cells.
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To analyze the expression levels, we resuspended the cells and adjusted the
volumes such that the ODs would be uniform, and then added a fixed amount of cells to
Eppendorf tubes and pelleted them. Then we resuspended the cells in 120 pL of 100 mM
Tris pH 7.4 and lysed using 120 pL of lysis buffer (5 uL DNAse |, 5 pL rLysozyme, 150
pL BugBuster, 2,340 uL 100 mM Tris pH 7.4). We incubated the mixtures at room
temperature for about a half hour and then collected the total fraction for SDS-PAGE
analysis. Finally, we collected the soluble fraction after we clarified the lysate by

centrifugation, and analyzed the total and soluble lysate fractions by SDS-PAGE.

4.5.7 DXS and DXS expression and purification

To express the DXS enzymes of interest for purification, we subcloned the DXS
sequences from the Ptrc-TrrnB backbone into pET 22 and transformed them into BL21
(DE3) competent cells. We grew either 5 or 50 mL cultures for 16-18 hours overnight from
individual colonies in LB + 100 pg/mL carbenicillin and the following day diluted the
cultures 100 fold into larger culture volume (ranging from 50 mL to 1 L in scale). We grew
these cultures until the OD was between 0.4 and 0.6 (usually 2.5 to 3 hours) and then
induced protein expression by adding IPTG to a final concentration of 100 uM. Then we
incubated the cells at 20 °C overnight, for about 20 to 24 hours and harvested the cells.

To express DXR we started a 50 mL culture in LB + carbenicillin from a glycerol
stock and grew it for about 18 hours. The following day, we used 40 mL of the culture to
inoculate two 1 L cultures in a 4 L baffled shake flask (20 mL culture to each). We grew

these until the OD was about 0.4 (1.75 hours) and added IPTG to a final concentration of
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100 pM. We then grew the cells at 20 °C for about 20 hours and harvested the cells. We
kept harvested cell pellets at -80 “C until we were ready to purify the proteins.

We resuspended DXS and DXR cell pellets using 50 mM NAH2PO4, 300 mM NacCl,
10 mM imidazole, 10% glycerol (v/v) pH 8, and lysed the cells by sonication. In some
cases we added hen egg lysozyme and DNAse as well. We equilibrated gravity flow
columns with Nickel Sepharose Fast Flow Resin (GE healthcare) with 3 column volumes
(about 15 mL each) of water and 3 column volumes of binding buffer (20 mM NaH2POa,
500 mM NacCl, 20 mM imidazole pH 7.4). We loaded the clarified lysates and collected
the flow through, and then washed the column with two column volumes of binding buffer.
Then we eluted with 5- 10 mL of 20 mM NaH2PO4, 500 mM NaCl, 500 mM imidazole pH
7.4. We verified the success of the protein purifications by running SDS PAGE gels.
Following the elution, we concentrated the protein using Amicon spin columns (30000
MWCO) and diluted the protein in 100 mM Tris-HCI pH 7.4. Last, glycerol was added in
a roughly equal volume to the Tris-HCI buffer to make the stocks roughly 50% glycerol.
Stocks were frozen and stored at -80 °C until use. We measured DXS and DXR
concentrations by Bradford assay (using a Tecan Spark plate reader and Biorad Protein
Assay Reagent), and sometimes by measuring the absorbance at 280 nM (using a

Nanodrop).

4.5.8 Coupled enzyme assays for kinetic assays
To assess the activity of DXSs in various conditions we used a coupled enzyme
assay. We made a master mix of DXR, NADPH, MgClz and DTT in 100 mM Tris-HCI pH

7.4, which we then mixed with solutions of DXS (normalized to a concentration of 1.48
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1M). Mixtures of the one of the substrates (GAP and pyruvate) and the cofactor TPP were
prepared, and then several dilutions of the other substrate were added to this mixture.
Finally, 10 pL of the substrate mixture was mixed with 90 pL of the master mix + DXS
mixture in wells of 96-well microtiter plates and the absorbance at 340 nm was observed
for 30-60 minutes. To study the effects of inhibition, the same procedure as above was
used, except that inhibitor (IPP or DMAPP) was added to the substrate mixture and rather
than using a dilution series of GAP or pyruvate we used a dilution series of TPP. We
calculated the initial reaction rates and fit the results to the Michaelis-Menten equation to

obtain estimates of the Km and keat for each enzyme.

4.5.9 Machine learning modeling for data analysis

To use machine learning to understand sequence features, we attempted to train
a variety of models on enrichment data. We pre-pocessed the sequencing data by filtering
out sequences with fewer than ten reads in either the pre- or post-selection data sets and
then calculated enrichment as was done in section 4.5.4. We trained linear and ridge
regression models on the datasets using different numbers of interaction terms (15, 2nd
and 3" order interactions) and calculated the Pearson’s R value for the fit and for the
cross validated predictions. After training the models, we analyzed the regression

coefficients to identify the top predicted effects on activity.
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4.6 Supplementary information

Table 4.2: Amino acid sequences of DXS blocks

DXS Block 1
MSFDIAKYPTLALVDSTQELRLLPKESLPKLCDELRRYLLDSVSRSSGHFASGLGTVELTVALHYVYNTPFDQLIWDVGHQ

Ec AYPHKILTGRRDKIGTIRQKGGLHPFPWRGESEYDVLSVGH
MLDLLSIQDPSFLKNMSIDELEKLSDEIRQFLITSLSASGGHIGPNLGVVELTVALHKEFNSPKDKFLWDVGHQSYVHKLL

