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Cell-free protein synthesis is a platform for streamlined production of macromolecules. Recently, several proteins
with pharmaceutical relevance were synthesised and characterised. Off-the-shelf reagents and parallelised
experimentation have enabled the exploration of many different conditions for in vitro protein synthesis and
engineering. Herein is described how machine learning algorithms were applied for protein yield maximisation
as well as for protein engineering and de novo design. Cell-free protein synthesis provides the biotechnological
platform to unlock the power and benefit of AI/ML for drug discovery and improve human health.

1. Introduction

The synthesis of proteins in the laboratory is an important process
that need to be streamlined. This optimisation will improve human
health through the discovery and prototyping of more effective bio-
therapeutics. Cell-free protein synthesis (CFPS) is the process that re-
capitulates the central dogma of molecular biology in vitro including
applications in biomanufacturing, metabolic engineering' * and syn-
thetic cells.* A comprehensive review with all the historical landmarks
and applications has been recently published” besides to an examination
on pharmaceutical molecule production in cell-free systems.® CFPS is an
integrated system with three modules combined: The lysate (proteins),
the energy (small molecules) and the DNA modules are interlocked to
generate an open system in which all the parameters necessary to syn-
thesise the proteins in vitro can be varied independently.”® Therefore,
representing a perfect platform to unlock the combinatorial power of
artificial intelligence (AI). CFPS is an easily accessible platform for
protein production at small scales with several advantages compared to
the expression in vivo, such as the decoupling of cell growth from protein
synthesis.” Importantly, CFPS is enabled by linear DNA containing all
the elements for transcription and translation.'® This is advantageous
because linear expression templates (LETs) can be synthesised in few
days bypassing tedious molecular cloning procedures necessary for
plasmids construction and propagation that require weeks. Further-
more, to detect proteins produced during or after the CFPS reaction
complementation assays were developed with engineered split-pro-
teins,''? and a quantification method using a fluorescence dye and a
minihelix was described.'® Off-the-shelf reagents can be used for
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high-throughput drug discovery campaigns exploiting automatic work-
flows for protein synthesis and purification using liquid handling
equipment' ' and microfluidic systems.'® CFPS platforms have some
key features that make this technology advantageous for accelerating
proteins discovery and prototyping, such as customisable reagents'’>'®
and accelerated timelines.'® In addition, accessibility and quick
response to drug discovery campaigns can be further streamlined with
off-the-shelf reagents prepared lyophilized and stored at room temper-
ature.”’ A streamlined workflow for protein production can shorten the
time for synthesis and protein in hand from days to hours. As a result,
protein variants can be quickly screened and selected for properties such
as: solubility, purifiability, stability, binding capacity, etc. Overall, such
features set the conditions for using CFPS as a time-efficient and
cost-effective tool for drug discovery. The drug discovery workflows can
benefit from CFPS integration to bypass laborious in vivo protein
expression protocols and shorten the timeline of biopharmaceuticals
design, synthesis and purification filtering for drug candidates that can
be tested for efficacy in animal models. The open environment of CFPS
systems enables multi-parameter optimisation with machine learning
(ML) to find specific reaction formulations that maximise CFPS yileds,
producing sufficient product quantities for testing in animal models.
Furthermore, drug discovery pipelines can benefit from the amount of
data generated through CFPS reaction miniaturisation to guide ML
through iterative processes of peptide engineering exploring the
sequence to function protein fitness landscape or to train models
providing accurate predictions. In addition, the easy accessibility of
CFPS systems can be useful to quickly validate the expression and ac-
tivity of hundreds of de novo drug candidates designed with AI. The
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sections below highlight some milestones concerning pharmaceutical
relevant proteins produced with CFPS and the use of the technology as
platform for ML optimisation and protein design.

