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Abstract 

Biosynthetic gene clusters (BGCs), comprising sets of functionally related genes 

responsible for synthesizing complex natural products, are a rich source of bioactive 

compounds with pharmaceutical potential. Here, we present a transformer-based 

framework that models functional domains as linguistic units to capture and predict 

their positional relationships within genomes. Using a RoBERTa architecture, we 

trained models on four progressively broader datasets: bacterial BGCs, Actinomy-

cetes genomes, bacterial genomes, and bacterial plus fungal genomes. Evaluation 

using 2,492 experimentally-validated BGCs from the MIBiG database showed that 

more than 50% of true domains were ranked first and over 75% within the top 10 

candidates. Our models also achieved classification accuracies exceeding 70% 

for major compound classes including polyketides (PKs) and terpenes. To explore 

model-guided BGC design, we compared predictions from the BGC-trained and 

genome-trained models using the BGC for the bacterial diterpenoid cyclooctatin as 

a case study. The genome-trained model uniquely predicted several domains absent 

from both the original BGC and the prediction by the BGC-trained model. Heterolo-

gous expression of one of those predicted domains in Streptomyces albus, together 

with the biosynthetic genes for cyclooctatin, yielded an unknown cyclooctatin deriva-

tive. This framework not only provides a novel BGC prediction method using machine 

learning but also facilitates rational design of artificial BGCs. Future integration of 

transcriptomic, protein structural, and phylogenetic data will enhance the models’ pre-

dictive and generative capabilities, supporting accelerated discovery and engineering 

of natural products.
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Author summary

BGCs encode diverse natural products, including antibiotics and anticancer 
agents. Identifying and designing BGCs in microbial genomes is crucial for discov-
ering new bioactive compounds. In this study, we developed a transformer-based 
deep learning model that treats protein domains as language-like tokens and 
learns how they are arranged in genomes. By training on both known BGCs and 
whole genomes, the model successfully predicts biologically plausible combina-
tions of domains, including those absent in known BGCs. We experimentally vali-
dated one such prediction by expressing a newly identified gene alongside known 
cyclooctatin biosynthetic genes, confirming the production of an unknown cy-
clooctatin derivative. Our results demonstrate how language models can uncover 
hidden biosynthetic potential and offer a promising new AI tool for natural product 
discovery and synthetic biology.

Introduction

Natural products have provided many important drugs such as penicillin, cyclospo-
rine, tacrolimus, and paclitaxel, making them invaluable pharmaceutical resources. 
These compounds, primarily produced by microorganisms and plants, possess com-
plex chemical structures that are often challenging to synthesize using conventional 
methods. The genes responsible for producing these compounds typically co-localize 
in biosynthetic gene clusters (BGCs), representing genomic regions where function-
ally related genes cooperate to produce specific natural products.

The organization of BGCs reflects their evolutionary history. In prokaryotes, mul-
tiple genes in a BGC often form operons regulated by one or a few promoters [1]. In 
contrast, eukaryotes lack operon structures, but BGC gene expression is frequently 
coordinated by transcription factors encoded within the cluster [2,3]. Recent exper-
imental work by Kanai et al. [4] showed that DNA rearrangement via transposases 
facilitates operon formation, providing insights into BGC evolution. These evolution-
ary events leave genomic footprints as differences in the gene organization within 
cluster structures, as seen in cyanobactin BGCs across Spirulina species (Fig 1). 
Cyanobactins are cyclic peptides produced by cyanobacteria, some of which exhibit 
antitumor activity [5]. In the figure, the top BGC contains a transposase gene and four 
endonuclease genes, whereas the bottom three lack these elements. The second 
and third BGCs retain endonucleases but lack transposases. Additionally, gene 
orientation shifts from random to uniform directionality. These patterns imply that the 
evolutionary history of BGC formation is embedded in their genomic context, analo-
gous to a recording device.

Recent advances in genome sequencing and computational methods have sig-
nificantly improved BGC identification [6]. Current rule-based tools like antiSMASH 
[7] use hidden Markov models to detect BGCs through functional genes specific to 
natural compound biosynthesis, but they largely depend on known domain patterns 
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and are limited in their ability to discover novel BGC architectures. Machine-learning-based tools, including ClusterFinder 
[8], DeepBGC [9], TOUCAN [10], and BGC-Prophet [11], have been developed to address these limitations, learning 
BGC features directly from domain organization patterns and enabling broader generalization beyond rule-based tools, 
although they still rely on pre-defined BGC and non-BGC labels for supervised learning.

Advances in artificial intelligence, particularly in natural language processing, provide new opportunities for analyz-
ing genomic sequences. Transformer-based models that are superior at learning long-range dependencies in text have 
proven useful in biology, especially in protein structure prediction and functional annotation [12–14]. Large-scale models 
such as Evo have demonstrated the ability to predict and generate genomic sequences at megabase scales [15]. These 
examples suggest that transformer models may be well-suited for capturing the positional and contextual relationships 
among functional domains in genomes.

In this study, we introduce a transformer-based framework for predicting and designing BGCs by learning the sequen-
tial organization of functional domains as a proxy for evolutionary constraints. Functional domains are treated as 
language-like tokens, and their arrangements are modeled using natural language processing techniques. A distinguishing 
feature of our approach is that it learns from genomic sequences in an unsupervised manner, without predefined labels 
of BGC or non-BGC regions, allowing the model to capture contextual domain relationships across entire genomes. 
The present study focuses on enabling the discovery of novel domain combinations, while demonstrating a representa-
tive case of a variant of an existing pathway. Our models, currently trained solely on static representations of functional 
domain sequences in genomes, could be extended with multimodal information related to evolutionary direction, such as 
transcriptomic data and compound productivity, thereby enabling the design of functionally optimized BGCs for specific 
biosynthetic objectives.