Bs TGRGKEFATLRQYKGLCGFPKRSESEHDVWETGH
MFPNDKTPLLDKIKTPAELRQLDRNSLRQLADELRKETISAVGVTGGHLGSGLGVIELTVALHYVFNTPKDALVWDVGH

Zm QTYPHKILTGRRDRIRTLRQRDGLSGFTQRAESEYDAFGAAH
MPLLDTINYPIHMKNLSVKELKQLADELRSDVIFNVSKTGGHLGSSLGVVELTVALHYVFNAPQDKILWDVGHQSYPHK

Pt ILTGRRDKMHTIRQTNGLAGFTKRSESEYDCFGTGH
Block 2

Ec | SSTSISAGIGIAVAAEKEGKNRRTVCVIGDGAITAGMAFEAMNHAGDIRPDMLVILNDN-EMSIS-------- ENV

Bs SSTSLSGAMGMAAARDIKGTDEYIIPIIGDGALTGGMALEALNHIGDEKKDMIVILNDN-EMSIA-------- PNV

Zm SSTSISAALGFAMASKLSDSDDKAVAIIGDGSMTAGMAYEAMNNAKAAGKRLIVILNDN-EMSIS-------- PPV

Pt SSTTISAGLGMAVGRDLKGGTNKVVAVIGDGGMTAGQAYEAMNNAGYLDSDMIVILNDNKQVSLPTANLDGPIPPV
Block 3

Ec GALNNHLAQLLSGKLYSSLREGGKKVFSGVP----PIKELLKRTEEHIKGMV--VPGTLF

Bs GAIHSMLGRLRTAGKYQWVKDELEYLFKKIPAVGGKLAATAERVKDSLKYML--VSGMFF

Zm GALSSYLSRLISSRPFMNLRDIMRGVVNRMP---KGLATAARKADEYARGMA--TGGTFF

Pt GALSSALSRLOSNRPLRELREVAKGVTKQIG---GPMHELAAKVDEYARGMISGSGSTLF
Block 4

Ec EELGFNYIGPVDGHDVLGLITTLKNMRDLK--GPQFLHIMTKKGRG

Bs EELGFTYLGPVDGHSYHELIENLQYAKKTK--GPVLLHVITKKGKG

Zm EELGFYYVGPVDGHNLDQLIPVLENVRDAK-DGPILVHVVTRKGQG

Pt EELGLYYIGPVDGHNIDDLIAILKEVKSTKTTGPVLIHVVTEKGRG
Block 5

Ec YEPAEKDPI-TFHAVPKFDPSSGCLPKSSGGLPSYSKIFGDWLCETAAKDNKLMAITPAMREGSGMVEFSRKFPDRYF
YKPAETDTIGTWHGTGPYKINTGDFVKPKAAAPSWSGLVSGTVQRMAREDGRIVAITPAMPVGSKLEGFAKEFPDRM

Bs F

Zm YAPAEAAKD-KYHAVQRLDVVSGKQAKAPPGPPSYTSVFSEQLIKEAKQDDKIVTITAAMPTGTGLDRFQQYFPERMF

Pt YPFAERAAD-KYHGVAKFDPATGKQFKASPSTQSYTTYFAEALTAEAEADKDIVAIHAGMGGGTGLNLFLRRFPTRC
Block 6

Ec DVAIAEQHAVTFAAGLAIGGYKPIVAIYSTFLQRAYDQVLH

Bs DVGIAEQHAATMAAAMAMQGMKPFLAIYSTFLQRAYDQVVH

Zm DVGIAEQHAVTFAAGLAAAGYKPFCCLYSTFLOQRGYDQLVH

Pt DVGIAEQHAVTFAAGLACEGLKPFCAIYSSFLQRAYDQVVH
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Block 7

Ec

DVAIQKLPVLFAIDRAGIVGADGQTHQGAFDLSYLRCIPEMVIMTPSDENECRQMLYTGYHYNDGPSAVRYPRGNAV
GVELTP-LEKLP--I

Bs

DICRQNANVFIGIDRAGLVGADGETHQGVFDIAFMRHIPNMVLMMPKDENEGQHMVHTALSYDEGPIAMRFPRGN
GLGVKMDEQLKTIP--I

/m

DVAIONLPVRFAVDRAGLVGADGATHAGSFDLAFMVNLPNMVVMAPSDERELANMVHSMAHYDQGPISVRYPRG
NGVGVSLEGEKEILP--I

Pt

DVDLQKLPVRFAMDRAGLVGADGPTHCGAFDVTFMACLPNMVVMAPSDEAELFHMVATATAIDDRPSCFRYPRGN
GVGVQLPPGNKGVPLEV

Block 8

Ec

GKGIVKRRGEKLAILNFGTLMPEAAKVAESLNA-----
TLVDMRFVKPLDEALILEMAASHEALVTVEENAIMGGAGSGVNEVLMAH---
RKPVPVLNIGLPDFFIPQGTQEEMRAELGLDAAGMEAKIKAWLA--------=-nnnmemmme

Bs

GTWEVLRPGNDAVILTFGTTIEMAIEAAEELQKEGLSVRVVNARFIKPIDEKMMKSILKEGLPILTIEEAVLEGGFGSSILEF
AHDQG--EYHTPIDRMGIPDRFIEHGSVTALLEEIGLTKQQVANRIRLLMP--PKTHKGIGS---------

Zm

GKGRLIRRGKKVAILSLGTRLEESLKAADRLDAQGLSTSVADMRFAKPLDEALTRQLLKSHQVIITIEEGAL-
GGFATQVLTMASDEGLMDDGLKIRTLRLPDRFQPQDKQERQYAEAGLDADGIVAAVISALHRNSKPVEVVEMANMG
SIARA

Pt

GKGRMLIEGERVALLGYGTAVQSCLAAASLVERHGIRLTVADARFCKPLDHALIRSLAKSHEILITVEEGSI-
GGFGSHVVQFLALDGLLDGKLKWRPVVLPDRYIDHGSPADQLVEAGLTPSHIAATVFSILGQRREALEIMSS---------
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5.1 Summary of dissertation research

Machine learning guided protein engineering is a rapidly expanding discipline and
is being used to solve problems in many fields, ranging from healthcare to chemical
production to environmental issues. Over the course of this dissertation, we reviewed the
history and outlook of this field and applied the strategies in the engineering of enzymes
two different systems.