2. Milestone events of pharmaceutically relevant candidates
produced with CFPS

Over the last 20 years CFPS has become a popular tool with many
biotechnological applications and developments.” Some developments
have included the implementation of large-scale production technolo-
gies following Good Manufacturing Practice (GMP) guidelines, which
have resulted in several human clinical trials of CFPS-based products.?’
More recently, CFPS has been positioned as a tool for personalised
medicine and diagnostics offering rapid and adaptable platforms for
customisable therapeutics.’” In this section are described some examples
of CFPS platforms developed to produce pharmaceutically relevant
proteins. An accelerated cell-free workflow for antibody discovery was
implemented to determine the binding capacity for the SARS-CoV-2
spike protein of synthetically dimerized antigen-binding fragments
(sdFab).?® The platform leveraged high-throughput (HTP) liner DNA
assembly in vitro and expression in an E. coli CFPS optimised for disul-
phide bonds formation. The output from B-cells was used to identify
effective antibody sequences and the binding capacity of the cell-free
synthesised fragments was evaluated with an AlphalISA assay.’® A
novel workflow leveraging CFPS, called “deep screening” was demon-
strated effective in discovering single-chain fragment variables (scFVs)
with improved binding affinity against clinically relevant targets in a
single 3-day experiment.” The “deep screening” pipeline implied the
grouping and sequencing of antibody libraries, the conversion of DNA
into mRNA on a chip and in situ translation into antibody fragments
linked by ribosome display and screening through labelled antigens.
Image analysis coupled to a ML algorithm (bidirectional encoder rep-
resentations from transformers, BERT) enabled the design of
complementary-determining regions (CDRs) and the discovery of anti-
bodies with up to 5200-fold increased binding affinity. Notably, with a
small library diversity (4 x 10° or 2 x 10°) compared to batch selection
methods such as, mRNA, ribosome, yeast and phage display (107 to
1012).4

Important efforts were conceived to design CFPS systems for non-
canonical amino acids (ncAAs) incorporation bypassing the drawbacks
of cell viability. The designs relied on recoded E. coli strains leveraging
the amber suppression mechanism.”>?° A genomically recoded E. coli
strain release factor 1-deficient, without the Sep-specific phosphatase
gene SerB, and engineered with an orthogonal translation system (OTS)
was utilised for site-specific incorporation of phosphoserine to the
human MEK 1 kinase, which was successfully expressed in milligram
quantities using CFPS(27). This result enabled an important
post-translational modification (PTM) that was used to recapitulate the
physiological signalling cascade in vitro.”” The engineering of E. coli
strains release factor 1-deficient was also relevant for site-specific
conjugation via click chemistry to develop antibody-drug conjugates
(ADCs) with payloads that enhance efficacy against tumour cells.”® A
cell-free workflow for the synthesis of ADCs was described based on the
addition to the CFPS reaction of prefabricated light-chains (LCs) previ-
ously produced and purified from E. coli. The develop of a in vivo/in vitro
protein synthesis platform based on efficient LCs manufacturing and
CFPS incorporation of ncAAs into Immunoglobulin G (IgG) resulted in
50-100 % increase in monoclonal antibody (mAB) titers.”® Resource
allocation during CFPS was likely the reason for the increase in protein
yield. The hybrid system was validated with five mABs at CFPS pro-
duction scale from 0.1 to 250 ml. The precise incorporation of a ncAA
into the IgG was utilised for azide-alkyne click chemistry to conjugate a
linker (SC236) with the cytotoxic payload maytansine generating ADCs,
which cytotoxicity was demonstrated with in vitro proliferation assays.”*
Another application of ncAAs incorporation with demonstrated efficacy
regards the development of vaccines. Through antigen-adjuvant
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conjugation was demonstrated superior antigen presentation in vitro and
major antigen specific CD8" T-cell production in vivo.”” The
toll-like-receptor (TLR) agonist was conjugated with copper free click
chemistry following CFPS incorporation of the p-azidomethyl-L-pheny-
lalanine (pAMF) into the amino acid sequence of the model antigen,
ovalbumin (OVA). Overall, CFPS resulted in an efficient methodology
and easy-accessible technique for the incorporation of ncAAs to produce
large quantities of antigen-adjuvant vaccines.”’ CFPS was utilised as a
platform to prototype virus-like particles (VLPs) and design a
VLP-antigen vaccine with increased stability and lower immunoge-
nicity.>* An E. coli CFPS system was used to rapidly screen HBc protein
variants to build an artificial disulphide bridge network stabilising the
nanoparticle. Furthermore, the negative charge on its surface was
reduced to improve conjugation efficiency via ncAAs incorporation and
click chemistry of immuno-therapeutics and adjuvants. Importantly, low
immunogenicity was conferred by transplanting a modified version of
the spike from a natural mutant.*° In addition, CFPS was also utilised to
produce PD-O78 glycoconjugate vaccines leveraging an engineered
E. coli strain harbouring the glycosylation machinery.?' This study was
important to demonstrate the production of vaccines that generate
bactericidal antibodies using CFPS production in a low-cost lyophilized
format and therefore exhibiting the potential of the technology for
decentralised biomanufacturing augmenting non-refrigerated storage
and transportation.”’

