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Abstract 

Polyhydroxyalkanoate (PHA) synthases are a group of complex, dimeric enzymes 

which catalyze polymerization of R-hydroxyacids into PHAs. PHA properties depend 

on their monomer composition but enzymes found in nature have limited specificities 

to certain R-hydroxyacids only. In this study, a conditional variational autoencoder 

was used for the first time to design novel PHA synthases. The model was trained 

with native protein sequences obtained from Uniprot and was used for the creation 

of approximately 10 000 new PHA synthase enzymes. Out of these, 16 sequences 

were selected for in vivo validation. The selection criteria included the presence 

of conserved residues such as catalytic amino acids and amino acids in the dimer 

interface and structural features like the number of α-helices in the N-terminal part 

of the enzyme. Two of the 16 novel PHA synthases that had substantial numbers of 

amino acid substitutions (87 and 98) with respect to the most similar native enzymes 

were confirmed active and produced poly(hydroxybutyrate) (PHB) when expressed in 

yeast S. cerevisiae. The results show the power of AI based methods to create active 

variants of highly complex dimer enzymes.

Author summary

Enzymes found in nature are limited to the ones that have been beneficial for life 
during evolution. However, enzymes as proteins whose function arises from their 
structure are not limited to the ones existing in nature. Therefore, protein design 
calls for intelligent methods that generate proteins that are expressed, fold, and 
are active. In this work we developed a deep generative model for PHA synthase 
variant design. Deep generative models generate new data that resembles the 
training data. We trained our model using natural polyhydroxyalkanoate (PHA) 
synthases to generate novel PHA synthase variants. PHA synthases use various 
monomers to polymerize PHA that has potential as oil-based plastic replacement 
material. We analyzed the activity of 16 novel PHA synthases we designed and 
found two of them active. The two active enzymes contained 87 and 98 amino 
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acid substitutions compared with the closest native PHA synthases. Our work 
paves the way for the design of novel PHA synthase variants and other enzymes 
of application interest.

Introduction

Polyhydroxyalkanoates (PHAs) are a group of polymers synthesized by several differ-
ent bacteria. PHAs have gained attention due to their excellent biodegradability and 
biocompatibility, making them interesting alternatives to conventional thermoplastic 
materials. One key research question within PHA field is understanding how the main 
enzyme, PHA synthase (PhaC), actually carries out the polymerization process and 
how it can be engineered to be more efficient and accept new monomers [1,2]. Inclu-
sion of new monomers and creation of novel PHA copolymer structures could be an 
efficient tool for expanding the PHA property space towards new applications.

However, PHA synthase is a challenging enzyme to be modeled and understood 
with rational methods as the complete crystal structure has been resolved only for 
one full-length PHA synthase from Aeromonas caviae [3]. In addition, PHA synythase 
acts as a dimer, trimer [4] or multimer [5], containing one or two different subunits. 
This subunit structure, together with preference for either short-chain-length (scl) or 
medium-chain-length (mcl) monomers, defines the class of a certain PHA synthase. 
Class I, III and IV PHA synthases prefer scl-monomers with only three to five car-
bons, while class II PHA synthases prefer mcl-monomers containing six to 14 car-
bons. Class I and II PHA synthases act as homodimers containing two similar PhaC 
subunits although recently Assefa et al. [4] suggested that class I PHA synthase from 
Brevundimonas sp. KH11J01 is active as a trimer. In contrast, class III and IV PHA 
synthases have in addition to PhaC subunit a PhaE or a PhaR subunit, respectively 
[6] and exist as heterodimers or heteromultimers [5].

Instead of rational design, computational tools can be used. Computational protein 
design tools such as FuncLib [7] and CADENZ [8] can be used to generate libraries 
with enzyme variants. Enzymes with enhanced activity or even new substrate spec-
ificities have been found by screening these libraries [9]. In addition, to these tools 
generative AI models, such as variational autoencoders (VAEs) or large language 
models (LLMs), can be used to generate libraries with novel enzymes. While VAEs 
have been successfully applied to design novel proteins such as metalloproteins, 
luciferase enzymes, and simpler proteins such as human-like phenylalanine hydroxy-
lases [10–12], their potential for creating more complex enzymes such as dimers, like 
PHA synthases, has been understudied.

