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ABSTRACT

In this work we present three studies in protein engineé¥ifigle all three protein classes
that have been targeted for engineering tasks are very different, the studies have a focus on

scalingup the throughput in protein engineering.

The first study concerns machine learning (ML) based antibody humanization techniques.
Achieving areduction of patient antirug antibody responses in clinical trials is the goal of
antibody humanization. To measure this however, one needs to pass significant scientific,
bureaucratic, and financial hurdles, which is very rarely done and especialyatecale.

Most existing ML:based antibody humanization techniques claim that they work without
providing any experimental evidence. We developed Mousifarem silico antibody
humanization platform to place existing models into one framework fotaletatory
validation. We demonstrate that even the best models have a fundamental flaw in that they
only generate a single antibody. We use Mousify and Markov chashswothat using ML

based antibody humanization models for library generation is nofeadiple buproduces

both stable and functional variants. Learning the lessons from outalagttory
experiments, we then developed a variational autarcmodel with properties that

hopefully improve the outcomes of antibody humanization experiments.

In the second study, we outline our plans and initial results to develop a bioelectrocatalytic
system for the conversionobN 0 ammoni a using nitrogenase.
is used for agricultural purposes and is produced via the environmentally damaging Haber
Bosch process. Engineering nitrogenase for the bioelectrocatalytic production of ammonia is
not trivial anda high throughput is not guaranteed. We present preliminary results in how
throughput can be increased through diazotrophiesgeetion of nitrogenase variants, as

well as a quest to find the ideal starting point for engineering using a combination of ancestral

sequence reconstruction and generative protein language models.

In the third and final studwe present a directed evolution campaign to evolve protoglobins
for the enantioselective catalytic formatiorcatrifluoromethyl substituted cyclopropanes,

the first such reaction in both the chemical and biological world. Not only is the enzyme
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ApePgb LQ capable of efficiently performing carbene insertions into ddadsids, but it

also shows a much more diverse substrate scope than similar enantioselective formations of
transtrifluoromethyl substituted cyclopropanes. After demonstrating &@dPgb LQ
reactions can be increased to-mthol scale, we investigated the nature of protoglotsin
selectivity using various computational methods.
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Chapter 1

SCALING THROUGHPUTIN PROTEIN ENGINEERING

Abstract

In this chapter we wilintroduce key concepts of molecular biolpdppochemistry and

protein engineeringp understand how protein evolution works and how protein engineers
have hijacked the mechanisms of protein evolution to artificially create protein sequences
with new functions. Two important decisions in protein engineering campaigns are the
selection pessure a protein engineer uses as well as the mutagenesis method employed to
generate variants. Both of these have an impact on throughput. Oegohtipaljobs of

a protein engineas to maximize throughput in an engineering campaign as it dictates how
quickly one can engineer a protein and how diverse the set of sequences is one can test.
Lastly, we take a look at a new waveimilico techniques that can have a large impact on
throughput in protein engineering. Over the past decade, machine learning models for protein
engineering have had a large impact on how biochemists and protein engineers think about
proteins and have provided with new tools to form informed protein sequence libraries,
making engineering more efficient.
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Evol ution of Proteins and Ther mostab

For cells, the building blocks of lifgformation only flows in one direction. From DNA to
RNA, and from RNA to proteins. A combination of only three polymers dictates the entire
functioning of a cell and higher organisfidsing these three tools, cells synthesize or recruit
the help of other essential molecules such as lipids or metaiadkile RNA biology is

an incredibly fascinating subjethyll of unanswered questiofsor this work, we will focus

on proteins and how DNA contains the information to produce them.

Deoxyribonucleic acid (DNA) is a polymer made up of four different nucleobases, adenine
(A), cytosine (C), guanine (G), and thymine ((Bigure 11).! When nucleobases are
connected together, they form a strand of DNA that likes to pair up with another strand of
DNA in a helical fashion. Moreover, there are specific rules to DNA strand pairing. The
nucleobase A will preferably pair with nucleobase T ancleobase C will preferably pair

with nucleobase G. While this is portrayed very simplistically and there is a lot more to the
structure of DNAS effectively a foudetter alphabet and the magic of physics and chemistry

is all it takes to encode all of life on earltis fact was first discovered in 1952 by Alfred
Hershey and Martha Chase in a fascinating experifafhile the concept of a gene existed

for half a century at that poirtit took nearly a decade sincettiiscovery by Hershey and
Chato understand how DNA conveys information to the. ¢elL961, work performed by
Francis Crick, Sydney Brenner, Lediarnettand R.J. Watt3 obin demonstrated that DNA
encodes information in sets of three nucleobases at a time, called a codon. Over the course
of the next five years, Marshall Nirenberg, Heinrich Matthaei, Philip L.ederHar Gobind
Khorana designed experiments that would culminate at the 1966 Cold Spring Harbor
Symposium with the presentation the genetic ¢8d€This table is théranslation from the
language of DNA/RNA to proteins and with it ushered a new era of molecular biology where
scientists could now start to manipulate DNA and get a desired protein sequence. It is worth
noting that since that point, it was discovered BIdA encodes for more than just protein
sequence$!s

Similar to DNA, proteins are made up of an alphabet and of a few rules of assembly which
encodes for a myriad of functions. Instead of nucleobases, proteins are made up of 20 amino
acids (there are more than 20, but any amino acid outside those 23“$)rarel amino

acids connect together via peptide bofkigure 11). Each codon, a set of three DNA bases,
encodes for an amino acid, with some amino acids being encoded by multiple codons and
some codons encoding for the end of a protein seqEmgee 11). To get from DNA to a

protein sequence, the DNA first needs to be transcribed to a type of RNA molecule called
messenger RNA (mMRNA). The mRNA is then bound by the ribosome. This macromolecule
is mainly made up of RNA and works as a catalyst that produoésins. The ribosome

reads the information contained on the mRNA strand and recruits another RNA molecule
called a transfer RNA (tRNA). The tRNA carries the correct amino acid for a given codon
to the ribosome, allowing it to catalyze the peptide bonchdétion and adding another
member to the protein chain. The ldstee paragraphs describe what is known as the
ACentr al Do g mao andpromdes us with b sufficiett basid t@ understand
the concepts of protein evolution and protein engingér
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Figure 11: Nucleic acids and amino acids make up the building blocks of life, dictating almost all biological
processesLeft) Overview of the four deoxyribonucleic acigglenine (A), cytosine (C), guanine (G), and
thymine (T). (Middle) Example of two amino acids out of 20 (alanine and serine) and showing the formation
of a peptide bond between them catalyzed by the ribos@&ight] DNA codons, sets of three bases, encode

the information to incorporate a defined amino acid into a peptide chain. In one exangiiewvhat the

codons AGT and AGC translate to the amino acid serine. The other example shows that three codons TAA,
TAG, and TGA are special in that they do not encode for an amino acid but for the action of stopping
translation by the ribosome.

Proteins are fascinating objects. It is sometimes hard to believe that a chain of 20 molecules
glued together can produce incredibly complex machinery. Proteins can be turbiaes that

as powerplants of the céfi They can be two legs walking on a strand carrying cargo from
one end of the cell to anoth€They can read DNA and copy DNAWhen we breathe, a
protein binds oxygen and transports it to cells that requifeSibme organisms have even
evolved proteins that work like guns that shoot toxits adjacent cell€ This is only a tiny

fraction of the functionalities that nature has evolved proteins to do! So how did nature create
such fascinating machinery over billions of years?

To understand protein evolution, we first need to understand how what mutationteare.
have established above that DNA contains the genetic information of organisms, however
that information is not static. Every time DNA gets copied by DNA polymerase, there is a
small chance that the copy accumulated mistakes, e.g. an A was read aseaanfoe’!

There are also nebiological factors that can change DNA, such as UV light that can damage
DNA basesand lead to changes in the DNA composifidAll of these changes to a DNA
sequence are considered mutations. When a mutation happens in a region of DNA that
encodes a protein sequence, one of three things happens. The mutation is silent, which means
that there is in the protein sequence. Consider the twamsddoserine shown ifigure 11.

If the last T is mistakenly interpreted as a C, the ribosome would still incorporate serine at
that position. The mutation could also be deleterious. An example of such a change in a DNA
sequence would be if a mutation produces one of the stop codbasmddle of the protein
sequence, prematurely ending the sequence and often making the prefeimational. The

last two types of mutations are by far the most common types. In very rare cases is a mutation
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beneficial In fact, it is sometimes hard to define when a mutation is beneficial since it all
depends on the task that one tests the mutation on. For example, the nicotinic acetylcholine
receptor (NAChR) is a cell receptor that responds to the neurotransmitter acetylcholine but
can also bind nicotine. In rats, that receptor is more sensitivedtineiclowering amount
for a lethal dose of the drug 3@8ld compared to humans. Researchers have traced back this
difference in lethality to a single mutatioh a threonine to an isoleucine at position 56 of
the receptof? Is this mutation beneficial? Not necessarily, but certainly is to the smoker.
Therefore, beneficial mutations arest often contexependenti-or protein engineers we
define this context I n wordsifraprot@nfhasmighditness n A f i
for a task, theit is good at performing that task.

In addition to context dependence of single mutations, there is also context to consider when
multiple mutations are involved. While so far, we have described proteins as chains of amino
acids, they do not look so in the cell. Proteins form highly congtiimensional structures
(Figure 12) and residues that would normally be distant from each other can be a lot closer
in 3-dimensions. For example, residues A112 and Flhbwifdetramer cystathionink-
synthaseare in contact with each other even though the contact happens between two
chains?*1t turns out that these two residues are evolutionarily coupled, meaning in the course
of evolution of the protein, if one of the residues mutated, then the other mutatedZ?s well.
This concept of evolutionary coupling is very important in the evolution of proteins and
researchers have developed tools to identify evolutionarily coupled residues to help in protein
engineering and in uedstanding protein evolutich.

Cystathionine B-Synthase

Figure 12: Structure of cystathionine-synthase. The residues A112 and F114 are evolutionarily coupled,
meaning if one mutates, then the other one needs to mutate too to not be deleterious.



6
This concept of evolutionary coupling is part of a broader phenomenon in protein evolution
called epistasié’ A set of mutations is said to be epistatic if the summed contributions of the
individual mutationgo protein fitnesss different than thefitnessof all mutations taken
togetherTo give an abstract example, lets imagine two mutat®®#\” and B> B", at two
positions in a protein sequence. This gives us four possible sequences in this set of mutations:
AB, A'B, AB", and AB’. Let f(AB) be the fitness of the sequence AB. An example of
epistasis would be if f(/B) = 1, f(AB') =-1, and f(AB") =2 f(A"B) + f(AB"). An example
of non-epistasis would be if f{(/B") = 0 = f(A'B) + f(AB"). There are multiple mathematical
formulations for this phenomend?° but the fundamental consequence of epistasis is that
protein fitness landscapes are rugged withtagis and smooth without epistaSig®3tin
other words, epistasis makes evolution hard and slow.

We have now seen that most mutations are silent or deleterious, that some protein residues
are evolutionarily coupled to others and that epistasis makes exploring a protein fithess
landscape hard&ince we observe fascinating protein machinery all around us, there must be
at leastonemechanism by which proteins manage to evolve towards new fundatrils.

there are many such mechanisiisne in particular is of high interest to protein engineering.

In 2006, Jesse Bloormet al suggested a mechanism foofein evolution that is closely

rel ated t o a % Protant stabilityssdhe proparty ofIproteins to withstand
denaturation, whether thermal or chemi¢adr simplicity, we will only consider globular
proteins to explain protein stabilityvhen a protein is first produced by the ribosome, the
amino acid chain immediately starts to foid into its 3dimensional structure. Under normal
conditions, this &limensional state is the most stable conformation of the amino acid chain
(it could be tlat it is not the most stable state but a kinetically stable local energy mitfimum
When globular proteins fold, they usually dieuch that hydrophobic amino acids inhabit

the core of proteins, and hydrophilic amino acids populate the surface. That is because the
hydrophilic residues can interact with water and the hydrophobic residues can interact with
each other. When a protein nddures, the amino acid chain unravels and exposes
hydrophobic residues to water which do not want to interacteaith otler (think of oil not
dissolving in water)If another protein closby is alscunraveling the hydrophobic residues

of the two chains can interact with each oth&t some point enough hydrophobic
interactions between chains can happen that they fall into an energy minimum that cannot be
easily reversed kinetically.e. the protein has denaturfd his unraveling of proteins can

be induced by increasing the temperature or by exposing the protein to a denaturing chemical.
A protein is considered more stable if it can withstand higher temperatures or higher
concentrations of denaturing chemicals.

The seminal paper by Jesse Bloetral claims that thermostability of a protein and evolution

are tightly connected to each otf&Bince at the very least, a protein still needs to fold to a
thermodynamically stable structure, any sequence of mutations that move a protein from one
function to another must also make sure that the protein retains some minimal stability. As
selection pessure only selects for the function of a protein and rarely its stabiptpteins
potential extra stability is indiffent to evolution. Through simulations of protein evolution,

the authors show that a thermostable protein is more evolvable though. l.e. the protein can
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accumulate more mutations to improve its fitness for a task before becoming too unstable.
That is because only vanishingly rarely is a mutation beneficial for both a new function and
for thermostability. The more likely scenario is that a mutation that is beneficial for a function
will reduce the stability of the protein. The authors concludd functionally neutral
mutations for a task accumulate silently in a protein over time. These mutations marginally
increase the stability of a protein and allow #eEumulation of a functionally positive
mutation that is also destabilizid$).While very interesting from a protein evolution
standpoint, this study has a much larger impact for protein engineenstiiab artificially
engineer proteins.
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Protein Engineering from Low to High

Protein engineering is the scientific discipline of manipulating the system that nature evolved
to produce proteins and hijack the tools of evolution to push a protein towards performing a
desired task. Over the years, scientists have developed manygteshrhat help in
engineering proteins. The most important technique in protein engineering is arguably
directed evolution (DE). DE was invented by Frances Arimolde late 1980s, showing that

one can randomly induce mutations in the DNA encoding pregijuenceso create a
protein sequence librargcreen them for improved function and picking the best performing
variant for another round of mutagene$€i¥he work was inspired by a paper from John
Maynard Smith orvolutionary game theory, where Maynard Smith argues that in order for
evolution to work a protein sequence needs to have other functional mutants nearby in
sequence space, even if most sequences do not encode functional Hréteesadvent of

DE evolution started a wave of protein aregring work. Protein engineers have evolved
enzymes to catalyze reactions that have no equivalent in {¥48D& has also been used to
take a computationally designed protein with no intended function and engineered it to
catalyze a wide range of reactidh4®

The beauty of protein engineering compared to other engineering disciplines is that
incremental improvements drevial to make as they amherento the system itself. Nature
evolved with incremental changes to DNA over billions of years, and protein engineers are
now using the same system to simulate evolution in a test tube in a matter of days. The only
thing that the engineer needs to provideéssilection pressure and a mutagenesis technique

for a protein to be engineered. While this may soungbls on the surface, the choiok
selection pressure and mutagenesis technique are extremely important and often not trivial.
Between the two however, selection pressure and only selection pressure determines the
direction in which a protein evolves. An important phrase was coinggbipea by Schmielt
Dannert and Arnol d i n 19 99Anothér¥ay insighténtthe wh a t
paper by Bloonet al illustrated this phrase neatly, is that evolution is lazy in a sense, a
protein will only every b marginally stable because that is the minimum what it needs to be
tosurvive®i You get wh atmeanshat evlationendl alwafysdry to find the
shortest patho generate a minimum viable variant.

Fordirected evolution, tlre are two maimethodto producemutations in a DNA sequence.

One makes use of errprone DNA polymerases, which have a higher rate than natural
polymerases to introduce mutations into the DNA sequence. Thespremerpolymerases

are used to amplify the DNA sequence of interest era¥prone polymerase chain reaction
(epPCR)Y®“° The resulting amplified DNA fragment has a few to many mutations,
depending on the polymerase used. Another method to produce mutants o D&eisite
saturation mutagenes{SSM) This method makes use of degenerate codons, which are
codons that can encode for many different amino angtead of just oneBy adding a

mixture of bases during the artificial synthesis of DNA oligomers, a mixture of DNA
oligomers is created where each oligomer encodes a different set of amin&&bldses
degenerate codons that encode for all 20 amino acids at a position of the protein sequence.
SSM usually targets a specific site in the protein sequence based on a hypothesis which is
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often times supported by structural data of the proféiis method can also be expanded
to target multiple sites, however a DE campaign that targets N sites via site saturation, will
produce 20 different variantsn the sequence libra”) Generally, a protein engineer would
prefer epPCR with a high mutation rate or SSM targeting many sites, however a major
bottleneck in DE is the throughput with which sequences can be tested. If a generated library
has 1000 members, but an engineer can serigen 10 ofhem in a reasonabtaneframe
then the engineer is likely to only observe fionctional proteins since most mutations are
deleterious. Broadly, an engineer should aim to only create libraries thaR avedérs of
magnitude smaller than the throughput of the screen. This is ryoa @mbblem in DEbut
any protein engineering technique disces the same problem.

The ideal way to satisfy both the AYou get
problem is via selectiofi.If the property one wants to engineer for can be tied to the survival
of a micrarganismthen one is only limited by the transformation efficiency in how many
variants can be teste@ransforming that organism with a library and subjecting it to an
experiment where only fit variants survive will automatically propagate the best variants.
This technique has been used successfully many timegolve proteins quickly and to
extremely high efficiencies for the task at hand. In a paper showcasing selection wel, Fahrig
Kamarauskaiet al added 4luorophenylalanine to the growth mediatfcoli chorismate
mutaseknockoutswhich would normally kill the cells. Chorismate mutase is an essential
gene in the pathway to produce phenylalanine and the incorporatidluof@phenylalanine

into a protein sequence is deleterious. The authors transfameadi with libraries ofM.
tuberculosischorismate mutaseand subjected the cells to exgtringent selection pressure.
Through multiple cycles of DE, they obtained a chorismite mutase variant that widd270
improved in ka/Km.%! An ingenious strategy was developed by Molital, where they

used an orthogonal errprone DNA replication system (OrthoRep) that would only amplify
adefined gene. They used OrthoRep to target TrpB for mutagenesis while withholding indole
from the media but adding indole derivatives. Through contis@wvolution inte growth
media, the TrpB variants evolved to efficiently produce-camonical amino acids with great
efficiency>2>2

Unfortunately, most tasks one wants to engineer proteins for cannot be tied to the survival of
a microorganism. In that case, one needs to resort to screening for improved variants.
Screening is a lot more tedious than selection, since one has to mbadiiress of each
variant without knowing ahead of time if they are functional or not. When resorting to
screening, throughput dictates the pace of
maximize throughput as much as possible. Over the paskgeades, many instruments and
techniques have been developed to increase the throughput for protein engifidring.
advent of using robotics in biochemistry such liquid handling solhaive allowed
researchers to accelerate the rate of assembling library plasmids and automate directed
evolution®*>® Likely the most consequential methodology developed for increasing
engineering throughput comes from the culmination of two technologies, cell surface display
of proteins andluorescencectivatedcell sorting (FACS). In cell surface display, the protein
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of interest to be engineeredgsnetically fused to a cedurface anchor proteitogether
with asignal

sequence to transport the protein to the surface of thé>oetleins can be displayed on the
surface of bacteria, insect, phage, mammalian, and yeast cells. Most often, protein engineers
employ yeast surface display due to the simplicity of establishing the system and yeast, being
eukaryotic cells, can perform vaus postranslational modifications that are essential for

the production of certain protefiuring FACS, cells are placed into microfluidic lipid
droplets containing only one cell. As thells pass through lasers that excite fluorophores
active on the surface of the cell, the emission of the fluorophores is measured and if the signal
surpasses a threshold, the cells are either kept in media or distdfdiad.expression the

protein of interest and its function can be coupled to the presence of fluorophores in the
droplet, one can potentially screerf Y@riants in a matter of hout$While the throughput

of cell surface display and FACS is immense, allowing for the screening of vgey lar
libraries, the advantages do not just end there. Usually, one of the fluorophores is used to
measure presence of the protein on the surface of the cell and the other one is used to measure
the function of the protein. It turns out thhere is a correlation between the cell surface
expression levels and a variants thermostability, effectively allowing an engineer to optimize
two properties at onc&:*°

So far, we have only considered the limitation of protein engineering in throughput and
havendét put much thought into the | imitatio
by Maynard Jones that there are always sequences with similar fuhatiebycin sequence

space to a functional sequence and we think about what happens when we move further and
further away from that functional vanig®® Considering that the vast majority of mutations

are deleterious, and that epistasis makes proteirsditia@dscaped hard to explore, means

that most sequences screened would befunactional. Anthony Keefe and Jack Szostak
estimate that for a random protein sequence of length 80, around ofksire¥anctionaf*

Douglas Axe argues that a in a larger range of protein sequence lengths that ratio is around
one in 167.%2 As libraries get biggerthe fraction of functional variants approaches these
estimates of one in 3bor one in 1. It might be advisable to not just look at random protein
sequence liraries, but informed protein sequence libraries.
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Machine Learning in Protein Engineer

In silico methods such as machine learning (ML) can vastly accelerate protein engineering
campaigns. The general concept behind ML applied to protein engineering is to use the
inferences made by an ML model to perform predictions on protein veiidh8ametimes

called artificial intelligenceML is a computer science discipline that focuses on using
algorithms to learn from large corpuses of data. The learning algorithms can be very simple
ones likemultilinear regressioor random forest classifigf8to highly complex ones such

as the transformégraph neural network hybrichodel behindAlphafold2%¢ Compared to
otherin silico methods, ML has a huge potential in generating informed libraries. Most non
ML methods make use of complex physical models that are computationally expensive,
severely limiting then silico throughpuf”®®ML models however may take days, weeks or
even months to train, but once trained, can generate variants on the scale of ségareds (
2.21) or even suisecondsKigure 212).

Informed library design can be very powerful even with simple models. In a series of papers,
Wu et al, Wittmannet al, and Yanget al demonstrated that an ensemble of simple machine
learning models trained on a small set of GB1 sequences can generate libraries that are highly
enriched in fit variants, through creative training set design. This was later experimentally
verified by applyig machindearning assisted directed evolution to engineering TrpB. The
concept of training ML models with low amourd$ data is very important for protein
engineering since labelled sequence datasets ar® faamd collecting sequendanction

data is slowThis lack of data created a set of ML models for protein engineering called

il oNw, for | ow nufP@mre ooff tdhaa akpeoW mdddhc € gt $ hi
idea that more informative protein sequence embeddings are, the less data is required to train
a powerful prediction model. A protein sequence embedding is the representation of the
protein sequence mway that a computer can understand it, often in the form of a vector or

a matrix!’ Arguably the simplest form of protein sequence embedding ihainencoding,

where each position in a protein is represented bydir@énsional vector. Each dimension
represents an amino acid, and the vector is 0 everywhere except at the dimension that
represents the amino acid at a given residue position. While data availability is an issue to
trai ANOAIlmowd el s, It I s mmgbly infanmative @éeiusequéncer | e a
embeddingsSince the 2010s, next generation sequencing techniques were showering the
literature with large high quality,unlabeled sequence dséésand being summarized in
databasesuch as UniRef GenBank’® and OAS® The key to unlocking the potential

behind thisunlabeledsequence data, was to consider protein sequenceddikguage where

amno acidsact like words. At the time, avery large corpus of work haalreadybeen
published on natural language processiNgP), which also relied on largenlabeled
dataset§®3 The application of NLP model architectures to the language of proteins created
new model architectures collectivelypown as protein language models (PLM)PLM

often does not require labeled sequences but can infer properties from sequence data alone.
Three important learning tasks have been applied to PLMs to achieve these inferences,
masked language modellifiautoregressive nexbkenprediction®® and diffusion(Figure

1.3).86
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Figure 13: Examples of different learning tasfa protein language models. In masked token prediction,
residues are chosen at random to be masked and the model needs to predict the masked residues given the
context of other unmasked sequences. In next token prediction, the model needs to predict the nature of the
next amino acid given the context of all tesidues that come before it, iteratively reconstructing a sequence.

In diffusion, random noise is added to a protein sequence in consecutive steps, witegaciding more

noise. At each step that noise is added, the model is tasked with reconstructing the sequence of the previous
step. The final model can generate functional sequences from random noise. Note: Diffusion is usually not
performed in the way @kained here, noise addition happens in a latent space where gaussian noise is added

to a vector or matrix representing the protein.

Very powerful PLMs have been generated over the course of the pedttedfe that alone

can predict a wide range of protein properteSM2 for example is a masked language

model trained with the transformer architectt{r&ransformers were first introduced in the
paper AAttention is all you needodo, where t|
modules calledi at t ent #?AAm Hedds®hti on headodo gathers
sequence, i.e. it tries to answer the question how an amino acid at a certain position is defined
by its context in the entire sequence. Models like ESM2 trained their transformer on 250
million sequencelusters from UniRef5@ using up to 15 billion parametétsEven though

the model has only been trained on masked token predictiedimfehsional sequences, the

model is able to accurately predict thaliBensional structure of proteins as well as
determine functional properties of the prot&f§?e® Another very powerful modeklying

on the transformer architecture is Alphafold2 (AF2), which is a structure prediction $hodel.
Alphafold was born out of the CASP protein structure prediction competition and was the

first ML model that surpassed the performance of physiemical model8’ Where ESM2

is trained solely on protein sequences, AF2 is a lot more complicated. First of all, AF2 has

as training objective the minimization of the predicted llolistance difference test
(pLDDT) which is a measure of how accurate a structure prediction is. Second, AF2s
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transformer does not work on single sequences but on multiple sequence alignments
(MSA). The MSA transformer architecture is used in a variety of models where making
predictions on the evolutionary context of a sequence is imp&¥amdditionally, AF2
uses graph neural networks to infediBensional connections between residues. The
importance of AF2 for biochemists is hard to overstate, spawning a variety of similar more
specialized models for all sorts of structure prediction f#SKAF2 even ha an influence
on experimental structure prediction as well, as some researchers have used AF2 structures
to model crystallographic data ontplvingthei p h a s e  for aolérde evameéty of
situations®®%®

The true potential of large PLMs, however, lies in the specific models they can spawn that
can help in scaling throughput in protein enginagerih powerful tool here is finuning,

which is the process where one takes anaieed model and #ains it using a very specific
dataset. Letods say we want t q®adiffusionanodgle ner at
or ProtGPTZ® a nexttoken prediction modelFjgure 13). As originally trained, these
models are generalists. Asking them to perform a specific task, such as creatinga M

in RFDiffusion or generating a nitrogendse sequence in ProtGPT2, would likely fail. Re
training the models using specific detts like a dataset of THdarrel structures or of
nitrogenase sequences nudges the models in a direction where they are capable of performing
these tasks. In ProtGPT2, this fine tuning is part of the operating procedure of using it. In
RFDiffusion, fine tuning was part of the training procedure where the developers used it to
condition the model to certain situations. Such-fumeed models can generate thousands of
informed sequence libraries in a matter of hours, creating diverse sets of sedaences
protein engineers to screen for.
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The Three Studies of this Thesi s

In this thesis, | will present three protein engineering studies that may be disjoint in their
tasks that we arevolving for but have in common that they all attempt to maximize the
throughput when trying to engineer for haoemeasure tasks.

In Chapter 2, we tackle the problem of antibody humanization. Out of all the problems in
this thesis, the actual property that we are engineering for can only be tested in what is best
described as the ultimate uHliav throughput. In order to check if manization was
successful an antibody candidate must pass all the scientific, bureaucratic, and financial
hurdles to make it to phase 1 of clinical trifl® While many Ml-based antibody
humanization techniques claim that they wirK°we demonstratethat the approach of

most published methods is deeply flawed when the target is to bring an antibody to clinical
trials. Through a combination of Markov chains, library generations and yeast display, we
present a higithroughput technigue to obtain asnyantibodies as possible that conserve

or improve properties of nemumanized antibodies, while decreasing their risk in potential
future clinical trials.

In Chapter 3, we outline a project in collaboration with the Rees lab to engineer nitrogenase

for the bioelectroatalytic conversion of Nt 0 ammoni a. This projectoc
from the fact that the process that produces most of the global ammonia, théBbisdier

process, is simultaneously one of the essential processes for modern agriculture and
responsible for widespread enviroamal damagé’® Our goal is to engineer nitrogenase

using a bioelectrocatalytic system presented byet e usinga multiwell system inspired

by work from the Schwanenberg E#B:1° To further increase throughput, we are also
developing a diazotrophic pselection method to allow us to test much larger libraries and
selecting only for variants that produce a functional nitrogenase.