CFPS is a practical platform for the expression and characterisation
of G protein-coupled receptors (GPCRs). This family of membrane pro-
teins is involved in many physiological processes and is the major target
for drug development with 34 % of all drugs approved by FDA.>? Several
types of CFPS systems, prokaryotic and eukaryotic lysates, were applied
for the synthesis of GPCRs. For instance, a human GPCR (hOR17-4) was
synthesised using the wheat germ lysate in the presence of the detergent
Digitonin maintaining the solubility of the membrane protein®. The
protein was successfully purified with size exclusion chromatography
(SEC) and a-helical structure characterised with circular dichroism
(CD). The affinity constant Kp of the receptor for its ligand was derived
from surface plasmon resonance (SPR) measurements.>® In another
example, six GPCRs (four human) were successfully synthesised in an E.
coli lysate with the Brij78 detergent, purified and ligand binding
investigated to determine the Kp with total internal reflection fluores-
cence spectroscopy (TIRFS).>* An insect lysate (Sf21) containing
endogenous microsomes, which are membrane compartments derived
from the endoplasmic reticulum that offer a native lipid environment
and active translocon mechanism for the correct insertion and folding of
membrane proteins, in addition to PTMs, was utilised for the synthesis of
a GPCR (E-TB).*® Ligand binding was demonstrated without purification
with a fluorescence assay and Kp was obtained from a radioligand
binding assay. Interestingly, accessibility of the ligand for the receptor
through the microsomes was enabled with the supplementation of 0.03
% Brij35 that perforated the membranes.>> More recently, an E. coli
CFPS system was used for the cryo-electron microscopy (Cryo-EM)
structure determination of the human histamine 2 receptor (H2R) in an
active conformation with histamine and in complex with G hetero-
trimeric protein®®. The complex was formed with full length HyR, Gs and
the G; stabilising nanobody Nb35 in nanodiscs composed of DOPG
lipids. In addition, this study was significant because the membrane
protein was expressed in a detergent free environment, which may cause
receptor incorrect folding.>® Eukaryotic CFPS based on Sf21 and CHO
lysates were compared for efficient production of the GPCR
glucagon-like peptide 1 receptor (GLP-1R).*” Interestingly, the yield of
the receptor was higher for the CHO CFPS system but the correct
glycosylation, necessary for GPCR activity, was achieved only for the
insect (Sf21) CFPS system. Importantly, the accessibility to the extra-
cellular domain of the receptor integrated in immobilized microsomes
was demonstrated with an ELISA assay and therefore a radioligand
binding assay was applied successfully, proposing eukaryotic CFPS as a
screening platform for drug development.®”
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Antimicrobial resistance (AMR) has recently raised concerns due to
the overuse of antibiotics in the industry and the intrinsically antibiotic
resistance of some pathogens. This concerning scenario has re-energised
bacterio phage therapy as an efficient alternative to treat multidrug-
resistant bacterial infections and CFPS platforms can accelerate phage
production on demand.’® A novel production cell-free workflow,
“phactory”, was presented to produce clinically relevant phages tar-
geting K. pneumoniae, Y. pestis and ECEC with genomic DNA isolated
from purified phage stocks at clinically relevant titers of 10% PFU/ml.>
Taking advantage of CFPS as an open system through the pipeline was
possible to reboot the capacity of phage production synthesising in the
reaction the exogenous sigma factor of B. subtilis, and as a result extend
the in vitro system to produce phages against a Gram-positive bacterium.
Furthermore, the capsid of T7 was engineered via co-expression of the
minor capsid protein with a polyhistidine-tag that has allowed purifi-
cation with affinity chromatography of active phages at higher titers
through a transient non-genomic modification.®’ A novel CFPS work-
flow for phage engineering named PHEIGES, phage engineering by in
vitro gene expression and selection, was established for T7.%" This rep-
resents a rapid workflow for genome engineering, synthesis and selec-
tion. Engineered T7 genomes were rapidly assembled in vitro and used to
select mutants with increased host range without need of droplet com-
partimentalisation due to an emerging mechanism that guaranteed
genotype-phenotype linkage in the CFPS reaction.’ Further investiga-
tion will determine the generality of the genotype-phenotype linkage to
other phages produced in vitro. Interestingly, PHEIGES was applied to
the Salmonella phage FelixO1 which is the largest phage genome with a
titer of 108 PFU/ml, and in addition was demonstrated the expression of
E.coli phages VpaE1, T6 and the Salmonella phages FelixO1 and S16 from
their purified genomes therefore validating the capability of CFPS to
synthesise E. coli and non-E. coli phages with genomes ranging from 40
Kb to 170 Kb."