In this work, we designed two novel (i.e., AI generated) class I PHA synthase 
sequences and demonstrated their activity by polymerization of 3-hydroxybutyrate 
(3HB) monomers in our previously developed yeast Saccharomyces cerevisiae strain 
expressing a 3HB-CoA synthesizing pathway [13]. New PHA synthase sequences 
were designed using a generative AI model, specifically a conditional variational auto-
encoder (cVAE) PHA_cVAE.
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Results

Choice of a deep learning model

We trained an autoencoder model that takes as input the structural and sequence-based features of enzymes and outputs 
the amino acid sequences of enzymes (Fig 1). The model also receives a condition vector that represents the enzyme 
class. We used a dataset of PHA synthases, lipases, and partial PHA synthase sequences for the model training. We 
found that using bidirectional LSTM layers and multi-head self-attention blocks improved the model performance.

We defined the loss function of the model as a combination of the reconstruction loss and the Kullback-Leibler diver-
gence (KL divergence) [14], which measures how much the latent space differs from the standard normal distribution. The 
KL divergence term can be scaled by a factor called beta that controls the trade-off between reconstruction and disentan-
glement of the latent features [15]. However, a high beta value can lead to a posterior collapse [16], a phenomenon where 
the latent variables become independent of the input and the decoder ignores them. To mitigate this problem, we trained 
the model in stages, gradually increasing the beta parameter from 0.01 to 1.

Model performance was evaluated by analyzing the quality of the produced PHA synthase sequences. Class I PHA 
synthase sequences generated with PHA_cVAE were compared with class I PHA synthase sequences produced with a 

Fig 1.  Scheme of the deep learning model used to generate novel PHA synthases.

https://doi.org/10.1371/journal.pcbi.1014087.g001

https://doi.org/10.1371/journal.pcbi.1014087.g001
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fine-tuned large language model (LLM) ProGen2-small [17] as well as native class I PHA synthase sequences with 100 
random mutations. The evaluation focused on class I PHA synthase sequences as we had decided to generate class I 
PHA synthase sequences with the model. In addition, we generated sequences with PHA_cVAE in all four PHA synthase 
classes and evaluated them using three different criteria: coherence of BLAST results with the generated class, confi-
dence of the model to terminate the sequence and amino acid composition.

Some sequences generated with PHA_cVAE contained several long homorepeats and did not thus seem to be proper 
PHA synthase sequences (only 0.3% of the input sequences contained at least one homorepeat longer than 10 amino 
acids). Therefore, we first evaluated if the generated sequences had also rare amount of some amino acids. We analyzed 
the percentage range of each amino acid in the native sequences (e.g., amount of alanine residues was 4–16% in the 
native sequences) and compared if the generated sequences had similar percentage of each amino acid as the native 
sequences (Table 1). We then used this amino acid composition as a filter before further evaluation to have only meaning-
ful sequences in the analysis.

Next, we predicted structures of the generated class I PHA synthase variants with Boltz-1 [18] and calculated the 
average pLDDT score [19] from the predicted structures. Furthermore, we aligned the predicted structures with PHA 
synthase from Chromobacterium sp. USM2 and calculated average TM-score [20]. The average pLDDT score was slightly 
higher for the PHA_cVAE generated sequences than for the ProGen2-small generated sequences (Table 1). Therefore, 
the structure prediction model Boltz-1 was slightly more confidently predicting the structures of the PHA synthase vari-
ants generated by the PHA_cVAE model. Furthermore, pLDDT scores of sequences generated with both generative 
models were higher than pLDDT scores of native PHA synthase sequences with 100 random mutations (Table 1). The 
average TM-scores were similar for PHA synthase variants generated by both models as well as for native PHA synthase 
sequences with random mutations (Table 1). Distribution plots for pLDDT scores and TM-scores are presented in S1 Fig.