In Chapter 4, we use enzymes from a family of proteins of thermophilic organisms to
engineer for a nesto-nature reaction to produais-trifluoromethylated cyclopropané$.
Compared to previous studies with chemical catalj$t8’ we were able to selectively
synthesize a new conformation of these compounds which is not possible with published
chemical catalysts. A key idea in this study is the usage of trapped carbene precursor in
ethanol to run reactions in 9¢ell plates. We werable to evolve for this reaction and obtain

a protein that catalyzes the reaction on timenol scale.
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Chapter 2

MACHINE LEARNING BASED ANTIBODY HUMANIZATION
AT SCALE USING MOUSIFY

Abstract

In the pasthalf-decade more monoclonal antibodies (mAb) have been approved for
therapeutic use than in the 25 years before that. When mAbs are raisedhumam
organisms and injected into humans, the patient will much more likely produce anti

drug antibodiesthanf t he anti body is humani zed.

humanization has been developed to reduce immunogenic risk of mAb therapeutics.
Achieving a reduction of patient afstrug antibody responses in clinical trials is the
goal of antibog humanization. To measure this however, one needs to pass
significant scientific, bureaucratic, and financial hurdles, which is very rarely done
and especially never at scale. Most existing -béised antibody humanization
techniques claim that they work ttwout providing any experimental evidence. We
developed Mousify as dn silico antibody humanization platform to place existing
models into one framework for wketboratory validation. We demonstrate that even
the best models have a fundamental flaw &t they only generate a single antibody.

We use Mousify and Markov chains to show that using-Bdked antibody
humanization models for library generation is not only feasible but produces both
stable and functional variants. Learning the lessons from a#iaioratory
experiments, we then developed a variational autoencoder model with properties that
hopefully improve the outcomes of antibody humanization experiments.

Sin
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Gan in fiFast Structure Calculations fdvlousify Libraries. The project was
performed in the ladof Prof. Steve Mayand Prof. Pamela Bjorkman.
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Monocl onal Anti bodi es and Humani

Antibodies are proteins that are produced by ceaganisms as part of their
adaptive immune system. When an organism with an adaptive immune system
exposed to an antigen, antibodies are responsible for identifying and neutralizing it.
The immune system achieves this by producing a large corpus of highly diverse
antibody sequences via-dlls. This diversity is achieved by the random
recombinatiorof 3 genes called V, D, and fpllowed by a process called somatic
hypermutation. The diversified region of the antibody, made up of the complimentary
determining region (CDR) and the framework (FWR), is called the variable démain.
Through this process it is estimated that a human can produce betweé6'30
different antibody variantWhen Bcell receptor antibody binds an antigen, the cell
activates a mechanism by which it clones itself, producing many daughter cells and
proliferating an antibody that can target the antigen that is to be neutralized. Shortly
after the first monoclonahntibody therapeutic (mAb) was expressed in 1975 by
Kohler and Milstein, researchers realized that one could employ the highly specific
binding capacity of mAbs to neutralize targets in the human body. Monoclonal means
that the antibody comes from a siad-cell clone. In 1986, the FDA approved the
first mAb called muronomalED3 for the use in preventing kidney transplant
rejection? This drug worked by blocking the effects of thedll receptor CD3, a
target that the body would not naturally build antibodies against, since the body has
a mechanism to reject antibodies that bind teasigens. However, human CD3 is

not a seHantigen in a mouse, therefore a mouse injected with human CD3 would
produce antibodies against the desired target. However, the use of murd@ibfab
was very limited due to the high number of patients developing antibodies against
the drug (antdrug antibodis, or ADA)?

While a successful milestone, muronor@ib3s induction of ADA in patients made

it clear that scientist needed to overcome some immunogenic and efficacy hurdles to
make mAbs truly useful. Researchers started to take antibodies from rodents and
attempted tanake them look more like antibodies a human would make without
affecting the positive properties that drew them to the rodent antibody in the first
place, a.k.a. antibody humanization. The first successful attempt was abciximab, an
antrGPIIb/llla mAb whog variable domain was attached to the constant domain of

a human antibody, producing the first chimeric antibddgure 21). A big leap in
antibody humanization was made with the first demonstration of-@@fing® The

CDR is the region of an antibody and is the region of the antibody that is responsible
for binding the antigen. In CDR grafting, rbmman CDR sequences are grafted
onto the framework of a human antibody. To achieve this one usually identifies the
V-gene that the nehuman antibody originated from, and one grafts it to the
evolutionarily closest human version of thatgghe. CDRyrafting is still a very
popular antibody humanization technique which still sees development today by
combining it with stakof-the-art in silico techniqueg. All these wetlaboratory
humanization techniques have continuously been evolving by combining CDR

grafting or chimerization withbaevaut at i ons of fAhumamand,esi due:

zat
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conservation of Vernier zone residues amgilico stabilization of frameworks or
CDRs/8 Often times, these methods are nothing more tharatmiérror based and
cannot be systematically evaluated due to the difficulty of bringing a mAb candidate
to clinical trials?

Since then, mAbs have been developed to treat a wide range of diseases and
conditionsNotable examples include Xolair (Omalizumab), an-hathan IgE mAb

that is used to treat severe asthma in adults and children, chronic urticaria, as well as
severe allergies from aerosols and food allergies, or Keytruda (Pembrolizumab) a
highly successfuanti-human PBL mAb used in cancer therapy. In addition, the
approval of monoclonal antibody therapeutics has exploded in the past decade with
nearly twathirds of allmAbs being approved in that time peridigure 21).2°mAbs

are also highly valuable, for example the drug Cimizia (Certolizumab Pegol) is the
only mAb in the portfolio of the Belgian company UCB, Cimizia alone makes up
40% of the companies yearly revenue (~EUR 2B) in 2022total the mAb market

had a valuation of USD 115.2B in 20%8.
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Figure 21: Overview of monoclonal antibodies and humanizatidreft) lllustration of an
antibody showing the location of the CDR, framework, variable domain, and constant domain. At
the bottom we are showing an example of a humanized antibody where certain segments of the
mAb have been replaced with sequences of humgmofRight) Number of approved antibody
therapeutics by year and their percentage of orf§imce chimeric antibodies can count both as
human or nofhuman, thesum of all percentages exceeds %00

With modern biochemistry and synthetic biology techniques, many different
antibody humanization techniques have been developed. For the purposes of this
study, we will only briefly mention techniques that originate from-hgiridoma
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techniques as they are not as often employed nor are they applicable to the main topic
of this chapter which is machine learning based antibody humaniza@bages
expressing human V, D, and J genes can be used together with phage display to
screen for antibodybraries that originate from human antibody germlines. The main
problem with this technique is that polyreactivity, the property otspecifically
binding antigens, is common. In addition, often times the pl and hydrophobicity of
the resulting antibodgeis unsuitable for usage in organisms, often times requiring
further downstream engineering of the m&H% Another commonly used technique
is to express human germline genes in transgenic mice and raise antibodies in them.
A common problem here is that the antibodies are not ceseliected for human
antigens, but for mice antigens resulting in-fudiy humanized antibodie$?

Most commonly, the mouse hybridoma technique is used to raise antibodies against
an antigen. After immunizing a mouse, thedls of the mouse are harvested and
screened for binding against the antig@@nce a sufficiently good binder has been
identified, the Bcell is sequenced, its antibody expressed and further characterized
for desired properties. At this point the candidate mAbs are evaluated for their
developability. Developability is a collectiaf properties of a drug that have been
determined to be essential to meet in order to increase chances of making it to clinical
trials with a candidate. Some of these key properties include the solubility, binding
affinity, thermostability, polyreactivityand propensity to aggregate, which are
properties most academic biologists are interested in aswlwever, there are

also industry specific properties such as the expression level of the antibody and its
purity. If the antibody is deemed sufficiently developable, the aforementioned
humanization techniques are used to engineer the antibody for tlosgaiqt de

risking the drug. Immunogenicity risk assessment is then performed according to the
guidelines provided by the FDA or the EMA, which includes evaluating the risk of
immunogenic incidence such as the humanization of the antibody as well a indire
indicators of risk such as the pharmacokinetic properties of thetht@nly after
passing through the long process all of the scientific, bureaucratic, and financial
hurdles associated with experiments and drug candidate assessments can a drug be
considered for clinical trial and the chosen humanization technique evaluated.
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Anti body Humani zation and Machine

Since the mieR010s, along with the publication of many other machine learning
models applied to protein engineering, researchers have looked at ML to create more
reliable and systematized antibody humanization techniques. While the wet
laboratory techniges described in the previous section have been validated multiple
times by the FDA and EMA approved drugs they contributed to producing, they are
still very risky, with a company not knowing ahead of time if a given drug could
cause a large fraction of patts to develop ADA.With the greater availability of

both labeled and unlabeled antibody sequence data in databases such as!SAbDab,
OAS!® and TheraSAbDab!® researchers were trying to replicate the success of
machine learning models applied to protein engineering on antibody humanization.
The main objective of Mibased antibody humanization is to train a model that is

Le

able to predict t dyeseqgliehcesnaadchfor ¢hatsscore tofhbe ant i b o

correlated to %ADA data from The@AbDab. PreML such humanness scores
existed in the form of pairwise sequence identity scores of a sequence to the closest
human germline, however these scores poorly correlate@aAMA.2°

At the core of the training is the large antibody sequence database called the observed
antibody space (OAS). This database contains billions of antibody sequences that are
gathered from next generation sequencing of human antiuroan Bcells OAS

has since its inception supported many antibgplscific ML models, beyond just
antibody humanizatioff’ 2’ To our knowledge, the first antibody humanization
model that made use of OAS to train a model wasrAl which is a random forest
classifier modelAs the name suggests, the classifier takes the antibody sequence as
an input and tries to predict the species of the antibody. In this caseAbltrains

for binary classification of human vs rbmman. HumADb is actually a collection of
V-gene specific lassifier models, each model distinguishing between human and
nonhuman sequences of everygéne type. Thelassifier performed very well in

the classification task with an AUROC score of 0.977 and a classification accuracy
of O 0.999 in the test set. Il n order to
forest classifier model, they inquire the model forgtabability it gives to the human

vs the noFhuman class. Meaning the humanness score reflects the probability of a
sequence that t he model assigns to the
correlation coefficient of the HmAb score to %ADA is0.58. Maks et al then

used this score to perforimsilico antibody humanization by plugging all possible

single mutants from the sequence to be humanized into the model and ranking them
by their increase in humanness. The top variant is then chosen for the next round and
repeated until a score threshold ibiaged?®

BioPhi is a model developed for the humanization of mAbs that makes use of two
separate models, one Miased and the other one not. OASis is the model of BioPhi
that assigns a humanness score to a sequence by counting the occurreneaeaf all 9
peptides m the sequence and referencing them against a database ahaill 9

ob

h



27
peptides that occur in human sequences found in OAS. As opposed to the humanness
score of HuMAD, the OASIs score can be tuned since the score is calculated as the
fraction of9-mer peptides that can be found in more than x% of humans. Where x is
the tunable parameter. They find that the OASis score can be used to make a fantastic
classifier with an AUROC score of 0.966. Additionally, the OASis score correlates
with %ADA with aPear sondés corr el-a33i*omorderae f f i ci ent
humanize antibody sequences, they developed a RoBE&SEal transformer model
that was trained on only human antibody sequences, called $&piEms logic
behind training the model only on human sequences is that they want to use the
softmax layer at the end of the Sapiens model to obtain a probability distribution of
each residue if the sequence was human. Reasoning that the model would identify
the mutations that would maximize the human content. We suspect that this reasoning
is flawed since now nehuman sequences might be too far outside of the training set
to make generalizable predictions on the mutations that would humanize a sequence.
In order to humanize the sequence, BioPhi picks all the highest probability amino
acids at each position according to the output from Sapiens, optimizing the entire
sequence at once. This is performed up to five times to humanize the antibody
sequencé! Two flaws become immediately apparent in this methodology. First,
during training a transformer model on ever predicts one masked token at a time
(Figure 13, See Chapter 1) and therefore the method of predicting all positions at
once is illogical. The transformer gives a probability of an amino acid at a position,
conditioned on the fact that all other amino acids remain the same. Second, the usage
of the OASs score that correlates well with ADA is completely circumvented in this
method and has no effect on humanization at all. They show however, that the
mutations predicted by Sapiens increase the OASis score of a sequence, but there is
no attempt to maximethe OASiIs score.

To validate the efficacy of both models the authors efitb and BioPhi collected

the data of 25 clinically approved mAbs for which the original murine sequence was
known and réhumanize the sequences. They then evaluate the overlaps of
humanizing mutatios and concluded that their model works well since there is some
mutational overlap with therapeutic sequences. BotimiAb and BioPhi achieve
humanization in fewer mutations from the original sequence. Neither group of
authors provided any widboratory experimental evidence to support their
claims?9-21
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Overview of the Mousify Software Pac

The Mousify software package is made up of three independentthetrisan be
found on the authors GitHub repository (Ischaus0408)

9 Mousify: Contains the antibody humanization software of Mousify as well
as all supporting A.pyo files.

i OASC/S Contains thelient/servemodule responsible for downloading
and packagingntibody sequence datasets.

9 Mousify Analysis: Contains python fil§spy) as well @ ipython notebook
files (.ipynb) used to analyze data from the Mousify-gabkage, as well as
generate figures.

The software package was entirely written in python 3.10 and 3.11 (for notebooks)
on a Windows 10 machine running the Windows Subsystem for Linux (WSL)
Ubuntu 18.04. The WSL was only used for development of this software package
and nothing else, to ensutkat its environment is reproducible. The python
environment was managed via Anaconda. It is worth noting that this software
package cannot be used on Windows, only on Linux or MacOS, due to Mousify and
OAS API dependence on HMMER which only works on the latter operating
systems.
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Anti body Dataset Man@aagement Using

Arguably the most useful sets of databases for antibody data are the resources
provided by the Oxford Protein Informatics Group (OPI&Amongst many other

tools, the ones that are of particular interest to machine learning (ML) tasks are the
Structural Antibody Database (SAbD&bjand the Observed Antibody Space
(OAS) B as demonstrated by the plethora of antibsplgcific ML models that make

use of thent¥2’

nce locus stop codon vjin frame v frameshift productive rev comp complete
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Figure 22: Example of data columns visualized in pandas. Full antibody sequence data can only
be found in the form of the DNA sequence which contains often contains more sequence data than
just the desired VH/VL sequence. The amino acid sequence is separateahewdrk (fwr) and
complimentary determining region (CDR), and never represented as the full VH/VL sequence.
Much of the useful annotation data for ML is in the JSON formatted header (not shown), e.g.:
Organism of origin, exposed antigen, vaccination(sjeB type. Each row represents a sequence.
Showing 19 columns out of 95 columns. Data downloaded from OAS, from the study of &alson

al. (2015).

While vast, with over 2 billion sequences, and thorough, with important sequence
annotations, in the data represented, OAS is not tailored towards being an ML
specific database. To start, not all of the 2 billion sequences are equal in quality. Some
sequenes are incomplete, represent wgible antibodies, or are the result of
misreads in the original negeneration sequencing ddtaDepending on the
learning task, there is also lot of unnecessary tégaie 22). For example, the full
sequence of the variable chain is only represented as its DNA sequence, however,
this also contains more than just the variable chain. To obtain the amino acid

OA

sequence, one has to concatenatfecdh®_ asaguen

Afwr2 aao, Acdr2 aao etc. Then there i
the putative germline, such as the Compact Idiosyncratic Gapped Alignment Report
(CIGAR) string and the support score for the chosen germline alignmerie Whi
useful, the useases for ML might be quite niche. In addition, the more useful data,
e.g. species of origin, exposed antigenseB type, is stored in a JavaScript Object
Notation (JSON) formatted header, which needs to be parsed. All of this causes
unnecessarily bloated file sizes that need to be processed in order to be useful for
machine learning. Lastly, more complex antibody sequence queries can be tedious to
make on the web client of OAS. For example, if one is interested in all IgG VH
antibody sequences that originate from@lls that have undergone satitigen
counterselection that come from all available species, except camels, one has to
make 99 different requests, by clicking through edopvn tables in OAS. With the

S

dat
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tool described in this section, OAS C/S, such a request can be made with just a few
lines of a query file or in a command lirfeédure SCL1, 2).

The Observed Antibody Space Client/Server (OAS C/S) tool was developed because
of the desire to explore the effects of dataset qualities on the performance of antibody
specific ML models. Being able to think of a hypothesis on how an antibody sequence
dataset could perform, and rapidly gaining access to filtered;dugtity sequences,
annotated with only the data necessary for the training task, can give ML scientists
better flexibility and higher quality models than relying on OAS alone. One
alternativeis downloading and storing the entire database which would incur a
download of approximately 1TB distributed across more than 15,000 compressed
data files. These files need to be extracted, sorted, and processed each time one wants
to form a new datasethe other alternative is to download each file in a complex
guery from OAS separately, followed by extraction, sorting and processing. Our goal
was to make OAS C/S the better than both alternatives, simplifying complex queries,
resulting in download, andr@cessing times not longer than needed, as well as
helping uses extract only the highality sequences of the database.

- class Update

¢ Scrapes OAS to
@ - assocliate all
‘ simple queries

with a file link

class CSVreader class Filemanager

* Extracts files * Responsible for

* Reads raw data merging and saving

* Sorts and data

¢ Merges old files
with new data

annotates data

File File
Request]

Query file:
Keeps track of all
linked files on OAS

l

class OASdownload

* Downloads the
query items

* Translates between

Complex
Query

—_—
_
Compressed

class OAS

* Manages
communication
between modules

|

class PostProcessor

* Abstract class

¢ Defines
postprocessors

complex and simple Files
queries

Scheme 2. Workflow and modules of OAS CS.

In Scheme 2, we outlined theworkflow, and the modules of OAS C/8sers

directly interact with thefOASO module, either through making queries in the

command line interface (CLI) or by providing the program with a query file in the

CLI (Figure SCl1, 2). Complex queries are translated to simpler queries by the
modulefOASd ownl oado, which uses the query file
associated with which files on the OAS datab&®&Sdownload sends the request

to the OAS databasand receives a file in return. The query file can be updated to
reflect the actual d at dHtheauses wishes itordg sot h e
Once all compressed files have been downloaded and placed into a temporary folder,
the AOASO module will ask the ACSVreadero

AnUpd
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translate files to different formats such as CSV or JSON, as well as merge data from
different OAS C/S requests.

To ensure that the data used for ML applications is of the highest quality, we
developed a suite of pegtocessing tools. All pogirocessing modules inherit from

t he

abstract cl

ass

A Post Pisonrceedsvelapment,

whi ch

of new posprocessing modules. As of writing this, we have implemegitgutpost
processing modules and are planning on implementiigtlaone Scheme 2).

class PostProcessor

* BAbstract class

* Defines
postprocessors

¢ Removes non-viable
sequences

class AntibodyViability

class OASDataMaker
*+ Creates training,

sets

validation and test

class Clusterf

¢+ Clusters data using
Clustal to seguence
similarity threshold

class RemoveRedundant
* Removes redundant
sequences

class Combine
*« Combines data to
certain file size

class LengthFilter

* Removes sequences
below or above length
threshold

class EncodeOneHot

One-Hot encoding

¢+ Encodes sequences as

class NCCharacters

* Removes sequences
with non-canonical
characters

class EncodeESM
¢+ Encodes sequences as
ESM encoding

Scheme 2: Postprocessing modules of OAS C/S that are implemented / being implemented. Each

cl ass

inherits

from the

processing moduledPlanned implementation

PostprocessorRemoveRedundantSequences

abstract

cl ass

APost Processoro

This postprocessing module iterates through all the sequences and removes any
duplicates. In order to ensure that this is performed in a fast fashion, the program
iterates through each sequence in every file and uses the Sh$agig function

on each sequence to store in a lookup table. If a sequence produces a hash that
already exists, that sequence is removed from the dataset.

Postprocessor:Sequence éngthFilter

This module iterates through all sequences and removes any longer or shorter than

the provided threshold.



32

PostprocessorNon-CanonicalCharactersFilter

This module iterates through all sequences and removes any that contain non
canonical amino acid single letter codes or any characters that are not amino acids.

PostprocessorData Maker

This module creates training, validati@md test sets for ML training purposéhe

user can determine how many sequences to process, which are then randomly
sampled from the folder containing OAS C/S files. The user can specify the
training/validation/test set ratios or directly specify the number of sequences in each
set. If desireda label for each sequence can be kept for classification tasks. The
user can also determine the ratio between each class in the dataset or specify the
specific number of sgiences for each class.

PostprocessorCombineFiles

This module combines files to create new files that are as close as possible to a
defined file size. This module is especially usédulse beforether post

processing modules that can use up a lot of memory per file processed such as
fiantibody viability py 6 and fApwoéeode_esm

PostprocessorAntibodyViability Filter

This module is responsible for retaining higinality antibody sequences while

filtering out nonviable sequences. This module is anglementation of ABOSS,

a deprecated software written in python 2. &BOSS itself no longer works as its
dependencies have been updated to the point that ABOSS cannot process sequences
and the source code is only available upon request from OPIG. Briefly, the module
first aligns each sequence to its closest germline Us\ARCI*3 and IMGT

numbering* If no alignment could be found or the alignment score to the closest V
or J gene is less than 0.5, the sequence is filtered out of the dataset. Next, the
sequences are checked if certain conserved residues are present, most importantly
Cys23 and Cys104,hich are important for antibody stability. The check for
conserved residues is species and light/heavy chain specific. Lastly, for each batch
of 1000 sequences that is processed through this module, the probability of Cys23
and Cys104 mutations is calcdt This mutation rate can be considered the upper
bound of the frequency of false reads in the 1gexteration sequencing read.
Therefore, if a residue at a certain position occurs less frequently than the Cys23 or
Cys104 mutations, then we assume thiatréssidue is present due to a false read. A
sequence containing a residue with that low of a probability of occurring is filtered
out.
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PostprocessorEncodeOne Hot

Encodes sequences in the dataset as-aarencoded N x 21 matrix, where N is

the padding length and 21 is the number of amino acids including one empty
character. Sequences can also be returned as a flattened vector. The module returns
the encodedsegnec e s as a N UNiip glassificatiop lgbel isf i | e,
provided, then another file is returned with the labels.

PostprocessorEncodeESM

Encodes sequences in the dataset as an ESM encoded N x D matrix, where N is the

padding length and D is the embedding dimen¥i@nis dependent on the ESM

model used, which can be specified. Sequences can also be returned as a flattened
vector. The module returns the®fancoded seql
classification label is provided, then another file is returned with the labels.

Author Species Vaccine Isotype

Jiang et 013  human Flu IGHG MNaive-B-(

Jiang et al., 20 human IGHG Naive-
Turner et al., 20 human SARS IGH Germli
Turner et Y human IGHG Germlinal

12747 Galson 2015 et al, 2015 human MenACWY-polysaccharide IGHG Plas
Sequence_aa cdrl aa cdr2_aa

(WIGWVRQLPGKGLEYMGIVYPGDSDTRYSPSFQ... Y VY DT

SETLSLTCTVSH YWSW KGLEYIGRIHAAGSTAYN... ( IHAAGST ARRSLDNWYFDR

Figure 23: Example of a file downloaded and processed viaOASC/$S i asual i zed using fAPanda
Showing five sequences, due to the width of the APanda

stitched together. Showing all columns.

Together, this suite gfostprocessingools provides a practical ameliable way to
obtain highquality data to train antibodypecific ML models. The output can be
specified to be CSV or JSON format, an example of a CSV file can be d&ganm
2.3.
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Mousify Antibody Humanization Softwa

A curiousobservation can be made once one looks at receAbaded antibody
humanization tools. Fundamentally, they all share the same structure to translate a
nornthuman sequence (query sequence) to a humanized one (final segdriEey.
example, HumADb first produces every possible single mutant from the query
sequence silico, then scores each sequence based on a random forest classifier and
then picks the highest scoring sequence. If the sequence has a higher score than the
humanization threshold, then it is returned as the final sequence. If the score is less
than the threshid, the program starts anew with the intermediate sequence replacing
the query sequencé&igure 24)?°. In another recent example, BioPhi, the program
performs a masked token prediction on each possible position of the sequence. Then
at every sequence position, it picks the highest probability residue and generates that
sequence. The intermediate sequeiscscored using a-@er peptide counting
scheme. If the If the sequence has a higher score than the humanization threshold,
then it is returned as the final sequence. If the score is less than the threshold, the
program starts anew with the intermediatgusmce replacing the query sequence
(Figure 24).2! Looking at these examples in a more abstract fashion: First, a query
sequence is used to define a matrix of transition probabilities. Then an intermediate
sequence is generated by picking the maximum likelihood transition over the whole
matrix or over peposition vectors. Then a score is given to this intermediate
sequence and a decision is made if the sequence is humanized enough or if the cycle
should continueRigure 24).

Score > Threshold?

Per matrix maximum

A
RF A= P:0.6
- | score [ T
- A= C:0.15 Single Shot Mutation
Il = 5 sifco Site Saturation Library Q-E> W-0.01
B Score > Threshold?
- 1 2 3
_.S:R::S_.Ae.ez e o —_— — —
ce.15 6.2 o.el.- Multi Shot Mutation
D@.6 @ 0.4
L ©.01 0.75 0.2
C Score > Threshold?
- 1 2 3
— |Mapping| | roe.02 @ ° — e —
Function ce.15 0.2 e.0l- Per column maximum
D@.6 @ 0.4 _
L @.01 9.75 @.2

Figure 24: Examples of the general model structure for antibody humanization. (A) General
structure of the HumAb model. The model generates all possible mutants from the query sequence

in silico. Then each possible next sequence is scored according to a randooidesédier model.

The highest scoring sequence is selected, and if the score of that sequence is below a set threshold,
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the cycle continues. (B) General structure of the BioPhi model. The model calculates a (LxN)

probability matrix of the query sequence via the Sapiens Masked Language Model (MLM). The

Lth column represents a position in the antibody sequence and the N#nramino acid. The

probabilities in each entry are the probabilities that the Ni amino acid appears at position LKk,

conditioned on all other positions are occupied by the sequence of the query. The model selects the

maximum likelihood amino acid at eachgition of the sequence. If the score of that sequence is

below a set threshold, the cycle continues. (C) Abstraction of antibody humanization models.

Fundamentally, the models are made up of a mapping function (calculating the transition

probability matrk), a scoring function and a mutation algorithm. In this case one can choose

bet ween a mul ti shot or a single shot fAiGreedy Wal ko al

The advantage of thinking about antibody humanization in this abstract fashion is

that it allows us to start combining the components that make up individual models.

For example, we could run BioPhi with a single shot greedy walk, instead of the multi

shot defined in the web applicatidhh,which makes more sense anyway (See:

Antibody Humanization and Machine Learnin§Ve could also use the transition

probability matrix calculation scheme from HwAb and apply it to the scoring

function of BioPhi (OASis§! More importantly for this thesis, this abstraction allows

us to easily replace the AGreedy Wal ko al g
far %21 with a Markov chain or a diffusion algorithm (See secti@eneration of

Humanized Antibody Librariessing Mousify& Antibody Humanizatio

We developed Mousify as a Mhased antibody humanization model scaffold, that

takes advantage of the aforementioned abstracted structure. Mousify is made up of

four major components, represented by their respective abstract dragees 25).

The main interface of Mousify manages the entire system by keeping track of the

state of each class, as well as which sequences have been accepted by the mutator in

a sequence registry. At the end of humanization, Mousify returns this sequence

registry asa file which contains the sequence, the score of the sequence and what

mutation(s) generated this sequence from the previous one. The main function is also

managing multiprocessing in case a user wants to accelerate humanization by using
multiplecoresThe #fADi scri minatoro abstract c¢cl ass he
with a fAhumannesso score. Dasedcenotabest s cor i
exception being OASis, this class also reql
amino acid string as mumerical object that an ML algorithm can understand. The

AMapo abstract class transl ates an amino
transition probabilities. Where L is the length of the antibody sequence and 21

represents the 20 canonicalaminoag@ds,us one character represeil
position. Lastly, tihnep | feNhetna tso rad  flawbasl tkriancgto c
Metaphorically one can imagine walking in a mountain range, where taking a step in

any direction represents one of tf@1 possiblenutations and where the elevation

gain or drop associated with that sigpresents the increase or decrease in the
Ahumannesso scor e.
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Humanized
Sequence Registry

N

Mousify Main Discriminator

Registers Sequences
Starts/Ends Cycle Scores Sequences

Manages Multiprocessing

Query Sequence

Mutator
Performs “Walk” Algorithm
Decides to Accept Sequences
Map
\_’ Calculates Transition Matrix
Discriminator Map Mutator

Random Forest HumAb Single Shot Greedy Walk
HumAb Sapiens N-Shot Greedy Walk
OASis Uniform Multi Shot Greedy Walk
AbVAE ABVAE Metropolis Hastings MC

Simulated Annealing MC

Figure 25: Mousify model architecture overview (top) and an overview of specific

implementations (bottom). The maitassof Mousify is the part that users interface with. It keeps

track of all sequences that have been accepted and decides when the cycle of generating sequences

stops. The discriminatalassscores a given sequence (i.e. it discriminates between a human and

a norhuman sequence). The melpsscalculates a transition probability matrix from a sequence

to all possible mutants of that sequence. Theéatanclassper f or ms t he fiwal ki ngo al gor
specified. Specifically, it decides which sequence(s) is/are selected to pass on, based on the results

of the discriminator and map functions.