Antibiotic resistance represents one of the greatest threats to global
health and peptide-based antibiotics (PBAs) offer an alternative to
traditional antibiotics with more effective mechanisms of action against
resistant pathogens.*! CFPS has emerged as a powerful platform for the
discovery and synthesis of PBAs given its accessibility, flexibility and
speed.”! PBAs can be divided in three groups. The first group is the
antimicrobial peptides (AMPs), which contain the 20 canonical amino
acids and can be characterised by o-helical structure, proline-rich
(PrAMPs), tryptophan-rich (WrAMPs), arginine-rich (RrAMPs) amino
acids and cyclic structure formed by disulphide bonds. The AMPs have
different mechanisms of action depending on the structure, such as
disruption of the cell membranes or inhibition of protein synthesis after
membrane penetration.”’ The second group is the ribosomally syn-
thesised and post-translational modified peptides (RiPPs) containing
more than the 20 canonical amino acids with structure past linear
peptide and diversity arising from several PTMs including cyclisation,
cyclodehydration, glycosylation, N-alkylation and more.*' The RiPPs
are a broad class of natural products with a vast structural diversity and
functionalities that can go beyond antimicrobial activity.*? A novel CFPS
platform for the synthesis and activity evaluation of natural products
such as RiPPs was developed in the context of AMR.*® The unified bio-
catalyst (UniBioCat) recapitulates the biosynthetic pathway in vitro
co-expressing the precursor peptide and modification enzymes to pro-
duce the mature RiPPs. The production efficiency of the lanthipeptide,
salivaracin B, was increased using a lysate prepared from an engineered
E. coli strain proteases deficient and with chaperones added to the CFPS
reaction.”> Overall, such modifications resulted in increased protein
yields. The UniBioCat platform accelerated the engineering of salivar-
acin B with improved antimicrobial activity and the evaluation of ten
uncharacterized lanthipeptides.’® The first two groups of PBAs, AMPs
and RiPPs, are synthesised by the translation apparatus while the third
group includes non-ribosomally synthesised peptides produced by
complex enzymatic processes mediated by the non-ribosomal peptide
synthetases (NRPSs), which are large multi-modular enzyme complexes
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that catalyse the incorporation of diverse non-canonical substrates
(p-amino acids, p-amino acids, hydroxyacids etc.) generating peptides
with unique structures and efficacy.' Moreover, an innovative method
to generate peptides with ncAAs is the Flexyzyme system that allows
tRNA aminoacylation for the translation apparatus’ consisting in arti-
ficial ribozymes generating mis-acylated tRNA enabling ncAAs incor-
poration during in vitro translation*>“® leading, for instance, to the
potential discovery of pseudo-natural macrocyclic peptides.*”

A CFPS platform of the pathogenic bacterium K. pnemoniae was
conceived to contrast the rise of AMR.*® The platform increased the
throughput and shortened the timelines to study antimicrobials and
intracellular AMR factors. The development of the CFPS system from a
World Health Organization significant pathogen improves accessibility
for developing and screening new chemical and natural compounds in
BSF-1 laboratories.’® The CFPS system developed, was demonstrated
effective to determine the minimum inhibitory concentration (MIC) and
the half inhibitory concentration (ICsg) of 15 antibiotics with five
compounds having the same dose-response curve between the CFPS
system and an in vivo membrane-permeability assay. Therefore,
demonstrating that CFPS from a pathogenic bacterium can be used to
develop a useful bioactivity model to study antimicrobial activity within
cells.*®

Table 1 summarises cell-free synthesised products with pharmaceu-
tical relevance described in this section.