In Chapter 1, we reviewed the field of protein engineering as it relates to solving
problems in chemical production. Directed evolution and rational design are historically
the most common protein engineering techniques, but machine learning approaches are
broadening the scope of how these techniques are used and making it possible to
engineer proteins that were previously too difficult or cost intensive to engineer otherwise.
Advances in machine learning-guided protein engineering will continue to accelerate
protein engineering discoveries and applications in all fields, and these advances can be
used in tandem with other metabolic engineering approaches to develop sustainable
production routes for valuable chemical products.

Machine learning-guided protein engineering is a relatively young, but very rapidly
expanding field. In Chapter 2!, we examined different strategies for encoding or
representing the information contained in proteins (1-D sequence or 3-D structure for
example) and how machine learning can be used to not only learn from these different
encodings, but also learn new ways to encode information about proteins. We also
described how different kinds of machine learning strategies (supervised, unsupervised
and semi-supervised) can be used in realizing various protein engineering objectives.

Finally, we reviewed key applications of machine learning methods in protein engineering
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efforts and described the outlook of the field.

Improving fatty alcohol production in cells is a very promising application of
metabolic engineering guided by machine learning. Fatty alcohols are very valuable
bioproducts that are used extensively in surfactants and detergents, as well as many
other commercial applications?3. Due to environmental shortcomings associated with
industrial production of fatty alcohols, many strategies have been employed to enhance
microbial production of fatty alcohols. In Chapter 3, we used an iterative, active-learning
approach to engineer acyl-CoA and acyl-ACP reductases (ACRs and AARs respectively)
to improve their activity on acyl-ACP substrates and enhance the production of fatty
alcohols in vivo*. We used Gaussian process regression coupled with upper confidence
bound optimization to design sets of chimeric acyl-ACP reductase enzymes that helped
us search the sequence-function landscape and optimize the activity of the enzymes
simultaneously. Using this approach, we identified a chimeric enzyme that had a nearly
threefold higher titer in vivo than the best wild-type sequence. We used in vitro kinetics
assays to verify that the improvement in fatty alcohol production stemmed from an
improvement in the catalytic efficiency of the enzyme, and we used machine learning
models to help identify key features that enabled the increase in activity. Among these
features were a specific set of sequence blocks that resided near the ACP binding
interface, and docking simulations showed that optimizing the sequence blocks in these
positions resulted in optimal numbers of positively charged amino acid residues that could
help facilitate binding of acyl-ACPs.

Another important class of molecule that can be made in microbes is terpenoids.

Terpenoids (also known as isoprenoids) are valuable natural products that are built up of
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isoprene subunits. They can form very large and complex molecules that have many
applications, ranging from medicines® to biomaterials®’ to advanced fuels®. There are two
main pathways to making terpenoids; the mevalonate pathway, which is widely used in
eukaryotes®, and the MEP pathway, which is more common in microbes (although some
plants use both pathways)!°. One of the rate-limiting enzymes in the MEP pathway is 1-
Deoxy-D-xylulose 5-phosphate (DXS). In Chapter 4, we developed a high throughput
selection that coupled growth to DXS functionality, which could lead to downstream
increase in terpenoid production. We then used it to screen a combinatorial library of DXS
chimeras and generate a large sequence-function dataset. We used positive-unlabeled
(PU) learning and enrichment data to design four chimeric DXS sequences. These four
designed DXS sequences were predicted to have very high activity based on their high
enrichment scores. However, we found that in non-pooled growth assays that there was
not an observable difference between the growth rates of E. coli cells expressing the
chimeric DXSs compared to the wild-type sequences when we grew the cells in selective
conditions. Additionally, when we tested the four designed enzymes and the four parental
enzymes in vitro we found that the enzymes had comparable turnover numbers (kcat) and
Michaelis-Menten constants (Kw). Interestingly however, we did find that our designed
DXS variants displayed a significantly stronger reaction to inhibitors (IPP and DMAPP)
than the wild-type enzymes when we performed inhibition studies in vitro. It is likely that
stronger feedback inhibition from IPP was advantageous when selective pressure was
applied because it could enable the DXS to work like a valve that could turn down the flux
of the pathway when IPP levels are too high (preventing a toxic buildup), but then allow

the flux levels to increase once the IPP level drops again. Finally, we used machine
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learning methods and structural models to analyze the dataset and determine potential
explanations for the inhibition effects that we observed, such as the role of non-polar

residues in the TPP binding pocket.

5.2 Future directions
5.2.1 Machine learning for acyl-ACP and acyl-CoA reductase engineering

While our results in Chapter 3 were very exciting in terms of the specific goal that
we were aiming to achieve (improving the activity of an acyl-CoA reductase on acyl-ACP),
the practicality of the pathway that we used to make fatty alcohols is still quite low
compared to other metabolic strategies. The highest titers we observed in our pathway
were about 60 mg/L, but alternative routes, even though they theoretically require more
cellular energy, can produce closer to 1.8 g/L of fatty alcohol''*2. However, there are still
applications in which our engineered acyl-ACP reductase (ATR-83) could prove useful.
Metabolic engineering approaches, coupled with protein engineering strategies, could be
used to design improved strains of E. coli that produce more flux through fatty acid
biosynthesis, and increasing the amount of acyl-ACP in the cell would make ATR-83 a
much more viable enzyme for high-titer production of alcohols.