Briefly, the Mousify architecture humanizes antibodies in the following way: A user
defines a query sequence and chooses one implementation of the Discriminator, Map
and Mutator class. Mousify registers the query sequence as the first sequence in the
sequeace registry and calculates its score using the Discriminator. Then Mousify uses
the Map class to calculate the transition probability matrix and passes it on to the
Mutator class The map is also provided an antibody numbering scheme (IMGT,
Chothia etc.jo define CDR residues, since we do not want those mutated. The map
sets the probability of mutating CDR residues defined by the numbering scheme to 0
and normalizes the mapepending on the Mutator chosen, the class generates a
sequence that is either a single mutation away or multiple mutations away from the
guery sequence, using the information from the transition probability matrix to decide
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on the sequence to generate. The Mutator then needs to accept the sequence as a valid
next step. If the sequence is rejected, the Mutator will continue to generate sequences
until one is accepted. If the sequence is accepted, Mousify will register tlemsequ
in the sequence registry along with its score, and what mutation(s) from the query
sequence generated this entry. Mousify will then decide whether to stop thand/cle
return the sequence registry, or whether to continue the cycle while usingtthe las
accepted sequence as the input for the cycle. Stopping the cycle can happen under
multiple userdefined conditions. The cycle can stop when a threshold of humanness
has been reached, when a certain number of sequences have been generated, or, in
caseofa AGreedyo algorithm if nNo i mprovement
achieved.
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BenchmaArktsi foody Humani zati on

To the best of our knowledge, all currently published ML models lack experimental
validation, as described in more detail above (See seétidginody Humanization

and Machine Learning This poses an interesting problem on how to compare the
different models available in the literature. Models likerAl&b or BioPhi, judged

the effectiveness of their models based on
performance, the correlatiaf the score to experimentally available ADA values,
and the number of mutations it takes to mutate ahuwnan sequence to a human
sequencé’?With the exception of the correlation coefficient, we do not believe that
the other provided metrics make a good comparison between models. First,
classification performance is a metric that is not related to the problem one wants to
solve when humanizingn antibody, which is to reduce ADA. For example, ~25%

of mouse antibodies have an ADA that falls within the 95% of human ADAs. It is
worth noting that the dataset that we have access to is heavily biased towards
antibodies that at least made it to thstfiphase of clinical trialsF{gure SC3).
Second, the number of mutations it takes to humanize, or the amount of overlap to
therapeutic antibodies, is an irrelevant metric in a system as complex as antibodies.
Single mutations can vastly change the properties of an anfiBtand as
demonstrated by the plethora of protein language models (Pt mutations

are also heavily dependent on context.

Given this context dependance of mutations, we have to ask how well do ML
humanized antibodies perform experimentally compared to the original antibodies?
There are a few sets of experiments that pharmaceutical companies subject antibodies
to in order to ealuate the effectiveness of experimental humanization. These
experiments are essential to know which antibodies are moved forward to be tested
in more complex experiments, such as pharmacokinetic studies, animal studies or
clinical trials¥ 8 In addition, our goal is to set benchmarks that other groups can
easily replicate after developing an Nbased humanization model. We chose to set
benchmarks for humanization models using four simple, easily replicable
experiments:

1 Expression of antibodies in HEK293F or Expi233s.

1 Thermofluor assay to determine the appanegiting temperature.
1 Quantitative ELISA to determine the &C

1 Polyreactivity ELISA.

It is also important to consider which antibodies to subject to humanization to set
benchmarks. The starting antibody cannot be too unstable, otherwise already a small

set of mutations is very likely to be deleteri6tiFhe antibody should also be able

to bind its antigen wel/l and shoul dnot be
antibody humanization model should be able to conserve antibody properties while

improving immunogenicity and not necessarily improve oth@pgrties, even
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though that is desirable. Therefore, the benchmarking antibodies should have a good
developability profile?* We hypothesize that engineered mAbs that have FDA
approval likely originated from antibodies that had a good developability profile.
Therefore, using the original antibodies of FDA approved drugs not only provides us
with a good benchmarking candidatet &lso provides us with two reference points
to compare against. One reference point being the original antibody, the other one
being the therapeutic antibody that is FDA approved. For the purpose of this study,
we chose three FDA approved mAbs téntenarize and one very promising anti
SARSCoV-2-RBD mAb from the laboratory of Pamela Bjorkman in order to set
benchmarks for antibody humanization modékle 21).

Antibody Antigen Indication(s) ADA (%)

Crohnébés Di sea
Rheumatoid Arthritis

Certolizumab  Human TNE Psoriatic Arthritis 44110
Axial Spondyloarthritis
Severe Allergic Asthma

Omalizumab Human IgE  Chronic Spontaneous od
Urticaria

Palivizumab RSV Fu_S|on _Prophylactlc against RSV 1148

Protein infections
SARSCoV-2
M8a3 RED N/A N/A

Table 21: Antibodies used in this study, their targets and, if applicable, their indications and ADA.
dIndication and ADA data fromDeeks(2016); dindication data from Okayamaet a/. (2020)

and ADA data from Chemt al (2023);I ndi cat i on d atah(2023),ADAb@& Ha g an
bound from Mark®t al (2021) and upper bound froRobbieet al (2012).

Certolizumab is an artiumanTNFf mAb t hat i's indicated for
rheumatoid arthritis, and other inflammatory autoimmune disé&8éso known as

Cimizia®, it is produced by the Belgian pharmaceutical company UCB as a
PEGylated recombinant Fab™ fragment. Generally, the drug is well tolerated and has

low ADA with between 4.411.7% of patients developing antibodies against the drug.

Most antibodies developday the patient are against the Fab’, but antibodies against

the PEG moiety itself are possible. Certolizumab pegol is on the World Health
Organi zationds |list of essential medicines.

Omalizumab is an artiumanlgE mADb that is indicated for the treatment of a severe
asthma in adults and children, chronic urticaria, as well as allergies from aerosols and
food allergied”*® Omalizumab is marketed as Xofaiby the US based company
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Genentech. The mAb can have a significant
improved symptoms and up to 96% reduction in hospitalizations of patients after 24
weeks of treatment. The drugs ADA is impeccable with multiple studies reporting
0% of paients developing antirug antibodies.

Palivizumab is an arRSV-F-Protein mAb that can be used prophylactically in
populations in highisk of contracting RSV to mitigate serious RSV disédse.
Palivizumab is marketed as Sofaiby the Swedish pharmaceutical company
AstraZeneca. While effective prophylactically, it has been demonstrated that
treatment with palivizumab does not benefit the patient in symptomatic RSV disease.
Depending on the source, the percent of patients thetlage antipalivizumab
antibodies is between 1418%.

M8a3 is an aniSARSCoV-2-RBD mAb codeveloped by research groups at
Caltech, Rockefeller University, and the University of Oxford. This antibody is
highly interesting as it is broadly neutralizing amongst Omicron SBBR%2
variants due to it being able target the conserved class 1/4 epitope of RBD. It was
developed by immunizing mice with a mosaic nanopatrticle displaying RBDs from
different sarbecoviruses. Contrary to the other antibodies in this study, it is not
approved for clinical use and no @ati ADA response is known.

In this study, we compared six different antibody humanization models applied to
four different antibodies. We first used CDR grafting as a baseline for benchmarking
since it is the simplest form of antibody humanization that does not require further
engireering steps. Usually, CDR grafting is followed by introducing stabilizing
mutations or backnutating Vernier zone residug$’ These engineering steps can

be subjective however and therefore we decided not to introduce any further
mutations. We performed CDR grafting by using the web application hosted by
BioPhi and applied it to all four mAbs presented abdable SC2L).

Next, we generated humanized antibodies using our own Mousify software. In order
to integrate OASIs and Sapiens into Mousify, we installed the BioPhi package in the
Mousify environment. To implement OASisadd&i scr i mi nator o we repl

code that OASis uses inside of %@Theew cl ass
Sapiens model was available as a pretrained model from féirdegefore only a
cal | to the Sapiensé prediction method was

i Ma & The HumAb model source code is not available on any public repository,
therefore we had to fully replicate the model as best we could from the description of
the model architecture and training scheéfM®ne major difference to the original
Hu-mAb model is that we trained the random forest models only on antibody
sequences from Bell types that would have under gone -seifigen counter
selection. We hypothesized that such a dataset would performibegtmerating
humanized sequences, however it did not result in a model that classifies sequences
better or an improved correlation coefficient of score vs ADA. The module called
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A HmAD Di scriminatoro represents t he rand
i mpl emented in a class inheriting from ADi
mAb Mapo describes the class inheriting frc¢

mutation depending on iisicrease in humanization score compared to all other
possible mutations. The humnmeAbn dkasp 0s d esr itrhge f
same as defined as the ADiscriminatoro in N
used the AGreedy |&dtkae Ad mglelsrusing DASIsiasa s i ng
discriminator were run with min_fraction_subjects = G41%/e also used the web

applications of HumAb and BioPhi to humanize mAbs to generate sequences the

way the developers intended to.

In addition to the humanized antibodies above, wectuied the original mouse
antibodies as well as their therapeutic versions into a p3BNC vector. Heavy chains
were sukcloned with human IgG1 CH1 and Fc, light chains werectoibed with
human CL kappaWVe decided to clone mouse VH/VL chains with human CH/CL
because otherwise ELISA experiments would have to be performed with different
secondary antibodies, making direct comparisons harder.

After subcloning we transfected paired heavy and light chain vectors into Expi293F
cells. We attempted expression of antibodies at least four times before labelling the
variant as not being able to express. After expression and purification via MabSelect
column, we ran a thermofluor assay of each purified antibody (See Materials and
Methods:Thermofluor Assayat pH7.2 and pH5. The latter assay was performed
solely to help in assigning unfolding transitions to their antibody domains as
described previouslyF{gure 22C-D, Figure SC4-11)>1°2 The thermofluor assay

was performed in six replicates. The results were first derived using the Rumpy
gradient function Kigure 22A-B, Figure SC12-19) and we then generated 1000
unfolding curves using statistical bootstrapping. The median apparent melting
temperature (W(App)) of the Fab is reported rable 21.



Figure 26: Overview of thermofluor data analysis and peak assignmént.P(ot of raw
thermofluor data is derived using the numpy gradient funcByno(find the inflection points (i.e.

apparent melting temperatures) at the maxima. Then we perform statistical bootstrapping on these
datapoints, as well as a measurement of the same antibody at pH5, to obtain the derived melting

curves at different cordience levels, D). Both of these plots help in assigning the peaks to their
respective domains. For example, déshbeen reported that IgG CH1 and the Fab shift the most
when exposed to lower pH buffeiSonsidering literature values of IgG CH1, we can determine
that the peak at around ®5is IgG CH1. The peak at around®80s IgG Fc' as it does not change

at lower pH. Lastly, we use the plot in panel (D) to solidify our peak assignment hypothesis. Since
we are comparing a humanized antibody to its original mouse antibody, we would only expect the

peak of the Fab to change significgniThis is used as furtherieence that the M{App) of M8a
3is86C atpH 7.2.

Unsurprisingly, the therapeutic antibodies all expressed and hawéAapl) of at
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least the value of the original mouse antibody. CDR grafted antibodies only reduced
the Tw(App) for the M8a3 antibody however on average CDR grafting reduced the
Tm(App) by 2C (Table 22). The BioPhi web application generated one antibody
that we were not able to express, but generally performs well, increasing the mean
Tm(App) by 1.2C. This value is similar to its most closely related Mousify variant
(OS:OASis Discriminator &Sapiens Map), for which every antibody expressed and

increased theM{App) by 1.5C on average. Both HonAb models did not perform

well, most antibodies did not express and those that did had a significantly lowered

Tm(App). Lastly, the hybrid model (OHDASIs Discriminator &Hu-mAb Map)

performed very well on antibodies that did express, on average increasing the

Tm(App) by 5.8C. However, giventht we ¢ o u | -@xpréssed antibodies

non
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in the calculation of the average temperature difference, gives a false impression that
the OH model performs better than OS. In fact, if we omitted the Omalizumab OS
humanized antibody, the average difference would rise t6@5ah par with the
OH model.

Tumapp (CC)A M T G Bw Hw OS OH HH

Certolizumab 75.5 80 77 d.n.e. dne. 755 865 795
Omalizumab 75.5 86 775 78 dne. 65 d.ne. dne.
Palivizumab 795 795 80.5 87.5 43 90 78 53

M8a-3 86 N/A 755 785 d.n.e 92 94 d.n.e.
Mean3s-Tm(app) 0 5 -2 1.2 -365 15 58 -11.2
0 3 Twmapp) 0 4.3 49 6.5 0 7.9 5.3 15.3

Table 22: Results of the expression and thermofluor experiments on humanized antiBothes
bottom of the table we are showing the mean difference tonthese antibody and the biased
standard deviation of the mean differene Mouse;T: TherapeuticG: Grafted;Bw: BioPhi
Web Application;Hw: Hu-mAb Web Application;0S: Mousify OASis Discriminator, Sapiens
Map; OH: Mousify OASisDiscriminator, HumAb Map; HH: Mousify Hu@mAb Discriminator,
Hu-mAb Map;d.n.e.: did not expres¢Apparent melting temperatures are accurate y16°C,
temperature percentilesgenerated during bootstrapping poduced confidence intervals less

than +0.5°C, which represents the accuracy of the assay. | AT EUOI AA 0" xé DHOI ADAAA

peaks that could be identified as the melting temperature of the Fab, the second peak is at
74°Cx0.5°C.

After comparing their %i(App), we wanted to investigate the change in binding to an

antibodyds antigen via quanti tEBA.ve ELI SA

Every ELISA for each antibody/antigen pair was perforimetliplicatesusing the
same antigen concentration @y2ml) and the same range of antibody
concentrations (20nNd.078pM). After measuring the ELISA absorption data, we
first check whether theaw data looks like it could be modelled by a fparameter
logistic curve Figure 27A). Then we generated 200 logistic curves fitted using
statistical bootstrapping on the raw data, from which we evaluated the medtan EC
of each antibody and its 95% confidence interfafre 22B-D). For clarity, we
plotted the entire distribution of EEdata as ECDFd~gure 22B, Figure SC20).

For M8a3 the best performing model was the OS model, which slightly worsens the
ECso of the antibody. Its most closely related model Bw, again performed similarly,
but a bit worse than OS. Both OH and the CDR grafted antibodies performed poorly,
worsening the E€over 45fold.
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Figure 27: ELISA results of M8&3 binding to WA1 SARSCoV-2 RBD. (A) Plot of the raw
absorbance data from the ELISA vs dooncentration. Each color represents a different
humanization model. Curve in the plot represents the mean logistic curi2g Btof of the logistic
curve fits of different humanization models at the median, th@@fcentile and the ¥9ercentile.
Curves generated via statistical bootstrapping from the raw @3tBngpirical cumulative density
function (ECDF) plot of the E£ values catulated from data in panel (BD) Table of the E€
values calculatedeporting the median, bounds of the 95% confidence level and the ratio between
the mouse E& and the humanized variant &CM: Mouse; G: Grafted; Bw: BioPhi Web
Application; Hw: Hu-mAb Web Application;0S: Mousify OASis Discriminator, Sapiens Map;
OH: Mousify OASis Discriminator, HiImAb Map; HH: Mousify HrmAb Discriminator, Hu

mAb Map;dLower bound represents the 2 fiercentile of data and the upper bound represents the
97.5" percentile of data.

Certolizumabhumanized variantd={gure 28A-B) generally performed well with

OH showing the only improvement of Efof any of the humanized antibodies in
this study.For Omalizum#& humanized variants-igure 28C-D), the OS antibody
performed the best, barely changing thesis€mpared to the mouse antibody.
Combining all the dataHgure 28E), we can observe that the OS model performs
the best overall, with the BioPhi web application model coming in in second place.
The OH modehas too high of a variance to draw any meaningful conclusions, but
its change in E§ on the M8a3 antibody is significant, especially when considering
the high degree of thermostabilization that the model improved oFf3M8a
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‘ — Certolizumab M EC
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] — ((;rr'a i7.|nm: gs = (IJND
FG: — Omalizumab T e ——
P Median 51 40 139 144 55
P = =
= - ;
7 Lower 55 13 34 56 36
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10 o T T o
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Quouse M T G Bw HH 0s OH
Certolizumab 1 1.38 12.77 dn.e. 6.92 1.61 0.85
Omalizumab 1 0.78 2.73 2.82 dn.e 1.08" dne

Mga-3 1 N/A 54 5.78 dne 1.43 45.36

Mean 1 1.08 23.17 43 6.92 1.37 23.11

o 0 0.42 27.17 2.09 0 0.27 31.47

Figure 28: ELISA results of Certolizumab an@malizumab. &) Logistic curve fits at50%
confidence intervals for each expressed humanized variant of CertolizuBlalECéo data
summary of each humanized variant of Certolizum@&h.Lgistic curve fits ab0% confidence
intervals for each expressed humanized variant of OmalizulETso data summary of each
humanized variant of Omalizumafe) Summary of ELISA E& data shown as the ratio between
a humanized variant E€and the value for the mouse antibo8owing the mean and the biased
standarddeviation M: Mouse;G: Grafted;Bw: BioPhi Web ApplicationHw: Hu-mAb Web
Application; OS: Mousify OASis Discriminator,
Discriminator, HumAb Map;HH : Mousify Hi-mAb Discriminator, HumAb Map;dLower bound
represents the Z'ercentile of data and the upper bound represents th& @dréentile of data.

*Antibody is polyreactive.

Sapiens MapQH: Mousify OASis
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The final benchmarking experiment that we performed was a baculovirus prostate
specific membrane antigen (PSMA) polyreactivity as§ayufe 29).°3°° The assay
is often performed as a quantitative ELISA to obtain a BV score that correlates well
with pharmacokinetic daf&.However in our case, we were only interested in the
affinity of humanized antibodies to baculovirus PSMA versus-krelwn positive
and negative controls to determine polyreactivity. One humanized antibody variant
of Omalizumab (OS variant) is strikingrfiis very high polyreactivity. It compares
to the Fleish antibody, that is known to be highly polyreactive. It is possible that the
polyreactivity of Omalizumab OS is related to théQ.@ecrease in thermostability,
possibly indicating a change in theustiure of the Fab that causes the high
polyreactivity. The CDR grafted variant of M3aalso shows slight polyreactivity,
being on par in signal with HCI Sap10 antibody, a slightly polyreactive antibody.
Another M8a3 antibody (OH variant) is possibly dhity polyreactive as some of
the data near 1-imes the inteiquartile range falls within the distribution of the HCI
Sapl0 antibody. No other antibodies variants showed signs of polyreactivity,
meaning that Mtbased antibody humanization models are gdlyeigood at
conserving no#polyreactive properties of antibodies.

ML -based antibody humanization methods seem to struggle the most with generating
antibodies that express, with seven out of twenty antibodies not expressing after four
attempts. Notably, the Mousify OASis Discriminator/Sapiens Map model is the only
model hat performs as well as the CDR grafting model in terms of antibody
expression. However, the Mousify OS model performs better in terms of
thermostabilization of generated antibodies vs the mouse reference. Interestingly, it
seems that models using the O#8iscriminator perform better than models using

the HumAb discriminator. Possibly indicating that them@r peptide counting
metric performs well in correlating with patient ADA and generating stable
antibodies. This also supports the hypothesis thaelmggod at predicting a metric

are not necessarily good at generating data that fit the metric. In other words, to make
an ML-based discriminator that performs well, one needs to have antibody sequence
generation as part of the training scheme. Due taffioent data, we cannot yet
conclude that this trend holds for &Qlata. We have attempted to express two
different constructs from the literature of RSV Fusion Proteirfysien stabilized
variants with their fusion peptides removed in our own laboratory and with the
Caltech Protein Expression Center. So far, we haen lunable to express this
protein to use in the Palivizumab variant ELISA, which would complete the
benchmarking data and allow us to draw conclusions more confidently on the Hu
mADb disegiminator and HumAb map performance. Nevertheless, we believe that the
Mousify OS model is the best performing model so far when accounting for all four
metrics. It is the only model that expresses as well as CDR grafted antibodies, while
performing bettein thermostabilization of antibodies. It is also the only model that

is on par with the change in E{with the therapeutic antibodies reference points.
However, one needs to consider that this model can generate polyreactive antibodies.
Lastly, we wanto discuss the difference in the BioPhi web application model and
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the Mousify OS model, which are closely related to each other, but show different
performances in the benchmarks. We believe that at fault is the wrong assumption by
the developers of BioPhi that transformers trained as a masked language model
(MLM) can predict highorder epistatic interactions, through the msitot greedy
walk implemented! While most MLMs mask multiple tokens during training, the
prediction is performed on a single masked token at a time conditioned on all other
tokens2® Therefore, only first order epistatic interactions can be reasonably expected
to be accounted for in an MLM. In order to account for higher order interactions, one
needs to perform muitoken predictioryf which can vastly increase the
computational complexity due to combinatorial explosfoor; specifically embed
higher order interactions in the mod&&Given that Sapiens is based off of ROBERTa,
means that no multbken prediction was performét?8:6°

In this study we have presented new benchmarking assays for the evaluation of ML
based humanization models. These benchmarks finally allow comparison of models
beyond their score correlations to the percentage of patients that form ADAs. We
have shown thathe biggest hurdle for Mbased humanization methods is to
produce antibodies that express, as well as negatively affecting binding to the target
antigen. From the data we could conclude that the Mousify model using OASis as a
discriminator, Sapiens asvaap, and a singishot greedy walk as a mutator module,

is the best performing model in this set of comparisons. In the future we will be
completing the data with ELISA data from Palivizumab variants, as well as
comparing against the AbVAE model that weveleped (SeeAntibody
Humanizatiorusing AbVABE).
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Figure 29: Baculovirus PSMA polyreactivity ELISA results for all expressed humanized
antibodies. Top) Full range of absorbance axiBoftom) Zoomin on the absorbance axis to show
the lower end of absorbances for clarity: Mouse;G: Grafted;Bw: BioPhi Web Application;
Hw: Hu-mAb Web ApplicationOS: Mousify OASis Discriminator, Sapiens MaPpH: Mousify
OASis Discriminator, HumAb Map; HH: Mousify HurmAb Discriminator, HumAb Map;
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CTRL : Control;A(+): Fleish antibody positive contrds(+): 45-46m2 positive controlC(+): HCI
Sap10 positive controD(-): N6 negative controE(-): 10-1074 negative control.
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Generation of Humanuisziendg AMotuui shiof dyy

A fundamental attribute of current Mhased antibody humanization models is that

a query sequence i s given as the input
as the output. The user for such a system would be some entity that has a functioning
northuman monoclonal antibody, and they want to engineer it to give it the highest
chances of passing through clinical trials and be approved for medical use. Each
antibody in the pipeline is engineered and then tested for essential properties, such as
binding thermostability, propensity to aggregation, and polyreactivjterwards,

a risk assessment is performed on each antibody to figure out if it is worth to push a
candidate to the prelinical development stage. This risk assessment includes the
immunogenic risk>15%as well as developability of the candid#t€> We would

argue that the probability of a single engineered antibody that passes the initial
property tests to also pass all the risk assessments is very low. Now let us consider
the probability that an Mibased antibody humanization model produces abaui

that passes all the essential properties tests. Assuming that the results from our
experiments are all independently and identically distributed (iid.), we sampled
10,000 values from the distribution of values from our benchmarking experiments.
Out ofall the generated antibodies, only 9.6% would pass all the Fagisd SC21).

Note: the data sampled is likely not iid. For example, a very unstable antibody is also
very unlikely to bind to the target antigen specifically.

Having considered that fact, we have designed the Mousify architecture in such a
way that we can generate libraries form any set of Discriminator and Map modules
implemented Kigure 25). Since the map represents a transition probability

and

di stribution and the discriminator scor e

natural to generate libraries via Markov chain monte carlo (MCMC). A Markov chain
is a process in which a step trataken in the process is completely independent of
past and future steps. Similar to the

is a fAwal ker o, but with the cavfeimt that t

proportional to the fitness of the poinf r(Note: Normally MCMC is discussed as

a walk over probabilities PJ, but we adapted this vocabulary to protein fitness
landscaped}® In a greedy walk, certain points are not accessible from a given starting
point. It cannot reach the global maximum if it starts near a local maximum, as the
greedyness would make the walker get stuck at the local maximum. Since in an
MCMC t he whabilkyefrréachingoa pointis proportional to the fitness of
the point, the walker can move downhill from a local maximum. The probability of
doing so is just smaller than remaining in place. Therefore, given enough time,
MCMC processes will explore ¢tentirefitness landscape, but spending most of its
time in areas dfiigh fitness® This is important when considering applying MCMC

to ML-based antibody humanization models, the walker will eventually explore all
possible variants, but will spend most of its time near variants with a high humanness
score.

i Gr ee
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We have implemented two MCMC modules as a Mutator class, one being a
MetropolisHastings MCMC (MHMCY® and the other being Simulated Annealing
MCMC (SAMC) 8¢ Briefly, the implementations work as follows: Mousify proposes
a mutation by sampling a residue to mutate to another specific residue. The
probability to sample this position/ amino
transition probability matrix. Tie mutant is now the proposed next sequence. Next,
we calculate the humanness score of the proposed next sequence. We then calculate
the acceptance ratio A(h [ 0 nhp h xEAOA | EO OEA AdO
proposed next sequence. We then acceptis proposed next sequence as the
next sequence with probability A} h . This entire implementation works with
multiprocessing, which means that we simultaneously run a chain for each CPU
provided by the user. This allows us to explore the protein fitness landscape faster.
The two modules, MHMC and SAMC, differ by the impleraion of the
acceptance distribution p(h [ d,

-5

Metropolis Ratio (MHMC). 61 h— 0 'QépﬁT

Kirkpatrick Function (SAMC):0 1 h— 0 "Q&ph'Q

Where PX) is the humanness score of the sequence X, g(x|y) is the probability of
choosing the mutation fron®xy, and T is the temperature parameter.

One of the primarynethods to optimize MCMC algorithms is through getting the
mean acceptance ratio to be around 1/3. Empirically, that is the value at which the
algorithm has an optimal exploration/exploitation ratio to find figmanness
sequences efficiently. In this egsfficiently means with the fewest mutations. This

is a problem for the MHMC method since the mean of the acceptance ratio
proportional to the square of the standard deviation of the transition probability
function (A§ h  fi9. The only way to do this Mousify is to restrict the transition
probability matrix from the map module. We implemented a parameter that sets all
probabilities below a usetefined quantile as 0 and-nermalizes the matrix. l.e. if

the quantile is set to 0.9, then only the 1680 of transitions are considered. Besides
the target acceptance ratio, we are also looking at getting the average number of
mutations of the MCMC algorithm to the window of therapeutic antibodies. We
analyzed the number of mutations that therapeutic aigb are away from their
original mouse antibodies using data provided in thertAb paper’ We found that

for heavy chains, the number of mutations in the framework of VH are between 14
and 39, with a median of 24. Increasing the quantile value in the MHMC algorithm,
does not greatly change the average number of mutations. In fact, increasing th
quantile only slightly lowers the average number of mutations, but tightens the
distribution of mutations around the medg(re 22), which does not provide us

with any flexibility on the number of mutations desired. The SAMC algorithm has a
much more elegant way of reducing the acceptance probability as well as the average



52
mutations, it is controlled by the temperature parametéigue 210). We have
also implemented a temperature annealing algorithm to manage the temperature over
the course of the run. This allows us to have a high temperature in the warmup of the
SAMC algorithm, and then lower the temperature once each chain has found its
optimal exploration area of the fithess landscape. For this reason, we will only be
using the SAMC algorithm going forward.