We also calculated the proportion of generated sequences that contained the three catalytic amino acids (Cys, Asp, 
His) in the right positions. Both PHA_cVAE and ProGen2-small mainly generated sequences that contained catalytic 
amino acids at right positions, but ProGen2-small was slightly better at it (Table 1). The ProGen2-small was also gener-
ating more variability in the sequences. Clustering the sequences with CD-HIT [21] to 0.95 of similarity produced more 
clusters for ProGen2-small generated sequences than for PHA_cVAE generated sequences (Table 1).

We then analyzed if PHA_cVAE had learned to distinguish the different PHA synthase classes from each other. We 
generated sequences in all four PHA synthase classes and BLASTed [22] the generated sequences against native PHA 
synthase sequences. We then evaluated if the hit with the lowest e-value was from the correct class. To compare the two 

Table 1.  Evaluation of model performancea.

PHA_cVAE ProGen2-small Random mutations

Class of generated PHA synthase variants I II III IV I I

Average pLDDT score 88.3 – – – 85.4 78.4

Average TM-score 0.90 – – – 0.89 0.88

Correct catalytic amino acid triad 96% – – – 97.6% –

Amount of clusters with 0.95 similarity treshold 160 – – – 544 –

Amino acid composition 33% 37% 39% 28% 77% –

Coherence of BLAST results with the class generated 100% 100% 93% 97% 96% –

Confidence of the model to terminate the sequence 72% 63% 34% 66% – –

aPHA synthase variants were generated in all four PHA synthase classes with PHA_cVAE and in class I with ProGen2-small. Furthermore, native class I 
PHA synthase sequences were randomly mutated, introducing 100 mutations into each sequence. “-” denotes no analysis.

https://doi.org/10.1371/journal.pcbi.1014087.t001

https://doi.org/10.1371/journal.pcbi.1014087.t001
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models we also applied the same analysis for ProGen2-small generated sequences. All class I PHA synthase sequences 
generated with PHA_cVAE were from correct class while 4% of sequences generated with ProGen2-small were not eval-
uated as class I PHA synthase variants (Table 1). Thus, PHA_cVAE was sligtly better in producing sequences of correct 
PHA synthase class.

Furthermore, we evaluated how confident PHA_cVAE was in terminating the sequences. The analysis was conducted 
prior to filtering the sequences based on amino acid composition. Since all inputs were required to be 700 amino acids in 
length, shorter sequences were padded to achieve uniform length. Consequently, the generated sequences also included 
padding at the end to indicate termination. In some cases, the model introduced termination indicators within the middle of 
sequences, suggesting uncertainty in determining the correct endpoint (Table 1).

Selection of 16 novel PHA synthase variants

We used PHA_cVAE to create novel class I PHA synthase sequences. We focused on class I as it is the most studied 
PHA synthase class. Furthermore, we wanted to focus on a PHA synthase class that is active as a homodimer (i.e., 
either class I or II). Generation of class III or IV enzymes would bring additional dimension as in addition to PhaC also 
PhaE or PhaR subunits are needed, respectively. More than 10 000 class I PHA synthase sequences were gener-
ated to have variance in the sequences. Only sequences with similar amino acid composition as native class I PHA 
synthases were saved. As it is currently challenging, if not impossible, to experimentally characterize 10 000 different 
enzyme sequences, we carried out several filtration steps to select 16 most interesting sequences for an in vivo activ-
ity test. First we removed duplicates and sequences without correct active site triad (Cys, Asp, His). This first filtering 
step removed 10% of the initial sequences. Next we clustered the sequences based on similarity with CD-HIT [21] 
and selected one sequence from each cluster leaving 715 sequences. We then predicted the structures for these 715 
sequences with AlphaFold [19], compared them with PHA synthase from Chromobacterium sp. USM2 and analyzed if 
the generated sequences contained 20 different amino acids that were shown to be conserved among native PHA syn-
thases from four different PHA synthase classes [23] and an arginine residue (Arg365 in Chromobacterium sp. USM2) 
that is conserved in classes I and II. In addition we evaluated if the sequences contained hydrophobic amino acids at 
the dimer interface obtained from Chek et al. [23]. Next, we evaluated the amount of α-helices in the N-terminal part 
as Kim et al. [24] analyzed that five α-helices in the N-terminal are required for PhaC1