Results

Pretraining on Genomes Using Functional Domain-Based Tokenization

We adopted functional domains within genes as token units for modeling genomic sequences, based on their established 
importance in BGC characterization as utilized in bioinformatics tools such as antiSMASH. We employed the RoBERTa 
architecture [16] for this purpose, configured with 8 hidden layers and 16 attention heads, and a maximum token length of 

Fig 1.  Gene organization in cyanobactin biosynthetic gene clusters (BGCs) from cyanobacterial strains. (A) Structure of patellamide A, a repre-
sentative cyanobactin produced by Prochloron didemni. (B) Comparison of cyanobactin BGCs from six different cyanobacterial strains, showing variation 
in gene content and arrangement.

https://doi.org/10.1371/journal.pcbi.1013181.g001

https://doi.org/10.1371/journal.pcbi.1013181.g001
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512 to cover the context of entire BGC domain sequences (Fig 2). We chose the BERT-based architecture due to its bidi-
rectional attention mechanism, which captures context in both directions from each token [17,18]. As gene order in a BGC 
is often not essential for compound biosynthesis, GPT-style models with unidirectional attention are less suitable for BGC 
modeling. As shown in Fig A in S1 Data, both the RoBERTa and GPT-1 models demonstrated effective convergence on 
Dataset II (described in the following paragraph). However, the GPT-1 model exhibited earlier saturation of the validation 

Fig 2.  Workflow of masked language modeling of genomic data using RoBERTa. The workflow illustrates the process of tokenizing genomic data 
and training the RoBERTa language model. In the data curation phase, genomic sequences are retrieved from NCBI and analyzed using HMMer to 
identify Pfam domains. The tokenization phase converts all identified Pfam domains into discrete tokens. During the masked language modeling phase, 
these tokenized sequences serve as input for RoBERTa model training, where the model learns to predict masked tokens based on their surrounding 
context information.

https://doi.org/10.1371/journal.pcbi.1013181.g002

https://doi.org/10.1371/journal.pcbi.1013181.g002
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loss and failed to produce meaningful predictions for domain tokens in BGC sequences. These results indicate that the 
bidirectional attention mechanism in RoBERTa offers an advantage in learning the genomic arrangement of functional 
domains.

To investigate the impact of training data on model performance, we prepared four datasets of increasing taxonomic 
coverage: (I) bacterial BGCs from the antiSMASH database; (II) complete genomes of Actinomycetes; (III) complete bac-
terial genomes; and (IV) complete bacterial plus fungal genomes (Table 1). Actinomycetes and fungi represent two major 
taxa responsible for the production of diverse natural compounds. The bacterial dataset also included other lineages, such 
as cyanobacteria, which are likewise known to produce a wide range of natural products. This stepwise expansion (Fig 3) 
allowed us to explore how different genomic contexts influence model generalization while maintaining the domain-based 
tokenization approach consistent.

Training on all four datasets resulted in a consistent decrease in both training and validation losses, with the valida-
tion loss exceeding the training loss in all cases (Fig 4). This behavior indicates that the model successfully learned the 
genomic arrangement of functional domains across datasets. The BGC-only model (Dataset I) exhibited the most rapid 
convergence, likely reflecting its narrower functional diversity and more homogeneous domain contexts. In contrast, the 
genome-based models (Datasets II, III, and IV) converged more slowly, suggesting that the broader diversity of domain 
combinations and the presence of non-BGC regions in genome-wide data increase the complexity of the learning process 
and influence convergence behavior during training.

Model Performance in BGC Classification

To evaluate the classification performance of the constructed models across different BGC types, we conducted a com-
pound class prediction task using class labels from the antiSMASH database (Fig 5). Our model achieved more than 70% 
classification accuracy for 37 of 75 compound classes, with highest performance observed in well-characterized classes 

Table 1.  Datasets used for training transformer-based models.

# Organism #Data #Domain tokens1

I Bacterial BGC2 239,021 BGCs 8,597,242

II Actinomycetes genome 2,664 strains 13,750,809

III Bacterial genome 9,748 strains 48,941,605

IV Bacterial plus fungal genome 11,884 strains 70,453,078
1Separated into 80% training and 20% test datasets.
2Predicted by antiSMASH.

https://doi.org/10.1371/journal.pcbi.1013181.t001

Fig 3.  The relationships among four datasets used in this study. The outermost dataset (IV) comprises bacterial and fungal genomes (70.5M tokens 
from 11,884 strains), encompassing the bacterial genome dataset (III; 48.9M tokens, 9,748 strains) and the Actinomycetes dataset (II; 13.8M tokens, 
2,664 strains). The BGC dataset from antiSMASH database (I; 8.6M tokens from 239,021 BGCs) overlaps with Datasets II, III, and IV, reflecting its spe-
cialized nature in secondary metabolite biosynthesis.

https://doi.org/10.1371/journal.pcbi.1013181.g003

https://doi.org/10.1371/journal.pcbi.1013181.t001
https://doi.org/10.1371/journal.pcbi.1013181.g003
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such as the Type II polyketide synthase class. The prediction accuracy per class was not correlated with the number of 
BGCs per class, indicating that the model distinguishes BGC classes based on the combination of functional domains 
rather than sample size.

For comparison, we implemented a simple Bag-of-Domains (BoD) baseline classifier using decision trees with depths 
of 1 and 3 (Table 2). The transformer-based model substantially outperformed the BoD classifiers in BGC class predic-
tion; an overall accuracy and micro-F1 score of 0.765, with a macro-F1 of 0.577 and a weighted-F1 of 0.784, indicating 
balanced and robust performance across both major and minor classes. In contrast, the BoD classifiers showed markedly 
lower performance, with accuracies of 0.350 and 0.255 for tree depths of 1 and 3, respectively, and macro-F1 scores 
below 0.05. These results demonstrate that the transformer model effectively captures functional relationships among 
domains, whereas simple frequency-based representations in the BoD approach fail to generalize across diverse BGC 
classes. A per-class classification summary for our model and the BoD classifiers is provided in S1 Table.