3. Machine learning optimisation of CFPS for suitable drug
efficacy validation

The CFPS integration into drug discovery workflows will shorten the
timelines for biopharmaceuticals production and efficacy validation in
animal models. The optimisation of CFPS should provide enough protein
for efficacy tests in vivo. For instance, CFPS-conjugated vaccines were
administered at 7.5-10 pg per mouse.*” In another example, anti-PD-L1
nanobodies were tested in mouse models at a dose concentration range
of 0.1-0.92 mg/kg.”® Furthermore, nanobodies targeting GPCR were
tested for efficacy in monkeys at a dose concentration range of 0.1-25
mg/kg.”! These examples suggest that if a mouse weighs ~25 g, then
2.5-23 pg of protein would be necessary. Therefore, would be reason-
able if 100 pl of CFPS reaction produced ~0.025-0.23 g/1. In contrast, if
a monkey weighs ~5 kg, it could require a 10000 pl CFPS reaction
producing 5 g/1 or more. However, such yield has never been reported
for a pharmaceutically relevant protein and is challenging to achieve.
Therefore, the CFPS reaction would need to be scaled up to deliver
enough protein for a study in large animal models. Assuming a 100 1
CFPS reaction®” producing ~0.5 g/1°° this would be sufficient to guar-
antee 1000 doses at a 10 mg/kg dose in monkeys of 5 kg body weight.
However, for a comprehensive study involving 100 monkeys would be
sufficient a more accessible 10 1 CFPS reaction format.>" These obser-
vations suggest that CFPS should be optimised to guarantee enough
protein for in vivo testing, considering that yields are protein dependent
and cost-effective formulations should be devised to face the challenges
of scaling-up the reaction. The most efficient method to simultaneously

Table 1

Cell-free synthesised pharmaceuticals.
Publication Year Pharmaceutical Relevance
A. C. Hunt et al.”* 2023  sdFab SARS-CoV-2 spike protein
B. T. Porebski et al.”* 2024  scFVs HER 2, ERBB2, hulL-7
J.P. Oza et al.”’ 2015  MEK1 Protein kinase
J. Hanson et al.”® 2023 ADC Cytotoxicity
A. M. Weiss et al.”’ 2021 OVA Antigen-adjuvant conjugation
Y. Lu® 2015  VLP VLP-antigen vaccine
K. F. Warfel®! 2023 PD-078 Glycoconjugate vaccine
Z. Kock™® 2024 HoR Human GPCR receptor
L. Haueis®” 2023 GLP-1R Human GPCR receptor
W. Q. Liu®® 2024  salivaracin B Peptide based antibiotic
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maximise CFPS reaction yields and reduce costs would be to apply ML
algorithms incorporating for instance a multi-objective fitness function.

E. coli CFPS is the result of a modular design in which the lysate
(proteins), the energy and the DNA modules are the three integrated
subsystems (LED integration).® CFPS is an open system where small
molecule mixtures (NTPs, amino acids, co-factors, salts, high-energy
phosphate donor substrates, crowding agents etc.) fuel the
transcription-translation representing the energy module.””® The mod-
ules underline a complex experimental space where the parameters can
be varied on different levels to optimise the CFPS system output. Large
experimental spaces can be designed reaching for example 1012 possible
combinations only varying the concentration levels of the small mole-
cules fuelling the system.”® As a result, it becomes impossible to explore
the experimental space exhaustively and therefore ML algorithms can be
used to allocate intelligently the experimental effort exploring only a
small subset of the possible combinations and successfully optimise the
fitness function of the system. The design-build-test-learn (DBTL) cycle
depicted in Fig. 1 represents the iterative framework that leverages CFPS
and ML to optimise protein synthesis and engineering. The DBTL cycle
integrates CFPS and ML in an iterative process that leads to an increase
of the fitness function accelerating drug discovery. The fitness function
could be the yield of a target protein and/or the design of cost-effective
formulations for large scale production. In addition, the DBTL cycle
could be applied to engineer proteins with enhanced properties, such as
antibodies with better affinity and efficacy or enzymes with higher
catalytic efficiency.

A ML approach leveraging statistical modelling and intelligent sto-
chastic exploration has made substantial improvement on the optimi-
sation of CFPS.”” During the DBTL iterative cycle, a neural network
model predicted the best combinations of molecules for CFPS in a
16-dimesional input space. The parameters underling CFPS were
divided in four groups comprising concentration and time variables
yielding an experimental space of more than 10° possible combinations.
In particular, the experimental design included different DNA sequences
with diverse spacer regions between the regulatory parts in combina-
tions with small molecule concentrations added at distinctive time in-
tervals into a diluted E. coli lysate, therefore starting from a suboptimal