Quantile = 0, Acceptance Ratio: 0.6 Temperature = 102, Acceptance Ratio: 0.55

Hamming Distance From Parent

Quantile = 0.9, Acceptance Ratio: 0.29 Temperature = 10%, Acceptance Ratio: 0.36

B i
ir

/ ///

/ $S |

Time (Abcepted Sequenées)

Fraction Minimum —0.15 —0.29 — 0.46 0.64
— 0.01 — 0.18 — 0.32 —'0:5 0.68
— 0.04 — 022 =036 — 0.54 0.71
— 0.08 —0.26 — 04 0.57 0.74
—0.12 —0.29 — 0.43 0.6 0.78

Figure 210: Chaintime vs Hamming distance from parent antibody plot comparisons between
different MHMC and SAMC configurations. Left column: MHMC Plots. Regardless of the value
of the quantile parameter, MHMC cannot manage to get the Hamming distance into thé desir
range for a random OAS nduman antibody. Right column: SAMC Plots. The temperature
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parameter of the Kirkpatrick acceptance distribution allows for fine tuning of the acceptance ratio
and the Hamming distance to the desired ranges, for a random OAfumam antibodyGray

line: Average Hamming distance from parent for MCMC run. Bottom black line: Lower bound of
mutations for therapeutic mAb VH. Top black line: Upper bound of mutations for therapeutic mAb
VH.

In Figure 210, we explored each chain in the SAMC and MCMC runs with a

di fferent val ue for t he OASi s par ameter
mi n i muMooasify). This parameter controls the strictness of whaie® peptide

is considered to be human. l.e.d@t&r act i on mi ni-merpeptidesf 0. 5, o0
t hat occur I n at | east 50% of human subj e
humanness. While no discernible trend can be seligime 210, we were curious

to see what the distribution of OASis scor
looks like. InFigure 211, we plotted the OASis scores achieved in an SAMC run

with a temperature of 1Dand compared it to the OASis score of therapeutic
antibodies at the same Afraction mini mumo
Afraction mini mumo score of 0.15 for an SAN
therapeutic mAb OASiIs scores.

* 1o

+ 1 - - [ ]

% B 3 I | D+ + h |, :
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QASis Identity Score
t

L

Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run Exp Run
0.01 0.045 0.08 0.115 0.15 0.185 0.22 0.255 0.29 0.325 0.36 0.395 0.43 0.465
Percentile Minimum

Figure 211: Boxplot of OASis scores vs Percentile Minimum values in an SAMC Mousify run.
Percentile minimum was cuiff at < 0.5 for clarity. For plot belowhe0.5 cutoff seeFigure SC25.
Each box represents around 300 data points.

While our goal is to generate as many antibodies as possible using Mousify, one has
to consider the cost of a library as well. For example, ordering a library of Size 10
would cost around $30,000 for just the library of one of two chains, if ordered as an
oligo pool from Twist Bioscienceéd. For many academic laboratories, this is
prohibitively expensive. To overcome this cost constraint, we need to generate a sub
library that can be synthesized on a single DNA strand using degenerate codons. Sub
library generation tools such as DeCoDe taketaf sequences and generate N sub
libraries, where each stlibrary can be synthesized in a single process. We attempted
using DeCoDe but it failed to converge, as reported b&dreour case, this was

likely due to the generated libraries being too diverse. Alibtdry can only be
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generated around sequence nodes that the Markov chains pass through multiple
times.

Our task to bring down the cost of a Mousify library is to reduce the diversity of the
libraries. The first implementation to reduce diversity is to analyze the data from the
warmup run of Mousify Markov chains. After finishing the watm, Mousify will

analyze the distribution of residues at each position and calculate the consensus
sequence. To make sure the starting sequer
according to the model, we then find the closest sequence to the consensus sequence
as the stantig point of the second phase of MCMC. The second implementation is to
reduce the number of sites that can be mutated. Mousify analyzes warmup data to
rank the positions by the number of mutations accepted. A user can then specify, how
many of these hotspoto consider for mutation in the second phase of MCMC. These
library diversity reduction methods are optional for Mousify users, and both diversity
reduction implementations can be used independently.

Even with these implementations of diversity reduction, DeCoDe still does not
converge on a solution. In addition, DeCoDe is unpredictable in the time it takes to
generate a library, which is impractical to use on an HPC where node time is reserved
ahead btime. To circumvent the time and convergence issues of DeCoDe, we wrote

a bruteforce algorithm to generate libraries where users can define how much time
to invest into finding a solution. Mousify LibraryMaker takes a sequence registry file
from Mousify and always returns the best didsary it could find in the time
allocated. LibraryMaker first analyzes the sequence registry file for the residue
distribution at each hotspot. The software then randomly picks a starting point from
the set of sequencasthe library, as well as a random permutation of residues from
the hotspot distribution. Then in the order sampled, the software checks if adding a
residue to the sulibrary would generate sequences that are elements of the library.

A slack parameter cailow the user to define how strict the membership of the sub
library needs to be compared to the library. For example, a slack of 0.1 would mean
that in each step, 10% of the generated sequences can be outside the library. In our
experience, this brutrce method can generate libraries of size ~10,000 in 4 hours,
when run with a 20% slack and Mousify was run with 6 mutational hotspots. Note
that 106000 | ibrary member-bbrany size whel ai n, res
combining light and heavy chains
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Figure 212: Markov chain time plots showing each chain in a different color versus a library
metric. Only showing accepted sequences, 32 chains in fbegl) Chain time versus Hamming
distance to parentBpttom) Chain time versus OASis Identity score. One can observe the end of
the warmup period at around 200 accepted sequences per chain, after which the diversity restraints
are added. While diversity severely reduced the Hamming distance, diversity in hunsaoness
is till observedIn total running Mousify irthis configuration, generated 750,000 sequences in 72
hours, of which around 200,000 were accepted.

We used the SAMC algorithm to produce a library of humanized antibodies based
ontheM8a3 anti body. Fr om tBeechmarkssfahhtbogly of t he
Humanizatio® , we concluded that the Mousify OS
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based antibody humanization model so far. Therefore, we used the OASIs
discriminator and the Sapiens map to generate a library of VH of3Vi8e
generated 10,000 warmup sequences after which we generated 750,000 sequences,
where 200,032 sequences werespted. We used an annealing schedule of T=0.005
during warmup, T=0.0025 for the first 10,000 sequences and T=0.000001 for the rest
of the sequences. In total, 81,810 sequences were unigue (40.9%) and showed a wide
range of diversity in OASis scoresigure 212, Figure SCl). After using
LibraryMaker with a slack of 20%, we obtained a library of 10,944 humanized M8a
3 VH domains. Note that a roughly 10,60@mber library was our initial target since
when combined with a VL library of the same size, that would result ialdibvary
size of 18, which as large than what can reasonably be transféfmeedxplored®
using yeast surface display. The library had a mutational Hamming distance from
parent (2527) just above the humanized therapeutic mAb median (24) and a
humanization score distribution within the distribution of humanized therapeutic
mAb scoresKigure 212).

To experimentally validate Mousify libraries, we use yeast display of Mousify
libraries expressed as a Fab, together with fluorescence activated cell sorting
(FACS)/%72The latter allows us to roughly evaluate the fitness of a library member
in a very highthroughput fashion, before validating their fithess using ELISA,
thermofluor and a polyreactivity assay. Performing yeast display in a conventional
fashion, that is ashoring a Fab to the surface of a yeast cell via Ayg&1 > would
provide us with a nescalable validation system. Since every sorted cell needs to be
sequenced, the gene(s) of interest need(s) to be synthesized, followed by subcloning
into p3BNC, and expression in mammalian cells. These steps are not onlyneery t
consuming when scaled up t®B0rted cells, but prohibitively tirseonsuming and
expensive when sorting more thari @¢@lls. Therefore, we adapted a switchable yeast
display/expression system developed by Van Devehtr(Figure 213).”* The key

idea behind the switchable system is the inclusion of an amber stop toefane

the gene of Aga2. Together with a plasmid that includes a constitutively expressed
suppressor tRNA, as well as an Omg-tRNA synthetase, the system can
incorporate the nenanonical amino acid @ethyltyrosine (OmeY) and lead to
yeast surface duay of the Fab. When OmeY is not added to the yeast media, the
cells cannot express Aga2 and due to the export signal peptide expressed with the
Fab, the antibody is secreted by the cells. This allows us to add OmeY to the library
transformants, performed sorting and sort the cells into media that does not contain
OmeY. Growing the sorted single cells takes a week to express enough antibody for
downstream validation experiments.
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Figure 213 Yeast display system used in this study to experimentally evaluate Mousify libraries.
This system is based on the yeast display method described by Van Devah{@015). The Fab

is expressed on a duptomoter (GAL1/10) and each chain of the Fab has its own tag for cell
sorting. On the strand expressing the heavy chain of the antibody, we added an amber stop codon
(TAG) before Aga2. A second plasmid containsdbsstitutively expressed suppressor tRNA and

the OmeTyr-tRNA synthetase, which enablése OmeY incorporation. If OmeY is added to the
RJY100 media (left), the Fab is displayed on the surface of the yeast cell, due to the successful
expression of Aga2. If no OmeY is added (right), the Fab is exported and the system can be used
for antibody epressionLeader: Export signal peptide; Amber stop codon.

After transforming RJY100 yeast cells with the MB#brary incorporated into the

genetic system outlined iRigure 213, the cells were grown in media containing

1mM OmeY to induce yeast display (Sdaterials and MethodsThe cells were

incubated with biotinylated SARSoV-2 RBD , before being stained with dye for

one hour at room temperature. The original M8antibody was used as a positive

control. Since the switchable yeast display/expression system is not exificeyt,

only 11.06% of cells had signal in the AF488 {V&g) and AF647 (RBD) channels

above background. This is slightly lower than the 18% that is reported in the
literature’®*However, the |literature values were me
the Fabbés that were displayed in this expe
successful, with 1.65% of cells in the douptesitive region. Roughly, this would
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indicate that 15% of the library express and bind RBD, while around 25% of the

library express but do not show RBD binding above background.

AF 647 (RBD Tag)

AF 647 (RBD Tag)

Figure 214: Yeast display results of the Mousify M8dibrary. (Top) Cell sorting results of the
Mousify M8a3 library. In the cell sorting run, 5.7% of cells presented Fabs on their surface above
background, with 1.65% of cells also binding RBD above backgroBuitofn) Cell sorting
results of the original M88 antibody. Due to inefficiencies in the switchable system, only 11.05%
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of cells were doublgositive above background.
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As of writing, the sorted cells are growing at@@vithout OmeY to obtain enough
cells for sequencing and are expressing the Fabs. Onaetare sufficient amounts
of Fabs, we will validate the sorted cells via Thermofluor, ELISA and the
polyreactivity assay outlined in the previous section.

We have developed a generalized method to transform any antibody humanization
model into a model that can generate a libratyushanized antibodies, an approach
can vastly improve the chances of a positive outcome for antibody humanization
compared to the low chances estimated from our benchmarking experifgats (
SC21-23). This was achieved by abstracting the way -Ihdlsed antibody
humanization models work and incorporating them into the Mousify framework.
Mousify is then able to run a Markov chain over the sequence space of humanized
antibody sequences defined by acdmsinator and a map module. Due to the high
cost of ordering an oligo pool of all generated library members, we sampled a sub
library of ~10,000 sequences that could be ordered at a reduced cost. If cost is not an
issue, Mousifycan be run without the cetraints that aid in generating slittraries

and could potentially result in a higher quality library. We speculate that the method
outlined in this section would result in multiple humanized and functional antibodies.
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Anti body HusiangzAabVAR

The results from the humanized antibody benchmarks have demonstrated that the
best performing discriminator model is not Ndased, but that adding a Miased

map module does help in generating better antibo#igsire 26-7, Figure SC21-

23. Our main criticism behind the discriminator model developed femBAb was

that the model was not trained to generate mAb sequences, only to classify them.
This makes a model great at distinguishing sequences similar to the ones in the
dataset, but wén asked to generate sequences of a certain class, such a model can
quickly overextend its capabilities. We were interested in developing a model that is
orntpar in score to ADA correlation with previously published classifiers, but that also
uses sequenggeneration as an essential part of training.

We decided that a variational autoencoder model (VAE) would best fit our needs to
develop a new model for Mousify. A VAE is an unsupervised learning model first
presented in 2013 by Diederik Kingma and Max Welling for the estimation of
intractable posteris in variational Baye§.1 n or der to understand
to give a short introduction on autoencoders (AE). AEs are models that take a
datapoint from a dataset as an input of an encoder and the task is to compress the data
to a latent space, i.e. andimensional vector spa, where N is known as the latent
dimension. This vector is then passed on to a decoder to recover the information of
the datapoint from that compressed statgure 215A). Fundamentally, it is a way

to compress the information in any arbitrary dataset and be able to recover the data
within a certain margin of error. The problem with AEs is that the latent space created
i's Aunstructuredo. F o fly trairkam AEpWitleimagesef coul d
animals and look at the latent vector produced by the image of a dog. If we then
sample vectors very clog® to the latent vector of the image of a dog, we would

very likely not get an image of a dog back, but rather anenttzaf is mostly noise.

In fact, images of different dogs would likely not be represented by vectors in
proximity to each other, that is what we
structured latent space. In close proximity to images of a dog, Wéndi other

images of dogs and even images of dogs that were not in the dataset that the VAE
generated. VAEs creates this structure in the latent space by adding two new
properties to the ABHgure 215B). (1) Instead of passing the calculated latent space
vector,o, to be decoded, we sample a new vector using the fodmulao -,

where-x ~ (0, 1). The addition of the vectersampled from a normal distribution
ensures that the model is not only capable of reconstructitgit all vectors in
proximity of o as the same datapoint. (2) VAEs use two loss functions (See
Explanation of Common (ML) Software Engineering Texnasreconstruction loss

and a KullbacK_eibler divergence (KL divergence) loss. The reconstruction loss
tells the model how accurately it reconstructed the datapoint and the KL divergence
loss tells the model how close the sampled datapoint is to a rdistmddution (See

Error! Reference source not found).”® The seminal paper by Kingma and Welling

was the beginning of a large wave of generative models from image generation to 3D
object rendering and mof&®?

VA
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Cross-Entropy Loss:

—ZYln(Y)

Encoder Decoder

Latent Vector

Input Embedding Output Embedding

Cross-Entropy Loss:

- vin(®)

KL Divergence Loss:

F e
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Figure 215: Abstract structure and functioning of an Autoencoder (AE) and a Variational
Autoencoder (VAE). &) An AE encodertakes a datapoint, in this case an image of a dog, and
maps it to a latent space. Usually, the dimension of the latent vector is smaller than the dimension
of the input embedding. Then the AE decoder decompresses the vector from the latent space and
reconstructs the image of the dog. The performance of tleegsas judged by the cresatropy

loss between the input imageand the reconstruedl imager . (B) Similarly, the encoder of a

VAE compresses the input embedding to a latent vector. However, then the latent iseatiated

to a sample from a normal distribution(0, I). The new latent vectaris decompressed by the
decoder to reconstruct the image. The performance is calculated by a linear combination of the
crossentropy loss and the KL divergence loss.

VAESs have had a large amount of success in protein ML ag¥feNyith models
mainly being used for the generation of functional protein sequences. One notable
recent example comes from Ziegétral, where the authors used an MSA input for

a direct coupling analysis (DCA) moffeland a VAE. Together, the latent
information of the VAE and the DCA were used to create a new latent space which
captures phylogenetic, function and fitness information of proteimsother
notable example from Lyet al,®® where novel AAVs were generated from a small
711-sequence dataset, with the help of multihead-atthtion models in the
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Figure 216: AbVAE model structureProtein sequences are embedded as a one hot encoded matrix

before being passed to the encodére 130x21 matrix is downsampled usingexies oflD

convolutioswi t h ker nel size 3, a stride of 2, and AELUO as
convolutions have the same parametecept that the filter size doubles each time. To extract

global sequence context, we implemented a ByteNet layeachwdonsists of a series of 1D

convolutions and layer normalizations, with one o tonvolutions using a higher kernel and

dilation size (k=5, d=3), with a fAiGeLUO activation fun
to add the input to the layer to the output. Once we obtain the sample from the latent representation

Z, we pass the vector to the decoder which consists of a seriesBibtlplayers. An UpBlock

layer first performs an inverse 1D convolution with a kernel size of 1 and a stride of 1, which

conserves the shape of the input. This is followed by an int&smnvoluton with a kernel size

of 3 and a stride of,2vhich upsamples the data. To maintain the gradient, the input of the Up

Block is concatenated to the output.
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Sequences for training were obtained from OAS via OAS C/S, using the following
postprocessing modules: Remove Redundant Sequences, Sequence Length Filter
(Max. length 130), NotCanonical Characters Filter, Combine Files, Antibody
Viability Filter (Filter: i | o o Ab¥AE)was trained orb92,259sequences with a
training/test/validation split of 8:1:1 using the OAS C/S module Data Maker, unless
specified otherwisdzach sequence was gracoded using either a chet encoding
scheme or using ESM model t6_8M_UR50D. The model was traindy
minimizing the objective functiomsing a batch size of Hhd300 epochs

L
o Rk fate 1 Lae——r

WhereSis a batch of sequencésis the reconstructed batch of sequenies, the
latent representation of the batch & thevalue of the PID controller algorithm
at time point t, defined by the function:

I DOwo Qo0 U ot b Qo 1 h

Where Qo6 0 0 00Lh hE, is the difference between the
desired KL divergence value and the KL divergence value at time paindl tthe
discrete derivativee(t) = e(t)i e(t1).

The implementation of a PID algorithm to control the contribution of the KL
divergence error is necessary to prevent KL vanishing during training, which creates
very poor reconstructions of the dafigure SC26). A PID controller algorithm
applied to VAEs was first reported by Shab al to dynamically control the
contribution of KL divergence to training and achieve a desired KL divergence value
at the end of training. This is in contrast to previous strategies tlfiedsatconstant,
which allows no control over the final KL divergence, or to train a separate model to
train b, which is computationally expensive. Unless specified otherwise, we used the
following parameters for the PID algorithm:

bmax: 1, bmin = 105, Kp = 102, Ki = 104, Kd = 103 and KLdesired: 025
The model was trained using the Adam optimizer with a learning A &nd a
weight decay of 18 The learning rate was reduced by a factor of 10 when
3L reconstructior< 0.0L.

We evaluated models via four performance metrics: learning curve, reconstruction

errors, classification performance, and correlation to %ADA. We obtained the

| earning curves from tensorboard by wusing
(Figure 217A, Figure SC27-28)8° The reconstruction errors were evaluated by

sampling 25 therapeutic antibodies and plotting the distribution of Hamming
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distances, as well as BLOSUMG62 distances of the original sequences to the
reconstructed sequencé&gyure 217B). The inclusion of both the Hamming distance
and the BLOSUMG62 distance allows us to evaluate the difference between the exact
reconstruction and a similar reconstruction. AbVAE is decent at reconstructing
antibody sequences with reconstructions beingwarage 70% accurate, evaluated
with BLOSUMG62. However, AbVAE does not need to be perfectly accurate on the
entire variable region of an antibody, since during antibody humanization the CDR
remains conserved. AbVAESs accuracy on framework reconstructi@g&dswhile
only 44% accurate on CDR reconstructiofigre 217B).

As an unsupervised model, we were curious if the model learned any differences
between species that could help us in creating better humanized antibody sequences.

This was evaluated by first obtaining the latent representation of test set sequences

and fiting a principal component analysis (PCA) model with betweesnd 32

component dimension&igure 217C). For each species in the test set, we calculated

the parameters of a normal distribution within every PCA model representation of

the latent space. We then calculated the Mahalanobis distance of each point in the
dataset to the omaldisributiom.fTheeMahalhnobssplistancee s 6 n
of a pointx to a multivariate normal distribution * RY is defined as:

~

Q adh ® ‘Y o ¢

Wheree is the mean and S the covariance matrix of the distribufiben we
calculated the probability of each | atent
distribution by using the fact that the Mahalanobis distances dhi-squared...)

distributed:

~o

N ah p .. Q ah

Where D is the latemtimension size. Lastly, the humanness score is then calculated
by using Bayes theorem:

. ‘ N ah
0 [ - —
B n ah

We used this score to calculatiee classificationscore (AUROC) for each PCA

model Figure SCL1). AbVAE outperforms all other antibody humanization models

in the classification task of human vs Amman Table SC1). However, as stated

above, classification tasks are not an important metric for antibody humanization
Therefore we calculatelt he Pearson6s <correlation coeff
patients of antibody sequences from the therapeutic antibody sequence dataset

(Figure 217D). For this, the ideal number of PCA dimensions was 22, compared to

4 dimensions for the classification task. Indicating that %ADA can only be modelled

with more complex data structurdisis worth noting that modelling each species as
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a single multivariate normal distribution might not be the ideal way to generate a
humanness score. We have contemplated using a linear combination of multivariate
normal distributions to model each species, but we are not sure how to implement a
distancemeasurement to the center of a linear combination of normal distributions.
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Figure 217: Performancenetricsof AbVAE. (A) Learning curvef the total loss per epoch. Large

jumps in the loss correspond to changes in the learningBateeconstruction performance of the

model calculated via alignment of the input sequence with the reconstructed sequence. Since the

model can learn that similar amino acids are a valid substitution, we calculated the reconstruction

performance with a Hammirdjstance and alBDSUM62 substitution matriXC) Plot of the latent

dimension, using a PCA model withcd@mponents, colored by speciédthough separation of

species is visible in this 2plot, in higher dimensions these clusters can be connected, or closer to

each other than they may see@) Cor r el ati on of fAhumannessod score to %A
modelwithAc o mponents. The Pear sonaévalueo®8i0%| ati on coefficien

We attempted to improve the AbVAE model by using a model that makes use of
ByteNet layers. ByteNet was developed asnadel to obtain longlistance
correlation in convolutional neural netwo®s* This AbVAE model (AbVAE
ByteNet) performed similarly on the classification task, with an AUROC score of
0.982 versus 0.981 for AbVAE. Additionally, this model fared better in the sequence
reconstruction task with an average reconstruction accuracy of 7d8ky (Sl
FIGURE), with most of the improvement seen in framework reconstruction (82%).
However, the correlation of humanness to %ADA was worse as well, with a
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Pearsonbds cor rrvesl-@33iFgure 2t8p mteréstingly, éha best
correlation coefficient was found using 22 PCA components. At such high
dimensions, the curse of dimensionality becomes apparent with all scores lying
between 0.998 and Eigure 218D).
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Figure 218: Performance of AbVAByteNet While performing slightly better in reconstruction

and in classification, it performed worse in correlating humanness score to %APBegrning

curve of the total loss per epocl®) (Reconstruction performance of the model calculated via

alignment of the input sequence with the reconstructed sequé)d@lof of the latent dimension,

using a PCA model with 2 components, colored by sped®s. (Cor r el ati on of fhumannesso
to %ADA, using a PCA model with 22 componerith e Pear sonds correl ation coef fi
value of 4. A0
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This poor performance in the key metric of %ADA correlation spurred us to explore
more informative embeddings to improve the model performance. Due to the wide
success of ESM in providing more informative protein embeddfifg$?we first
explored a model trained on ESM embeddings. This new model resulted in a worse
performance in both reconstruction and correlation, with the correlation coefficient
being particularly poorHigure SC31-32).

While not outperforming other antibody humanization models in terms of humanness
score correlation to %ADA, we were also interested in developing a model that
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understands the structure of antibody sequences in order to improve the success rate
of humanized antibody sequences. Additionally, AbVAE forms a gootraired
model, on top of which, more specific models can be trained. One example would be
to add a rgression task to the pteained model and directly predicting %ADA or a
sequence by using therapeutic antibody data and their %ADA as the dataset. While
this dataset is small (217 sequences), thetranreed model could add a lot of
sequence context, malkj training such a model feasibldiqure 219A).
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Figure 219: Proposed future models making use of thet@imed AbVAE modepresented in this

thesis. A) Proposed model to improve humanness correlation to %ADA. In this model we would
use AbVAE to perform transfer learning on the ADA score prediction tB3lroposed model to
predict scores and reconstruct sequences based on the information of paired antibody sequences.

Some antibody humanization models independently predict scores for the light chain
and the heavy chain of an antibddy! This is due to the report in a previous
publication that claims that VH and VL behave independently when it comes to
humanization scores, however in the paper this claim is followed by the statement
fidat a n &Evensfthetwacbains are independent in terms of humanization
scores, they certainly are not in terms of compatibility when forming a coffplex.
We propose to expand the structure of AbVAE to account for paired antibody chain
pairing during training. Due to less data availability on OAS for paired antibody
sequences, one could use the light chain and heavy chanaipexl AbVAE model
encoders ah concatenate their latent dimension outputs as the input for a paired
antibody sequence VAEigure 219B).

Lastly, we want to discuss the potential new avenues that AbVAE could present for
antibody humanization. While so far mostly presented for its potential as a
discriminator module, one can imagine AbVAE as a map module as well. In that
case, a Markov chainwould explore the latent space of AbVAE, aiming to minimize
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the Mahalanobis distance to human sequences. The transition probability matrix at

any point in the latent space is then extracted at the softmax step in thé&igaEe (

2.16), which represents the probability distribution of a sequence at that coordinate
in the latent space.
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Fast StructurMouGhiftywlaati eens f or

With our focus in Mousify to perform library generations from any machine learning
model, we were wondering if the performance of large1D libraries could be
improved by increasing the likelihood of library members producing valid and stable
antibodies. It is important that this method is very fast. Consider if it only takes one
second per antibody in a°t8ize library, it will add 27 CPours and in a Pesize

library it will add 11 CPUWdays to the workflow. We envisioned two methods to tie

this valdation into the Mousify framework, depending on the time it takes to validate
each generated antibody sequence. If the structure/thermostability validation works
on t he o%satands, the alidaibrocould happen on each worker as soon as
it accepts a sequence in the Markov Chain. If the validation step takes longer than is
reasonable to perform on ‘seconds)wewpudnce of t
i mpl ement an fAevolutionary bottlenecko al gt
of the ndividual chains of the Markov Chain as different evolutionary lineages. One
concurrent process in Mousify would be responsible to perform the validation on the
evolutionary lineage, instead of the individual antibody sequences. Once warmup is
complete, tk validation process would occasionally probe the predicted
structure/thermostability of the last sequence in the lineage. If the chain passes the
test, the chain continues. If it fails, then the chain is forced to remove all sequences
from its registry util it gets to a point in its lineage where a sequence has passed the
test and starts over. This method is far more flexible for validation methods that take
up more compute resources as one can now decide how often the validator probes
evolutionary lineags depending on how fast it can process single sequences. In this
part of the Mousify project, | describe the work performed together with Jessie Gan,
to investigate different protein structure prediction methods on antibodies. We
decided to study the strtwral accuracy and computational time of our Thermosurf
(TS) method against homology modeling and machine leabdsgd methods.
Developing a fast and reliable method for computing antibody structures will enable
us to screen proposed humanized sequdac#sermostability and may improve the
quality of predicted antibody libraries.

In recent years, in silico methods of structure prediction have dramatically increased
in accuracy and viability to investigate protein properties in the absence of
experimental structures. Notably, AlphaFold2 (AF2), a machine learning approach
to structue prediction, has distinguished itself as a near atomic resolution predictor
given ideal condition&**However, to structurally validate in silico protein libraries,
AF2 is not computationally viable for library sizes of-0°. In the past, many
structure prediction methods involved searching for the nearest homologous
sequence for which an experimental structure exists and using it as a template for
homology modelling” The template searching step, calculating a multiple sequence
alignment (MSA), can be computationally expensive, while the structure prediction
step is lowcost. This method may be efficient but is inaccurate when the available
homologs are evolutionaritpo distant from the query. The advantage in the case of
mMADb engineering is that the set of homologous sequences to consider is limited to
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known antibody structures, vastly reducing the computational cost. We aim to
accelerate the calculation of reliable antibody structures by combining AF2 with the
classic homology modeling methods for unknown, but closely related, structures.
Our hypothesiss that homology modeling based on an AF2 template of a highly
related structure is very similar to an AlphaFold2 structure of the query sequence and
is orders of magnitudes faster while being indiscernible in thermostability
calculations.

Humanized
Sequence Registry

N

Scores Sequences

Starts/Ends Cycle
Manages Multiprocessing

Query Sequence _Mous.lfy Main Discriminator
Registers Sequences

Thermodynamic Validation Decides to Accept Sequences

v \, [CalculatesTransntnon Matrix }

Figure 220: Potential implementation of a physical sequence validation model into the Mousify
model architecture. The physical validation could either act as a second filter to the acceptance step
of the mutator, or the score of the physical validation could beeimghted into the mutators
algorithm as a linear combination of the discriminator score and the physical score.