In the antiSMASH database used for class annotation, hybrid BGCs are represented as separate class-specific entries 
(e.g., a PKS-NRPS hybrid BGC is recorded as two entries, one for PKS and one for NRPS). Among 2,762 hybrid BGCs 
with a total of 5,775 entries in the training set, 90% (2,490/2,762) were correctly predicted when accuracy was evaluated 
at the BGC level, that is, when a prediction was considered correct if the predicted class of any entry within the same BGC 

Fig 4.  Training and validation loss curves during model training. Training (blue) and validation (orange) loss trajectories are plotted over train-
ing epochs for models trained on (A) Dataset I: biosynthetic gene clusters (BGCs), (B) Dataset II: Actinomycetes genomes, (C) Dataset III: bacterial 
genomes, and (D) Dataset IV: bacterial plus fungal genomes. All models exhibited decreases in loss during training, and the validation loss became 
larger than the training loss, indicating that the models effectively captured the combinatorial structure of domain arrangements.

https://doi.org/10.1371/journal.pcbi.1013181.g004

https://doi.org/10.1371/journal.pcbi.1013181.g004
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Fig 5.  Classification performance across compound classes in the antiSMASH database. (A) Prediction accuracy per class. Bars represent the 
prediction accuracy of the model for each biosynthetic gene cluster (BGC) class. The dashed black line indicates the number of BGCs per class in the 
test set. The highest accuracies were observed for classes such as T2PKS and terpene (>0.8). The red dashed line denotes an accuracy reference of 
0.7 for visual context; 37 of 75 classes containing >10 BGCs exceed this value. (B) Confusion matrix of class predictions. Values are normalized by the 
number of true samples per class. Off-diagonal cells with colors represent incorrect true-predicted pairs.

https://doi.org/10.1371/journal.pcbi.1013181.g005

https://doi.org/10.1371/journal.pcbi.1013181.g005
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matched its true class. This percentage is substantially higher than the per-entry accuracy of 60% (3,477/5,775), reflect-
ing the multiplicative effect of multiple predictions per hybrid region (S2 Table). The confusion matrix revealed several 
frequent class-level misclassifications, such as resorcinol/arylpolyene, NAPAA/NRPS-like, transAT-PKS-like/transAT-PKS, 
and indole/T2PKS (Fig 5B). However, these misclassified pairs were not specific to hybrid BGCs, as only 44 out of 5,775 
hybrid entries showed cases where the incorrectly predicted class appeared in other hybrid entries.

The observed disagreements with antiSMASH class labels likely reflects differences in labeling logic between the two 
approaches: antiSMASH assigns hierarchical subclasses based on predefined domain rules, whereas our transformer 
learns domain-context relationships without such constraints, occasionally merging or reinterpreting related classes in a 
biologically plausible manner.

To visualize the model’s capability to distinguish between BGC types, we projected learned feature representations of 
2,492 experimentally validated BGCs from the MIBiG database [19] using t-distributed stochastic neighbor embedding 
(t-SNE) dimensionality reduction [20] (Fig 6). In Fig 6A, major compound classes such as NRP, saccharide, and ribosom-
ally synthesized and post-translationally modified peptide form clearly separated clusters, reflecting the model’s ability to 
capture class-specific features. In Fig 6B, BGCs associated with polyketide synthases (PKSs) further resolved into Type I 
(blue) and Type II (red) subclasses. These results support the model’s capability to capture functional and structural char-
acteristics relevant to compound class classification. Hybrid BGCs are broadly distributed across the map; however, many 
single-class BGCs also appear dispersed, suggesting that hybrid clusters are not the sole factor influencing the dispersion 
of single-class BGCs (Fig 6C).

Regarding BGC classification performance and embedding structure quality across MIBiG compound classes, our 
transformer-based Model IV outperformed DeepBGC’s pfam2vec embeddings, achieving higher classification accuracy 
(0.81 vs 0.78) and macro-F1 (0.74 vs 0.69), along with improved local cluster purity across layers (Table 3). These results 
indicate that contextual learning along genomic sequences enhances both the separability and internal coherence of func-
tional domain embeddings. Although the silhouette and Calinski–Harabasz indices decreased, suggesting weaker bound-
ary delineation, this likely reflects the model’s broader representation of domain combinations shared among functionally 
related BGC classes.

Model Performance in Functional Domain Prediction

To evaluate how well the developed models understand domain context, we conducted a masked prediction task using 
2,492 BGCs from the MIBiG database. One domain at a time was masked, and models were evaluated on their ability to 
rank the true domain among the prediction.

Across all models, the median prediction rank of true domains was #1, more than 50% of true domains were top-
ranked, and over 75% appeared within the top ten predictions (Table 4). As training data expanded from Actinomycetes 
(Model II) to all bacteria (Model III) and then to bacteria plus fungi (Model IV), the average and standard deviation of the 
prediction ranks improved (Fig 7). These results indicate that the models effectively capture BGC context and positional 
relationships among functional domains, and that greater diversity and size of training data enhanced model accuracy. 
When the four models were evaluated using only the 1,042 Actinomycetota BGCs from MIBiG, both the mean and 

Table 2.  Prediction performance of the transformer-based model and Bag-of-Domains (BoD) classifiers with tree depths of 1 and 3.

Metric Transformer model BoD (depth = 1) BoD (depth = 3)

Accuracy 0.765 0.350 0.255

Macro-F1 0.577 0.044 0.012

Micro-F1 0.765 0.350 0.255

Weighted-F1 0.784 0.272 0.136

https://doi.org/10.1371/journal.pcbi.1013181.t002

https://doi.org/10.1371/journal.pcbi.1013181.t002
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standard deviation of prediction ranks improved substantially in Models I, II, and III compared with evaluations using all 
2,492 BGCs, whereas the improvement in Model IV was limited and its performance fell below that of Models I and III 
(Table A in S1 Data).

Fig 6.  t-SNE visualization of biosynthetic gene cluster (BGC) feature representations. Feature embeddings of BGCs from the MIBiG database 
were visualized using t-distributed stochastic neighbor embedding (t-SNE). (A) Transformer-based embeddings (2,492 BGCs) colored by seven com-
pound classes. Nonribosomal peptides (nrp, red), ribosomally synthesized and post-translationally modified peptides (ripp, brown), and saccharides 
(saccharide, green) formed distinct clusters. (B) Polyketide BGCs visualized by subclass. A clear separation between Type I and Type II polyketide 
synthases (PKSs) highlights subclass-level resolution. (C) Hybrid BGCs colored by their class combination. The most frequent hybrid type, PKS-NRPS 
(“nrp+polyketide”, grey) is widely distributed across the t-SNE map.

https://doi.org/10.1371/journal.pcbi.1013181.g006

https://doi.org/10.1371/journal.pcbi.1013181.g006
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The MIBiG database is one of the most comprehensive collections of experimentally validated BGCs [19]. 
Excluding these entries from the training data would therefore remove valuable biological information that defines 
known BGC architectures. Instead of omitting them to avoid potential data leakage, we implemented a similarity- 
tagging procedure in which each MIBiG domain was labeled according to its similarity to the training data; L1 (exact 
match), L2 (near match), L3 (family-level similarity), or None (no detectable similarity). As shown in Fig 8, most L1 

Table 3.  Quantitative evaluation of learned domain embeddings compared with DeepBGC.