Additionally, the methodology we employed to design ATR-83 is very useful and
applicable to efforts to engineering acyl-CoA/acyl-ACP reductases. The iterative UCB
optimization-based strategy that we used to design each experimental round could
theoretically be employed for any enzyme*13, and this strategy could easily be employed
to rapidly design custom acyl-CoA/acyl-ACP reductases for optimizing specific pathways.

Furthermore, chain length specificity of acyl-CoA reductases remains an unsolved



153

problem?®14, It is strongly believed that acyl-CoA reductases dictate the final chain-length
distribution and similar machine learning-guided approaches could be used to identify
enzymes that produce specific chain-length alcohols. Advances in machine learning-
based protein structure prediction (such as AlphaFold*®%) enable rational engineering of
ACRs and AARs to limit space in the active site pocket, favoring production of short and
medium chain fatty alcohols, similar to work that was done with thioesterases!’. Enabling
higher throughput assays of ACR and AAR function, such as developing an analogous
selection to that done by Hernandez-Lozada et al.'®, would also rapidly accelerate

attempts to engineer specific AARs and ACRs.

5.2.2 Using machine learning-guided enzyme engineering to enhance MEP pathway flux

Our results in Chapter 4 align with the aphorism commonly applied to biological
engineering projects, “you get what you select for’. We designed the selection to link DXS
function to growth, which it did. However, the selection also favored enzymes that
displayed inhibition in the presence of IPP, potentially because the strain that we used for
the selection did not contain a downstream sink to consume excess IPP or DMAPP,. It is
very possible that altering the selection conditions somewhat could lead to discovery of
enzymes with even higher activity. One strategy that could be used to change the
selection conditions to be less biased towards selecting for inhibition would be to add a
downstream pathway or enzyme to consume IPP. One option would be to add the
pathway to produce the carotenoid lycopene, which has the advantage of doubling as a
gualitative visual readout of activity or flux. However, because lycopene production can

result in oxidative stress, it is not always quantitatively correlated with high flux. Another
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option would be to add an isoprene synthase. The isoprene synthase would convert IPP
to isoprene gas, which would then exit the cellular system®. This would be a very
advantageous way to pull flux through the MEP pathway and impose a selective pressure
for enabling higher flux. Capturing isoprene to quantify flux would be technically
challenging (due to the nature of quantifying gases), but possible, and potentially more
reliable than colorimetric strategies dependent on carotenoid production®®.

Despite potential flaws in the design of the selection itself, the workflow that we
used in this experiment could be applied to engineering other bottlenecks in the MEP
pathway such as DXR, IspG, and IspH?°. The mevalonate supplementation strategy could
be used to sustain growth in knockout strains of either of these enzymes, and a similar
chimeric library selection could be performed to determine functionality or flux. The overall
strategy of building a chimeric library, subjecting it to a high-throughput selection, and
using long-read sequencing (Oxford Nanopore) to identify the chimeras, is also highly
generalizable and could be used to engineer many other kinds of proteins whose function

can be linked to growth via a selection strategy.

5.3 Accelerating protein and metabolic engineering with machine learning
Biological sciences are currently experiencing a revolutionary phase of growth due
to advances in DNA sequencing and DNA synthesis. These advances are resulting in an
acceleration in the acquisition of biological data. Machine learning plays a crucial role in
managing this explosion of biological data. For example, the number of solved protein
structures has always lagged far behind the number of known protein sequences.

However, advances in machine learning have let to AlphaFold?*>18, which is expected to
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revolutionize protein structure prediction and bridge the gap between solved structures
and known sequences. This massive growth in biological data makes it possible to use
machine learning models in new ways, such as using unsupervised models to classify
proteins or generating information rich encodings of protein sequences based on
evolutionary information. Advances in screening technologies will further increase the
number of labeled datasets that can be used to engineer proteins.

To conclude this dissertation, | will briefly outline examples of how advances in
machine learning based protein engineering have accelerated and continue to accelerate

protein and metabolic engineering.

5.3.1 Machine learning-assisted directed evolution

Machine learning dovetails naturally with directed evolution. Directed evolution is
normally limited in its requirement for large protein libraries, but machine learning
strategies can be used to design intelligent libraries2-22 that reduce the screening burden.
Recently, machine learning-assisted directed evolution has been used to engineer nitric
oxide deoxygenase enzymes performs carbene Si-H insertion in an enantioselective
manner?3, improve the transpeptidase activity of Sortase A%4, and even engineering a
PETase to be more thermostable for degrading plastics?®.

In particular, adaptive machine learning strategies work especially well with
directed evolution?®, and have been used to engineer proteins such as cytochrome
P450s, channelrhodopsins?’28, adeno-associated virus 2 capsids?®, GFP3°, and acyl-
ACP reductases*. Adaptive machine learning strategies have also been applied at the

pathway level for making chemicals; the automated recommendation tool (ART) is a
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valuable machine learning based tool for designing optimal metabolic pathways and it
has been used to optimize production of limonene, dodecanol3:3? and tryptophan3?32 in
microbial cells. A similar tool, ActiveOpt, was used to optimize valine production®. The
combination of machine learning and directed evolution is sure to lead to substantial

advances in a diverse set of fields.

5.3.2 Sequence-function relationships and rational strategies

Machine learning strategies can also complement rational design strategies to
engineer proteins by making more efficient use of structural, evolutionary, or functional
data. Advances in deep learning have made it possible to leverage a wealth of sequence
and structural data to design more advanced ways to encode protein sequences such as
UniRep®°. UniRep is a very data rich method for encoding protein information, and it has
recently been used to demonstrate how proteins (such as GFP and f-lactamase) can be
engineered with minimal numbers of experiments3®.