Physical Valldatlon Mutator
Structural Validation Performs "Walk” Algorithm

To investigate possible structure prediction methods, we first considered the
performance of homology modeling (HM), the standard of protein structure
prediction before machine learning based models, such as AlphaFold? §A&)
ESMFold (ESM)* First, we ran HM structure predictions, in which an MSA against
sequences of an antibody structure database determines the template structure for a
given query sequence based on the highest sequence similarity. In HM prediction,
the major bottleneck in taulation speed originates from the MSA. We calculated
the root mean squared deviation (RMSD) of
to the experimentally determined crystal structure (Xtal) from the Structural
Antibody Database (SAbDab).HM structure prediction performs with a median
RMSD of 2.13 A, compared to the median RMSD of AF of 1.4Fi§jre 221A).

To compare the relative performance between different models beyond the
distribution of RMSDs, we calculated the probabilities of each method
outperforming anotherHgure 221C, Fig S4, Fig S5) .We hypothesized that to
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improve on the speed of AF, but retain its accuracy, we developed a homology
modelingbased method that uses AF calculated structures as templates and uses a
classifier to rapidly find the homology modelling template (Supplemental 1). We
started by clusterg all paired sequences in the Observed Antibody Space (OAS)
database using MMseqs2 down to 421 cluster represent&tWesthen calculated
AF structures from those representative sequences to provide us with templates. To
determine the best template for a given structure, we trained simple classifiers to
identify the best templates for a given query sequence. Howeveg, dlassifiers
were not able to capture the complexity of our dataset and could not effectively pair
guery sequences to their best templaigure SC33). For the duration of the project,
we implemented a method based on Clustal Omega to match query sequences to their
closest template sequence by sequence simiférity.

We developed a random (RD) method to set a baseline benchmark against TS, where
a random antibody structure from SAbDab was used as the template for any given
sequence. We were interested in the fitness of a random crystal structure against an
AF structurefor any given sequence. The least accurate method was TS with a
median RMSD of 2.76 AHigure 221A). While the RD method has a median RMSD

of 2.32 A. While some predictions of RD are comparable to the HM method, in terms
of probability that one is better than the other, RD only performs better than HM 27%
of the time Figure 221C).

To explore the qualities of higherforming templates in homology modeling
methods, we further investigated template sequence similarity compared to method
accuracy in homologpased methods. We observed that the homology modeling
based methods demonstdhten inverse correlation between RMSD and percent
identity to the sequence of the reference structkigrife 221B). We also observed

that the highest performing method, HM, also had most of its templates between 50
100% sequence similarity, compared to TS which cannot offer templates over 60%
sequence similarity as a consequence of the sequence clustering thygstsadght

to test machine learniAgased models against the homology mdideded methods.

As shown in figure 1, we observed that the machine leatvasgd models, AF, and
ESM, had lower median RMSDs compared to homology modeling based methods,
HM, RD, ard TS (Fig. 1A). The lowest median RMSD was 1.41 A for AF, making

it the most accurate method while ESM performed only slightly worse at 1.47 A.
From our probabilistic analysis to determine how often one model outperforms the
other, it became apparent tiidt was consistently the most accurate method, while
TS was the lowest performing method.
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Figure 221: Performance of different antibody structure prediction modalsBoxplot summary

of the RMSD of the entire backbone (BB) atoms of the predicted structure to the original query
crystal (Xtal) structure for each method, with a sample size of 19 query sequéBicB8 3D of

the entire backbone (BB) atoms of the predicted structure to the original query crystal (Xtal)
structure vs. template sequence percent identity to the query seq@rrr@hability map of every
method, showing the probability of ongethod being more accurate than the otti2y.Roxplot
summary of the timing benchmarks performed for each viable method. Due to random sampling
the sample sizes for each method differed over the 100 calculations. HM: Homology Modelling;
RD: Random Sampling; TS: Thermosurf; AF: Alphafold2; ESM: ESMF&ample sizes per
method is as follows: HM:27; TS:25; AF:26; ESM;22.

Since pedicing structuresn a reasonable timefrane important to determine the

type of implementation in Mousifywe are not only interested in accuracy, dlgb

time. Therefore, we performed timing benchmarks to compare their structure
prediction time. We found HM to be the fastest method, with a median time of 13.50
seconds in real time, and AF to be the slowest with 2250 seconds, or approximately
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37 minutes. TS was the second fastest method with a median time of 38.09 seconds,
and ESM was next with a median time of 65.28 secdfidsie 221D).
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Figure 222: Model performance by section of the variable region of an antibody. CDR regions are
more difficult to predict, while framework regions are predicted with similar accuracy across all
methods. Method RMSDs of predicted structure backbone atoms to ques} stysttures are
shown in boxplots. Antibody structure shown for illustrative purposes only. PDB: 7TRH.

Since some antibody engineering methods can be more interested in the accuracy of
the complementaritdetermining region (CDR) or the framework region, we
investigated the structural accuracy of predictions of all methods on different sections
of the antilody (Figure 222). We computed RMSDs of the antibody CDR and the
framework. The CDR region is of great interest due to its essential role in antibody
function when interacting with the targeted antigen. We observed that on average
across all methods the CDR regions hags kccuracy in structure prediction than

the whole structure, showing how the variability in known CDRs affects the
reliability of all methods. We also observed that the methods perform similarly on
the framework regions.

Considering the dependence of these structure prediction models on current dataset,
weinvestigated potential areas for biagha testedRD and TS methodsy exploring

our template database. The template database of crystal structures from SAbDab
contained metadata about antigen species and antibody types. We observed that
Homo Sapiens was the most common type of antigen species, as well as antibody
origin speciesKigure 223). We also observed many deposited antibodies that were
specific to SarCoV-2 virus and HIV.
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Figure 223: Bias in the antibody dataset used in this study, that needed to be accounted for during
benchmarking. The template dataset for homology modeling is skewed towards commonly studied
antibody targets and type#\)(Sequence distribution of antigen species which antibodies in the
database target. Antigen species shown wieeetop 10 most common speci¢B) Sequence
distribution of antibody species of origin. Any antibody that was a fusion of more than one antibody
species, for example, synthetic construetsmo Sapiens and Mus Musculus, or Homo Sapiens
and Lama Gl ama, were considered AChi merico.

To account for these biases in our dataset, we ensured our test sequences did not
reflect the same skew towards commonly studied antibody types. We randomly
sampled within each antigen species category such that our final test set was less
likely to have squences similar to the templates. As suggestejime 2218, high

similarity between the test sequences and template sequgresllyresuls in

higher performances.

In thispart of the Mousify projectve compared various structure prediction methods
to validate large sets of antibody libraries in a Higtoughput fashion. We were
interested in a method that is not only as accurate as possible, but also fast enough to
be able to validate millions oh&ibody sequences in an acceptable timeframe. Our
findings suggest that homology modelling is the most viable method for large
libraries due to its tradeff between speed and accuracy. If speed is not as important,
or large amounts of compute capability is available, ESMFold achieves accuracy
nearly onpar with Alphafold2 while finishing calculations two orders of magnitude
faster. It is worth noting that in all methods except random sampling and ESMFold,
the slow step ishe calculation of an MSA. Combining that with the rather obvious
observation that the higher the sequence ideotfily templatés to its query the

more accurate theomology modellingorediction Thereforeijt is not unreasonable
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to imagine a deep learning method that could quickly pair a query sequence with a
reference sequence from SAbDab and perform homology modelling to optimize the
method even furtheiVe also performed further analyses to investigate structural
accuracy over different antibody components and biases in homology medeling
based methods. We found that the CDR regions were the most difficult to predict
across all methods, but methods perfedrsimilarly across framework regions. We
assume that CDRs are often thestionportant component to predict in antibody
libraries, therefore it is important that this large discrepancy is considered when
validating libraries.
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Computati onaC/ ®et ai |l s: OAS

Main.py:
The user interacts with the main function
the argument parser i mpl emented through py

expects that the query is defined either in the command line or through a query file
(Figure SC1). Based on the query providetle program instantiates the following
objects:

I DownloadOAS

I CSVReader

1 FileManager

9 List of PostProcessor

These objects are then passed to another object, instantiated from the API class, via
dependency injection. The API class manages the communication between all
modules by calling methods of the objects passed to it.

The first method called is fAget OAS _fileso
valid query and then tells DownloadOAS to download the files.

The next method called is fAprocetick fol der o
chooses the processing mode. The processing mode can either process each file with

the CSVReader individually, in bulk, or split by file size. Individually means that

each downloaded file is processed and then saved in a separate file. In bidk mean

that each downloaded file is processed and saved in a single large file. Splitting the
processing by file size, processes each downloaded file and merges the results into a

file until a set file size is achieved. Within this method, files are given a descriptive

name by the FileManager to better keep track of files.

Then the API calls another factory pattern method to decide what to do with the raw
files downloaded from OAS. By default, the files are deleted, but a user can choose
to keep them or to move them to another folder.

Lastly, the API iterates through tlist of postprocessors and executes them in the
order provided.

Oasdownload.py:

This file contains the DownloadOAS class responsible for downloditiasgfrom

OAS. An object instantiated from this class, requires a file
(AROAS _files_dictionary_paired.json o ©AS_files_dictionaryunpaired.json)

that keeps track of which queries on OAS return which result in the web application.
When a DownloadOAS object is called, it iterates through the download queries and
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grabs every file name associated wittAitthis step, complex user queries are also
translated to their simpler equivalentben the make_union method, takes the union
of all sets of file names of the individual queries. Next, the create_url method iterates
through the file names associated with the full query and creates a list of URLs that
can later be used to download tiest. The list of URLSs is packaged into a shell file
that can be executed via Linuxobakediwgeto. T
Awget o request to OAS and download the fil
Lastly, the downloaded, compressed files are unpackedebunpack method and
given a descriptive name.

Csvreader.py

The CSVReader class contained in this program reads the files downloaded by
DownloadOAS andpr ocesses them accordinihe to the u
program opens each file and extracts the metadata stored in the downloaded files

header as well as the desired column data. CSVReader stores all the data in python
dictionaries. After processing a file, the dictionargonverted to a pandas dataframe.

| f the processing mode set in the API mo C
CSVReader will process more files to add to the dictionary. After meeting the

conditions of the processing mode, the medwill pass the dataframe to the

Filemanager.

Filemanager.py

The FileManager class is responsible for saving and loading dataframes. The

methods save_file, load_file can save and load files. We also implemented a python

magic method to override the addition of Filemanager object to each other to return

a concatenatedataframe. Another useful method in the Filemanager is the file_size

met hod, which returns the size of a file.
when to stop adding files to the CSVReader ¢

Post_processing.py

This program defines the PostProcessor abstract class, defining the methods
load_file, save_file and process.
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Computational Det ai | s: Fast Structur

Structure Prediction Methods

All calculations were run on the Caltech Resnick High Performance Computing
Center resources, including compute nodes with 3&1é Intel Skylake CPUs, and

GPU nodes with 4 Nvidia P100 GPUs each for AlphaFold2 4A&)d ESMFold

(ESM)* calculations. Dataset clustering was performed with MMs&d@mology
modelling was performed with OpenStrucflirand ProMod3® ProMod3 can
superimpose the query sequence on a given template sequence and also construct
missing loops and minimize structures for the ideal prediction. Machine learning
classification was performed using scilkkitirn python librar§? and XGBoost®
Structure analyses were performed with MDTP4;.

We tested five different models for accuracy and time. Out of five models, three were
based on homology modeling. We first performed homology modeling where a
template for a given query was determined by Clustal Omega via sequence similarity
(HM). Templats were taken from the Structural Antibody Database, known as
SAbDab!’ which contains metadata and structures of all antibodies deposited in the
PDB. We filtered this database for aedundant antibody structures with both VH
and VL being represented in the structure. We also performed a variant of this
method where tempies were randomly determined from the same dataset, instead
of by sequence similarity (RD).

The TS method implemented a database of AF calculated templates for homology
modeling. To determine the templates for structure prediction, we filtered the
Observed Antibody Space database (OXShese were downloaded and processed
using OAS API. We used redundancy removal and antibody viabilitygposessors

to filter sequences. We limited our predictions to heavy chains. We next clustered
this dataset by sequence similarity using the MMseqfivare suit€®> We then
predicted the structure of cluster representatives using Alphafold2 using a model
trained on data before June 2d23\ext, given a query sequence, we used Clustal
Omega to identify the cluster representative that has the highest sequence similarity
to the query sequenfe The <cluster representativeods Al
the homology modelling template for the query sequence. We apply the homology
modeling software ProMod3 to perform the homology modeling step.

We used AF version 2.2.0 installed on the Caltech HPC. We installed ESM from
source, on pytorch version 1.12 with CUDA enabled on CUDA Toolkit 11.3.
Apptainer environments for homology modelling, Thermosurf, and Alphafold2 are
provided on thHub remositgry. Alljamalysis &csipts@ie also included
for reproducibility.
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Timing Benchmarks

We ran timing benchmarks to compare the speed of viable methods for structure
prediction in thermostability calculation&/e wrote a bash script that calls one of the
structure prediction methods to test, at random, 120 times. This way each method is
run on the same compute node with the same resources using SLURM. The random
call to each structure prediction method is imgatrto account for the variability in
runtime running one function after another. The times were noted using the stdout of
python whit are then written to the SLURM output. Between each call of a structure
prediction method, the environment was reset or the Apptainer was changed to the
appropriate one. The output file was parsed after completion of all timing
benchmarks via a python gair
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Materials and Met hods

Materials

Solventsand buffer saltsvere purchased from Sigma AldricKoptec, Fisher
Bioreagents ani¥erck. Media for bacterial expressiarere purchasefiom Merck
Millipore. We used Invitrogen Mix&Go DHp for plasmid expression and BL21
DE3 for protein expressioReagents and media for mammalian cell expression were
purchased from Gibco. We used Gibco Expi293F cells (donated by the Caltech
Protein Expression Center) for all mammalian cell transfections. Expi293F cells were
counted on a Roche Cedex® HiRes AnalyEapi293F cells were maintained in an
Eppendorf CellXpert C170i. Tag DNA polymerase, Dpnl and NEBuilder® HiFi
DNA Assembly wa obtained from N& England BioLabs. Oligonucleotides were
synthesized by Integrated DNA Technologi@enes we synthesized by Integrated
DNA Technologies and Twist Biosciences. DNA libraries were purchased from
Twist Biosciences. PCR reactions were performed on an Eppendorf Mastercycler
Gradient. Plasmids were purified using the Zymo Research Zyppy Enifit or

the MachereyNagel Xtra MidiPlus kit. Agarose gel electrophoresis for DNA
fragment purification was performed at 90V using TAE as buffer and 1% agarose
gels (Mer& Millipore). Gel excisions from agarose gel DNA electrophoresis were
processed using the Zymoclean Gel DNA recovery kit. DNA gels were referenced
against the Goldbio 1kb DNA laddeProtein and DNA concentrations were
measured with &lanodrop NB1000, for IgGs the Nanodrop was used in the 1gG
mode Protein expression was verified via SBBGE using the Invitrogen protein

gel electrophoresis system. We used NUPAGE% BisTris gels at 200V with

MES as buffer and SeeBlue Plus2 prestained protein stargléng tadder. SDS
PAGE gels were stained using InstantBlue® Coomassie Protein Stain (Abcam).
Proteins were purified using a Cyti¥dTA Start protein purification system, using
either Cytiva MabSelect columns, Cytiva HisTrap HP columns and Cytiva HiTrapQ
columns. Thermofluor assay was performed on a BioRad CFX 96TiRealPCR
Detection System in BioRad Individual PCR Tubestré clear,using Biotium
SYPRO® Orange as dye. ELISA assays were performed in Corning® Costar High
Binding 96well plates. Secondgarantibody was purchased from Invitrogen.
Development of ELISA plates were done witdStep Ultra TMB ELISA substrate
solution (Thermo Scientific). Plates were analyzed on an Agilent Biotek Epoch 2
plate reader. Human recombinant IgE Fc {Hig) was purcased from Sino
Biological. SARSCoV-2 RBD (WA 1) was a gift from the Bjorkman lab (Caltech).
Baculovirus prostatgspecific membrane antigen (PSMA) was purchased from the
Caltech Protein Expression Center.

Data Analysis and Visualization

All data was analyzed using python 3.10 or python 3.11 (depending on the Anaconda
environment used). Two Anaconda environments were created for data analysis and

data viswualizati on, A Mo usHoflyoovi @Epvgtohonpy3d hdo
3.11), the latterwas created due to incompatibility of the newest version of
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Hol ovi ews with other packages used in
used Scipy, Scikitearn, Pandas and Numpy for data analysis and Holoviews with
a Bokeh backend for data visuzalization.

Molecular Cloning

Genes encoding immunoglobulin G (IgG) VH and VL were ordered as gBlocks from
Integrated DNA Technologies or as a gene fragment from Twist Biosciences. IgG
CHZ1, Fc and Chwere amplified via polymerase chain reaction (PCR) from a p3BNC
vector, also known as pAbVec2.1, containing an IgG heavy chain or an IgG light
chain.PCR was performed with the following protocol: &80total volume, 50 ng
template DNA, 0.£M eachprimer, 0.2 mM dNTPsNEB), 1¢L Taq Polymerase,
NEB). Annealing temperatuse determined wh Geneious softwarayere held for

15 s, while maintaining a ramp BfC/s from the melting temperature (92 °C for 30

S) to the annealing temperature, followeddmnngation and @ cycles were run to
obtain productFragments were separated via agarose gel electrophoresis and the
relevant bands were extracted and purified with the Zymoclean Gel DNA Recovery
Kit (Zymo Research Corp.). For heavy chain assembly, the genes were assembled
using HiFi DNA Assembly Mix (NEB)into a p3BNC vector, together with a
fragment containing IgG CH1 and IgG Fc. For light chain assembly, the genes were
assembled using HiFi DNA Assembly Mix (NEB) into a p3BNC vector, together
with 1gG ClLs. For the assembly of soluble TNF expression plasmid, the gene was
ordered as a gBlock from Integrated DNA Technologies and subcloned intc a pET
21a vector. Gibson assembly products were then mixed together with CutSmart
Buffer (NEB) and diluted according the NEB Dpnl digest protocol, thea L

Dpn1 restriction enzyme was added and incubatt&®C for 30 minutes, followed

by 15 minutes at 80°CE. coli DH5U Mix&Go Competent Cells (Zymo Research
Corp.) were transformed with the Dpn1 digested plasmids via the Mix&Go protocol.
E. coli BL21(DE3) chemically competent celgere transformed with thBpnl
digestedGibson assembly productsa heat shockAn diguot of SOC medium
(75CeL) was added, and the cells were incubated at 37°C2nhghéh for 45 minutes.

Both strains of transformed cells were plated on LB carbenicillie{,B0& ¢gmL)
agarplates. Overnight cultures-(BL LBcary) were grown at 37 and 220rpm in
culture tubes. Plasmids were subsequently isolated using the Zyppy Miniprep Kit
(Zymo Research Corp.). The assembled plasmids were sequence verified via whole
plasmid sequencing by Primodium Labs.

Bacterial Protein Expression & Purification of Soluble TNF

His-tagged, soluble tumor necrosis factor (TNF) was expressed and purified as
described previousB? Luri a broth (LB, Mer ck Mi l
ampicillin in unbaffled Erlenmeyer flasks was inoculated 1% (v/v) with statienary
phase overnight cultures Bf coli BL21(DE3) cultures and shaken in an Innova 428
shaker at 180 rpm and 37 °C. At an optical density of 60@dgPpE0.8, the cultures

were chilled on ice for 20 minutes. Protein expression was induced with 1 mM

t

he

p o
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isopropylb-d-1-thiogalactopyranoside (IPTG). The cultures were shaken at 180 rpm
and 18°C overnight (124 hours). Cells were pelleted via centrifugation at 4900x
for 30 minutes at 4°C and the supernatant was discarded. The cell pellet was
resuspended in Lysis buffer (20mM Tris pH 8.0, 300mM NacCl, 1mM DTT) and
lysed via sonication on ice. The lysate was centrifuged for 1h at 4000xg at 4°C and
applied to a HisTrap Pl column (Cytiva) equilibrated with wash buffer (20mM Tris
pH 8.0, 300mM NaCl, 1mM DTT, 50kt imidazole), using arikta Start. The
column was washed with five column volumes of wash buffer. The protein was
eluted with elution buffer (20mM Tris pH 8.0, 300mM NacCl, ImM DTT, 400mM
imidazole). The protein was then buffer exchanged into storage buffer (20mM Tris
pH 8.0, 300Vl NaCl, 1mM DTT) and concentrated using a Merck Amicon Ultra
10MWCO filter.

Mammalian Protein Expression & Purification

DNA for mammalian cell expression was obtained by growngpli DH5Ucells in

50mL of LBamp and extracted using the Machefgggel Xtra MidiPlus Kit.
Expi293F cells were counted and only used if the viable cell count was between 3.5
6aCFwi th a viability of 097 %. Cell s were dil
warmed to 37C, to a cell count of 3P to total volumes of 10 25-, or 50mL. 50mL
conical tubes (for :0and 25mL transfections) or 125mL baffled Erlenmeyer flasks
containing the cell suspensions were capped with AirOTop Sterile Flask Seals and
shaken at 350rpm/125rpm respectively until tHdADcomplexation mixture was
ready to be added. Transfections were performed usingod DNA per mL of
culture, with 1/3 of the DNA mass iring from the heavy chain plasmid and 2/3 of

the DNA mass coming from the light chain plasmid. DNA was added t©L560
OPTHFMEM in a 0.22m Costar SpirK centrifuge tube filter and spun at 21,000xg

for 5 minutes. After steriléiltering the DNA, the mixture was added to a volume of
OPTHFMEM (See table below). Then Expifectamine was mixed with a volume of
room temperature OPTMEM in a 15mL onical tube, gently inverted three times

and incubated for three minutes. The DIRTFMEM mixture was added to the
ExpifectamineOPTFMEM mixture, gently inverted seven times and left to incubate

to complete the complexation reaction. The cells were taken out of the incubator after
10 minutes have elapsed in the complexation reaction. The DNA was added to the
culturesafter a minimum of 11 minutes and a maximum of 15 minutes, resealed and
protein was expressed for 96 hours atCG378% CQ. After expression was
completed, a 1@0 Lwas aliquoted and filtered through a G &2filter and analyzed

on SDSPAGE to check for suwessful expression. If expression was successful, the
culture was centrifuged at 3000xg for 30 minutes°at dnd the supernatant was
subsequently sterile filtered through a @2@2filter. The filtered supernatant was
kept on ice. A Cytiva MabSelect column was equilibrated with wash buffer (20mM
Sodium Phosphate pH7.2, 150mM NaCl), then the supernatant was loaded onto the
column. The column was washed with 10 column volumes of aér, then the
protein was eluted with 5 column volumes of elution bufs®mM Sodium Citrate
pH3.2). To the eluted fraction was added 6@f neutralization buffer (1M Tris
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pH8.0) per mL of eluted protein volume. Antibodies were concentrated in a Merck
Amicon Ultra 50MWCAO filter.

Transfection DNA OPTHFMEM Expifectamine OPTHFMEM
Volume Volume (DNA)* (Expifectamine)
10mL 10e L 50k L 28 L 50 L
25mL 25 L 1.5mL 80 L 1.4mL
50mL 50e L 3mL 16Ce L 2.8mL

*Note: If the DNA volume was more than the listed DNA volume, the amount of @FENM was
reduced to account for the excess

Preparation of Electrocompetent Yeast Cells

Preparation modified from a previously described prottdeast cells were struck

out on YPD plates (24g/L Agar, 20g/L bacto peptone, 10g/L yeast extract, 2%

glucose) from a cryogenic stock of RJY100 cells and left to grow & &0 two

days. A single colony was picked to inoculate 5SmL of YPD (20g/L bacto peptone,

10g/L yeast extract, 2% glucose) in a culture tube and grown in a culture tub€ at 30

and 220 r pm. The following day, the cells
previous days culture to a fresh aliquot of 5mL YPD in a culture tube. Cells were lef

to grow at 30C and 220 rpm, overnight. The next day, the culture was diluted to an

ODegooof 0.2 in 50mL YPD. Cells were grown until an @bof 1.5 was reached and

subsequently pelleted at 2000xg for 5 minutes. The supernatant was discarded, and

the cell pellet was resuspended in 25mL of sterile filtered 200mM lithium acetate by
vortexing. Then 250¢lL of sttabeiTheewapbn |t ered 1
the 50mL conical tube cap was loosened to ensure oxygenation and the cells were
incubated at 3W at 220 rpm for 10 minutes. After this step, the cells will always be

kept on ice for the remainder of the preparation. The cells wereepelie2000xg

for 5 minutes at 4 and resuspended with 25mL of cold, sterile lolMia vortexing.

The cells were then again pelleted at 2000xg for 5 minute¥Caadd resuspended

with 10mL cold, sterile ddiD via vortexing. The electrocompetent cells were

aliquoted to 0.5mL and immediately used.

Transformation of RJY100 Cells via Electroporation

250¢eL of el ectrocompetent cell s were miXxec
library, 123ngof S®IGAL cassette, 133ng of-300NABO1 vecto
(30ng of M8a3 VH fragment, 123ng of SBAL cassette, 133ng of pABO1 vector)

or 10eL of e nl23nyof SFBAL tassette,D3BAg of pABOL vector).

Note: pABOL1 vector is a derivative of pJC014 vector. Cells were then transferred to

a prechilled 2mm electroporation cuvette using a pipette. Before electroporating the

cells, the outside of the cuvette swaiped dry. The cuvette was placed in a BioRad

Gene Pulser XCell and shocked using a square wave protocol with 500V, one 15ms

pulse. Immediately afterwards, 1mL YPD was added to the electroporated cells and
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mixed by pipetting up and down. The contents of the cuvette were added to a culture
tube and incubated at I wi t hout shaking for 1h. Al i c
el ectroporated cells and diluted them to
1060006000x, 100600006000x to determine the
mixtures were plated on warm SDCAA plates (B.AdNaHPQs, 8.56g/L
NaH.PQ.A ¥D, 182g/L sorbitol, 20g/L dextrose, 6.7g/L Difco yeast nitrogen base,
5¢g bacto casamino acids, 15g/L agar) and irteubfor three days at 309€* The
rest of the cells were pelted at 900xg for 5 minutes and resuspended in 5mL selection
media and grown overnight at°8) 220rpm. The electroporated cells were passaged
by diluting the overnight culture to QB of 1.0 and grown again overnight.

Thermofluor Assay

The assay was performed as described previdtsifEach antibody was diluted

to 5¢eM in PBSL pWMer7e 2a dadad 4t@all opticallyclere | | s of a
PCR strip. The two remaining wells were fi]l
orange master stock was diluted from 5000x
sample. Each tube was mixed by flicking amkfty centrifuged to ensure all the

liquid is at the bottom of the tube. The strips were loaded on a BOR4®6 Real

Ti me PCR Detection System. The protocol r.
AUnknowno sample defined f 60anckcexeryli30 wel | . A
seconds the temperature is incremented b§COumtil a temperature of 98 is

reached, then the sample is cooled down t®C2&gain. Data was analyzed and

visualized using a custom python script (See GitHub repository for details).

ELISA

To each well of a 98vell clear flatbottom highbinding microplate was addede7 %

of 0.Z2g/mL antigen in PBS pH 7.2 (M&derivatives: SAR€0V-2 WAL RBD;
Certolizumab derivatives: Soluble Human TNF; Omalizumab derivatives: IgE Fc)
and was incubated overnight &C4 The next day, the antigen solution was discarded,
and the plate was washed three times witte 208f PT solution (0.1% TweeR0 in

PBS pH 7.2), thoroughly discarding the solution between each wash. The plate was
blocked by adding 1%0 Lblocking solution (3% BSA in PT solution) to each well
and incubated at room temperature, covered. After 1h, the blocking solution was
discarded thoroughly. Purified antibodies were diluted in blocking solution to the
following concentrations: 20/, 10nM, 5nM, 2.5nM, 1.25M, 0.625M, 0.313 WM,

0.078 WM, then diluting 16fold, 2nM, 1nM, 0.51M, 0.25M, 0.125M, 0.063M,
0.031nM, 0.008 M, then diluting 16fold again, 2pM, 10pM, 5pM, 2.50M, 1.25M,
0.62%M, 0.313M, 0.078M. Then 7%5L of each antibody dilution was aeld to a

well and incubated for 90 minutes at room temperature, covénadng this
incubation period, Ultra TMB ELISA substrate solution was transferred to a 50mL
conical tube wrapped in aluminum foil to shield from light and left to warm up to
room temperature in a closed drawer to further shield from ligine. antibody
solutions were discarded, and the plate was washed three times vath.Gf0®T
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solution, thoroughly discarding the solution between each wash. Secondary antibody
(Goatantrhuman IgG Fc HRP fusion protein) was diluted 18616 in blocking
solution and 78 Lwas added to each well. The plate was again incubated for 1h at
room temperature, covered. The secondary antibody solution was discarded, and the
plate was washed three times with 20@f PT solution (0.1% TweeR0 in PBS pH
7.2), thoroughly discarding the solution between each wash. To each wellpf75
Ultra TMB ELISA substrate solution was added and the plate was left to develop for
7 minutes and 30 seconds. Thagation was quenched by adding 7A&f 1M HCl in
each well. The ELISA was analyzed using an Agilent Biotek Epoch 2 plate reader by
measuring the absorbance at 450mmata was analyzed and visualized using a
custom python script (See GitHub repository for details).