DeepBGC Model IV1

Embedding pfam2vec Early layer Middle layer Final layer

BGC classification performance

  Lp-macro-F1 0.6939 0.7307
(0.0057)

0.7381
(0.0078)

0.7318
(0.0050)

  Lp-accuracy 0.7816 0.8005
(0.0055)

0.8066
(0.0036)

0.8051
(0.0014)

  Cluster purity @5 0.7495 0.7732
(0.0038)

0.7679
(0.0041)

0.7755
(0.0038)

  Cluster purity @10 0.7295 0.7514
(0.0040)

0.7456
(0.0037)

0.7547
(0.0041)

  Cluster purity @20 0.7110 0.7273
(0.0035)

0.7190
(0.0026)

0.7318
(0.0041)

  Recall @1 0.0021 0.0021
(0.0000)

0.0021
(0.0000)

0.0021
(0.0000)

  Recall @5 0.0094 0.0098
(0.0001)

0.0097
(0.0001)

0.0098
(0.0001)

  Recall @10 0.0179 0.0187
(0.0001)

0.0184
(0.0001)

0.0187
(0.0002)

Embedding structure metrics

  Silhouette coefficient 0.0879 0.0388
(0.0023)

0.0375
(0.0025)

0.0351
(0.0013)

  Calinski–Harabasz index 163.7 75.7
(1.1)

71.9
(1.8)

60.8
(1.7)

  Davies–Bouldin index 3.8 4.5
(0.0)

4.6
(0.1)

5.1
(0.1)

1Standard deviations over five independent runs are in parentheses.

https://doi.org/10.1371/journal.pcbi.1013181.t003

Table 4.  True domain rank statistics across four training datasets using 2,492 biosynthetic gene clusters (BGCs) in the MIBiG database.

# I II III IV

Data Bacterial BGCs Actinomycetes genomes Bacterial genomes Bacterial plus fungal genomes

Mean 129 343 143 121

Median 1 1 1 1

SD 1105 1804 1093 1031

Minimum 1 1 1 1

Maximum 19503 19711 19706 19692

#1 71.2% 50.7% 57.2% 58.3%

Within #10 88.3% 75.8% 81.9% 83.0%

Above #1000 1.8% 5.3% 2.3% 2.3%

# Token 8.6 M 14 M 49 M 70 M

https://doi.org/10.1371/journal.pcbi.1013181.t004

https://doi.org/10.1371/journal.pcbi.1013181.t003
https://doi.org/10.1371/journal.pcbi.1013181.t004
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domains were predicted as rank #1, while a substantial number of None domains were also ranked #1, indicating 
that the model generalizes its predictive accuracy beyond the known BGCs. The statistics of true domains per simi-
larity tag in each model, for both the 2,492 MIBiG BGCs and the 1,092 Actinomycetota BGCs, is summarized in S3 
Table.

For the 3,157 unique functional domains among the 14,455 total unique domains in the training dataset of Model IV, the 
mean true domain rank showed a positive correlation, while the average probability of being ranked as top-1 exhibited a 
weak decreasing trend, with increasing median rank (Fig 9A and 9B). In contrast, token counts per domain in the training 
and evaluation datasets did not show apparent such trends (Fig 9C and 9D), indicating that the model learned genomic 
domain organization independently of token frequency. Domains tend to be predicted as functionally related types; for 
example, one of the most frequent domains in datasets, ketoacyl-synt, catalyzes the condensation reaction that extends 
polyketide chains, and is often predicted within the top ten as KR, Ketoacyl-synt_C, Acyl_transf_1, or PKS_DE, which are 
known to participate in polyketide synthesis [21]. This indicates that the model successfully captures functional relation-
ships among biosynthetically related domain types.

Context dependency of domain prediction

To determine how input context affects domain prediction by the constructed models, we performed a systematic perturba-
tion analysis in which input domains were randomly altered. We observed the prediction probability of the true domain at a 
masked position domain by Model IV as increasing the number of altered domains (Fig 10).

Fig 7.  Distribution of prediction rankings for 2,492 biosynthetic gene clusters (BGCs) from the MIBiG database across four training datasets. 
Shown are the distributions of true functional domain ranks predicted by models trained on I. antiSMASH-predicted bacterial BGCs, II. Actinomycetes 
genomes, III. bacterial genomes, and IV. bacterial plus fungal genomes. Red dots represent the average prediction rank, and red bars indicate the 
standard deviation (SD) for each dataset.

https://doi.org/10.1371/journal.pcbi.1013181.g007

https://doi.org/10.1371/journal.pcbi.1013181.g007
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The average prediction probability decreased monotonically as replacement rate increased, across BGCs containing 
6, 11, 16, and 21 functional domains from the MIBiG database (Fig 10B). These results indicate that unmasked domains 
serve as critical contextual cues, effectively guiding the model in predicting masked BGC domains.

Design of Artificial BGCs from Model Prediction

We next tested the model’s generative capability to propose plausible domain combinations. Compared to the model 
trained solely on known BGCs, the model trained on comprehensive genome datasets is expected to predict broader 
and more diverse sets of biologically plausible domain combinations, including those not observed in known BGCs. 
To illustrate this, we compared the candidate lists generated by Model I (trained only on BGCs) and Model IV (trained 
on bacterial plus fungal genomes) using the cyclooctatin biosynthetic pathway as a case study. Cyclooctatin is a C

20
 

diterpene produced by Streptomyces melanosporofaciens, whose biosynthesis is catalyzed by four enzymes, CotB1 
through CotB4 [22] (Fig 11). CotB1 synthesizes geranylgeranyl diphosphate (GGDP), while CotB2, the main terpene 
synthase, catalyzes the cyclization and hydroxylation of GGDP to produce cyclooctat-9-en-7-ol (Fig 11B). Subse-
quently, CotB3 and CotB4, both P450 hydroxylases, introduce hydroxyl groups at the C5 and C18 positions, respec-
tively, to yield cyclooctatin (Fig 11B).