BUILD

Fitness

T T T T
Cycle

DESIGN LEARN

-

Fig. 1. Design-build-test-learn (DBTL) iterative cycle. The design step consists
in a ML alghoritm that defines the experiments to be performed. In the build
step, the CFPS reactions are prepared integrating the biochemical modules LED
(01 Lysate, 02 Energy, 03 DNA). The test step is the expression of the protein of
interest (POI) and the learn one is the data analysis. The four steps of the
iterative cycle are repeated for a gradual increase of the fitness function.
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condition. Through the ML algorithm developed it was possible to
explore only a small percentage (0.014 %) of the total experimental
space and improve protein expression ~ 3-fold with eight iterations.”’
The iSAT system (in vitro integrated synthesis, assembly and translation)
for the bottom-up construction of ribosomes is a complex cell-free sys-
tem and its optimisation using ML was presented in a 20-dimensional
experimental space.”® For the first time a computationally guided opti-
misation was proposed for the construction and optimisation of ribo-
somes in vitro utilising HTP cell-free ribosomes assembly and translation
leveraging the DBTL cycle. The goal of the ML guided experimentation
was to implement the iSAT system using a common accessible E. coli
strain (suboptimal for mRNA stability) defining a cost-effective solution.
An experimental space of ~10'2 possible combinations was designed
from a library of 20 molecules on four concentration levels. The ML
algorithm was adapted to the liquid handling robotic constrains which
allowed only the exploration of points located in proximity of different
“pivot” experiments defined by the model. As a result, after seven iter-
ations the iSAT system was improved ~10-fold with a 4-fold cost
reduction omitting most of the components from the reaction. This
report has demonstrated the power of ML in optimizing complex systems
in vitro and postulated that the conditions discovered are a form of model
overfitting of the specific protein expressed.’® Maximisation of CFPS
yields with ML was further demonstrated in a 11-dimensional experi-
mental space varying the composition of the small molecules in the
energy module on four concentrations levels.”® With the iterative DBTL
process an experimental space of ~4 x 10° possible combinations was
explored using only 20 CFPS combinations to train the model during
each iteration. As a result of the optimisation a ~ 4-fold increase in
protein yield was achieved after ten iterations. Moreover, model pre-
diction accuracy was demonstrated to define a large diversity of yields
depending on cell-free reaction conditions.’® In another study, ML has
optimised the CFPS formulation for gene expression using a bacterial
chromosome, an aspect important for synthetic cells research.”® The
exploration of a 11-dimensional experimental space with a ML algo-
rithm defined the parameters for optimal protein synthesis from low
DNA concentration in a diluted lysate. The algorithm has optimised the
cell-free system through the DBTL cycle decreasing the exploration
factor over ten iterations yielding an 8.6-fold increase in protein
expressed. In addition, the data generated guided improvement in the
upstream process of chromosomal DNA purification.”® A novel scalable
microfluidic platform named DropAl was presented as powerful tool for
screening CFPS reactions with the potential to screen 108 combinatorial
reactions per day through parallelisation.® DropAl is a droplet-based
and Al-guided combinatorial screening platform established to opti-
mise CFPS through a fluorescence-based coding de-coding system able
to screen and identify optimal concentrations of small molecules in the
energy module leveraging image analysis. The experimental results on
protein synthesis were used to train a ML algorithm and predict
high-yield combinations. Remarkably, after two screening rounds,
100000 droplets generated in ~ 4 h with ~25 pl of reagents, the yield of
an E. coli CFPS system could be increased 1.9-fold with 2.1-fold cost
reduction.®’ The result was further validated with the synthesis of 12
different proteins ranging from 27 to 370 kDa. Moreover, minimal
experimental input was necessary in the optimisation of a B. subtilis CFPS
system utilising transfer learning which predicted a 2-fold increase in
protein yield.®® Biofoundries aim to advance synthetic biology appli-
cations leveraging automation, HTP screening and computational
methods, and CFPS has emerged as a technology to streamline bio-
manufacturing with automation.®’:°> Recently an automated workflow
to optimise the CFPS of two antimicrobial peptides, i. e. colicin M and
colicin E1, was presented leveraging large language models (LLMs), such
as ChatGPT-4 for code generation and active learning.®® Through the
iterative DBTL cycle two energy modules underlining complex experi-
mental spaces of 6° and 10'2 possible combinations were explored using
a ML algorithm coded by ChatGPT-4 that leveraged the cluster margin
method to balance uncertainty with diversity and make the labelling
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process more efficient. Fewer data points were necessary to train the
model an achieve 9-fold and 3-fold increase for colicin M and colicin E1
respectively after four iterations. Importantly, all the computational
code involved in the automation of the DBTL cycle was generated by
ChatGPT-4 reducing the time for programming from months to one
week.%3