Baculovirus PSMA Polyreactivity Assay

100eL of b a c spedficinambrane antigens(RSM&)\eas diluted in

9.9mL of 100mM sodium bicarbonate solution pH 9.6. The mixture was gently

mixed by inversion in a 15mL conical tube until the PSMA was completely
suspended in solution. 75¢L of the PSMA su
96-well clear fat-bottom highbinding microplate, covered with a pierceable seal foil

and stored at 4°C over night. The next day, plates were washed three times with

200eL phosphate buffered saline (PBS) pH 7.
of blocking solution (6% by weight of bovine serum albumin in PBS) and incubated

at room temperature, covered, for one hour. Humanized monoclonal antibodies and
controls were diluted to 1eg/mL in blocking
blocking solution from the micp!| at e s, 75eL of antibodies
respective well with four replicates per antibody, plus eight wells with only blocking

solution as a background measurement. The solution was incubated in the plates at

room temperature, covered, for 90 minutesrily this incubation period, Ultra

TMB ELISA substrate solution was transferred to a 50mL conical tube wrapped in

aluminum foil to shield from light and left to warm up to room temperature in a closed

drawer to further shield from light. After thorouggmoving the solution, the plates

were washed three times with 200¢-L PBS pH
human 1 gG Fc antibody HRP fusion protein)
solution. 75¢L of secondary andibcubateddy sol ut i
in the plates at room temperature, covered, for one hour. After thoroughly removing

the solution, the plates were washed three
the polyreactivity assay, 75¢lL defltoUl t ra TME
each well and |l eft to develop for 7 minut es

HCI was added to each well to quench the reaction. Plates were analyzed with an
Agilent Biotek Epoch 2 plate reader. The resulting CSV files were then analyzed with

pyt hon scripts dRataAnalysesdnd Visualizatoe secti on 0
Positive Controls: Fleish antibody,-46m2%HCI Sap10.

Negative Controls: N&°10-107411°
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Chapter 3

DEVELOPING A SCALABLE ENGINEERING PLATFROM FOR
THE BIOELECTROCATALYTIC REDUCTION OF NTO
AMMONIA USING NITROGENASE

Abstract

Nature balances ammonia production and consumption in a highly efficient manner.
Industrial nitrogen fixation processes, however, dramatically disrupt this balance,
putting a heavy burden on the environment and rendering itstéomy usage
unsustainable With the growing urgency of achieving sustainable and
environmentally friendly industrial processes, the flaws of industrial nitrogen
fixation, the process of reacting Mith Hz to produce ammonia (Ng become
alarmingly apparent: It consumes ~5% of gh@bal supply of natural gas, makes up
~3% of global CQ@ emissions and consumes ~1% of the global power supply.
Nevertheless, the importance of industrial nitrogen fixation is hard to overstate.
Before the 20 century humans relied on the enzyme nitrogenase, native to some
bacteria and archaea, animal waste or natural saltpeter deposits to fertilize soil, none
of which could keep up with global population growth. In 1913, the HBbech
process revolutionizeariculture and caused an unprecedented piqulaoom by
providing a way of synthesizing the fertilizer dlat industrial scale. Today, around

230 megatons of NHis produced per year via the HalBwsch process.
Consequently, nearly 50% of the nitrogen found in human tissues originates from an
energyintensive process that requires the use of fossil.fuels

In this chapter, we discuss establishing an interdisciplinary research project with a
translational focus to possibly supplant the Hdabesch processWe propose
engineering nitrogenase, a protein complex that catalyzes the reductivaraf N

to produce NH for its use in a bioelectrocatalytic system, that is, a system where
enzymes catalyze a redox reaction at an electi®@epresent the early efforts in
establishing the project, describing the engineering goals and the screening methods.
Engineeriig nitrogenase to produce ammonia in an electrified reactor could provide
an economically and ecologically viable alternative to the HBbsch process,
taking humanity a step closer to sustainable agricultural practices.
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The project wasonceived by Prof. Steve Mayo and designed by Lucas Schaus with
the help ofProf. Steve MaydProf. Doug Rees, Dr. Rebeccah Warmack and Andres
Orta. Techneeconomic analysis of the project was performed by Lucas Schaus. The
ancestral sequences were generated by Lucas Schaus and were tested by Dr.
Rebeccah Warmack and Yuanbo SHertGPT2 and ESM2 sequence generation
was performed by Olive Cheng and Lucas Schaus. Granthfluorescence assays

were performed by Andres Ortislikhail Hameediand Olive Chengvith guidance

from Lucas Schausiriting was performed by Lucas Schai&xperiments were
performed in the lab of Prof. Steve Mayo and the lab of Prof. Doug Rees.
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The Human and EnvironBestchdl Progacts

With the growing urgency of achieving sustainable and environmentally friendly
industrial processes, the flaws of industrial nitrogen fixation, the process of reacting
N2 with Hz to produce ammonia (N§ become alarmingly apparenit consumes

~5% of the global supply of natural asiakes up ~3% of global G@missions?

and consumes ~1% of the global power suppiyhe ammonia produced from this
process is largely used to fertilize soil for food production, which makes industrial
nitrogen fixation a process of global importance a6@# of global food production
depends on fertilization with ammoni&ffectively, a single chemical process, the
HaberBosch process, is responsible for 90% of global ammonia proddétion.
Beforethe 2" century humans relied on the enzyme nitrogenase, native to some
bacteria and archaea, animal waste or natural saltpeter deposits to fertilize soil, none
of which could keep up with the global population grafitn1913, the HabeBosch
process revolutionized agriculture and caused an unprecedented population boom by
providing a way of synthesizing the fertilizer Nt industrial scalé*’ Today,
around230 megatons of NElis produceder year via the Habdosch proces$?
Consequently, nearly 50% of the nitrogen found in human tisstied toan energy
intensive process that requires the use of fossil.fitéls

Even after more than 100 years, the Hab@sch process is still the most widely used
synthesis method for ammonriitn this process, Ngas is reduced to NHising B
gas:
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The high energy consumption is necessary to maintain the high temperature and
pressure of ~450°C and 200 athOne of the principal reasons for the highCO
emissions of the Hab&osch process is due to the hydrogen production method. The
most economical pathway forHbroduction uses natural gas via steam methane
reforming (SMR), followed by the watgas shift reaction, which under ideal
conditions produces one molecule of Q®@r four molecules of ¥ Much of the

focus in developing a greener ammapiaduction process is to decrease the energy
consumption by moving to less extreme conditions and to find an alternative method
for producing hydrogenSustainably producing ammonia using a hydrogen gas
dependent approach requires finding a green approach to hydrogen gas production
that is lowcost in order to be competitive with SMR or coal gasification. However,
there is currently no cost competitivednggen synthesis approach that does not use
natural gas. The next best alternative, water electrob@isumes large amounts of
energy and requires 9 tons of preprocessedugity water per ton of hydrogen,
which makes this process too costly in all but very niche applicatiBrsducing
ammonia using hydrogen gas directly adds an extra dimension of problems to solve
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in order to make it sustainable before considering green ammonia synthesis processes
themselves.

Roughly 80% of the ammonia produced in the H&t@sch process is used for crop
fertilization! As agriculture is largely decentralized, a high transportation cost is
incurredwhen ammonia is produced in a centralized fashion as in the-Babeh
process:'? The fertilizer is liquified at high pressure in its anhydrous form for
transportation. This highly concentrated ammonia is toxic to humans and the
environment. It is then either diluted for application on fields or injected at high
pressure into theoil. Ammonia overuse for crop cultivation caused approximately
25 thousand deaths globally in 2082\n alternative, lowconcentration ammonia
synthesis process where production is performed at a farm or highly distributed
throughout agricultural regions can reduce fertilizer overuse and mitigate the
environmental impact of ammonia toxicity as well afuee transportation cost both
economically and environmentafyWhile such a process would be dependent on
the local price of electricity, the current cost of ammonia is mostly dependent on the
price of natural gas, a fossil fuel whose supply should dyop5% by 2050 if the
goals of the Paris Agreement are achievééSincecentralized anhydrous ammonia
production is nostrictly necessaryor agricultural applicationswve believe that a
small to medium scale agueous process can have a significant impact towards
achieving sustainable agricultural practices.
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A Brief History of Nitrogenase

Before the dawn of the #@entury, humans were heavily restricted in the supply of
nitrogen, mainly for the production of fertilizer and gun powdeé¥There were only

a few ways obbtaining nitrogen for these purposes, collection of manure and night
soil, *¥ mining mineral nitrogen deposits or gudfland creative usage of companion
planting®® With the exception of some mineral deposits, all of the nitrogen sources
above can be traced back to a single enzyme. Evidence suggests that organic,
nitrogenrich matterwas depsited 2.5 billion years ago, around 50 million years
before the earliest signs of rising atmosphesite@els?! suggesting that the enzyme
nitrogenase evolved before the advent of photosynthesis. While photosynthetic
protein complexes eventually found themselves in eukaryotic organisms, as far as we
know, nitrogenase only evolved in archaea and bacteria.

The scientific advances since the start of the industrial revolution have been
responsibldor an unprecedented boom in population and has increased the quality

of life throughout thevorld. The economic growth that these technologies brought

with them came to an impassefa turn of the 20th century, as feeding the growing

world population would only be possible frtilizing crops with scarce sources of

nitrogen while also needing nitrogen to produce explosiBesween the 1820s and

1860s, all 12.5 iflion tons of guano were mined off the Chincha island in Peru. In

1879, the ANitrate Waro between B-olivia, C
strategically important saltpeter deposits in the Atacama dégedm the late 18

century onwards, chemistsuch as Georg FriedricHildebrandt attempted to

synthesize ammonia, ushering in a centong quest to achieve industrstale

ammonia productio®® The HabeBosch process solved the nitrogen scarcity

problem and ushering a new era of food safebglay, we find ourselves again at an

i mpasse created by hutwavery techilegthpthaveg r e s s . Th
carried humanity towards an era of prospestgartially responsible foa climate

crisis that risks undoing much of the progress made in the past 250 ‘yEars.

decades, researchers have attempoedethrone the Habd&osch proce$sand

replace it with a sustainable way to produce ammonia but have so far been
unsuccessful.

One often proposed solution to the ammonia fertilizer production problemgds to
back to the roots of nitrogen fixation ar@rcumvening syntheticammonia
completelylnspired by the root nodules of legumes in which a symbiotic relationship
with nitrogen fixing bacteria provides the plant with fixated nitrogen, plant
biotechnologists have attempted to either replicate the root nodules in different plants
or to expressitrogenase in plant cells. Starting in the latter half of tHecbtury,

this unachieved quest is considered the holy grail of plant biotechridlégyhe
sameime, biochemist and biophysicist became interested in the unique properties of
nitrogenase, starting a journey of nitrogendiseoveries that lasts to this day.

The prokaryotic enzyme nitrogenase is a-fwotein component systerfRigure 31)

that catalyzes the reduction of & ammonia coupled to the hydrolysis of ATP:
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This equation holdssnder t he fistandar do miodel
production and ATP consumption have been obsefv@the protein complex
catalyzing the reaction is made up of thepkaein, an ATPase responsible
transferring electrons to the second component, the Madtein, which contains
the active site that reduces d ammonia. The full and detailed mechanism of
nitrogenase is still unknown despite decades of effort to deduce it, but broadly the
two proteins interact in four steps to perform the reducfagure 2A)?° The active

site of ammonia production contains a highly unique cofactor called FeMiotod

3.1), whose structure was only recently elucidated to have the elemental composition
[Mo:7Fe:9S:C] and which contains a spectroscopically elusive ceritrea®ide?’

The MoFeprotein and its cofactor also suffer from two known mechanisms of
permanent deactivation, one oxygen deperdeamd one pH and turnover
dependent® Additionally, nitrogenase is dependent on ferredoxin/flavodoxin to
reduce the Ferotein and it is dependent on ATP hydrolysis to transfer electrons to
FeMoco?®

, but
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Figure 31: Structure of the nitrogenase complex (PDB ID: 1N26J overview of mechanism
(Top) The complex is composed of two mairotein chains, the FHerotein and the MoFprotein.
The Feprotein is an ATPase that contains a [4Feel®ter. Through ATP hydrolysis, the protein
is responsible for transferring electrons to the MpFetein. The MoFeprotein is a heterotetramer
made up of two NifK and two NifD subunits and contains the adiieeof N2 reduction. In the
interface between NifK and NifD lies the [8Fe:7S] cluster which acts edexmediate to transfer
electrons from the Fprotein to FeMoco. FeMoco (top right box, PDB ID: 3U7Q)a unique
cofactor containing a molybdenum atom and a central carbide (formally v cofactor is the
active site of N2 reductiorfBottom) In vivo nitrogenase mechanism. I:§peotein with two ATP
bound, forms aomplex with the MoFgrotein. II: ATP is hydrolyzed by the Fgotein and
initiates the electron transffom the [4Fe:4S] cluster to the FeMoco through the [8Fe:7S] cluster.
Ill: Fe-protein dissociates from th&loFeprotein, releases ADP and is-neduced by
ferrodoxin/flavodoxin. 1V: The previous steps repeat umiiffficient electrons have been
transferred to FeMoco to reduce N2 to NH3g(res dapted from Einsle and Re2@20)
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El ectrochemical ApproBecdselrs PonoSappl a

Even after more than 100 years, the Hab@sch process is still the most widely used
synthesis method for ammonriitn this process, Ngas is reduced to NHising B
gas:

0 Q@ 00 QO ¢6l'0Oah O ™8 LK

The high energy consumption is necessary to maintain the high temperature and
pressure of ~450°C and 200 athOne of the principal reasons for the highCO
emissions of the Hab&osch process is due to the hydrogen production method. The
most economical pathway forHbroduction uses natural gas via steam methane
reforming (SMR), followed by the watgas shift reaction, which under ideal
conditions produces one molecule of Q®@r four molecules of ¥ Much of the

focus in developing a greener ammonia production process is to decrease the energy
consumption by moving to less extreme conditions and to find an alternative method
for producing hydrogenSust@nably producing ammonia using a hydrogen gas
dependent approach requires finding a green approach to hydrogen gas production
that is lowcost in order to be competitive with SMR or coal gasification. However,
there is currently no cost competitive hydnoggnthesis approach that does not use
natural gas. The next best alternative, water electrolysis, consumes large amounts of
energy and requires 9 tons of preprocessedpugity water per ton of hydrogen,

which makes this process too costly in all butyweiche application$.Producing
ammonia using hydrogen gas directly adds an extra dimension of problems to solve
in order to make it sustainable before considering green ammonia synthesis processes
themselves.

A more direct approach to solving the green ammonia problem is to produce it
electrochemically, which produces hydrogesituon a platinum anode from water:

(0] .
60 gO0a°ch0a G RO ppod

Although a variety of temperature, pressure, aledtrical conditions exist in this
approach, the electrochemical synthesis methods can broadly be categorized into
low-, intermediate and hightemperature processes. Among these, the- low
temperature processes usually bring lower capital expendituresgriakm more
competitive, while also reducing the environmental impact by reducing its energy
intensity. Compared to the HabBosch process, the electrochemical approach can
boast higher efficiency and is more suitable at small and medium scale pneductio
ideal for a decentralized approach to ammonia synthesis. Although using inorganic
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electrocatalysts for ammonia production can be efficient, they are not necessarily
truly green technologies. Many of the proposed catalysts use metals such as
ruthenium, vanadium, iridium, and lithium among others which are environmentally
toxic either intheir nature and/or through their production proce$s8shere are
promising electrochemical approaches that utilizeto@it metals such as iron, but
their perelectron efficiency (faraday efficiency) is under 2% under normal
conditions®*=*Such lav faraday efficiencies lead to higher energy requirements per
unit of ammonia produced. Ideally, an approach to making ammonia should have
high faraday efficiency, a low carbon footprint by utilizing mild reaction conditions
and be no#ioxic to the enviroment.

While many studies aiming to find a green catalyst for ammonia production have
taken inspiration from natureds solution
inspiration from electrocatalytic ammonia cells to achieve the first bioelectrocatalytic
ammonia sgthesis using nitrogenadeln 2010, Rothet al, showed through
covalentlylinking a ruthenium catalyst to the Mo#peotein that substrate reduction
could occur independent of the-peotein and ATP hydrolysi®.The first attempt at
bioelectrocatalyticeduction of N by Milton et al used ATP and as the energy
source which generated low amounts of electricity while producing ~0.7 nnmol NH
per nmol MoFeprotein per hout.In 2020, Leeet al decoupled the reaction from

ATP and H by using a cobaltocene modified polymer to transfer electrons to the
MoFe-protein directly as has been demonstrated by &al® This setup improved

the yield to ~140 nmol Nklper nmol MoFeprotein per hour and has a faraday
efficiency of ~45%While a remarkable feat, the lifetime of the catalyst in the reactor

is at best a ddy (and at worst one hodf) which makes this technology not
competitive with traditional chemical catalysts. While the Minteer lab focused on the
engineering of the reactor, the protein employed is the wild type nitrogenase of
Azotobacter vinelandiSince nitrogenase has been optimized via evolution to work
inside its host cell, the enzyme is not optimized for a bioelectrocatalytic sifstem.
However, we can use natureds mechanism to
protein sequences via directed evolution. This places biocatalysts in a unique position
compared to other catalysts because there is a direct iterative process with which
enzyne sequences can be optimiZétising a biocatalyst would not only be able to
achieve the goal of green ammonia production, it also has a variety of other
advantages thaannot be easily achieved using inorganic catalysts. Being produced
by bacteria found in most soils, in water and on certain plant roots, nitrogenase is
inherently benign to the environment. The individual components used to produce
nitrogenase are recytle; culture media, cell pellets, and the enzyme itself can be
recycled to produce more nitrogenase or be used in other biological pré€esses.
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Technoeconomic Analysis and Engineer

In this section we will outline the engineering goals of this project by performing a
technoeconomic analysis. We are not only seeking to engineer nitrogenase for the
sake of scientific advancement, but we are fundamentally interespedfarming
translational research and producing a nitrogenase that can benefit the world at large.
To do this, we need to set realistic engineering goals which reflect at what point the
technology could be used in a Rlaoratory settingrirst, we would want to focus

on the competitiveness of the technology purely in terms of engineering goals and
not factoring in production cost and logistics. To achieve some sort of
competitiveness, the catalyst needs to produce ammonia quickly enough to provide
a farm with enough fertder for a year within that same yed&ccording to the
USDA,*® theaveragdarm in the US has around #4dcres of land, of which a third

is cropland harvested in a year. Certain crops such as soybeans (~25% of crop land)
do not need to be fertilized orlgmeed to be fertilized in certain conditions such as
corn (~30% of crop land). The median farm has around 100 acres of land. We will
use both the averaged the median farm for our calculatiqd®0 and 22 fertilized

acres respectivelyy The amount of ammonia applied to a field can vary depending

on the yield of the crop, with higyielding crops needing more fertilizefFor
simplicity, we will divide the necessary anhydrous ammonia per acre into three
categories: Low yield with 64 kg per acre, medivield with 91 kg per acre, and

high yield with 136 kg per acf.In our calculation, we multiple this number with

the respective acreage of the average and median farm. Since our plan is to use solar
energy to power the reactor and on average the US sees 205 days of sunshine, we
assume need to produce the ammoniai®entire year within these 205 days (4920
hours)#?

According toour own experience expressing nitrogenaseinelandiiyields 20 mg

of nitrogenase per liter of culture. Assuming that we can keep this yield constant
when scaling up, a 50,08ifer reactor can produce 1 kg of enzyme per b&t&ar

now, we assume that we provide the farm every 20 days with 100 g of enzyme for
the reactor (l.e., the catalysts lifetime is 20 days). The final size of the
bioelectrocatalytic reactor is not defined yet, so the 100g enzyme reactor size is
subject to hange and would influence the numbers below.
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k= m(Ammonia) - M(nitrogenasecomplex)
~ t-M(Ammonia) - m(nitrogenasecomplex)

Median US Farm Size Low Yield Medium Yield High Yield
k(h't) 4048 5782 8676

Fold improvement over
Lee et al. (35 h!)

Fold improvement over
natural nitrogenase 0.28 0.4 0.6
activity (14400 h'1)

115 165 248

Table 31: Reaction rate needed to produce enough ammonia for a given US farm size and crop
yield. Yields are divided into low yield (64 kg NH3 per acre), medium yield (91 kg NH3 per acre),
and high yield (136 kg NH3 per acre). Calculation of the reaction ratefirmed via the formula
above. As a comparison, we added the-foldrovement necessary against two references: The
original bioelectrocatalytic reaction rate of nitrogenase by Lee ®taald the natural reaction rate

of nitrogenase in Azotobacter viaedii.?®

We believe that improving the bioelectrocatalytic conversion of nitrogenase to
around half the rate of the natural reactivity will make this approach competitive with
the HabeBosch process, at least technologically, across most farms in the US.
However,that would still require a 16fld improvement in rate over the baseline
presented in Leet al,** which is an ambitious godTable 31). Therefore, we
propose that a reasonable goala translational research projeddsachieve around

10% of the way to a technologically competitive catalyst, which would be-fote20
improvement in reaction rate. Of course, this model assumes that we can replace the
catalyst every 20 days, which would require a catalyst that lastsgas

For catalyst lifetime, we would like to set our first goal based on replacing the
nitrogen in the enzyme, which makes it reaction rate and catalyst lifetime dependent.
The range of reaction rates are chosen from theet.ak baseline (35 H* and a
100fold improvement of the reaction rate, which is where the technology could be
used for lowyield crops on a mediasized farm. One molecule of the nitrogenase
complex contains 4130 nitrogen atoms (PDB: 1N?Qhe time it takes to replace

that amount ohitrogen is simply this number divided by the rate per unit time. Using
these numbers, the original system from the Minteer lab could replace the nitrogen
in the enzyme within ~5 days. At-26ld improvement of the baseline rate, the same
amount of nitroge would be produced in 6 hours. Our initial goal is to improve the
catalyst lifetime and reaction rate such that we surpass the blue (Figure 32).

Next, we would want to tackle producing enough nitrogenase to replace the nitrogen
in the cultureA. vinelandiigr ows i n. Typically, nitrogenas:
Medium which contains 1.5 g/liter of ammonium acetatea 20fold improvement

of the rate over the baseline, we would need to have the catalyst last 20 days in order
to produce as much nitrogen as has been used in the culture. Although this might
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make it seem at first sight that our catalyst would need to last longer than 20 days,

the medium can at least partially be recycled, either to produce more nitrogenase or

to use as a feedstock for other biological applications.

1.5 9/,
k-2-10729),

t(Nitrogen in Culture) =
400

—— Replace Nitrogen in Enzyme
—— Replace Nitrogen in Culture

300

| Baseline:
200 1| k=35n" t=49days

Time (Days)

11 20-fold improvement:
\

1 k=700h", t=2023 days
b \ One-week catalyst:

k=2031h" t=7 days

500 1000 1500 2000 2500

Reaction Rate (h')

Figure 32: Graph representing the reaction fiatatalyst lifetime relationship necessary to replace

either the nitrogen contained in the enzyme, or the nitrogen replaced in the culture used to express
the enzyme.

Lastly, we want to focus on the price of ammonia produced via the {Balseh
process and how that could potentially influence the engineering the proposed
technology. Currently, 15% of the price of ammonia is dictated by the price of natural
gas. Howeverusually that share is larger since the supply chain issues and tariffs
dictate a larger part of the price ¢a9* The price of ammonia is often as volatile as
the price of natural gas during the same fo@meods. As many nations are attempting

to at leat partially phaseut fossil fuels from their economy, one could expect this
price volatility to get worse with time. Although the price of these commodities
remains speculation, the price of ammonia that the farmer pays is highly competitive,
even at thecurrent alitime-high price of ammonia (USB50 per ton)* In the
context of translational research, it is important to keep the price of ammonia in mind
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since it is difficult to sell a technology to farmers that ends up increasing their
operational costs. Some of the factors that will affect the cost of a bioelectrocatalytic
method of producing ammonia is the cost of electricity, the cost of water azwkthe
of expressionpurification,and transportation of the enzyme. The latter is especially
critical in ourcase sincall of those steps likely need to be performed anaerobically.

In conclusion, the bioelectrocatalytic production of ammocdald from an
engineering perspective beconmmmpetitive with the HabeBosch process. If the
price of natural gascontinues to rise and the carbon offsets from producing
ammonia bioelectrocatalytically would reduce production ¢tisée is a case to be
made for our method to be financially competitive as.well
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Devel oping a Bioelectrocatalytic Scr

Natur al selection induced by environment al
pushing evolutiorforward. Through many generations of random mutations and
selection that increase fitness, organisms overcome the challenges nature presents.
Directed evolution has allowed humans to artificially simulate evolution,
accelerating natural selection resultimg the generating proteins with new or
improved functiong’ While spontaneous mutations take far too long to occur in a
laboratory environment, mutagenesis methods allow for the creation of genetic
libraries that cover a vast array of gene variants whah be reintroduced into
expression systems and screened for desired activity. rigieeeringof proteins

through eithein silico methods or directed evolution, requires the testing of protein
fitness for each round putative improvements are rffaddrough multiple
generations of mutagenesis, a protein may be engineered to have enhanced
characteristics such as solubility, thermostability, catalytic turnover and/or substrate
affinity. Directed evolution is a webstablished laboratory process that faven

to be successful in the engineering of proteins, such as evolving cytochromes P450
to perform newto-nature reactior or repurposing a bacterial protein to create a
virus-like capsic?® The methodchosento screen new variants is one of the most
important steps to successfully engineer a prétéiihe screening assay needs to be

as close to the final application as possible to avoid selecting for undesired properties
and to i mprove upon the desired ones, commo
yo u s c r ¥ Eha thrbughpul of the chosen screening method is also important

in defining the library size, that is, how much diversity to generate in each round of
evolution?® Ideally, the throughput should be as high as possible, but there are many
factors that can determine the maximum throughput for a given protein engineering
campaign.

Azotobacter vinelandi{A. vinelandi) is a gramnegative diazotroph bacterium
commonly used as a model organism to study nitrogen fixation. Similar to
Escherichia col(E. col)), it is easily cultured and grown as it is an obligate aerobe.
Under diazotrophic conditions, the organism strongly regulates nitrogen fixation to
fulfill the requirements for cell growth due to the energetically expensive nature of
biological nitrogen fation>® Although the organism is an obligate aerobe,
nitrogenase itself is ghly oxygen sensitivé It is currently not known hovA.
vinelandiiachieves this feat. Likely due to the energetically expensive nature to fix
nitrogen, the organism is very good at scavenging nitrogen from its environment and
minor contaminants, such as cleaning products, can have an influence on the
or gani s modrsm gproteiw engineerikg perspective, the organism poses a
challenge as it contains multiple copies of the nitrogenase produiéingnd NifK

genes on its chromosom¥sTo study the déct of mutations in the nitrogenase
sequence, aA. vinelandii nitrogenase knoekut is used that is then rescued by
knockingin a mutated copy of the gene inferest® In order to test mutants of
nitrogenase in a bioelectrocatalytic system, we need to devise an appropriate
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workflow to best assess improvements of the enzyme in the system where it will be
used. As we are planning on engineering ni
in a bioelectrocatalytic system, where the enzyme is isolated from other cellular
componentsywe cannot use an vivo selection assay. Besides generating mutants,
screening for ammonia production requires a minimum of three main steps: (1)
Aerobically grow nitrogenase mutants transformed Ateinelandiiin a 96well
format. (2) Isolate all 9énutants and transfer them to a@&epwell plate equipped
with an electrode under anaerobic conditions. (3) Measure ammonia production after
a fixed period of time to assess the fitness of different varihésaim isto create
a lowto-medium throughput assay to engineer nitrogenase for bioelectrocatalytic
production of ammonidJsing directed evolution, we can then improve the faraday
efficiency, ammonia yield and catalyst lifetime of nitrogendses will providea
first step to engineering sustainble approacho produce ammonito help in
fertilizing our crops and reduce the negative impact of modern agriculture on our
planet.