There have also been significant advances in how machine learning is used to
predict protein structures and design new proteins. AlphaFold is a ground-breaking new
algorithm that uses deep learning strategies to accurately predict protein structures?'®. It
has already been used to predict protein structures for the entire human proteome?¢, and
efforts to use it to predict other important protein structures are currently underway. Deep
learning strategies have also accelerated design of proteins. In one study, deep learning
was used to solve the inverse of the problem that AlphaFold was designed to solve; rather
than learning a protein structure, a large set of protein sequences was designed based

on structure information®’. Without the aid of machine learning models, protein design,
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especially de novo design, is extremely challenging, but with machine learning models,

the pace at which novel functional protein sequences can be designed is accelerating.

5.3.3 Generative models and neural networks

Early work in machine learning guided-protein design focused on regression
models!®2238 However, to enable learning from larger and more complex datasets new
machine learning tools have emerged and are being commonly utilized to engineer
proteins. Among these are neural networks3® and generative models, such as
autoregressors*®4! and autoencoders*?43, Generative models have received a lot of
attention recently; they have applications in designing new protein sequences*®43 and
learning about protein fitness*? and structure*'. Neural networks have also been used
widely in machine learning-assisted directed evolution, both on their own and as part of
ensembles of models?®. Neural nets can also be used to understand protein fitness
landscapes®® and protein structure®’, and they are key to the success of AlphaFold*® and
other advances in machine learning-assisted evolution** and protein design3®3’. These
kinds of models can be trained on the vast amount of sequence available about protein
families and used to generate or suggest new sequences that are not found in nature but

that still retain the same structure or function.

5.4 Conclusion
The usage of machine learning strategies in protein and enzyme engineering has
exploded in recent years, and as scientific advances enable curation of larger datasets

and more accurate models, their usage will continue to expand. As illustrated in this



158

dissertation, many enzymes involved in biological pathways that are difficult to engineer
using directed evolution or rational design can be more easily engineered with the help
of machine learning methods. The ability to precisely engineer proteins and metabolic
pathways will help solve problems in chemical production, energy, the environment and
human health, and machine learning is a highly promising tool for enabling further

advances in protein and metabolic engineering.
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Chapter 6
Application of machine learning-based protein engineering to make

an improved acyl-ACP reductase enzyme

Author: Jonathan Greenhalgh

| believe science can be applied in ways that make a difference in people’s lives. But that
can only happen if science is communicated in a way that people can understand the
findings and see ways to apply them. | wrote this chapter to present the results of my
scientific work in a more accessible manner so that scientists and non-scientists alike can
understand the findings and the process. In some respects, that makes this the most
important chapter of my dissertation. | am grateful to the Wisconsin Initiative for Science
Literacy (WISL) at UW-Madison for encouraging and enabling communication of science
to broader audiences, and | am especially grateful to Professor Bassam Shakhashiri,
Elizabeth Reynolds and Cayce Osborne for their support and feedback as I've worked on

this chapter.
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6.1 Introduction
6.1.1 Background and motivation

Ever since | took biochemistry class in college, | have found the chemistry of
proteins fascinating. As a chemical engineering student, | was really interested in how
proteins could be used to make chemicals in cells. | joined the lab of Phil Romero who
studies protein engineering and machine learning, and collaborated very closely with
Brian Pfleger, who studies ways to engineer microbial organisms (like bacteria and yeast)
to make valuable chemicals. Combining these two disciplines led to the project that |
worked on for most of my graduate studies, which is engineering an enzyme that can be
used to make the fatty alcohol molecules that are commonly found in lotions and
detergents. Protein engineering is a really exciting field of study and combining protein
engineering and machine learning (basically using computers to help engineer proteins
better), is even more exciting. In this chapter I'll explain in as simple terms as | can what
protein engineering is, why we used it, and how machine learning helps the process using

a specific example from my research?.

6.1.2 Proteins and enzymes

To understand protein engineering, first | must explain a little bit about proteins.
Proteins are molecules that are made up of smaller pieces called amino acids. There are
twenty common amino acids, each with unique properties. This set of amino acids is like
an alphabet; the amino acid alphabet contains twenty letters (A, C, D, E, F, G, H, |, K, L,
M,N,P,Q,R, S, T,V,W,Y), where each letter corresponds to a specific amino acid (A

for Alanine, C for Cysteine etc., except it's not always the first letter of the amino acids
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name). Each amino acid typically only sticks to two other amino acids, so when combined
they form long chains that are kind of like words when we write out their one letter
abbreviations (things like “WERNLPLDL...”). The order of amino acids in a protein also
determines what the protein looks like, and importantly what it does, just like the order of
letters in a word determines the word’s meaning. Enzymes are a class of proteins that

carry out chemical reactions in cells to convert one molecule to another.

6.1.3 How protein engineering works

Sometimes, for whatever reason, it’s desirable to change what a protein or enzyme
does, or make it do a specific task better. Making changes in the protein sequence will
usually result in changes to the protein itself (though not always good ones). But how do
we change the protein sequence? It turns out there are a lot of ways, but they all involve
making changes to DNA in a cell. DNA also has an alphabet (only four letters, A, C, G,
and T), but the letters in the DNA alphabet and the letters in the amino acid alphabet are
quite different (DNA letters are called nucleotides or bases). DNA contains the
instructions for making proteins in cells, and cells make proteins by translating messages
from the language of DNA to the language of proteins. In this way, DNA is almost like a
coding language, and proteins are kind of like a software application.