When introducing a masked domain after the cotB4 gene in the cyclooctatin BGC, the genome-trained model (Model 
IV) predicted functional domains such as polyprenyl_synt, FAD_binding_3 and Methyltransf_2, which were not ranked 
highly by the BGC-trained model (Model I) (Table 5). These differences likely reflect that Model IV learned a broader 
diversity of functional domain combinations from whole genomes, including those that may represent transitional or par-
tially integrated domains under the evolution of BGC membership. Thus, the newly predicted domains represent plausible 
candidate functions for modifying cyclooctatin or its intermediates.

Fig 8.  Histogram of prediction ranks with similarity tags for MIBiG domains. Shown is the distribution of true functional-domain ranks predicted 
by Model IV, trained on bacterial plus fungal genomes. Each bar represents the count of domains grouped by similarity tag (L1, L2, L3, or None). Most 
L1 domains were correctly predicted as rank #1, while a substantial number of None domains (no detectable similarity) were also predicted as rank #1, 
indicating that the model generalized its accuracy beyond training examples.

https://doi.org/10.1371/journal.pcbi.1013181.g008

https://doi.org/10.1371/journal.pcbi.1013181.g008


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013181  February 23, 2026 13 / 23

Experimental validation of model prediction

To experimentally validate these model-generated domain suggestions, we need to obtain appropriate amino acid 
sequences of proteins containing suggested domains, because currently our model solely depends on domain sequences. 
For this purpose, we used the EFI-GNT web resource [23,24] to search BGCs containing both a CotB1 homolog and a 
gene encoding domains uniquely predicted by Model IV. We identified such candidate clusters containing the FAD_bind-
ing_3, Bac_luciferase, or Glyoxalase domains; however, in the latter two cases, the predicted domain-containing genes 
were separated by at least two intervening genes from the CotB1 homolog. To prioritize contiguous gene arrangement, we 
selected a BGC from Streptomyces sp. ISL86, which possesses a CotB1 homolog (E-value: 5e-119) and a gene encoding 
the predicted domain, separated by one intervening gene from the CotB1 homolog.

Based on the amino acid sequence translated from the gene encoding the FAD_binding_3 domain, we constructed 
a plasmid harboring this gene and co-expressed it in S. albus G153 with a plasmid harboring CotB1 and CotB2, CotB1 
through CotB3, or CotB1 through CotB4 (Fig 12A). Subsequent LC-MS analysis revealed trace amounts of unknown 
metabolites specifically produced by the S. albus G153 transformant co-expressing FAD_binding_3 with CotB1 and 

Fig 9.  Prediction summary per functional domain in Model IV. (A) Mean, median, and standard deviation of true token ranks. (B) Average probability 
of being ranked as top-1. (C) Token counts in the training dataset. (D) Token counts in the 2,492 MIBiG BGCs used for evaluation. Tokens are ordered 
by the median of true domain ranks. The mean true domain rank shows a consistent increasing trend, while the average top-1 probability exhibits a 
weak degreasing trend with increasing median rank. In contrast, token counts in the training and evaluation datasets show no apparent correlation with 
prediction rank statistics.

https://doi.org/10.1371/journal.pcbi.1013181.g009

https://doi.org/10.1371/journal.pcbi.1013181.g009
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CotB2, CotB1 through CotB3, or CotB1 through CotB4 (Figs 12B and B in S1 Data). High-resolution MS analysis deduced 
that one of the unknown metabolites shares the same molecular formula as cyclooctat-9-ene-5,7-diol (Fig 12C). Never-
theless, their retention times under the chromatographic conditions were clearly different, suggesting that they represent 
distinct structural isomers of cyclooctat-9-ene-5,7-diol.

This finding validates the model’s ability to propose novel, biologically plausible domain combinations that can be func-
tionally expressed in a heterologous host.

Discussion

This study demonstrates that our transformer-based model can effectively learn and predict BGC patterns by treat-
ing functional domains as linguistic units. This approach provides both conceptual insights into BGC organization and 
practical tools for natural product discovery. Notably, divergent prediction patterns between the BGC-trained and genome-
trained models suggest that broader training contexts may reveal alternative or previously unexplored biosynthetic trajec-
tories, as exemplified in the analysis of cyclooctatin BGC.

Fig 10.  Effect of token substitutions on domain prediction accuracy. (A) Schematic of the perturbation experiment to investigate how prediction 
accuracy for a masked token changes when randomly substituting other tokens in the input sequence (excluding [SEP] tokens). Colored arrows rep-
resent functional domains in proteins. (B) Prediction results for domain clusters consisting of 6, 11, 16, and 21 tokens (sample sizes of 81, 66, 71, and 
65 clusters, respectively). The y-axis shows the model’s prediction probability for the correct token at the [MASK] position, while the x-axis indicates the 
number of randomly substituted tokens. Shaded areas represent standard deviations across samples.

https://doi.org/10.1371/journal.pcbi.1013181.g010

https://doi.org/10.1371/journal.pcbi.1013181.g010


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013181  February 23, 2026 15 / 23

We experimentally validated a model-predicted domain combination through heterologous co-expression of the 
FAD_binding_3 gene with cyclooctatin biosynthetic genes. The FAD_binding_3 domain is found in various enzymes, 
typically monooxygenases and hydroxylases, where it binds and utilizes flavin adenine dinucleotide as a redox cofactor. 
Although detected in trace amounts, a putative isomer of cyclooctat-9-ene-5,7-diol was specifically observed in transfor-
mants co-expressing CotB1-B2, CotB1-B3, or CotB1-B4 with the FAD_binding_3 protein (Figs 12B and B in S1 Data). 
This observation aligns with the model’s prediction that such domain combination could lead to the production of unknown 
metabolites. While structural elucidation of the unknown isomer remains necessary, this form of metabolomic validation 
offers critical feedback for iterative model refinement.