4. Machine learning and CFPS for engineering and validation of
proteins for drug discovery

CFPS is the biotechnology that assists Al/ML algorithms to engineer
proteins and to validate de novo protein designs. One of the features of
CFPS is reaction miniaturisation. This parallelisation enables the gen-
eration of many data points that can guide ML in the exploration of
protein fitness landscapes or to make better sequence to function pre-
dictions. Moreover, CFPS is an easily accessible platform with short
reaction time that offers a testbed for the validation of de novo designed
proteins. Protein engineering and de novo design are important sides of
the drug discovery process as they can generate candidates with better
properties. For example, bispecific antibodies with superior binding
affinity and efficacy could be engineered or designed to improve cancer
therapies.®*°> Moreover, enzymes with improved thermal stability and
activity could be used to synthesise different classes of small molecules
with pharmaceutical importance.®® Furthermore, AMPs could be engi-
neered or designed to have a broad-spectrum of antimicrobial activity.®”
The discovery of proteins with new and enhanced properties will be
efficiently accelerated with CFPS and AI/ML.

A self-driving autonomous machine for protein landscape explora-
tion (SAMPLE) platform based on Bayesian optimisation, liquid
handling robotic and CFPS was presented to engineer glycoside hydro-
lase family 1 (GH1) enzymes from Streptomyces species with improved
thermal stability.°® The Bayesian optimisation deployed a multioutput
Gaussian process (GP) trained on 331 cytochrome p450 inactive and 187
active sequences labelling for thermal stability. An upper confidence
bound (UCB) algorithm with an active/inactive GP classifier was effi-
cient in balancing exploration and exploitation and converge the opti-
misation towards functional sequences. The full combinatorial space
consisted of 1352 unique GH1 sequences different in 116 mutations on
average and by at least 16 mutations. The experimental space was
composed of natural sequence fragments, Rosetta-designed fragments
and evolution-designed fragments for a total of 34 fragments that were
automatically assembled (3-parts one gene or data point) using Golden
Gate cloning into a fully functional gene for CFPS using an E. coli sys-
tem.®® The whole automation process comprising, protein design, gene
assembly, PCR, CFPS and thermostability assay required 9 h. The au-
thors deployed four agents seeded with the same six natural GH1 se-
quences. The agents choose three fragments per round and ran for a total
of 20 DBTL cycles. As a result, each agent discovered GH1 sequences 12
°C more stable than the six natural sequences exploring less than 2 % of
the full combinatorial space. This result was achieved with minimal
experimental effort, the agents converged on the same global fitness
peak showing different learning behaviours during the exploration of
the sequence to function fitness landscape.’® A CFPS workflow
leveraging expression from linear DNA and predictions from an evalu-
ated machine learning algorithm has engineered amide synthetases to
produce efficiently nine small molecule pharmaceuticals.®” Importantly
to gain insights in activity and sequence to function relationships the
cell-free workflow has unlocked the preparation of >10000 unique CFPS
reactions with results in 24 h. The ML algorithm was designed to prevent
overfitting using supervised ridge regression, trained on data labelling
with non-zero activity and expanded with zero-shot fitness predictors to
foresee the top performing enzymes. Sixty-four residues in the active site
of the amide synthetase were selected to engineer the enzyme according
to the crystal structure available. With a hot spot screen (HSS) (64 X 19
= 1216 single mutants) four residues were down selected and approxi-
mately 80 single mutants were used to train the ML algorithm and to
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predict the top 25 converting enzymes from an experimental space of
20* possible combinations. As a result, three ML predictors had better
conversion and six showed activities resulting in improved product
yields ranging from 1.6 to 34-fold-increase. The ML model could predict
mutations in the complex sequence to function fitness landscape more
efficiently than an iterative site saturation mutagenesis campaign solv-
ing higher order epistatic interactions.’” A straightforward GFPS work-
flow applying ML was devised to improve the efficiency of Con 1
protease.” First AplhaFold 3 was applied to model the binding of the
substrate to the protease and then Robetta alanin scan was used to
determine six residues influencing the substrate binding. With CFPS 48
random protease variants were screened and their activity scored with a
FRET-based assay in 6 h. This initial round fed the ML algorithm
leveraging active learning-assisted directed evolution (ALDE) that bal-
ances model uncertainty in the exploration of the protein sequence to
function fitness landscape. The top 32 predicted variants were syn-
thesised, screened and the best performing mutant has shown 4-fold
fitness improvement compared to the wild-type protease.”’ Further-
more, four identified protease variants were expressed in vivo, purified
and tested in six days to demonstrate activity correlation with the can-
didates obtained from the condensed 6 h CFPS workflow.”°

