Alntibody: An experimentally-validated in silico antibody discovery design challenge
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Abstract [Scope of Competition]

Herewith we announce the Alntibody competition to validate the performance of computational models,
including those based on artificial intelligence, to generate antibody candidates. Teams are invited to
submit antibody sequences in response to the challenges described below. Submitted sequences will be
synthesized as proteins and independently benchmarked in a wet lab. The long-term goal is to produce
an ongoing challenge series analogous to the protein structural prediction competition, CASP, which
famously led to the recognized triumph of AlphaFold in 2018. As the competition evolves, challenges are
anticipated to become progressively more difficult, and each will be followed by a peer-reviewed
manuscript to provide the community with clarity on the results, highlighting areas for improvement and
satisfactory capabilities.

The Importance of Benchmarking

Science is frequently subject to the Gartner hype cycle!: emergent technologies spark intense initial
enthusiasm with the recruitment of dedicated scientists. As limitations are recognized, disillusionment
often sets in: some scientists turn away, disappointed in the inability of the new technology to deliver on
initial promise, while others persevere and further develop the technology. While the value (or not) of a
new technology usually becomes clear with time, appropriate benchmarks can be invaluable in
highlighting strengths and areas for improvement, substantially speeding up technology maturation. A
particular challenge in computational engineering and Al/ML [artificial intelligence/machine learning] is
that such benchmarks and best practices are uncommon in the literature making it particularly hard for
non-experts to assess the impact and performance of these methods. While multiple papers have
highlighted best practices and evaluation guidelines®?, the true test for such methods is ultimately
prospective performance, which requires experimental testing.

In the 1990’s several groups were attempting to predict the structure of proteins from their amino acid
sequences, and the success and value of different models was assessed ad hoc. A biannual competition



known as CASP (Critical Assessment of Structure Prediction)® was established in 1994 to compare the
performance of various algorithms. In this competition, teams that determine protein structures using
experimental methods (predominantly X-ray crystallography and NMR) withhold their structures,
supplying protein sequences and other pertinent details to the modeling community, via the
predictioncenter.org website. Groups participate as expert teams, utilizing a combination of human
expertise and computational methods, or as fully automated methods conducted on servers. All predicted
structures are then compared to the previously determined experimental structure by an independent
panel, blinded to the authors of the various predicted models under assessment. Submission deadlines
for models are set at three weeks for expert groups and three days for servers, with each team allowed
to provide up to five models per target, and the primary model from each group being given priority in
the independent assessment. Widely viewed as the “protein structure prediction world championship”,
there were incremental improvements in structural predictions until AlphaFold® won dramatically in 20187
and 2020%. Although AlphaFold has not competed since, all methods these days are inspired by the
AlphaFold architecture, demonstrating conclusively the power of deep learning algorithms for protein
structure prediction, and the value of CASP in conclusively demonstrating AlphaFold’s superiority. Notably
other competitions aimed particularly at predicting antibody structure from sequence®!® were also
initiated but have not been held since 2014, demonstrating the broad efforts and inherent challenges in
sustaining such initiatives.

Fast forward thirty years, and the reasons for initiating the CASP competition — a desire to understand the
capabilities of new technologies — can now be found in the application of Al/ML and other in silico
approaches to the development and improvement of proteins!?, particularly antibody therapeutics'?14,
Numerous companies and academic groups claim Al/ML solutions to affinity maturation, antibody
developability and de novo antibody and library design. However, significant challenges lie in
understanding the value of these algorithms: how they differ from one another in performance, how the
quality of predicted antibodies compares to existing experimental practices, how effective they are in
generating antibodies recognizing particular epitopes (including against experimentally more challenging
targets including those with membrane, glycan, or flexible components), how generalizable they are, and
particularly whether they are able to provide antibodies with the desired properties more rapidly than
experimental approaches. Most results are based on retrospective studies (i.e. without conducting new
experiments) and without making data accessible. This imposes severe limitations in the ability of the
broader scientific community to validate such claims and therefore the real-world impact of these novel
methods. Machine learning methods can perform very differently - both, better or worse - in prospective
studies compared to retrospective ones, as has been demonstrated, for example, on docking into
AlphaFold2 generated structures®. For this reason, prospective evaluations of new problems are essential
to assess real-world performance. These difficulties emphasize the importance of a public and prospective
benchmarking effort to provide a quantifiable and unbiased assessment of these techniques.

Introduction to the Competition

Here we propose the launch of an Al/ML benchmarking exercise (named Alntibody and accessed via the
eponymous Alntibody.org website) that will present a series of escalating Al/ML challenges in antibody
discovery, calibrated according to the success of the outcome of previous competitions. The challenges in
this first Alntibody competition will be based on experimental datasets generated by some of the authors
and made available to participants and the broader scientific community. As the responses are designed
to test the present immediate value of Al/ML algorithms, participants will have fourteen days from data
access to provide sequence solutions. However, the structure of the supplied data can be found in Table
1-2 allowing participants ample time to prepare in advance. This will prevent experimental validation,
which will be carried out independently and conducted blindly by third parties.