Cn
 to function properly. In addi-

tion, we analyzed the length of the sequences, presence of termination indicators inside the sequences and similarity 
with the closest native enzymes. We then selected 42 sequences from the 715 sequences based on the information 
gathered above. We selected mostly sequences that contained all conserved amino acids, but selected also some 
sequences with some variability in these. Length of the selected sequences were 570–621 aa, sequence identities 
with closest native enzyme were 50–92%, and they all contained 5 α-helices in the N-terminal part. Next, we evaluated 
tunnels to the active site cavity with CAVER [25] and selected 16 sequences for wet lab validation. All of the selected 
16 sequences had two tunnels to the active site cavity with bottleneck radius of at least 1.3 Å. Furthermore, all of the 
selected sequences apart from PhaC

VAE6
 and PhaC

VAE10
 contained all conserved amino acids and hydrophobic amino 

acids in the dimer interface.
Fifteen of the resulting 16 selected enzymes (Table 2) showed highest sequence identity to PHA synthases either from 

Legionella or Janthinobacterium species. To assess whether this bias was a result of the selection process or if all gener-
ated sequences were similar to these species, we constructed a phylogenetic tree from the initially generated sequences 
by clustering all the generated sequences with CD-hit using 50% similarity threshold and including one representative 
sequence from each cluster. In addition, all of the sequences selected for in vivo activity tests were added to the phy-
logenetic tree (Fig 2). The sequences generated using the model had remarkably higher variability than the sequences 
selected for in vivo tests showing the model ability to avoid the usual issue of VAEs that reduce variance in the sampling 
[26]. Instead, using conserved residues as a selection criterion caused some bias in the selection process.
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To further evaluate how the selected PHA synthases were distributed in the latent space we visualized the selected 
PHA synthases together with 1000 randomly selected PHA_cVAE generated sequences and 1674 randomly selected 
sequences from the train and test dataset (S1 File). As expected, those generated sequences that were similar to PHA 
synthases from Legionella sp., based on sequence similarity, were close to native PHA synthases from Legionella sp. in 
the latent space. Generated sequences similar to Janthinobacterium sp. formed two clusters with one cluster containing 
sequences PhaC

VAE3
 and PhaC

VAE4
 and other cluster containing the rest of the generated sequences that were similar 

to Janthinobacterium sp., including PhaC
VAE7

 and native PHA synthases from Janthinobacterium sp. Although the clos-
est native PHA synthase for PhaC

VAE3
, PhaC

VAE4
 and PhaC

VAE7
 was from Janthinobacterium sp. the sequence similarity 

between both PhaC
VAE3

 and PhaC
VAE7

 and PhaC
VAE4

 and PhaC
VAE7

 is approximately 70%. The difference in the sequence 
similarity might therefore be one reason why these sequences are not next to each other in the latent space. However, 
another reason might be that the latent space distributes the data not only based on amino acid sequence, but captures 
also other features of the enzymes. Therefore, the structured latent space can be used to find relationships between 
enzymes that can not be seen with sequence alignment.

In vivo activity test of the 16 novel PHA synthases

Together with PhaC
Ls

, PhaC
Jl
, and PhaC1

Cn
 encoding genes, the genes encoding for the selected 16 PHA_cVAE gen-

erated novel PHA synthases were individually integrated into chromosome X of S. cerevisiae, more specifically into X-4 
EasyClone loci [27]. Parent strain contained three copies of the 3-hydroxybutyryl-CoA (3HB-CoA) pathway, including 

Table 2.  PHA_cVAE generated PHA synthase enzymesa.