Compared to existing tools such as antiSMASH, which rely on known BGC patterns, our model learns from both BGC 
and non-BGC genomic regions and can propose novel domain combinations. The use of a transformer architecture 
enables the capture of long-distance dependencies among domains, which is crucial for understanding cluster organiza-
tion. These strengths are reflected in the models’ high prediction accuracy and its ability to propose biologically plausible, 
previously uncharacterized domain assemblies.

Fig 11.  Cyclooctatin biosynthetic gene cluster and biosynthetic mechanism. (A) Gene cluster responsible for cyclooctatin biosynthesis, comprising 
four genes, cotB1 to cotB4. (B) Mechanism of cyclooctatin biosynthesis [22].

https://doi.org/10.1371/journal.pcbi.1013181.g011

Table 5.  Comparison of top-7 predicted domains for an additional domain to the cyclooctatin biosynthetic gene cluster by Model I and Model IV.

Model I Model IV

Rank Pfam domain Probability Rank in Model IV Pfam domain Probability Rank in Model I

1 p450 0.1928 2 Terpene_syn_C_2 0.2592 14

2 Flavodoxin_1 0.1563 >100 p450 0.1133 1

3 AMP-binding 0.1224 42 polyprenyl_synt 0.0144 >100

4 adh_short 0.0470 7 MFS_1 0.0137 >100

5 cNMP_binding 0.0426 >100 FAD_binding_3 0.0132 35

6 AMP-binding_C 0.0387 >100 Methyltransf_2 0.0100 54

7 Prenyltrans 0.0232 98 adh_short_C2 0.0089 26

https://doi.org/10.1371/journal.pcbi.1013181.t005

https://doi.org/10.1371/journal.pcbi.1013181.g011
https://doi.org/10.1371/journal.pcbi.1013181.t005
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Nonetheless, several limitations remain. First, although the current model effectively predicts domain-level organiza-
tion, it does not generate amino acid sequences optimized for protein-protein interactions or catalytic compatibility. This 
is because the model is based exclusively on genomic co-occurrence patterns, without incorporating nucleotide or amino 
acid sequence information. We plan to address this issue by integrating protein sequence design tools such as Protein-
MPNN [25] or ProGen [26], as well as nucleic acid generation tools such as Evo [15]. Second, the model cannot autono-
mously generate candidate artificial BGCs; instead, candidate domains must be selected by comparing predictions across 
models trained on different datasets. This limitation could be overcome by incorporating additional computational mod-
ules, including rule-based heuristics for candidate selection and neural network-based components for domain sequence 
generation and translation.

In the per-class accuracies (Fig 5A), certain classes such as transAT-PKS-like and PpyS-KS showed zero accuracy. 
Upon inspection, these discrepancies primarily resulted from overly fine subclass annotations rather than a failure of 

Fig 12.  Functional analysis of the domain predicted by the model. (A) A plasmid encoding the gene with the predicted FAD_binding_3 domain from 
Streptomyces sp. ISL86 was constructed and co-expressed with plasmids harboring cotB1 to cotB4 in S. albus G153. (B) Extracted ion chromatograms 
for m/z 289.252 in the liquid chromatography–mass spectrometry analysis. The culture extracts were analyzed from the S. albus transformants harboring 
pCOT102/103/104 with and without the FAD_binding gene. Cyclooctat-9-ene-5,7-diol (m/z 289.2526 [M − H

2
O+H]+) was abundantly detected, eluting 

at 3.3 min in the extracts from S. albus pCOT103 pKU1021 and S albus pCOT103 FAD_binding_3. In addition, several previously undetected signals, 
highlighted in yellow, were observed in trace amounts at around 4.2 minutes in the extracts of S. albus pCOT102 FAD_binding_3, S. albus pCOT103 
FAD_binding_3, and S. albus pCOT104 FAD_binding_3. Notably, these signals shared the same m/z 289.2526 as cyclooctat-9-ene-5,7-diol. (C) High 
resolution MS spectrum of one of the unknown metabolites in the extract from S. albus pCOT102 FAD_binding_3.

https://doi.org/10.1371/journal.pcbi.1013181.g012

https://doi.org/10.1371/journal.pcbi.1013181.g012
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model learning. For example, transAT-PKS-like clusters were often predicted as transAT-PKS or PKS, which are chem-
ically and biosynthetically related categories. This observation suggests that the current BGC annotations granularity 
may exceed the resolution supported by the available training data. A possible solution would be to adopt hierarchical 
classification schemes, allowing evaluation at both major-class and subclass levels to more accurately reflect model 
performance. In addition, in some cases such as PpyS-KS, the correct class appeared as the second- to fourth- ranked 
prediction, which was still counted as incorrect. A rank-weighted accuracy metric could provide a more comprehensive 
assessment, better capturing near-correct predictions.

The model’s ability to predict biologically plausible domain combinations can prioritize BGCs for experimental vali-
dation. Differences in predictions between BGC- and genome-trained models may serve as indicators of evolutionarily 
atypical clusters with potential for novel bioactivity. Future developments should include integrating transcriptomic data 
to capture co-expression patterns, using protein structure predictions to assess domain compatibility, and incorporating 
phylogenetic and metabolic network data to improve biological plausibility. These enhancements can be achieved through 
a pre-training and fine-tuning framework that balances computational efficiency with multimodal data integration. While 
this study emphasizes generative design of new domain architectures, the framework may also be adapted for de novo 
genome mining to identify previously uncharacterized BGC types, which will be the subject of future work.

In conclusion, this study demonstrates the potential of applying natural language modeling techniques to understand 
and design BGCs. While the current framework focuses on domain-level prediction, future integration of sequence design, 
gene expression patterns, and structural constraints will enable generation of more evolutionarily informed and function-
ally robust BGCs. This transformer-based strategy provides a scalable platform for both theoretical studies of BGC evolu-
tion and practical applications in the discovery and engineering of natural products.