Humans have come a long way in terms of understanding DNA, to the point where
editing DNA code is becoming much easier to do. Any edits made to instructions for
making a protein will result in a modified protein (sometimes called a mutant or variant).
There are lots of ways to approach editing the DNA; randomly changing one DNA base

at a time, systematically changing very specific bases to target specific amino acids in a
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protein, or combining or shuffling large fragments of DNA (this is called recombination)?-

4. All these methods will affect the protein sequence, and in turn the protein function.

Folded Protein
(MA-ACR)

Chemical Product

DNA Protein (Fatty Alcohols)

(Mucleotides/Bases) ) {Amino Acids)
Translation Folding

TGGGAGCGCAATCTGGACCCGGACCTG... —» ERNLDPDL... ——

Reaction

— HO_~
" h

Figure 6.1: DNA determines a protein’s sequence, which determines what the protein does or
makes. DNA is transcribed to a similar molecule, RNA, which is then translated to make the
proteins. Then a protein will fold into a 3D structure, which is uniquely suited for carrying out its
designated function (for enzymes this would be carrying out a chemical reaction).

Once a strategy has been selected for editing the protein sequence (via editing the
DNA), there are multiple ways to approach engineering. The Nobel Prize in 2018 was
awarded to Frances Arnold for developing an approach called directed evolution. Directed
evolution is a way to engineer proteins by copying how evolution in nature works®. Large
sets of altered proteins are tested for a specific trait (for example, heat tolerance, ability
to use a specific chemical as a starting material, or reaction speed) and the best one is
used as the starting template for the next round. This process is repeated over and over
and can result in new protein sequences with massive improvements. Another strategy is
to use information about a protein’s shape, or structure, and pick specific amino acids to
change to accomplish a specific goal. This strategy is called rational design. Both directed
evolution and rational design can be used to alter similar properties, the choice of which

method to use really depends on how much is known about the structure (more
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knowledge favors rational design), or whether it is easy to test large numbers of proteins
quickly (the rough number of sequences that can be tested is called throughput; high
throughput favors directed evolution).

Though rational design and directed evolution are the main ways to engineer
proteins, they have drawbacks too. Rational design requires accurate models of protein
structures, which are not always available. Directed evolution requires being able to test
a huge number of proteins, tens of thousands to millions (usually all at once, though some
very fast technologies enable individual testing), so it is limited by the capacity and speed
of the test. However, new methods are emerging to use machine learning to accelerate
protein engineering. Machine learning can overcome bottlenecks or shortcomings of
directed evolution and rational design to help design better protein sequences in a more

efficient manner®.

6.1.4 Protein engineering for chemical production

Protein engineering has a lot of uses, ranging from therapeutic antibodies, which
can be used to treat viral infections, to improving the enzymes used in liquid laundry
detergent. In my studies, | am using protein engineering to increase chemical production
of fatty alcohols (a kind of chemical commonly used in detergents, cosmetics and
flavorings)’ in cells. Making a chemical product in cells is similar to navigating from a
location to a destination on a map. The location is the starting material (usually for cells
this would be a sugar like glucose) and the destination is the product (in this case, fatty
alcohols). Each step in the path is carried out by an enzyme. The enzyme controls how

fast and how well the reaction occurs; this is kind of like controlling what kind of road the
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path is and enforcing a speed limit. Sometimes the most direct route to the product goes

through a slow enzyme, and so protein engineering can be used to speed that step up.

Glycolysis

v

Figure 6.2: The roadmap to fatty alcohols in cells. Glycolysis is the process that breaks down
sugars, fatty acid elongation is how fatty acyl-ACPs of different sizes get made. There are multiple
possible routes to get from sugars to fatty alcohols. The direct route from acyl-ACPs (shown as a
narrow path) is currently less used, but potentially more efficient. More commonly, the longer path
through fatty acids and acyl-CoAs is used, which requires more energy.

6.1.5 The acyl-CoA route
There are multiple routes to fatty alcohols on our map. The most used routes go

through a specific kind of intermediate called acyl-CoA (ay-seel-co-ay)’°. Acyl-CoAs are
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a lot like fatty alcohols in that they come in a range of lengths. They consist of two parts,
an acyl chain, and a large molecule called coenzyme A or CoA, (which is a very important
molecule elsewhere in metabolism too) linked together. A type of enzyme called an acyl-
CoA reductase (or ACR) basically breaks the link between the acyl chain and the CoA.
When the link breaks, the acyl chain gets converted first to a fatty aldehyde, and then the

ACR transforms the fatty aldehyde to a fatty alcohol (in a reaction called a reduction)*©.

6.1.6 The acyl-ACP route

Acyl-CoA reductases are very good at converting acyl-CoAs to fatty alcohols, but
acyl-CoAs aren’t necessarily the most direct route to the destination. There is another
kind of intermediate called acyl-acyl-carrier proteins (acyl-ACPs) that can be converted
to fatty alcohols, and that could potentially be more efficient. Acyl-ACPs are like acyl-
CoAs, the acyl chain is just attached to a small protein (ACP) instead of CoA. Because in
many cases, the cells need to make acyl-ACPs to get to CoAs anyway, having an ACR
that can make fatty alcohols from acyl-ACPs could save the cell energy and resources
and enable better results. Some ACRs can also convert acyl-ACPs to fatty alcohols, but
they are typically very bad at it'!, so we decided to engineer an ACR to be able to do it
better. The ACR called MA-ACR from a species of bacteria called Marinobacter Aqueolei
showed a lot of promise in scientific work done by others’-°, so we decided to use it as

the starting point for our engineering effort.
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6.2 Engineering ACRs to Acyl-ACP Reductases: design, build, test, learn
6.2.1 Designing the library

To engineer MA-ACR, we started by designing a sequence library. Just like a
physical library is a place where documents or books are stored, a protein library is a
place where a large set of potential protein sequences are gathered. Each protein
sequence in the library is like an individual book or document. This metaphor can extend
even further, chapters in the book could be like important motifs or modules in the protein
sequence and the words could be the individual amino acids. But the library is where we
figure out what sequences (or books) are available.