A low cost CFPS platform was established for de novo design of AMPs
using Generative AL’® An important group of AMPs contains linear
peptides composed of 12-50 canonical amino acids (AAs), therefore
assuming a 30 AAs AMP the possible space of combinations is 20°, an
immense number of possibilities. The generative Al model created 500
candidates that were screened and tested with a CFPS platform in 24 h.
As a result, 30 were found functional and six showed broad-spectrum
activity against multi-drug-resistant pathogens without developing
bacterial resistance.”’ De novo drugs generation was achieved training
unsupervised variational autoencoders (VAE) with 1.5 million peptide
sequences from UniProt following a transfer learning to a dataset of
~5000 known AMPs to define a latent space for sequences generation.
Afterwards, a regressor, based on convolutional neural networks (CNN)
trained with ~5000 sequences with known minimum inhibitory con-
centration (MIC) prioritized 500 AMPs candidates for HTP CFPS and
testing.”' Remarkably, BLAST searching has shown that the de novo
generated peptides have original sequences and AplhaFold analysis has
unveiled structural similarities with training AMPs. Moreover, molecu-
lar dynamics (MD) simulations have shown that generally the generated
peptides target bacterial membranes and not human plasma mem-
brane.”! CFPS was applied to validate de novo proteins generated by a
LLM named ProGen.”? The model is a 1.2 billion neural network based
on Transformer architecture with a self-attention mechanism that
weights the probability of each token (amino acid). Protein family labels
play a crucial role in fine-tune the transformer-based model including
structural information and specific patterns associated with different
protein families. Labels (or tags) reduce the space complexity and
improve the accuracy of the model. ProGen was trained on a large data
base of 280 million naturally evolved proteins. A dataset of ~56000
sequences from five lysozyme families was collected to fine-tune the
model and select 100 positive controls, without the ability to capture
local sequences neighbourhood, therefore representing an additional
challenge for the model. ProGen generated artificial proteins that
spanned the landscape of natural proteins from five lysozyme families.
One hundred artificial proteins were selected for CFPS validation along
with the set of 100 natural proteins as positive control. Results have
shown that the artificial proteins could be expressed and purified at the
same level of the natural proteins (72 %) indicating that the artificial
proteins were folded correctly. Additionally, AlphaFold2 has predicted
artificial structures that roughly match structures found in nature
including for low identity artificial sequences (<40 %). Importantly, the
artificial proteins showed similar catalytic activities as natural lyso-
zymes even for low sequence identity of 31.4 %.”?
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5. Conclusions and perspective

CFPS is a robust easily accessible platform to express several phar-
maceuticals. Some examples described in this article include, deab,23
scFVs,* ADCs?® human kinase,?’ antigens,zg’?’1 VLPs,* GPCRs,*°
PBAs*>”172 and amide synthetases.®® Moreover, CFPS platforms can be
applied for phage synthesis, engineering®>*" and as screening platform
for antimicrobial compounds.*® The system compared to traditional in
vivo protein expression offers an easily accessible HTP platform with
reduced timelines. Importantly, CFPS is an open system, therefore pro-
tein yields can be maximised while cost decreased optimising molecular
compositions with advanced ML algorithms during iterative experi-
mentation.”®®’ In addition, ML and CFPS can guide protein engineering
through autonomous agents exploring the protein fitness landscape®® or
with predictions of the sequence to function relationships.®® Drug dis-
covery campaigns can be initiated with library sizes reduced several
orders of magnitude applying deep screening®* or even to a few hun-
dred”® or tens’ with ALDE. CFPS offers a testbed to validate the
expression and activity of hundreds de novo proteins (artificial proteins)
designed with Generative AI’' and LLM’% Looking forward, drug dis-
covery campaigns can be accelerated using CFPS and ML algorithms
programmed to cope with large experimental spaces using low data
input and fine-tuned for optimal performance. CFPS will unlock the
power and benefit of Al leveraging engineering and de novo design of
proteins important for human health.
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