Recent scientific advances will help us in our endeavor to engineer nitrogémase.
Kacar Research Group at the University of Wiscoiadison has established
expression of thé. vinelandiimodel organism in a 9%ell format, which together
with knockedin nitrogenase mutants shows that step (1) is feaSiterk from the

lab of Uli Schwanenberghas demonstratedthat it is possible to test
bioelectrocatalytic reactions in 9&ell microtiter plates by adding an electrode array
to the plates on which eyines have been immobilized. Using their setup, they were
able to engineer a bacterial laccéseuse in an enzymatic fuel cell, improving the
power output of the system 1:7@d.>’We propose a similar setup that immobilizes
wild type nitrogenase on an electrode array to produce ammonia at small scale.
Lastly, the Minteer lab has shown that it is possible to an&ectrode with the
MoFe-protein of nitrogenase along with a polymer modified with a redox mediator
to achieve ATHree bioelectrocatalytic cwersion of N to ammonig®44°8
Additionally, the study describes a method to meadlifs production via a
fluorescence assagombiningthe above methods from the Kacar, Minteer and
Schwanenberg lab will form the basis of our screening dsgyre 33).

Nitrogenase Library Nitrogenase Expression Nitrogenase Immobilized Fluorescence Read-Out
On Electrode Array Ammonia

1234567 89101112 12345678 9101112

/00000, A000000000000 eFluorescence [, 600000000000

g, 8000000000000 Reagent 15 600000000000

000000000 c000006000600060

: B £ 825528582525

— [F©00000000000 96-Well Plate with F 000666006660

000000000000 Reaction Buffer 000000000000

§ 6000006006006 HOO0O0OO00O00000
Diazotrophic
Pre-selection

Aerobic Conditions Anaerobic Conditions Aerobic Conditions

Figure 33: Workflow overview of bioelectrochemical screening assay. After generating
nitrogenase libraries, we select for variants that have a functional nitrogenase through diazotrophic
pre-selection on agar plates containing no nitrogen source. We then pick 8498 colonies,
depending on the possible throughput, to express nitrogenase. After sufficient nitrogenase has been
expressed in each well, the plate is moved to an anaerobic chamber for purification and
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electrochemical screening. Once the reaction has finished, the plate can be removed from the
anaerobic chamber to measure the ammonia production through a fluoresasedeeadut.

The first step for our assay is to generate nitrogenase mutants and transform them
into NifD/NifK knockout strains ofA. vinelandii.While we will attempt to setup

the bioelectrocatalytic screening setup inv88l plates, thevork from Chenet al

only demonstrated their system screening 8 reactions at a time. Since we want to
screen for catalyst lifetime as well, thaetup may reduce our throughput
significantly. Therefore,after streaking out the bacteria onto growth media
containing petri dishes, we will use the diazotrophic properties of the bacterium to
our advantage to create agedection of deleterious mutarfigure 33) to greatly
increase throughpu®ince no nitrogenase gene copy other than a mutated one should
be present within a cell, deleterious mutations in the protein will either cause the
bacteria to grow very slowly or not grow at all under diazotrophic conditions. Due to
the excellent scaveging skills of A. vinelandij it is important to make sure no
nitrogen containing contaminants influence thegmeen.

AnifDK AnifDK
DJ33 (AnifDK)
Chromosome

Donor DNA
pDJ33

Modted —Em

Chromosome

Figure 34: Explanation of NifD/NifK variant insertion into the chromosome/ofvinelandii

(Left) Insertion of NifD/NifK into the chromosome via homologies on the donor plasmid pDJ33.
(Right) For this study we modified the pDJ33 plasmid to contain a kanamycin resistance gene
between the NifK and NifT genes. While all Nif genes are regulated under one promoter, we added
a second promoter into the Nif cluster to increase the expression f Kan

We received a NifD/NifK knodlout strain from Dennis Dean and developed a
method to insert NifD/NifK variants into the genome Af vinelandii Initial
experiments of knockin wild-type nitrogenase rescued growth under diazotrophic
conditions but cells grew very slowly and not to full density. Skcé@nelandiican
accumulate up to 40 copies of its chromosome, we suspected that growth to full
density can only be achieved if nearly all copies of the chromosome contain the
knockin. This is usually achied by passaging celthrough nitrogen deficient
media multiple time&® This poses a problem in our experimental setup. We want to
include negative controls during engineering to simulatefanctioning variants.
Since negative controls are by definition ffanctional, we cannot use passaging on
them. Therefore, we develapa genetic system that contains a kanamycin resistance
gene which is inserted to the chromosome with NifD/Nifkg(re 34). Only
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variants containing the antibiotic resistance gene can grow on kanamycin containing
plates. This selection pressure can then help us in accumulating multipleikknock
copies even if the variant is ndunctional.

We confirmed the function of our genetic system by transfordingnelandiiwith

the Kar® containing version of pDJ33 as describedrigure 34. The cells were

struck out on Burkds medium agar plates <co
kanamycin concentratiorFigure 35A). Cells were grown for 60 houist 30C

before imaging. The positive control contained no kanamycin and cellsagrew

lawn. Increasing the kanamycin concentration frome@/mnL to 5eg/mL thinned

out the number of cells growing on the plates, indicating that the increase in selection

pressure is allowing fewer cells to grow on the plates. This confirms that our genetic

system works. Next, we will use the-@@ll growth assay oA. vinelandiipublished

by the Kacar lab to grow transformell vinelandii cells aerobically® After

transformation with pDJ33, we grew the cellstoeg@d®1 i n Bur kés medi a |
followed by washing off the nitrogen containing media from the cells by spinning

them down and r es us p)awicd. The gellsiwere tBen dillkedl s me di a

i n Bur k6 s) ornfd+) coatainingN0.6g/mL kanamycinto the starting

ODe00=0.05 and transferred to a-9&ll plate. Cells were then grown in a shaker

incubator at 30 aerobically and diazotrophically, and their growth was measured

in real time over 50 hosar(Figure 35B). We were able to replicate the results from

the Kacar lab, showing that our kneckgrows to an Okyo of around 0.3n (N-)

mediumversus 0.4n (N+) medium

Before isolating nitrogenase mutants from the cultures it is important to transfer the
cultures to an anaerobic environment to prevent the permanent deactivation of the
enzyme by oxygen. Here, the Rees | abds expe
anaeobic conditions will allow us to isolate Hiagged enzymes via 9@ell Ni-

NTA columns. We will then coat the electrode array with nitrogenase mutants and
apply a current to induce ammonia production, similar to the method proposed by the
Schwanenberg land the Minteer lab. The electronic setup will also allow us to
analyze important reaction parameters such as the potential, the current density, and
the power input. Once the reaction is completed, the setup can be reintroduced to
aerobic conditions togrform yield analysidn a similar fashion to the Minteer lab,
ammonia production by the system can be measured in a fluorescence detection

assay, where an Ntdetection buffer is added, and fluorescence is meadeigpa ¢
33 .36,44,58
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Figure 35: Preliminary results to establish a bioelectrocatalytic screen for nitrogenase engineering.

(A) Demonstration of the function of the genetic system describédgime 34. Knock-in of

NifD/NifK into the genome ofA. vinelandiwer e struck out on Burkdéds medium ag
added nitrogen (N+) and increasing concentrations of kanamycin. Plates were imaged 60 hours

after transformation with pDJ33B] lllustration of growth assay and growth assay resGidls

were transformed using the pDJ33 containing wild type
(N+) to ODsoo=1. To remove nitrogen from the media, the cells were spun down and washed twice

wi t h Bur k-9eforendiatingdo the Btarting @w=0.05 for thestart of the growth assay

in nitrogen deficienor nitrogen supplementededia.

As of writing, we have not finished reproducing the bioelectrocatalytic system from
the Minteer lab. Therefore, we have decided to attempt an engineering round of
nitrogenase without screening for bioelectrocatalytic actiwife prepared an
alanine scan of NifD to validate the pramffconcept. This alanine scan will provide

us with useful information on what sites of nitrogenase could potentially be targeted
for sitesaturation mutagenegBigure 36). As of writing, we have transformed the
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alanine scan variants but have not yet subjected them to diazotrophétgurteon or
a realtime growth assay.

Y281

Figure 36: Structure ofA. vinelandiiNifD, highlighting positions of residues targeted in an alanine
scan. Residues in green are negative controls as those positions are catalytically important.

The engineeringlatform outlined in this sectiowill create an invaluable tool not

only for our goal of bioelectrocatalytic conversion, but also for mechanistic studies
of nitrogenase. Individual pieces of our setup can be modified and used by the
scientific community to analyze the effects of mutatiom nitrogenase at a much
larger scale than previously possible. This has the potential to have a significant effect
on our understanding of nitrogenase and can be revolutionary for applications in plant
biotechnology where there is an ongoing quest to express nitrogenase in plant roots.
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Computational Met hods to Find Engine

Next-generation sequencing technologies have been revolutionary to the field of
biology, providing high quantities of higluality sequence data for various
applications ranging from determining thec8ll profiles of COVID19 patients for
generating mondeanal antibody treatmenf§ to creating large sequence databases
that helped in the development of Alphafofd®?In fact, the availability of protein
sequence data on Uniprot has increased by an-ofaeagnitude in the past decade.
The development dhfighly efficient protein homology detection algorithms, with
modern models being able to detect distant homologs with sequence similarities
below 3093 together with the evegrowing protein sequence databases has resulted
in the construction of highly informative phylogenetic trees through a process called
multiple sequence alignment (MS¥)The culmination of these technologies is
found in Ancestral Sequence Reconstruction (ASR) a new and unique protein
engineering tool with promising prospetis.

ASR is performed by using sequence data to find modern homologs of a protein of
interest and then inferring the phylogenetic relationship between those hoffologs.

® The inference uses statistical methods to calculate the probability distribution of
sequences at each node of the phylogenetic tree. The inference is usually performed
via Bayesian inference or by creating maximum likelihood distribufibiost recent
advances in machine learning, in particular natural language processing, have
allowed the uage of more complex inference mod€IRegardless of the method of
sequence distribution construction at the nodes, ancestral sequences are reconstructed
by sampling from those distributions. This sampling can be performed with restraints
by, among others, validating sequences thermodynagnimalby forcing a certain
consistency with a consensus sequehragi(e 37). ASR is fundamentally different

from mutating proteins to the consensus sequence. The latter has consistently failed
to produce functional proteins while ASR has produced enzymes that are more
thermostabl® and have catalyst lifetimes >100 times longer than their modern
forms®” Because reconstructed sequences are a representation of historical
sequences, the fraction of functional proteins in an ASR library is high while also
providing a highly diverse library in terms of properties. Additionally, a
reconstructed ancestral seqoe is likely not as dependent on the cellular processes

of the host and often have properties described as an ancestral generalist versus the
modern specialist enzyni2One notal# recent example of applying ASR to protein
engineering was a study by Lét al. where they engineered Rubisco, a notoriously
hard enzyme to engineer. Among 98 predicted ancestors in their library, 34 had
superior catalytic efficiency to wild type modern Rubisco, showcasing the power of
ASR 8
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Figure 37: Overview of ancestral sequence reconstruction (ASR). Ancestral nodes are inferred
through statistical methods and reconstructed ancestors can be created by sampling from the
distribution in those nodes. (Adapted from Spence &) al.

As mentioned above, ASR has produced catalysts with lifetimes >100 times longer
than their modern form$ (likely required due to the harsher environmental
conditions found on a younger planet), and produced more efficient and more
igeneral i zedo %ewedsliene thespeopetiesthateASR is able to
extract will be well suited to engineering nitrogenase for a bioelectrocatalytic
application. Nitrogenase is an ancient enzyme, dating from before the advent of
photosynthesié: for which many sequees have been deposited in databases
(~90,000 on Uniprotj* making this an ideal candidate for the application of ASR.
Our goal is to screen an AS#sed library for improved thermostability and catalyst
lifetime. Additionally, a reconstructed ancestral nitrogenase is likely not as dependent
on the cellular procsss of the host and could be more amenable to engineering for
higher faraday efficiency in a bioelectrocatalytic reactor.

We first used FireProtASR to perform ASR on Nédldneand selected two ancestors

of nitrogenase to be experimentally validaté&ince FireProtASR does cannot
manage a concatenated sequence to generate ancestors, we decided to generate
NifD/NifK pairs manually. W assembled a dataset aifncatenatedNifD/NifK
sequenc@iomologs usingackhmmerand then formed an MSA usi@ustalw’! "2

The MSA created in ClustalW was then passed to RAXML for ancestral sequence
reconstructiorf® Unfortunately, the publication by Garaé al in 2023 outlines a

very similar nethodology for ASR of NifD/NifK pairé? In addition to our own
ancestors, we will also test the sequences from Getralaas potential engineering

starting points.

In addition to ASR, we were interested in the performance of generative protein
language models on generating a diverse set of nitrogenase homologs to use as
potential engineering starting poinBrotein language models (PLMs) are a subset

of natural language processing (NLP) models, where tokens (representations of either
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words or a collection of words) are represented by amino acids. The aim of a PLM is
to learn the relationship between amino acids when they form préi&ims learning
of this relationship is then used to infer certain properties of proteins such as its
function,® phylogeny’’ or structure€’® Another common application of PLMs is the
generation of protein sequences, in fact generation of protein sequences is built into
the training of the model itself. While there are myriad different model architectures
two main training objectives exist to infer the sequence of a protein, masked token
prediction and next token predictioRigure 38, SeeMachine Learning in Protein
Engineering. These models have been trained on large protein sequence datasets and
are not directly capable of generating specific proteins without nudging them into the
right direction. This nudging is performed via fiming, where the model is-re
trained with a vgy low learning raten a family or protein sequence one wishes to
generate homologous memberg%f.

ESM2: ProtGPT2:
Masked Token Prediction Next Token Prediction
N \
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Figure 38: Main differences in training objectives for ESM2 and ProtGPT2 sequence generation
tasks. ESM2 sequence generation works via masked token prediction, where random tokens (i.e.
amino acid residues) are masked for the model to predict. The model tak@&sdbeding context

into account when making a prediction on a token. ProtGPT2 sequence generation works via next
token prediction where a protein is constructed sequentially and only the context of previous
residues areonsideredor the prediction of theext one.

Evolutionary Scale Modelling 2 (ESM2) is a PLM based on the transformer
architecture trained on 250 million sequence clusters frorR&fB0 withup tal5

billion parameter$® The first iteration of ESM was published in 2019 with the
objective of learning about protein sequences by scajinghodels in terms of
parameter size to capture the evolutionary relationships between protein seéfuences.

It is trained as a masked language model where amino acid residues are masked from
the model during training antlé model has to predict the amino acid at a position
given its sequence conteliISM2 is a very powerful model, capable of capturing the
function of proteins, the way they fold, and is capable of generating a sequence based
on a particular fold®

Similarly, ProtGPT2 is also a transformer model trained on 45 million sequence
clusters from UniRef50, using 738 million parametéighile ESM2 was developed

for the general task of understanding proteins, ProtGPT2 was trained for the purpose
of protein sequence design. This is also reflected in the next token prediction tasked
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performed during training, which is similar to the task that ChatGPT is trained on for
examplé® In next token prediction, the modallvays predicts the next amino acid
in the protein sequence, using only the context of the previously generated residues
to determine the nature of the next one. Compared to ESM2, ProtGPT2 lacks the
global context on protein sequence families, but is geod at generating sequences
that are similar but still distant from the sequences in the dataset.

We finetuned both ESM2 and ProtGPT2 with two different datasets, one obtained
via a BLAST search and the other vimekhmmersearch of NifD, resulting in four
separate NifD sequence generation modelsjadkdammersearch resulted in 23315
sequences for finining, where sequences can be from any homolog of fiifbe

BLAST search was very specific toward only NifD sequences from different
organisms, resulting in a more uniform dataset in terms of the nature of the sequences,
but a lot smaller with ogI85 sequenceS After fine-tuning the models, we generated

5000 sequences in each model to be processed furleehen performed a pairwise
alignment of each generated sequence vs NifD to determine how similar they are to
the seed sequence. Next, we filtered the sequences for the existence of certain
residues. The first filter determines whether all catalytic vesiaf NifD are present.

For the second filter we analyzed the residues on the interface of NifD and NifK in
PyMol and pickeebut the residugthat are within & of each other. Sequences that
missed those interface residues were removed from the generated sequence list.
Lastl vy, the sequencesd structures were pre
aligned againsA. vinelandiiNifD (Figure 39A).52

None of the sequences generated by ESM2 had any of the catalytic residues and could
not be considered homologs of NifD. ProtGPT2 Hfimeed using thgackhmmer
datasegenerated 287 sequences that passed the catalytic residue filter, but none that
passed the NifD/K interface filter. ProtGPT2 finmes using the BLAST dataset

was a lot more successful, with 4483 sequences passing the first filter and 6 passing
the secod filter. We show the structural alignment of the 3 of those sequence in
Figure 39B.

With these sequences generated and the structure prediction being similar to
vinelandiiNifD, we will be transforming these variants ir&o vinelandiiusing the
genetic system described Figure 34 to determine whether the variants are
functional NifD variants. We would then further explore the properties of these
variants, especially for their bioelectrocatalytic efficiency.
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Figure 39: NifD PLM generation workow and results.A) Workflow of NifD PLM sequence
generation. We first finduned ESM2 and ProtGPT2 using two different datasets from jackhmmer
and BLAST. We generated 5000 sequences using th¢ufireel models and ranked them based on
their pairwise sequence alignment gsBlosum62 as the substitution matrix. We then filtered the
sequences based on the existence of important catalytic and interface residues, before finally
performing a structure prediction and aligning agafnstnelandiiNifD. (B) Results of the top 3
variants generated via ProtGPT2 fitumes on the BLAST dataset.



Produtondasti ng Catal yst

A main hurdle toovercome to make any green ammonia production process
economically viable is increasing tloatalyst lifetime This metric often remains
unreported in initial studies of sustainable ammonia production but is nevertheless a
crucial property of the catalyét.The Minteer lab has not reported the lifetime of
nitrogenase in their reactor, but it is at best oné’dapd at worst one hotf). From

a practical perspective, increasing the catalyst lifetime will decrease the capital
expenditure by reducing the aomt of maintenance on a functional reactor as well

as reduce the logistical issues that would come with regularly having to supply highly
distributed reactor sites with new catalyst. One problem that many biocatalysts face
i's that nat unendyme lietone is oftendammanage it byhcontinuous
replacement® Understanding the mechanisms of catalyst inactivation can be used as
the basis to mitigate the problemitrogenase has a few known mechanisms of
permanent inactivatiopermanent deaetition by contact with oxygefi,a pH and
turnoverdependent permanent deactivation mechaffisamd thermally induced
denaturation. Oxygen dependent deactivation is not very well understood, but
researchers have prevented this mechanism by manipulating nitrogenase using
anaerobic techniques. Similar to other electrocatalytic ammonia productiords)etho
hydrogen can be used to remove oxygen from the reaCoe. can imagine using

the hydrogen produced by nitrogenase to keep the reactor atmosphere @naerobi
minimizing or eliminating usage of the gas as an additional consumable.

Increasing the thermostabyliof enzymes is often seen as an imperative to making a
biocatalyst successful for two main reasons: (1) According to the Arrhenius equation,
the reaction rate increases exponentially with a rise in temperature which is often
summarized as theirule for enzymatic processedhe reaction rate doubles for
every 10C increase in temperatui®(2) Throughout evolution, proteins are usually
only marginally more thermostable than is required by their environmental
conditions. Natrally evolving proteins often accumulate functionally neutral but
thermostabilizing mutations in order to tolerate a functionally beneficial mutation
that is destabilizin§’ For protein engineering this means that more thermostable
proteins are often more evolvable because they can tolerate more mutations to
produce a protein with higher fitness. Jesse Bloom summarized this in the concept of
iprotein stabibi k% Thgeéforenmoanhyensethodsyhhave \been
developed to recognize thermostatilg mutations in a given protein, especially
computational methods that reduce the cost and time expenditure of the process.
Using metrics such as crystallographi¢a8tors, forcefields from MD simulations,
machine learning based approaches, and/oeiprdesign software such as TRIAD

or Rosetta, leaves us with many options to consider for thi€’ans. ni t r ogenaseo6s
structure has been waltudied in multiple organisms and in a wide range of
conditions, the protein is well suited for thermostabil@atisingn silicomethods?®
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We aim toutilize these methods to increase the stabilit.ofinelandiinitrogenase.
In addition to providing us with a more stable catalyst with likely a longer lifetime, a
thermostabilized nitrogenase might also allow us to increase thetspaggeld by
increasing the power input of the bioelectrocatalytic reactor, @eased power
usually increases reactor temperatures. Thermostabilization software can provide us
with a library of variants that can be measured for using differential scanning
fluorimetry (DSF). DSF assays such as Thermofluor have been used in-a high
throughput fashion to obtain approximate apparent protein melting temperafuyes (T
by using fluorophores that are activated when binding to the hydrophobic cores of
unfolded proteing® The main factor limiting throughput is often protein purification,
but the need for only a small amount of protein in these assays enables the use of
high-throughput protein purification methods utilizing, for example, ni®KEA
binding in a 9éwell plate format.Increasing the thermostability of a protein could
reduce the #xibility of the protein and possibly prevent catalytically required
conformational c¢changes. Given this, weoll
does not impede nitrogenase reactivity. Data from thermostability and enzymatic
activity could also pvide insights into the necessary flexibility/rigidity of the
nitrogenase complex to further advance our understanding of the e¥{zyme.

Lastly, we will tackle the irreversible pH(pH > 8.6) and turnovedependent
deactivation of nitrogenase first reported by Pham and Burgess in°198&
deactivation mechanism prevented efforts to generate highly reducedpviaém

for structural and biochemical studies by lowering the presence of protons in the
buffer. A subsequent study by the Rees lab has shown that this was not a simple
denatuation of the protein due to high pH as is often observed with proteins, but
rather a consequence of a q@ex turnover dependent mechanidgven at the
catalyticallyoptimal pH of 7.8, this inactivatiois observablgalbeit slowly?® The

study further revealed that the hydrodynamic radius of the protein increased, however
they could not spectroscopically observe any changes to the metal cofactor
environments. Recently, the Rees lab $@lsed the structure of the pHactivated
nitrogenase complex, revealing a striking similaritgpo-nitrogenase, with the-C
terminus of the protein being unstructuféd.

We aim to useomputational protein desigoolsto stabilize nitrogenase agaitis¢
unfolding of the Germinus in an effort to prevent turnover and pH dependent
deactivation of nitrogenas@s opposed to purely thermostabilizing nitrogenase, in
this approach we need to measure the deactivation of the protein under turnover
conditions A pH-stabilized variant would also allow us to determine the ideal pH of
the system, which to our knowledge has not been performed by the Minteer lab and
their system pH wé&es from study to study.

This part of the projectwith its focus on deactivation mechanisms of nitrogenase,
will serve a dual purpose. By providing stabilized variants of nitrogenase, we will not
only likely increase the catalyst lifetime making our ammonia production approach
more economicallgompetitive butouldalso provide the scientific community with
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new tools to probe the mechanisms of nitrogenase catausisinitial goal is to
improve catalyst lifetime to one we€ekhe later benefit of this aim will have wide
reaching consequences for the future of nitrogenase. A better understanding of
nitrogenaseods i nner wor ki ngs and a stabil
biotechnology in the quest of expressing nitrogenaseeirotbts of plants in order to
avoid nitrogen fertilization altogether for certain crops.
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Materials and Met hods

Materials

Solventsand buffer saltsvere purchased from Sigma AldricKoptec, Fisher
Bioreagents ani¥erck. Media for bacterial expressiarere purchasefiom Merck
Millipore. We used Invitrogen Mix&Go DHEfor plasmid A. vinelandiiwild type

was given to us as a gift from the lab of Doug RéesinelandiizNifD/K and the
pDJ33 plasmid was given to us as a gift from the lab of Dennis Dean.
Oligonucleotidesand genewere synthesized by Integrated DNA Technolod?&R
reactions were performed on an Eppendorf Btagctler Gradient. Plasmids were
purified using the Zymo Research Zyppy Miniprep Kit. Agarose gel electrophoresis
for DNA fragment purification was performed at 90V using TAE as buffer and 1%
agarose gels (Merck Millipore). Gel excisions from agarose §yél Electrophoresis
were processed using the Zymoclean Gel DNA recovery kit. DNA gels were
referenced against the Goldbio 1kb DNA lad@A concentrations were measured
with aNanodrop ND1000. 96well growth assays were performed in Corning® 96
well plates. Growth was monitored on an Agilent Biotek Epoch 2 plate reader.

Burkbés Medium Recipe

Burkds medium i s prepared by making two se
only combined when ready to grow cells. The first solution is a phosphate buffer

made up of 0.2g/L KEPQy, 0.8g/L KkHPOQw. The second solution is made up of

200g/L sucrose, 2g/L MgS&H;0, 0.9g/L CaGIRH.0, 10eM NaMoOsAd-0,

50mg/L FeS@XH,0. The two solutions are mixed in a 9:1 ratio of the §icdtition

to the second solution.

l ron deficient Bur kds medi um | seMprepared
NaeMoOsAd-0, 50mg/L FeS@YH.0 in the second solution.

Burkds medium agar plates are prepared by n
prior tosterilization.

Burkds medi um ( N+) i sOAonta ttheesecong solttbmipriorg 1. 5g/ L
to sterilization.

Transformation of A. vinelandii

From a glycerol stocl). vinelandii s st ruck out on Burkds medi
and grown at 3T for 23 days until colonies are visible. Then a colorstiack out

on iron deficient Burkodés medi umddayg.ar pl ates
Thenacolonyisised to inoculate a liquid culture
and grown at 3@, 170rpm overnightCultures should be visibly green at this point,

indicating that the cells are now competeht.vinelandiiis then trasformed by

addng leg of pDJ33 plasmid containing NifD/NifK and leaving shaking for 5
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mi nutes. The culture is struck out on sel ec
) agar plates or Burkés medium agar pl ates

Diazotrophic Preselection Assay

Freshly transformedA. vinelandii cells or cells previously passaged through
kanamycinplatear e struck out -)agarpktesakddefttogrewdi um ( N
for 60 hours before counting cells and imaging.

96-well Growth Assay

Freshly transformed. vinelandicel ' s ar e first grown i n Bu
overnight, or until reaching an @3 of at least 1, at 3€ and 200rpm. Then cells

are spun down at 500xg for 5 mi-)nwmicees and r e
to get rid of excess ammonium in the medium. Cells are then diluted to an

ODs0c=0.05 before adding to the wells of a-@86ll plate. Cell growth is then

monitored on an Agilent Biotek Epoch 2 plate reader in incubator modéGf@&0

72 hours.
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Chapter 4

DEVELOPMENT AND SCALE-UP OFA CATALYZED
FORMATION OFCISTRIFLUOROMETHYL-SUBSTITUTED
CYCLOPROPANES USING PROTOGLOBINS

L. Schaus, A. Das, A. M. Knight, G. Jimer@sés, K. N. Houk, M. Garcia
Borras, F. H. Arnold, X. HuangAngew. Chem. Int. E@023, 62, €202208936;
Angew. Chen023 135, €202208936doi: 10.1002/ange.202208936

Abstract

Trifluoromethylsubstituted cyclopropanes (£EPAS) constitute an important class

of compounds for drug discovery. While several methods have been developed for
synthesis oftransCR-CPAs, stereoselective production of correspondiisy
diastereomers remains a formidable challenge. We report a biocatalyst for diastereo
and enantieselective synthesis ofs-CF-CPAs with activity on a variety of alkenes.