Library = All Possible Protein Sequences >

<

General Acyl-cCoAs/Acyl-ACP Acyl-CoA Reductase
Reduwctase Section ownly section

Books = Individual Protein Sequences
Chapters = Modules, Motifs or Blocks

GATSGIGLA
TAEKLAEA
Chapfer 2 GAILVIGAR
TKETLDEV

NAD AASLEAKG
’.Yhe. Pf_" GNVHAYQC
pinding Regig, DF

Words = Individual Amino Acids

Figure 6.3: Large groups of protein sequences are often referred to as “libraries” in the scientific
literature. In this analogy, the library refers to the place where all the sequences are stored, and
each protein sequence can be thought of as an individual document. Though literature examples
typically don’t extend the library metaphor further, we can think of the parts that make up the
protein (modules or motifs), as chapters and the amino acids as words.
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The way we chose to design our ACR library was using a trick called
recombination®. The idea of recombination is that proteins are modular and have modules
or blocks of amino acids that can be interchanged for other similar blocks. Because
different kinds of organisms often have slightly different versions of the same proteins,
these modules can be swapped out to generate new enzymes that work better, and
because evolution tends to generate proteins that actually work, it is more likely that
changing the protein sequence in this way will result in a functional protein than by just
making random changes (a technique that is actually very commonly used). First, since
we already knew that each ACR had two parts (or domains)°, we selected three ACR
sequences from different bacteria (MA-ACR, MB-ACR and MT-ACR), and made all nine
combinations of the pieces. The results were surprising. First, we found that MB-ACR (BB
in Figure 6.4) actually worked better than MA-ACR (AA in Figure 6.4). Second, and more
surprisingly, when we made an enzyme that was half MA-ACR and half MB-ACR (AB in
Figure 6.4), it worked even better than both of them. It was really exciting and encouraging

to have a positive result so early.
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Figure 6.4: Recombining parts from natural enzymes resulted in even better enzymes (compare
AB to AA and BB). Note, AA is MA-ACR and BB is MB-ACR.

Next, we started to work on studying the half of the enzyme that carries out the first
reaction step (the conversion of acyl-ACP to a fatty aldehyde). To do this, we kept the
other half of the enzyme constant and chose the three enzymes that had it as “parents”
for recombination (I'll refer to the versions we used as Parent A, B and T), and then used
a mathematical algorithm to help us identify a set of eight blocks from each sequence that
line up with the other sequences!?. This would normally give 3% = 6,561 possible

combinations of blocks, but in this case because two blocks were exactly the same there

are 4,374.
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Figure 6.5: The design-build-test-learn cycle. We designed a test set to try as many combinations
of the three parent enzymes as possible. Then we tested the sequences experimentally to figure
out how much fatty alcohol each one made. After that we used two different kinds of machine
learning models to help design sequences to study in future iterations of the cycle. Finally, we
assembled the sequences using pieces of DNA and repeated the process.

Normally, with this many potential combinations, we would have to test all the sequences,
either individually (which would be prohibitive with our detection methods), or all at once
(by linking alcohol production to cell survival or growth). However, because we didn’t have
reasonable ways to use either of these approaches, we chose to use machine learning
to help us learn about these protein sequences more efficiently and bypass the bottleneck

in the number of sequences that we could test experimentally.

6.2.2 Machine learning compliments protein engineering
Just like mapping apps can use data and algorithms to help us find directions,
similar strategies can be applied to protein engineering. Machine learning is the term for

computer algorithms that learn from data. Examples of machine learning in everyday life
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are abundant; one common and important example is the spam filter that detects junk
emails. Machine learning has the potential to drastically improve efforts to engineer
proteins and biological pathways. Biological pathways are complex, and the number of
mathematical variables involved in engineering them can be staggering. But machine
learning models can deal with all those variables and can help us identify the most
important ones. Also, just like machine learning tools can be used in advertisements to
recommend specific products for specific people, machine learning can be used to
recommend specific “books” or sequences in our library of ACRs that could be good for
making fatty alcohols. This means that we don'’t have to test all four thousand sequences
to find the best enzymes, instead we can test a smaller set and use what we learn to

improve our models and find better enzymes.

6.2.3 Building the sequences

From our set of 4,374 sequences, | identified twenty sequences that as a set, gave
me the most information about all the potential variables (using statistics). Then, | started
working on building them. This is kind of like building Legos, just instead of plastic blocks,
we use tiny fragments of DNA and a special enzyme (called ligase) that sticks them
together!®. | found this process fascinating. The idea that | could get on my computer,
design a large circular piece of DNA (called a plasmid), and then use that DNA to build
something else was very exciting. Of course, it is not quite that easy, and | had my share
of troubles getting it to work, but at the end of the day I figured things out and was able to

successfully build all twenty sequences | needed for initial testing. | would use the same
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method again later once we started learning more about which sequences were good at

making fatty alcohols.

6.2.4 Testing

To test our ACR sequences, we would put the DNA sequences into E. coli and
grow the E. coli for about 18 hours. In order to signal the cells to make more ACR protein
(i.e. expressing ACR), we would add a chemical called IPTG, which signals the cells to
start making the protein, and to make sure the cells had enough resources to make extra
fatty alcohols we added glycerol (which serves as a source of carbon, similar to the sugar
glucose). After turning on protein production, the cells would naturally start making fatty
alcohols as well. We then used an instrument called a Gas Chromatograph to measure
the amount of fatty alcohol produced by the cells (the amount or concentration of fatty

alcohols in cells is also called the titer).