Although our validation focused on the cyclooctatin BGC, we anticipate that the broader utility of the platform will be 
further demonstrated as the biochemical community applies it to diverse BGCs. Such cumulative applications will not only 
reinforce confidence in its universality but also enhance the long-term value of this study.

Methods

Data collection and preprocessing

Genomic Data. Microbial genome data was downloaded from the National Center for Biotechnology Information. For 
bacterial genomes, we selected 12,186 complete genomes annotated in RefSeq. For fungal genomes, 2,670 assemblies 
were collected using GenBank submitter annotations. For each genome, both gene location files (GFF format) and protein 
amino acid sequences (protein-FASTA format) were retrieved.
BGC Data. We obtained 239,021 predicted bacterial BGC data (GenBank format) from the antiSMASH database. Protein 
sequences of genes located within BGC regions were extracted from each file. Each BGC was treated as a linearized 
sequence of functional domains for model input.
Pfam Domain Identification. Pfam domains were annotated using HMMer version 3.3.1 [27] with the Pfam-A.hmm data-
base (Pfam v35.0) [28]. The E-value threshold was set to 1e-10. Domain annotations were integrated with GFF files to 
determine domain coordinates on genomes. In cases where domain annotations overlapped in a region, the domain with 
the better alignment score was retained. A special token [SEP] was inserted between genes to preserve gene boundary 
information in domain sequences.

Construction of Tokenization system

Pfam domain names were extracted from the Pfam-A.hmm database. A tokenizer containing 19,523 unique domain 
tokens was constructed using the PreTrainedTokenizerFast module from the HuggingFace Transformers library (https://
huggingface.co/docs/transformers/index). Each domain was treated as a discrete token, allowing BGCs and genomic 
sequences to be represented as tokenized sequences for language model input.

https://huggingface.co/docs/transformers/index
https://huggingface.co/docs/transformers/index
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Model architecture and training

RoBERTa Model. We used the RoBERTa architecture implemented in the Hugging Face Transformers library. A limited 
hyperparameter search was conducted on a subset of the bacterial dataset (3 × 10⁶ tokens) to identify stable configura-
tions. The search space included variations in the number of hidden layers (6–10), hidden size (768–1024), number of 
attention heads (12–16), learning rate (3 × 10 ⁻ ⁴ to 5 × 10 ⁻ ⁵), weight decay (0.01–0.02), warmup ratio (0.04–0.06), and 
learning-rate scheduler type (cosine or linear). The final configuration was selected based on the lowest validation loss 
and stable convergence across three independent runs, as follows:

•	 Number of hidden layers: 8

•	 Number of attention heads: 16

•	 Hidden layer dimension: 1,024

•	 Maximum input sequence length: 512 tokens

•	 Learning rate: 3 × 10 ⁻ ⁴ (5 × 10 ⁻ ⁵ for Dataset I)

•	 Weight decay: 0.02

•	 Warmup ratio: 0.06

•	 Learning-rate scheduler type: linear

•	 Total number of trainable parameters: 105,781,515

Training was conducted using the Masked Language Modeling (MLM) tasks. For each input sequence, 15% of tokens were 
randomly selected for masking, and among them, 80% were replaced with [MASK] tokens, 10% with random tokens, and the 
remaining 10% were kept unchanged. The model learned to predict the original tokens based on surrounding context.
Training Datasets. Four models were trained on datasets with increasing taxonomic scopes:

•	 Model I: bacterial BGCs

•	 Model II: Actinomycetes genomes

•	 Model III: bacterial genomes

•	 Model IV: bacterial plus fungal genomes

For each dataset, 80% of samples were used for training and 20% reserved for testing in a leakage-safe manner. Specifically, 
non-overlapping domain chunks were generated from Pfam domain sequences, and their pairwise similarities were computed 
using 6-gram MinHash signatures (128 permutations, 32 bands) following the locality-sensitive hashing (LSH) approach [29,30]. 
Pairs of chunks with Jaccard similarity≥ 0.8 were connected to form a similarity graph, with each connected component treated 
as a similarity group [31]. The data were then partitioned using grouped K-fold splitting [32], ensuring that all chunks within a 
group were assigned to the same partition and thereby preventing chunk-level leakage between the training and test sets.

To assess model reproducibility, five independent rounds of data splitting and training were performed for Dataset IV. 
All runs exhibited smooth decreases in both training and evaluation losses, along with consistent reproduction of true 
domain-rank statistics (Fig C and Table B in S1 Data).

Evaluation methods

BGC Classification Task. To assess model performance in compound class prediction, a token indicating the BGC 
class (e.g., T1PKS, T2PKS, NRPS, terpene) as defined by antiSMASH was appended to the beginning of each domain 
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sequence from Dataset I including 191,216 bacterial BGCs retrieved from the antiSMASH database. During training, this 
label token was masked as part of the MLM task to infer the correct class from domain context. Model performance was 
evaluated on an independent set of 47,805 bacterial BGCs from the same dataset that were not used for training.

For comparison, we implemented a Bag-of-Domains (BoD) baseline classifier using scikit-learn modules [33], anal-
ogous to a Bag-of-Words approach [34], treating domain tokens as words and predicting BGC classes using decision 
trees with depth of 1 and 3. Model performance was evaluated using four standard multi-class classification metrics: 
accuracy, macro-F1, micro-F1, and weighted-F1. Accuracy measures the proportion of correctly predicted samples among 
all predictions. Macro-F1 computes the unweighted mean of per-class F1 scores, giving equal importance to all classes. 
Micro-F1 aggregates true and false predictions across classes to evaluate overall correctness, while weighted-F1 aver-
ages per-class F1 scores weighted by class frequency. Together, these metrics provide complementary views of overall 
and class-specific prediction performance.
Embedding Evaluation Metrics. To quantitatively assess the quality of domain embeddings in comparison with the 
DeepBGC embedding model, pfam2vec, we evaluated both supervised classification and semi-supervised structural met-
rics using scikit-learn modules [33]. Embeddings were extracted from the early (2nd), middle (5th), and final (8th) trans-
former encoder layers, corresponding to progressively deeper contextual representations, from local domain composition 
to global BGC architectural organization.