Enzyme 
ID

Active Uniprot ID of closest 
native specie

Closest native specie Sequence 
identity (%)

Changes Rare 
changes

Novel change 
combinations

PhaC
VAE1

Active A0A0W0ZA05 Legionella shakespearei 85 87 7 (0) 52

PhaC
VAE2

Active A0A0W0RV18 Legionella bozemanae 83 98 2 (0) 51

PhaC
VAE3

Inactive A0A2N6IF07 Janthinobacterium sp. ROICE36 88 82 17 (2) 1260

PhaC
VAE4

Inactive A0A5C4NWS4 Janthinobacterium lividum 88 70 14 (0) 801

PhaC
VAE5

Inactive A0A1I9XWC6 Janthinobacterium sp. 1_2014MBL_MicDiv 85 88 15 (1) 835

PhaC
VAE6

Inactive A0A238KKZ1 Actibacterium lipolyticum 61 237 65 (9) 15907

PhaC
VAE7

Inactive A0A2N0HPF3 Janthinobacterium sp. 64 84 92 20 (8) 1918

PhaC
VAE8

Inactive A0A5C4NWS4 Janthinobacterium lividum 89 68 16 (3) 818

PhaC
VAE9

Inactive A0A377RVJ7 Janthinobacterium lividum 90 71 7 (0) 434

PhaC
VAE10

Inactive A0A0W0ZA05 Legionella shakespearei 73 157 30 (9) 4695

PhaC
VAE11

Inactive A0A5C4NWS4 Janthinobacterium lividum 90 56 14 (0) 759

PhaC
VAE12

Inactive A0A0W0ZA05 Legionella shakespearei 76 137 16 (0) 1113

PhaC
VAE13

Inactive A0A5C4NWS4 Janthinobacterium lividum 91 53 8 (0) 438

PhaC
VAE14

Inactive A0A5C4NWS4 Janthinobacterium lividum 88 76 14 (2) 745

PhaC
VAE15

Inactive A0A5C4NWS4 Janthinobacterium lividum 87 91 15(1) 1215

PhaC
VAE16

Inactive A0A378IN02 Legionella cincinnatiensis 85 89 5 (0) 92

aThe “Active” column shows if the PHA synthase variant showed activity for 3HB-CoA polymerization when expressed in vivo in yeast S. cerevisiae. 
The second column is the Uniprot ID of the most similar native PHA synthase and the third column is the organism where the most similar native PHA 
synthase was found. The “Sequence identity” column shows percentage of identical positions with the most similar native PHA synthase. The “Changes” 
column shows the number of amino acid differences between the generated PHA synthase and the most similar native PHA synthase. The “Rare chang-
es” column shows the number or amino acid positions where the amino acid present in the novel PHA synthase is present in less than 100 native class I 
PHA synthases in the same position. Inside the parenthesis we show the number of novel changes (i.e., amino acid positions where amino acid present 
in the novel enzyme is not found in any native class I PHA synthase). The column “Novel change combinations” shows the number of two change combi-
nations that were not present in any native class I PHA synthase.

https://doi.org/10.1371/journal.pcbi.1014087.t002

https://doi.org/10.1371/journal.pcbi.1014087.t002
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acetyl-CoA acetyltransferase (PhaA) and acetoacetyl-CoA reductase (PhaB1) (Fig 3A) (Table 3). The activities of the 
enzymes were first assessed by staining with Nile red that binds on the surface of the PHA granules [28]. The Nile red 
staining suggested that two of the novel PHA synthases were active and polymerized 3HB monomers (Fig 3B). The 
strains expressing PHAC

VAE1
 and PHAC

VAE2
 showed significantly higher based on two-tailed paired Student’s t-Test 

Fig 2.  Phylogenetic tree of PHA_cVAE generated PHA synthase sequences. The generated sequences were clustered and one representative from 
each cluster is included in the tree. In addition, sequences selected for in vivo activity analysis were added. Active sequences are colored with green and 
non active with orange. Labels in the tree describe the species of the closest native PHA synthase.

https://doi.org/10.1371/journal.pcbi.1014087.g002

https://doi.org/10.1371/journal.pcbi.1014087.g002
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(p < 0.003) fluorescence (26.4 ± 1.6 Relative fluorescence units (RFU) and 59.8 ± 11.1 RFU, respectively) than the PHA 
negative control strain PhaA-PhaB1 (10.4 ± 1.0 RFU). The nonzero fluorescence intensity of the negative control is 
explained by the binding of Nile red to other intracellular structures such as lipids droplets [29]. For comparison, positive 
controls PHA_Ls, PHA_Cn, and PHB_ctr2 showed similar fluorescence intensities (38.8 ± 5.4 RFU, 31.3 ± 5.4 RFU, and 
48.8 ± 12.1 RFU, respectively) as the strains expressing the novel PHAC

VAE1
 and PHAC

VAE2
.