6.2.5 Learning

After figuring out how much fatty alcohol each of our ACRs made, we then started
using machine learning models to learn as much as we could about what sequences
worked best. The machine learning models take the protein’s amino acid sequences as
an input and try to find a mathematical relationship between the sequence and the fatty
alcohol levels. This process is called model training. Once a model is trained, it can also
be used to make predictions about other sequences, even sequences that have not been

tested yet.
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| used two kinds of models. First, | used a classifier to learn the difference between
ACRs that worked and ACRs that didn’t. The classifier input is the protein sequences |
tested and whether they were active in my experiments, and it produces a binary output
or prediction (active/inactive) for all the sequences that | hadn’t tested yet. The classifier
is kind of similar to how a spam filter works (predicting spam/not spam based on content
of an email). Using the classifier helped me pre-filter out bad sequences so that | wouldn’t
have to worry about them for the next modeling step.

The next step was using regression models. Unlike the classifier, which outputs
categories, regression has a continuous output, meaning that it outputs numerical values.
For example, a classifier can be used to classify based on meteorological data, whether
it will be hot or cold, but a regression model can be used to predict the temperature.
Regression allowed me to make predictions about which ACR sequences would work,
and how well they would work compared to others. Additionally, the regression model that
| used also outputs estimates of uncertainty'#. This was very useful, because it allowed
me to use the model to suggest (or design) new sequences to build that would be both

rich in information and likely to work well at the same time.
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Figure 6.6: Schematic depicting how different kinds of machine learning models work
(regression and classification). The top half shows an example of how each kind of model could
be used to predict different weather-related properties. The bottom example is an example of
how the models could be used to predict whether an enzyme works (i.e., whether it is active)
and how much fatty alcohol it can make (i.e. it’s titer).
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6.2.6 Completing the cycle

Searching for the best enzyme is kind of like hiking to the top of a mountain. From
the base of the mountain, the top is not always visible, so we can make an estimate (like
training a model and making a prediction) to guess where it might be. As we climb higher
and higher, we test out our theory and gain more information. This helps us get a clearer
picture of where the summit is (like updating a model). Occasionally this journey leads to
the top of false summits or secondary peaks, but if we keep updating our objective as we
learn from the landscape, we can make it to the top.

Finding the best ACR sequence was very similar, the first batch of sequences that
were suggested by the machine learning models didn’t work very well (we had no idea
where the summit was). But that was ok. We never intended to stop after the first attempt,
and when it comes to machine learning, any data we could get would be useful for future
rounds. After the sequences in the first round failed, we just updated the machine learning
models and tried again. We repeated the process of building and testing sequences,
training machine learning models on the data, and using the models to design new
sequences, over and over until we finally achieved ACR sequences that worked much
better than the original enzymes we started with. All in all, we tested about 96 ACR
sequences over ten turns (or rounds) of this iterative design-build-test-learn cycle.

Each full cycle took about two weeks: one week to build the sequences and verify
that they were correct, and another week to grow the cells containing the sequences and
test them. Updating the machine learning models was the fastest part of the workflow. It

only took a few minutes to update the models and make new predictions. Over time, as
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there was more and more data to train the models, the models took slightly longer to train,

but on the flipside, they got much more accurate too.
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Figure 6.7: The search for the optimal enzyme can be thought of as a hike. By gradually working
your way uphill, you can make your way to the summit. Similarly, by gradually searching for better
and better enzymes you can progress towards the best one. The left side of this figure shows a
visualization of the sequence landscape in 3D, where the “elevation” is like the predicted titer from
the models. The stars show key points along the way (basically top sequence in every round
where there was an improvement). Further distances between sequences suggest that the
sequences are more different from each other. The figure on the right shows the amounts of fatty
alcohols in each round (each round is shown as a different color). P is the parents (AA, AB, and
AT) and TS is the initial test set of twenty ACRs. The best sequence was identified in round 9.
The black bars in this figure show the average titer for all the sequences in that round.

6.3 Conclusions

Our best ACR sequence (which we called ATR-83) made about twice as much
fatty alcohol as the best natural enzyme that we studied. Experiments in test tubes
validated these results and verified that they were due to the enzyme being a better
catalyst, rather than simply being easier for the cell to make. The next question we wanted
to answer was why it worked better. Again, we turned to machine learning models. This
time instead of making predictions about sequences we hadn'’t tested yet; we used the

models to try to understand as much of the sequence as we could. The outputs of the
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models suggested that a few very specific blocks were very important. Some of these
were expected to play a big role (the blocks that actually carry out the reaction), but some
of the important blocks were surprising. As we studied the protein sequence further, we
found that there were a large number of positively charged amino acid residues near the
site where we believed the acyl-ACP should bind. Interestingly, ACP has a lot of
negatively charged amino acids, so the two proteins can stick together similar to a pair of
oppositely charged magnets'®>. ATR-83, our best sequence, had even more positively

charged amino acids than the natural proteins.
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Figure 6.8: Summary of Improvements to ACRs. Testing out new natural enzymes helped us find
a better ACR for converting acyl-ACPs to alcohols. Recombining that sequence with our starting
sequence resulted in another boost in activity and using our machine learning-guided approach
we were able to design a sequence (ATR-83) that could make even more fatty alcohols.
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In summary, we were able to over double the amount (or titer) of fatty alcohols that
we produced in cells by using our designed ACR sequence, ATR-83. This result shows
that machine learning can be used to help engineer proteins without needing to test
thousands of sequences or without knowing a precise structure. The most exciting thing
about this approach is that it can be used to engineer almost any enzyme, as long as
there is a way to test the enzyme’s function. Hopefully this result will not only enable
further improvements in production of chemicals in cells but accelerate the use of

machine learning in protein engineering workflows.
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