For supervised evaluation, a linear probe classifier (logistic regression) was trained on frozen embeddings to assess 
class separability using 2,492 MIBiG BGCs annotated with seven compound classes (alkaloid, NRP, polyketide, RiPP, 
saccharide, terpene, and other). Performance was measured by Lp-accuracy (classification accuracy) and Lp-macro-F1 
(mean of per-class F1 scores, equally weighting all classes). Local neighborhood consistency was evaluated using cluster 
purity @k (k = 5, 10, 20), representing the proportion of top-k nearest neighbors sharing the same class, and recall @k 
(k = 1, 5, 10), measuring the probability that a true neighbor appears among the top-k retrieved embeddings.

For semi-supervised structure evaluation, we used three common clustering metrics: the silhouette coefficient [35], the 
Calinski–Harabasz (CH) index [36], and the Davies–Bouldin (DB) index [37], which respectively quantify cluster cohesion 
versus separation, between- versus within-cluster dispersion, and average inter-cluster similarity. Clusters were defined 
according to the seven compound classes in the MIBiG database.

Together, these indices provide a comprehensive assessment of both the discriminative power and structural organiza-
tion of the learned embedding spaces.
Visualization of Feature Representations. To visualize learned feature representations, we performed t-SNE dimension-
ality reduction using embeddings from Model IV:

1.	The domain sequence of each of the 2,492 MIBiG BGCs was input into Model IV.

2.	For each domain, a 1,024-dimensional output feature vector from the model was extracted.

3.	The domain vectors for each BGC were averaged to obtain a single feature representation per BGC.

4.	Feature vectors were compressed to two dimensions using the t-SNE algorithm (scikit-learn implementation, perplex-
ity = 30, random_state = 42).

5.	BGCs were visualized in 2D space, colored according to their compound class annotations.

MIBiG domain tagging for the MLM domain prediction task

To assess potential redundancy between the model training data and the MIBiG domains used for evaluation, we imple-
mented a similarity-based tagging procedure using 5-gram MinHash/LSH similarity between domain-token sequences 
[29,30]. Each MIBiG domain sequence was converted into a token window (11 tokens; half-width W = 5), for which 5-gram 
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shingles were generated and compared against the MinHash index constructed from the training dataset. The maximum 
Jaccard similarity [31] between each MIBiG domain and any training-domain window was then used to assign a similarity 
tag:

•	 L1 (exact): identical 5-gram signature found in training,

•	 L2 (near): high-similarity signature (shared Jaccard ≥ 0.8),

•	 L3 (family): moderate similarity (0.7 <shared Jaccard < 0.8),

•	 None: no detectable overlap with any training chunk.

These tags were used only for analysis and visualization to evaluate potential data leakage and contextual redundancy in 
the MIBiG evaluation dataset.

Experimental Validation

General. Biochemicals and enzymes for genetic manipulation were purchased from NEB (Tokyo, Japan). Oligonucleotide 
primers used for genetic manipulation were purchased from Fasmac Co., Ltd. (Kanagawa, Japan). HR-ESI-MS spectra 
were collected using an SCIEX X500R QTOF system equipped with a UPLC Nexera system (Shimadzu, Kyoto, Japan).
Strain Construction. The gene encoding the FAD_binding_3 domain was PCR-amplified using the primers FAD3_fw 
(GCCAAGCTTTCAGGAGCCGGC) and FAD3_rv(TCCTCTAGAATGCAGCAGCGCCC) from the synthetic gene (synthe-
sised by Twist Bioscience, codon-optimized for expression in Streptomyces coelicolor A3(2), Table C in S1 Data). The 
PCR-amplified gene was digested with XbaI and HindIII and cloned downstream of the rpsJ promoter (PrpsJ) on the 
pKU1021 vector to yield pKU1021_FAD_binding_3. The resultant vector was then used for the transformation of Strep-
tomyces albus G153 with polyethylene glycol-mediated protoplast transformation. Protoplasts were prepared using the 
standard protocol. The resultant strain was further transformed using pSE101, pCOT102, pCOT103 or pCOT104 with the 
same method, which were previously constructed [22].

Metabolic analysis. Each heterologous expressing strain was inoculated into 10 mL TSB and incubated with shaking 
(300 rpm) at 30°C for 2 d. A total of 2 mL of the preculture was inoculated into 100 mL of TSB medium and incubated 
continuously with shaking (180 rpm) at 27°C for 3 d. After fermentation, two times volume of acetone was added to 
the culture broth. After the extraction, the acetone was evaporated, and the remaining aqueous fraction was extracted 
with ethyl acetate. The ethyl acetate fraction was recovered and evaporated in vacuo. The remaining residue was 
dissolved in methanol and analyzed using HR-ESI-LC-MS equipped with a CAPCELL PAK C18 IF column (2.0 φ x 50 
mm; Shiseido, Tokyo, Japan). LC conditions were as follows: mobile phase A, water + 0.1% formate; mobile phase B, 
acetonitrile + 0.1% formate; 10%–90% B over 5 min, 90% B for 2.5 min and then 10% A for 2.5 min, at a flow rate of 
0.4 mL/min.

Supporting information

S1 Table. Summary of class prediction performance by the transformer-based model and Bag-of-Domains classi-
fiers (tree depths = 1 and 3). 
(XLSX)

S2 Table. Class prediction results for hybrid biosynthetic gene clusters (BGCs). 
(XLSX)

S3 Table. Summary statistics of true domains categorized by similarity tag. 
(XLSX)
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S1 Data. Table A. Domain prediction performance across four training datasets using Actinomycetota 1,042 biosynthetic 
gene clusters (BGCs) in the MIBiG database. Table B. True domain rank statistics across five independent runs using 
Dataset IV for 2,492 biosynthetic gene clusters (BGCs) in the MIBiG database. Table C. Nucleotide and amino acid 
sequences of the synthetic gene encoding the FAD_binding_3 domain used in this study. Fig A. Training and validation 
loss curves of RoBERTa and GPT-1 models on Dataset II. Fig B. Extracted ion chromatograms for cyclooctatin and its 
intermediates from Streptomyces albus transformants harboring pCOT102/103/104, with or without the FAD_binding_3 
gene. Fig C. Cross validation of loss behavior during model training.
(PDF)
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