Next, the activities of the 16 novel PHA synthases were assessed by growing the yeast strains in shake flasks for 72 
h and analyzing PHB content from the lyophilized biomass with precise gas chromatography mass spectrometry (GC-
MS) method. The analysis of the PHB content in the biomass confirmed the earlier observations from the Nile red stain-
ing (Fig 3C). Strains expressing the novel PHA synthases, PHA_VAE1 and PHA_VAE2, accumulated 6.2 ± 0.1% and 

Fig 3.  Biosynthesis pathway of PHB and results of PHB accumulation in vivo. (A) PHB biosynthesis pathway by PhaA, PhaB1 and PhaC. (B) 
Fluorescence intensities of strains grown on 24-well plate and stained with Nile red method. Four technical replicates were used for each strain. Bars 
show the average value of technical replicates, and circles show the values of individual measurements. (C) The amount of PHB as % of cell dry weight 
quantified with GC-MS from strains grown in shake flasks. Three biological replicates were used for strains PHA_VAE1-PHA_VAE16 and PHA_Ls. For 
control strains CEN.PK113-7D, PhaA-PhaB1, and PHB_ctr1 same biological replicate was cultured in three different shake flasks. For strain PHA_Jl, 
one biological replicate was cultivated. Bars show the average value of replicate cultures, and circles show the value of each replicate culture.

https://doi.org/10.1371/journal.pcbi.1014087.g003

https://doi.org/10.1371/journal.pcbi.1014087.g003
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4.5 ± 1.7% of PHA as % of CDW, respectively, demonstrating activity of the novel PHA synthases. For comparison, PHB 
content in the biomass of the CEN.PK113-7D was below the detection limit and the strain expressing only PhaA-PhaB1 
and the strains expressing the other novel PHA synthases (PHA_VAE3-PHA_VAE16) showed only a trace amount of 
0.05-0.15% of PHB in CDW. The trace amount results likely from methanolysis of an excess of non- 
polymerized 3-HB-CoA formed by PhaB1. Strains with native PHA synthases from, C. necator (PHB_ctr1), L. shake-
spearei (PHA_Ls) and J. lividum (PHA_Jl) accumulated 6.7 ± 0.1%, 9.8 ± 1.0%, and 13.3% PHB of CDW, respectively. 
As PHA titers are linked to amount of formed biomass, the cell growth was followed at 0h, 24h, and 72h S2 Fig. During 
the first 24 h, almost all strains reached their highest OD

600
 the only exception being strain PHB_ctr1 which showed 

minor OD
600

 increase after 24 h.

Table 3.  Strains and enzymes used in this study.

Strains

Name Description Code References

CEN.PK113-7D S. cerevisiae (MATa HIS3 URA3 LEU2 TRP1 MAL2-8c SUC2) H3887 a

PHB_ctr1 H3887 with integration of PhaA, PhaB1 and PhaC1Cn genes into X-3 EasyClone locus H5696 [30]

PHB_ctr2 H3887 with integration of PhaA, PhaB1 and PhaC1Cn genes into X-4, XII-5 and XI-3 EasyClone loci H5697 This article

PhaA-PhaB1 H3887 with integration of PhaA and PhaB1 genes into X-3, XI-2 and XII-2 EasyClone loci H6135 This article

PHA_VAE1 H6135 with integration of phaCVAE1 into X-4 EasyClone locus H6772 This article

PHA_VAE2 H6135 with integration of phaCVAE2 into X-4 EasyClone locus H6773 This article

PHA_VAE3 H6135 with integration of phaCVAE3 into X-4 EasyClone locus This article

