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Efficient Screening Method of Desired Variants Using Protein Language Model

Toshiaki TAKEMURA
Masahito UCHIDA

Improving protein function using directed evolution is widely used in the fields of industry and medicine. In recent
years, there has been a lot of research on predicting desired variants with machine learning. In particular, protein
language models that assume the amino acid sequence to be a string of characters have been successful. These
models, adapted from natural language processing are used to predict the effects of mutations on protein stability and
enzyme activity. However, previous research has not proposed a desired variant screening method that is compatible
with the experimental operations of directed evolution. To solve this problem, we present an effective model that
focuses on the mutate position of a protein, and then propose an efficient screening method for desired variants that
is compatible with the experimental operations of directed evolution. In previous models, experimental values were
predicted using an embedding learned from the field of natural language processing such as classification tokens. In
this model, the prediction accuracy is improved by using an embedding of mutate position. Furthermore, we show a
method that can efficiently search for variants by using active sampling, which takes advantage of the characteristic
that only one mutation can be introduced per site in a protein. This method allows for more efficient searches than
conventional directed evolution methods. This search method can be widely used to modify protein functions and

has the potential to accelerate the development of new effective proteins.
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Fig.1 Model architectures for predicting experimental values

MSALT is the amino acid sequence of the protein. A refers to the mutation position. Each model inputs the following
Embeddings into the regression head. (a) mut-around model: Max-pooled embedding corresponding to the mutation
position and the amino acids on both sides of the mutation (b) mut model: Embedding corresponding to the mutate
position (E3) (c) CLS model: Embedding corresponding to the classification token (E(crs)) (d) Max-Pool model:

Max-pooled Embedding of all sequences embedding (Ejoo1)

Table. 1 Datasets for model architectures with different embeddings

Dataset Number of sample Sequence length
POLG_HCV]JF_Sun2014-fitness 1632 114
DLG4_RAT Ranganathan2012-CRIPT 1577 101
RI401_YEAST Bolon2013-selection_coefficient 1161 76
BG_STRSQ_Abate2015-enrichment 2634 501
BLAT_ECOLX_Palzkill2012-ddG_stat 4808 263
BLAT_ECOLX_Ostermeier2014-linear 4610 263
BRCA1_HUMAN_Fields2015-y2h 1335 110
BLAT_ECOLX_Tenaillon2013-singles_ MIC_score 951 263
HSP82_YEAST _Bolon2016-selection_coefficient 4104 240
BLAT_ECOLX_Ranganathan2015-2500 4807 263
GALA_YEAST Shendure2015-SEL_C_40h 1123 75
BRCA1_HUMAN_Fields2015-e3 1382 110
RILA401_YEAST Bolon2014-react_rel 1295 76
KKA2_KLEPN_Millenlsen2014-Kan18_avg 4384 264
MTH3_HAEAESTABILIZED_Tawfilk2015-Wrel_G17_filtered 1634 330
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Fig.2 Overview of efficient desired variants screening method
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Table. 2 Datasets for comparing sampling methods

Dataset Number of sample Sequence length
KCNE1_HUMAN_Muhammad_2023_expression 2339 129
DYR_ECOLI_Nguyen_2023 2916 159
RNC_ECOLI_Weeks_2023 4277 226
OXDA_RHOTO_Vanella_2023_expression 6769 364
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Table.3 Average of Spearman's rank correlation coefficient
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mut model  CLS model

Max-Pool model

Fine-Tuning 0.756

ESM Transfer-Learning 0.729

0.748 0.666 0.713
0.718 0.631 0.679

Table. 4 Sampling scores for each dataset

Dataset

active sampling random sampling

KCNE1_HUMAN_Muhammad_2023_expression

DYR_ECOLI_Nguyen_2023
RNC_ECOLI_Weeks_2023

OXDA_RHOTO_Vanella_2023_expression

47.436 19.662
35.12 12.62
1.011 0.438
2.409 1.2
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