In addition to CASP, this competition has similarities to CACHE (Critical Assessment of Computational Hit-
finding Experiments)'®, D3R (Drug Design Data Resource) Grand Challenge®, and SAMPL (Statistical
Assessment of Modeling of Proteins and Ligands)'®. CACHE is an extensive public-private partnership
benchmarking initiative recently established to enable the development of computational methods for
drug hit-finding and addressing the problem that no “algorithm can currently select, design or rank potent
drug-like small-molecule protein binders consistently”. The D3R Grand Challenge focuses on (small
molecule) ligand-protein pose and binding affinity prediction, while SAMPL conducts blind prediction
challenges in computational drug discovery, with an emphasis on binding modes, affinities, and physical
properties for small molecules. However, unlike these small molecule competitions, this contest is focused
on antibodies and utilizes different organizing principles. Given the urgent need for benchmarking in
Al/ML mediated antibody discovery, this first competition is an unfunded ad hoc contest based on
datasets generated by a single party against the RBD of SARS-CoV-2, with participants paying a
significantly discounted fee [$120/antibody] to cover the costs of gene synthesis and expression of each
submitted antibody sequence. We anticipate the ad hoc nature of this first competition will provide
deeper understanding and time to organize future contests by more formal partnerships or societies,
involving steering committees comprising academic and industry scientists, ideally with external funding.

Testing antibodies for biological activity is as complex as the testing of small drugs. However, the
challenges presented here in this inaugural competition are relatively straightforward, involving only
affinity and developability (Table 3), the subjects of many Al/ML state-of-the-art performance claims and
among the most important determinants of biological activity. Results will be published blinded. Although
not obligatory, participants will be invited to be co-authors, akin to the approach taken recently when
diverse antibodies against SARS-CoV-2 were analyzed®. Participants will be able to see the range of results
and their ranking within that range, but individual performances will remain masked. For each challenge
described below, the focus lies in engineering only the CDRs (IMGT definition for all but LCDR2, for which
Kabat is used). For example, frameworks of the antibodies provided in the datasets should not be modified
within the context of the challenge. While in vivo affinity maturation is focused on CDRs, framework
mutations are often also introduced. The challenges introduced here limit available diversity space to
CDRs, providing a direct comparison to experimental methods®. However, future challenges may allow
the introduction of framework mutations.

This benchmarking exercise will answer the question: what are Al/ML capabilities as applied to antibody
discovery at this moment. This competition will provide insight to aid in the establishment of realistic
timelines for future utility of Al/ML in antibody discovery.

Competition Details and Guidelines

The challenges proposed in this inaugural competition are based on unpublished SARS-CoV-2 next-
generation sequencing (NGS) datasets from which some antibodies were characterized??2, Given the vast
amount of additional public data available for SARS-CoV-2 binding antibodies (e.g., COVIC* & Cov-
AbDab?®), the following should provide the best possible scenario for Al/ML task success.

Once designed/identified sequences have been uploaded, Azenta will synthesize genes for up to 1000
antibodies, express and purify them, carry out size exclusion chromatography and provide coded
antibodies to other partners. Antibody affinities will be assessed by Carterra using surface plasmon
resonance (Carterra LSA-XT) and Mosaic will assess developability (HIC HPLC, BVP ELISA, AC-SINS, Tm and
Tagg). Bio-Techne will provide the target. These assays will ensure standardized conditions and unbiased
head-to-head comparison of predicted sequences.



Competition #1 — In Silico Antibody Affinity Maturation: Participants will be provided with experimental
datasets derived from the affinity maturation of an antibody recognizing the RBD of SARS-CoV-2 (Table
1). Each dataset comprises three NGS sub-datasets of CDR sequences (LCDR1+2; LCDR3 and HCDR1+2 in
which the remaining CDRs are constant) generated during phase 1 of a previously described experimental
affinity maturation method® (Figure 1), in which phase 2 involves combining all phase 1 outputs and
experimentally selecting for higher affinity. Each antibody population has diversity only in the indicated
CDRs (Figure 1a), the remaining CDRs being parental, and has been displayed on yeast and sorted for
target binding (Figure 1b). While each population binds the target more tightly than the parental,
individual NGS sequences have not been assessed for their ability to encode antibodies with improved
binding activity and may include PCR or sequencing errors. While amino acid sequences of phase 2
characterized antibodies with their affinities have been determined (Figure 1c-d), this data will not be
provided, in order that computational methods are given the opportunity to generate the same
sequences.
The computational goal is to design antibodies with improved affinity for the RBD of SARS-
CoV-2 using the NGS datasets that also exhibit favorable developability properties.
Designs should only be applied to HCDR1-2 and LCDR1-3 and not frameworks or HCDR3.
The blinded assessment will determine the affinities of designed antibodies and how well
they compare to those obtained experimentally in phase 2. While the experimental
affinity maturation was carried out on scFvs displayed on yeast, antibodies were, and will
be, tested as full length 1gGs. Results will be compared to the affinities of experimentally
derived sequences generated by combining the three phase 1 outputs and selecting from
the corresponding combinatorial library.