We found that an engineered protoglobin fré&eropyrnum perniXApePgb) can
catalyze this unusual reaction at preparative scale wititdaxcellent yield (6

79%) and enantioselectivity (199% ee). Computational studies revealed that the
steric environment in the active site of the protoglobin forceddesbenoid and
substrates to agbt a precis nearattack conformation. This work demonstrates the
capability of enzyme catalysts to tackle challenging chemistry problems and provides
a powerful means to expand the structural diversity gfCHAs for drug discovery.
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Bi ocatalysis in the Pharmaceuti cal

Natural products and natural product derivatives represent 38% of alappraved
drugs!?While in nature, the molecular scaffolds that can help us fight infections or
suppress coughing, are synthesized by cascades of enzymatic reactions, most of the
drugs on the market are produced via-b@tatalytic methods. Medicinal chemists
spend consiegrable time developing and testing multiple reaction steps to produce
complex molecular scaffolds that enzymes can makeinyaa fewstes.>*

On paper, biocatalytic strategies have many advantages over traditional chemical
methods. Enzymes have excellent regiod stereoselectivity allowing us to access
functionalizations that are very challenging with conventional catalystsey can
achieve diffusiodimited reaction rates and work under mild conditions which
combined with their selectivity could allow the omission of protecting groups in the
synthesis of a drutf:'* Enzyme promiscuity and their ability to be expressed from
DNA can be exploited to optimize and modify the properties of a biocatalyst through
directed evolution and other protein engineering technitfugere are also
significant environmental advantages to biocatalysis. The mild reaction conditions,
mean that there is less energy expenditure. The production of the catalysts in an
organism means they can be produced sustainably with lower carbon tsdfdrin
Conventional transition metal catalysts can sometimes rival the stereoselectivity of
enzymes, but the mining practices that provide these metals are often unsustainable
and unethical®

Despite these numerous advantageption of biocatalytic processes pales in
comparison to conventional catalystsa publication, Matthew Truppo outlines key
factors that are responsible for the slow adoption of biocatafy#tscess to
biocatalysts is a challenge that can be seen as three related problems, the ability to
obtain enzymes, the ability to use enzymes and range of reactions possible with
accessible enzymes. For some categories of enzymes, these problems have been
solved by companies such as Codexis, which sell screening kits for commonly used
enzyme classes such as ketoreductases (KRED) and transaminases*fATA).
Access to biocatalysts is however far more limited when more bespoke reactions are
required, especially for neto-nature chemistry. Protein engineering lead times pose
another problem. Even when a suitable enzyme for a reaction has been found,
engineerig through directed evolution is often too slow for the expected lead times
in pharmaceutical industriééRecent advances in computationally assisted protein
engineering techniques, such as machine learning, have helped to shorten
engineering lead times and may be a contributing factor to the increased adoption in
the past decad€?® The last key factor in the adoption of biocatalysis for the
production of small molecule drugs is reaction scgleWhile many advances for
biocatalytic reaction scalgp have been made in the past decade, it is still the case
that processes that may loimteresting in the laboratory can take a long time to get

to a scale that is useful for industrial applications. One key problem is the necessity
to use larger reactors in which the occurrence of nonideal mixing can produce



131
inconsistent reagent concentration, pH, or temperatures, which in turn can degrade
the catalyst®?!
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Scheme 4: Examples of biocatalytic reactions used in the synthesis of small molecule drug
(A) Example of largescale usage of a ketoreductases in the synthesis of an intermediate to prodi
a renal outer medullary potassium charinkibitor candidate by Merck (B) Example of a large
scale usage of a transaminase in the synthesis of an intermediate of a gamma secretase inhibi
Pfizer?® (C) Enzymatic cascade synthesis of Islatravir. GOase and -RaKKfusion are
immobilized via a polyhistidine tag. @wersion of sucrose and the phosphate product to ghucose
1-phosphate not shown. This last step pulls the equilibrium towards the Islatravir gfd¢RED:
Ketoreductase; ATA: Transaminase; GOase: Galactose oxidase; HRP: Horseradish peroxid
PanK: Pantothenate kinase; AcK: Acetate kinase; DERA: Deoxyribd¥eoSphate Aldolase;
PPM: Phosphopentomutase; PNP: Purine nucleoside phosphorylase.

G

Nevertheless, the past decade has seen considerable growth in the usage of
biocatalytic processes to produce small molecule drugs. This can be largely
contributed to advances in the first key point Matthew Truppo described about access
to biocatalysts. Noadays there are many 4ffeshelf enzyme kits that are
commercially available that help in rapidly finding a starting point for protein
engineering campaigns. To the best of our knowledge, the most common enzymes
that are used in kilograiscale biocatalyt reactions are KREDs and ATAs, both of
which catalyze reactions found in natuBelieme 4A-B).112223A notable recent
example of the usage of enzymes for the production of a small molecule drug is the
synthesis of Islatravir, an HIV reverse transcriptase translocation inhibitbeihe
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4.1C)2* The drug was produced via an enzymatic cascade, using nine enzymes in a
six-step reaction, requiring no intermediate isolation. Even more impressive is the
fact that no protective groups are used, and only a single stereoisomer of Islatravir is
produced wh 51% vyield. Part of the selectivity comes from the excellent
enantiomeric excess produced by the galactose oxidase (GOase) and the kinetic
selectivity of the pantothenate kinase (PanK) towards thal{lRhyde intermediate.
This example showcases thalyrtransformative potential that biocatalysis can have
in the production of small molecule drugs.

The above enzymatic reactions showcase some of the advantages of using enzymes

iPr SO;N=IPh iPr Sz |
) 8 1 +
Rabbit Liver NH ©/
Cytochrome P450
Via: [ ]

Scheme £: New-to-nature enzyme catalyzed reaction first discovered by SeastidRabbit liver
cytochrome P450 catalyzes the insertion of a nitrene intbidb@nd on the same molecule, via an
iron-nitrene intermediate that forms in the active site of the enzyme.

instead of conventional catalysts to achieve high selectivity and high yield. Despite

these chemists require ever evolving tools to tackle new synthetic praBlems.

However, many commercially available enzymes catalyze reactions that are known

in nature, which only provides a narrow reaction scope available to biocatalysis. In

1985 Svastits and his aworkers demonstrated that a rabbit liver cytochrome P450

could acitvate a nitrene precursor and catalyze-Bl @mination reaction, showing

that enzymes could be used for reactions that aretaeature Error! Reference

source notfound).?®Fol | owed by the practical applicat
theoretical work on protein evolution by Frances Arnold in the 1990s, the gates were

opened to explore a new reaction space catalyzed by engineered eltA/Siese

then, enzymes have been engineered to catalyze carbene addition across alkenes and
alkynes’?832 nitrene GH insertions,*¥% Diels-Alder reactions/>® and Kemp

eliminations to name a fet¥**While much work has been done to engineer proteins

to be capable of catalyzing ndwsnature reactions, in order to be truly useful in

i ndustry, protein engineers need to keep
perspective in mind. Ideally, the engineepedteins should be sheidtable or even

lyophilizable. The reactions should be as easy to setup as those using a conventional
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small molecule catalyst. Lastly, protein engineers should demonstrate that the
reactions work at a larger scale then the eftem e n -sealef®4!
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Protogl obins

Much of the Arnold | abds panatgreireactonso engi ne
focused on cytochromes P450 and cytochrotraesthe parent enzynig*2The lab

has shown that these enzymes can be evolved to catalyze a wide range of reactions.

In his thesis work, Dr. Anders Knight wanted to explore the world of metalloenzymes

beyond cytochrome®.Inspired by the concepts of evolvability described in a paper

by Jesse Bloorf? Anders Knight was looking for ireheme cofactor proteins from

thermophiles. One of the enzymes that showed a very broad substrate scope for the
cyclopropanation reaction of unactivated alkenes was a protoglobin from

Aeropyrnum pernix®°

Protoglobins are iroheme cofactor proteins found in Archaea with unknown
biological function. The little that is known about them is limited to the protoglobin
of Methanosarcina acetivoran3 hat protoglobin has been shown to bind the gases
0., CO, and NO reversiblyn vitro, as well as cyanide, azide and imidaZét€.it

is also observed to having a low @issociation constant. It has been hypothesized
that protoglobins are the extant predecessors to géahipled sensors (GCS) and
may be closely related to the globin of the last universal common ancestor (LUCA)
due to its promiscuity in gas binding aime thigh oxygen sensitivifi:*’ Regardless

of their natural function, the two properties of high promiscuity and stability at high
temperatures make them excellent candidates to explore and engineaturah
functions.

ApePgb
o g
N\(

2

ApePgb

Variant R, ParPgb

R, —_— /A Varlant
\T/ R,
R, f

Ny

o Varam YA ParPab
—b— Varlant
BHDJ\/ /@/\

Scheme 4&: New-to-nature chemistry catalyzed by protoglobin variants discovered in the past five
years. ApePgh:Aeropyrnum perniyprotoglobin;ParPgb:Pyrobaculum arsenaticuprotoglobin.

Since Anders Kni ght 6-wnafure reaction datalgzedobyer vy o f
protoglobins® these proteins have found a lot of success in protein engineering
campaigns in the Arnold lab. In the past five years, protoglobins have been shown to
catalyze carbene mediated cyclopropanations using diazo carbene precursors as well
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as diazirine carbene precurs$té®4 C-H primary amination and
aminohydroxylation (Scheme 43).In addition, as described in this work,
protoglobins can be lyophilizexhd remain functiongf as opposed to cytochromes,
and used at larger scale than has been shown with cytochromes.
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Organofluorines

Fluorinecontaining molecules (organofluorines) have become one of the most
important classes of compounds in medicinal chemistry. Recent reports state that
20% of marketed drugs contain fluorine, a number that has only grown over the years
versus conventional drug molecuf4® This growing success rate of
organofluorines suggests that these drug candidates can minimize the risk of
unsuccessful drug triafé°°Fluorine moieties can provide many desirable properties

to a drug candidate. Thd E bond is one of the strongest bonds a carbon can form,
significantly increasing metabolic stability. The electronegativity of fluorine leads to
bond polarization which canshift the lipophilicity/nhydrophobicity of a
compound®4® Fluorine can act as a weak hydrogen bond acceptor through its
hole>52 which together with the large VaterWaals radius makes it a good
carbonyl isoster& Bioisosterism is an important concept in medicinal chemistry,
which allows functional groups with similar shapes to be interchanged without
inducing a |l arge change i°Astahexamgle,oupds
trifluoromethytsubstituted cyclopropanes can act as abisl bioisostereto
improve the bioavailability and metabolic stability of drug compounds, making them
highly valuable for the pharmaceutical indug®gheme 4.4Y* %6 Drug development

is a challenging, timeonsuming and expensive process, on the order of $1 billion
per marketed drug. Thus, providing medicinal chemists with the tools to access new
organofluorines can have a significant impact on the success of delgmtaent.

Among various organofluorines for pharmaceutical development, trifluoromethyl
substituted cyclopropanes (&EPAs) have assumed a privilegaukition, as they
combine the conformational rigidity of cyclopropanes and desirable medicinal
properties of trifluoromethyl groups in one moiéty’

w e 4 Metabolic Stability
D>
. Q _~ 1 Lipophilicity

sGC Inhibitor CFTR Channel Corrector ~

N P ~ o -
@N?NQ 4 Rigidity of Molecules
o :

TCC Blocker

Scheme 4.4: Examples of EEPAs in the pharmaceutical industnp)(Bioactive Ck-CPA
examples from left to right: Class of soluble guanylate cyclase (sGC) inhibitors by Bayer outlined
in a recent pater(f?vO 2022/122916 Al Bamocaftor, a cystic fibrosis transmembrane regulator
(CFTR) channel corrector by Vertex Pharmaceuticals, currently in clinical t(dds
10.1056/NEJMo0al8071})9Apinocaltamide, a Fype calcium channel (TCC) blocker by Idorsia
Pharmaceuticals, currently in clinical trigtdoi: 10.1111/epi.14732(B) Set of property changes

that are desired in drug candidates whesiuiding Ck-CPAs in molecules.
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Because of the prevalence of&FPAs in medicinal chemistry, there are continuous
efforts in developing catalytic methods for enantioselective synthesiszeTAs
(Scheme 4.5% % Despite considerable progress, a few challenges remain. One is
the limited substrate scope, as most methods developed so far have focused on
cyclopropanation of styrenes and arsuoestituted alkenes:>8°%1%7 Fyrthermore,
the majority of current catalytic methods only producedtithes-diastereomer of
CR-CPAs, which is often thermodynamically and kinetically favSred’®
Accessingcis-CR-CPAs is considerably harder, most likely due to an additional
steric challenge posed in the s transition stat€ The only method reported to
selectively synthesize tloes-CF-CPA used a Core@€haykovski reaction on highly
electrondeficient b-nitrostyrenes$? it is neither catalytic nor enantioselective.
Gaining access tas-trifluoromethylsubstituted cyclopropanes will be valuable for
full exploitation of CE-CPAs for drug development, as it is known that molecular
topologies otis- andtrans-cyclopropanes are quite different and often lead to drastic
differences in their biological propertié’s.

A R, CH;NH;*CI,, NaNO, - RZA
| = Co'' or Fe'l catalyst ‘ =
z /o
R, Ry
Ry H, Me, CF,, OMe, ClI, Br, NO, Up to 95% Yield
. Up to 99:1 d.r. (trans)
Rj: H, OAc, CH,0Ac Up 1o 97% e.e.
CH;NH;*CI', NaNO,
B R Ri A
Ar Myoglobin Variant Ar
Ry H, Me Up to 99% Yield
Up to 99:1 d.r. (trans)
Up to 99% e.e.
Ph ®
C \§A ®OTf §02
Ph /A
Ar/\\\/NOZ - Ar
Base
Up to 98% Yield

Up to 91:9 d.r. (cis)
Scheme 4.5: Overview of strategies for the synthesis ¢f0FfAs. A) Transitionmetal catalyzed
strategies first reported by Le Maex al”?in 2006 and expanded by Morareti al®8 in 2011.
These first synthetic strategies were limited to -apfbstituted alkenes and showed strong
preference for the tranzroduct across all substrateB) Enzymecatalyzed strategy reported by
Tinocoet al in 2017%° While an overall improvement to the previous strategies in terms of yield
and selectivity, the strategy is more limited in substrate scope and in scalen(@dl5eactions).
(C) First report of a ciselective synthesis of GIEPAs by Hocket al in 2017 This strategy
uses a Corefhaykovsky on highly electredeficient a-nitrostyrenes. The reaction is neither
catalytic nor stereoselective.
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In this work, we present a method to synthesietrifluoromethytsubstituted
cyclopropanes using new laborat@yolved variants ofAeropyrnum pernipand
Methanosarcina acetivorangrotoglobins (denoted a#\pePgb and MaPgb
respectively). Previous work showed tiAgaePgb could be engineered to catalyze
the cyclopropanation of unactivated alkenes using ethyl diazoacetate, yielding
correspondingcis-cyclopropaned? Thus, we speculated that protoglobins can be
evolved to catalyze the challenging synthesisi®fCR-CPAs despite the fact that
iron-porphyrin catalysts overwhelmingly produce tlrans products®’2 The
motivation to choose protoglobins to explore this reaction came from the fact that it
is an ironheme cofactor containing protein that is mainly found in thermophiles.
Properties of proteins from thermophilic organisms make them more evolvable and,
we hypothesized, more amenable to sagls. This approach enabled us to scale up
the reaction to 1 mmol using lyophilized whalell powders, which can be used
without celtculture experience.

ApePgb ApePgb
Y60G F73W | R H W59L Y60Q /A
R\\A <= |7 Y e
trans-selective H N, cis-selective

1-mmol-scale, Lyophilized whole-cell powder
Up to 55% Yield; Up to 99:1 d.r.; Up to 99% e.e.

Scheme 4.6: In this chapter we will present a scalable biocatalytic synthetic strategyttarisrm
andcis-CR-CPAs. While lower in overall yield to previously reported approaches, the substrate
scope is much more expansive, going beyondsrgktituted alkenes and includes unactivated
electrondeficient, and electrerich alkenes.
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We screened several of variants of protoglobin catalysts, previously engineered by
Dr. Anders Knight, for initial activity for productioois-CFR-CPAs. For screening
conditions, we devised a method that would enable sufficiently high screening
throughput during both initial activity search and consecutive enzyme engineering
steps Error! Reference source not foundA). A 96-deepwell plate screening assay

was enabled by the preparation of solutions of trifluorodiazoethane via a protocol
first reported by Gilmaet al. (Figure 41B, seeMaterials and Methodsr details)’

This approach has been demonstrated to enable sufficiently high screening
throughput during both initial activity search and consecutive enzyme engineering
steps’* Throughthis initial screening, we found that witgpe ApePgb can catalyze

the formation oftis-CR-CPA 1 with a total turnover number (TTN) of 11Bigure

4 1Error! Reference source not foundC).
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Figure 41: Variant screening strategy and results for the enzymatic formatiois-GFs-CPAs.

(A) Initial screening for activity was conducted in@@ll plates with each row containirtg coli

cells expressing a protoglobin variant at 30 in M3-N buffer. To this we added a carbene
precursor solution trapped in ethanol, as well as the respective alkene for each column, and ran the
reaction for 16 hours. Results were analyzed on GCMS to confirm formation of the desired product
at a favorhle diastereomeric ratioB] Reaction setup for the formation of carbgmecursor
trapped in ethanol as outlined in Gilmahal (C) Results of reaction screening and directed
evolution ofApePgb While evtving for the formation of trar4, we discovered that the mutations

to producdrans-CFs-CPAs do not change diastereoselectivity for comp@jpdeferably forming
thecisproduct. TTN: Total Turnover NumbeéThe major diastereomer is compouas detailed

in the compound characterization section.

I )
Bno™ BnO™ 7 SY%Sequenceldentity

We next carried out sisaturation mutagenesis (SSM) and screening on four sites
including W59, Y60, F73, and F145. These four sites were chosen based on their
proximity to the heme center. Previous studies also showed that they were important
for regulaing the stereoselectivity of carbetransfer reactions catalyzégePgh®°
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Through this engineering, we were able to improve the TTIRpePgb for this
abiological reaction to 420 (3f8ld improvement) by introducing two mutations,
W59L and Y60Q. This is the first example of a catalytic method that can selectively
producecis-CFs-CPAs from alkenes. ThgpdPgb W59L Y60Q ApePgb LQ) variant
showed activity on a broad range of olefins including eleatidnand electron
deficient styrenes, unactivated alkenes, and heteresibstituted alkenes. The
diasteree and enantioselectivés were moderate to excellent for most tested
substratesHigure 42). The yields ranged from 6% to 55% in-eninolscale reaction
using lyophilized powder of wholescherichia colcells expressing thepePgb LQ
variant. We also tested the reactions with clarified cell lysates. However, the yields
dropped significantly presumably due to the instability of protein in cell lysates under
gas bubbling conditions. Products 2, and 3 were particularly interesting since
neither thecis nor thetrans forms of these compounds have been synthesized
previously. And the successful productior2@nd3 showed that this method could
be used to synthesize quaternary chiral center
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Figure 42: Substrate scope of the cyclopropanation reaction of trifluorodiazoethane with an alkene,
catalyzed byApePgbLQ. Yields, diastereomeric ratios (dr), enantiomeric excess (ee), and TTNs
of the reactions are reported. Yields are reported as analytical yields measiiiedWitR against
4-fluoroacetophenone of known concentration. Reactions were runnamnd scale with
lyophilized wholecell powder at Okbo = 45 in M3N buffer with 2.5% ethanol as ewlvent.
Absolute configurations were not determined. W&re not able to determine the eel6fdue to
difficulties in separation on chiral GEID
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When we initially scaled the reaction from analytical to preparative scale (1 mmol),
we observed an undesired 3+2 cycloaddition side reaction that was negligible in
reactions at analytical scale. This cycloaddition is detrimental since the product is
known to undergo a thermal contraction reaction to afford the corresponding CF
CPAs with no diastere@nd enantiaontrol (Table 41).5%7°To investigate this, we
performed a tim@&ependent analysis of the reaction outcome, which showed that
ApPgb LQ catalyzed the cyclopropanation reaction rapkyufe 43). The desired

cis product was formed within 20 minutes, and the yield was maximized at 55% at
4-emol scale. The most interesting observation was the rapid accumulation of the
3+2 cycloaddition product in the initial five minutes of the reaction. We reasoned
that this phenomenon indicated that the formation of cyclization products was
favored when corentrations of alkenes and trifluorodiazoethane were high.
Therefore, we resorted & situgeneration of trifluorodiazoethatfeand a slow
addition of the alkene into the reaction mixturais greatly improved the yield and
diastereoselectivity of the reactions at preparative staldd 41).

R, R
/\ 1
R, N7 . A Ry
A - N >
R, M9-N, EtOH N R>
Enzyme/Control Substrate Slow Yield d.r.
Addition (cis product) (cis:trans)
ApePgb W59L, Y60Q (LQ) Benzyl acrylate No 6% + 3% 88:12
M9-N Benzyl acrylate No NR ND

ApePgb W59L, Y60Q (LQ) Benzyl methacrylate No 56% + 25%2 57:43

M9-N Benzyl methacrylate No 23% +0.01%2 50:50
ApePgb W59L, Y60Q (LQ) Dimethyl itaconate No 14% + 1.5%" 92:8
M9-N Dimethyl itaconate No 3 +£0.003%® 41:59
ApePgb W59L, Y60Q (LQ) Benzyl acrylate Yes 30% + 4% 97:3
ApePgb W59L, Y60Q (LQ) Benzyl methacrylate Yes 35% + 13%2 98:2
ApePgb W59L, Y60Q (LQ) Dimethyl itaconate Yes 30% +0.7% 99:1

Table 41 Proposed mechanism for loss of diastereoselectivity on preparative scale reactions.
Reactions were carried out in preparatheale format with lyophilized wholeell powder. The
slow-addition column indicates whether the alkene was added via slow ad8itioimutes after

generation of the trifluorodiazoethane gas. Yields for
yields calculated from a calibration curveonaBC D. Yi el ds for fisl ow addition: ye
as analytical yields from'®F-NMR. Fo r benzyl ni®t hparcordyulcatt er, e flier s to the
diastereomer in which GRand benzyl ester groups reside on the same side of the cyclopropane

ring (compoun®) . For di metisbyprotaconateéerd to sthe diaster eom

and methyl ester groups reside on the opposite side of the cyclopropane ring (coB8)pdlihe
major diastereomer is compouBas detailed in the compound characterization section.
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bThe major diastereomer is compouBés detailed in the compound characterization
section. NR: no reaction product detected. ND: not determined.

During the evolution of thApePgb LQ variant, we learned that mutations at position
F73 can dramatically influence the diastereoselectivitApdPgb catalysts. We
performed further rounds of SSM at residues W59, Y60, and F73, resulting in the
discovery of amApePgb Y60G F73W (GW) variant which selectively catalyzed the
formation of thdransproduct for the benzyl acrylate model subst(atgure 41C).

To further expand the synthetic utility of this catalytic system, we tested whether the
key LQ and GW mutations identified fokpePgb could be transferred to the
protoglobin fromMethanosarcina acetivoran@laPgb, 57% sequence identity to
ApePgb) and conserve catalytic properties. The choité&afigb, as opposed to other
known protoglobins, was motivated by the fact that, at the time, an experimentally
determined structure for this enzymested/®’" as opposed tBpePgb for which a
structure was experimentally determined after completion of this pfbj@tiis
allowed us to study the unigue ability of protoglobins to prodiseonformations

on cyclopropanes silico. In all casesMaPgb LQ andvlaPgb GW achieved the
diastereoselectivity observed with tApePgb variants. One exception was benzyl
methacrylate substrate, with which tdaPgb GW variant showed notably reduced
preference for generating prod@aompared to ité\pePgb counterparf{gure 41).

These results demonstrate the utility of protoglobins for stereoselective synthesis of
CR-CPAs.
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Figure 43: Time trace of the cyclopropanation reaction ugipg”gb LQ. The reactions were setup
on4e mo | scal e -N-+nApe2db 0Q (ORoo =N89). The reactions were extracted with
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hexanes:ethyl acetate and measured ofFEC The depletion of the starting material stabilized
in 30 min with most of the desired product synthesized after 20 min.
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l nvestigating Divergent Selectivitie

Next, we explored the origins of the divergent selectivity observed in these
engineered protoglobins. Because of the high structural and sequence similarity
betweerMaPgb (PDB2VEB)* "6 ""andApePgb?! we based oun-silico studies on
MaPgb variants since there were more structural data availabaRgb. We first
performed density functional theory (DFT) calculations on a truncated computational
model to evaluate the intrinsic reactivity of histidiigated irorheme for Ck-
cyclopropanation in a protefnee environment (see Materials and Methods:
Molecular dynamics simulatiopsOur results revealed that a radical stepwise
mechanism was likely, due to the presence of the strong eleatitmirawing Ck

group on the irorcarbene intermediate and the electderficient character of the
alkene substrategigure 44, see AppendiD Figures 12 for details), which was
consistent with previous computational studies on truncated models of related heme
protein carbene systerfOur transitiorstate analysis revealed that formation of the
first CiC bond in the cyclopropane ring (TS1) was intrinsically favored for
generating theans-diastereomerovertiisi somer f or bot hY benzyl ac
=26kcalmof) and benzyl e2t0hkealanofy dulsstrates ($eep PG
Appendix D Figure 3for details). These calculations were in line with previous
experimental studies which showed that ipmmphyrin catalysts overwhelmingly
producedransproducts for cyclopropanatiéft’°These results were also consistent
with previous computational studies in whithns-cyclopropanation was found to

be the lowesenergy pathway and was preferred over tigecycloproanation
pathway by about 1.7 kcal-mbt®5°Our computational data also indicated that after
generation of the radical intermediate after the fiist@C b ond fhostereeat i on,
scrambling is likely to occur prior to a fast secoridCCbond formation step to
generate the cyclopropane rirfgigure 44).”° Overall, these results suggested that,

for cyclopropanation mediated by a histidiilgated hemecarbene complex in free
solution, the formation dfransCR-CPA products would be intrinsically favored.
Therefore, the activsite environment of the proteins must play a crucial role in
overcoming this intrinsic barrier and redirecting the reaction to selectivelycierm
CRs-CPAs.

To further investigate this, we first modelled the #gambene intermediate in the
active sites of wildypeMaPgb and thé&laPgb LQ and GW variants using molecular
dynamics (MD) simulationgHgure 45, seeMaterials and Method®r details)’8 8!

MD simulations showed that the ir@arbenoid explored two major conformations

in theMaPgb active sites, whose geometric features were influenced directly by the
mutations introduced. In wittype MaPgb andMaPgb LQ, which areis-selective,

the irorcarbenoids mainly explore orientations with B-Fe-C-C(CF) dihedral
angle around25° and +50°, respectively, whereas the preferred conformer for the
carbenoid in thdransselectiveMaPgb GW variant is described by &N-Fe-C-
C(CR) angle of aroundl00° and140° Figure 45A-B). Under these ircrarbenoid
conformations, assuming a similar binding pose for the substrate in the active site of
different protoglobin variants (see Appendix Figure 4for details), wildtype
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MaPgb and variarilaPgb LQ would preferentially lead to this-diastereomer and
variant MaPgb GW would mainly afford thérans-diastereomer. These results
suggest that the introduced mutations change the geometric constraints in the active
site and switch ironcarbenoid orientation, which ultimately controlled the
diastereoselectivity of the reactidfigure 45C-D).

Figure 44: DFT-optimized intrinsic reaction profiles for tinsandcis- CFs-cyclopropanation
of benzyl acrylate for the two possible diastereomeissapdtrans). A computational truncated
model was used. Calculations were performed at the uBaD3¥®I / Def2TZVP
(PCM=DiethylEther) // uB3LYP /-81G(d)+SDD(Fe) (PCM=DiethylEther) level of theory. Three
different electronic states (opshell singlet, OSS; closeghell singlet , CSS; and triplet) were
considered. For TS1, the higher in energy quintet electrteaie was also considered. Gibbs free
energies are given in kcal-mbl

Under this mechanistic scheme, however, there is one exceptairgb GW
preferentially produces thes diastereomer in the reaction with benzyl methacrylate
(Figure 41C). To further explore the origins of opposite selectivities offered by
MaPgb LQ and GW variants, we performed restrained MD simulations with both
substrates bound in LQ and GW active sites. Starting from structures corresponding
to the preferred carbeneimbund major conformers in LQ and GMAPgb variants,
benzyl acrylate (1) and benzyl methacrylatdé?) were docked into the active site.
These structures were then used to start 500 ns MD trajectories in which the
substrates were restrained at distances betweieB.2 A from the irorcarbenoid in

order to analyze accessiblearattack conformations (NAC) that they could explore
with respect to the ireonarbenoid and to avoid exploring unbinding events (see
Materials and Methodsr details)®? To study the relative orientations of the alkene
and ironrcarbenoid, geometric parameters based on two dihedral angles were defined
which allowed us to characterize the qig'trans character of the NACs explored

by the substrate and the carbene in each vesubdtrate pair along the MD
trajectories Figure 46, relative orientation of the alkene is defined by the orange
dihedral angle, and the relative orientation of the-zarbenoid by the blue dihedral
angle). These simulations revealed that when both substrates (benzyl adrdate
























































































































































































































