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Introduction

Many organisms, such as bacteria, fungi, and plants, produce intricate chemicals
that are not needed for their growth and reproduction, and thus are called secondary
metabolites or natural products (NPs). NPs are a rich source of drugs, with most
antibiotics being derivatives of NPs. In a producer organism, NPs are synthesized by
a set of enzymes encoded by genes that often lie near each other on the
chromosome and are called a biosynthetic gene cluster (BGC).

In this work, we explore the capability of protein language models (PLMs) to produce
meaningful representations of BGCs. We employ transfer learning to train models to
predict the chemical class of the produced compound and explore the topological
properties of the produced embeddings.

The code is available at project’s GitHub repository:
https://github.com/kalininalab/NaturalPPLuM.
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Training scheme
= Task: For a pair of BGCs, predict if they belong to the same BGC class or not

= |nput: pairs of proteins or domains of a BGC
= Data split: stratification or LOCO (leave one class out)

= Contrastive learning with Siamese network [2] and cosine similarity loss
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Average Euclidean distance from embeddings of BGCs
from a specific biosynthetic class X to all other classes
from models fine-tuned with LOCO splits, where that
particular class X was held out for the test set. Only

1 5 distances for models with a pair-domain input are shown.

Projection of the embeddings spaces with UMAP for vanilla Alkaloid NRP
PLM. Single-domain input on the left and pair-domain input
on the right. Each dot represents a BGC, colored by
biosynthetic class. 8 : 8
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Projection of the embeddings spaces with UMAP for the fine-
tuned model with a stratified split. Single-domain input on the 4 Y 3 N DRANVE ANV B
left and pair-domain input on the right. Each dot represents a , /1N ,
BGC, colored by biosynthetic class.
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Relationship between the number of domains per BGC (vertical axis)
and the average distance to other BGCs (horizontal axis) from the
same class for embeddings generated by LOCO models for each

Table below shows the mean silhouette distance:

Overrepresentation of domains in biosynthetic gene clusters
(smoothed histogram). We calculate the overrepresentation
of a Pfam domain d in a class C as
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Conclusions and outlook

* Protein language models can be used for meaningful classification of
niosynthetic gene clusters based on their embeddings in the latent space

= Further fine-tuning can improve separation of biosynthetic classes

= NRP and Polyketide classes are best separated from other, despite shared
homologous domains

= Saccharide BGCs contain many domains that are overrepresented in this
class, and can be also well separated from the others in the latent space

= New unknown BGC classes can be identified?
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