Competition #2 - In Silico Affinity Rank Prediction for Antibody Discovery: Participants will be provided
with an NGS dataset of a single selection output recognizing the RBD of SARS-CoV-2, clustered by HCDR3
sequence? using a previously published library?, which comprises natural CDRs embedded within well-
behaved therapeutic scaffolds. While not all individual NGS sequences have been assessed for their ability
to encode antibodies with binding activity, and therefore may include PCR or sequencing errors, those
sequences encoding antibodies (as IgG) demonstrated to bind the target will be identified/provided, with
their corresponding affinities. Furthermore, the relative frequency of different sequences within the
clusters will be provided, see Table 2 for representative dataset.
The computational goal is to identify those sequences within the existing NGS dataset
that encode the highest affinity antibodies (that have not already had their affinities
determined) in the two largest HCDR3 clusters, by largest number of VL+VH sequences,
from experimental bin group #1 [i.e., 28F and 27F] and the largest cluster from
experimental bin group #2 [i.e., 47F] (Table 4). Results will be compared to the affinities
of those antibodies that were experimentally derived and for which sequences were
provided.

Competition #3 — NGS Inspired Computational Antibody Design: Given the same NGS output in

competition #2:
The AI/ML goal is to generate out-of-library sequences of antibodies binding the same
target with as high affinities as possible that also exhibit favorable developability
properties, using the provided NGS datasets described here and any other useful publicly
available data. Only CDRs should be designed, and frameworks should remain unmodified
(see Table 2 for the format). Such out-of-library sequences should not be present within
the NGS dataset itself, nor be derived from any previous independent experiments.



Results will be compared to the affinities of those antibodies that were experimentally
derived and for which sequences were provided.

While each of these challenges have high affinity as an endpoint, developability will also be assessed to
ensure affinity is not generated at the expense of developability. Antibodies will be judged as passing or
failing on each of the five developability assays described above, and antibodies will be required to pass
three or more assays.

Follow-up Results Publication and Participation Requirements

Participants agree to make the winning algorithm (from each of the three competitions) publicly available,
in the form of a paper describing the algorithmic details. This may be done anonymously as part of the
follow-up manuscript from the competition organizers, or (to avoid autoplagiarism) as part of a
separately-authored standalone manuscript. In line with Nature's code release policy?®, authors are
encouraged but not required to additionally open-source their code. All participants (anonymously, but
regardless of winning position) also agree to provide at least a single-sentence description of their
methods (e.g., 'protein language model based on ESM2 and fine-tuned on antibody database XYZ'). By
contributing, participants agree to this requirement for inclusion in the follow-on manuscript.

How to Participate?

To participate in Alntibody, please follow registration instructions at Alntibody.org. Participants may
compete in one or more challenges. Registration will open on the publication date [TBD publication date]
and close thirty days later or as soon as the total number of proposed sequences to be submitted reaches
1000. The datasets will be released to participants thirty days after publication and to the community
upon publication of the results paper.

Future Competitions

We anticipate this to be the first of a series of Alntibody competitions, each comprising a set of challenges
of increasing complexity that will provide opportunities for scientists to test, compare and improve their
Al/ML models. Future contests are expected to evolve in complexity depending upon the outcome of this
and other competitions, in parallel with the development of Al/ML use in antibody discovery and design.
In follow-on competitions anticipated below, the term “antibodies” refers to VHH’s or antibodies, each of
which will be separate competitions. To maintain standardization between competitions, challenges 2 &
3 will be retained using a different target, and NGS selection output, each time:

1. Given an antibody sequence with known affinity to a target, generate candidates with improved
affinities.

2. Given an antibody sequence with known affinity to a target, with poor developability properties
(e.g., thermal stability, polyreactivity), generate candidates with equal or better affinities that lack
the poor developability issues.

3. Given the sequence of a target with known structure, and structurally similar targets in the PDB,
generate specific antibodies binding to the target.

4. Given the sequence of a target with unknown structure, but similar targets in the PDB, generate
specific antibodies binding to that target.

5. Challenges 2-4 above but applied to a specific epitope.

6. Given a set of antibody sequences known to bind distinct epitopes on a given target, predict which
antibodies bind to different epitopes.

7. Given a set of antibody sequences known to bind distinct epitopes on a given target, predict which
antibodies will allow sandwich binding.



10.
11.

12.

Given the sequence of a target, and a specific epitope within that target, generate de novo
antibodies binding to that specific epitope.

Given a set of diverse antibodies, predict their epitopes.

Given the sequence of a target with known structure, generate antibodies binding to that target.
Given an antibody sequence to a known human target epitope, create antibody designs that are
cross-reactive to cynomolgus monkey and mouse with epitopes identical or near parental human
epitope.

Create a de novo or rationally guided antibody designs which do not bind any known targets
(isotype controls).
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