PHA_VAE4 H6135 with integration of phaCVAE4 into X-4 EasyClone locus This article

PHA_VAE5 H6135 with integration of phaCVAE5 into X-4 EasyClone locus This article

PHA_VAE6 H6135 with integration of phaCVAE6 into X-4 EasyClone locus This article

PHA_VAE7 H6135 with integration of phaCVAE7 into X-4 EasyClone locus This article

PHA_VAE8 H6135 with integration of phaCVAE8 into X-4 EasyClone locus This article

PHA_VAE9 H6135 with integration of phaCVAE9 into X-4 EasyClone locus This article

PHA_VAE10 H6135 with integration of phaCVAE10 into X-4 EasyClone locus This article

PHA_VAE11 H6135 with integration of phaCVAE11 into X-4 EasyClone locus This article

PHA_VAE12 H6135 with integration of phaCVAE12 into X-4 EasyClone locus This article

PHA_VAE13 H6135 with integration of phaCVAE13 into X-4 EasyClone locus This article

PHA_VAE14 H6135 with integration of phaCVAE14 into X-4 EasyClone locus This article

PHA_VAE15 H6135 with integration of phaCVAE15 into X-4 EasyClone locus This article

PHA_VAE16 H6135 with integration of phaCVAE16 into X-4 EasyClone locus This article

PHA_Ls H6135 with integration of phaCLs into X-4 EasyClone locus H6774 This article

PHA_Jl H6135 with integration of phaCJl into X-4 EasyClone locus H6775 This article

PHA_Cn H6135 with integration of phaC1Cn into X-4 EasyClone locus H6776 This article

Enzymes

Name Description References

PhaA Acetyl-CoA acetyltransferase from Cupriavidus necator, GenBank KP681582 [31]

PhaB1 Acetoacetyl-CoA reductase from C. necator, GenBank KP681583 [31]

PhaC1
Cn

PHA synthase from Cupriavidus necator, GenBank KP681584 [31]

PhaC
Ls

PHA synthase from Legionella shakespearei DSM 23087, Uniprot A0A0W0ZA05 This article

PhaC
Jl

PHA synthase from Janthinobacterium lividum, Uniprot A0A5C4NWS4 This article

PhaC
VAE1

-phaC
VAE16

Novel PHA synthases generated by VAE model This article

aStrain was kindly provided by Dr. P. Kötter (Institut für Mikrobiologie, J.W. Goethe Universität Frankfurt, Germany).

https://doi.org/10.1371/journal.pcbi.1014087.t003

https://doi.org/10.1371/journal.pcbi.1014087.t003
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Sequence analysis of the 16 novel PHA synthases

To identify the features that distinguished the active and inactive novel PHA synthases, we performed a comparative 
analysis of the sequences by structurally aligning them with their closest native PHA synthases. Most of the 16 enzymes 
tested experimentally were similar to the native PHA synthases from two species: Legionella sp. and Janthinobacterium 
sp. (see Table 2). Two enzymes showed activity in vivo with the selected substrate, and they were similar to the native 
PHA synthases from Legionella shakespearei and Legionella bozemanae. PhaC

VAE1
 and PhaC

VAE2
 had 87 and 98 amino 

acid substitutions, respectively, compared to their closest native PHA synthase. The exact location of the substitutions 
in PhaC

VAE2
 is visualized in Fig 4. The other enzymes, which were not active in vivo, had 53–237 substitutions compared 

to the most similar native PHA synthase. Despite substantial number of amino acid substitutions the structural motifs of 
the generated enzymes have remained near identical when compared with the closest native PHA synthase (Fig 4). In 
PhaC

VAE2
 the only differences found were shorter β3- and β4-strands (S3 Fig A) and two missing short helices (S3 Fig 

B). Also, PhaC
VAE6

 with 237 substitutions have preserved majority of the structural motifs found in the closest native PHA 
synthase (S3 Fig C).

Next, we evaluated the frequency and novelty of the amino acid substitutions in each enzyme. The active enzymes 
exhibited less rare substitutions (amino acids with a frequency of less than 100 in native PHA synthases at the same posi-
tion) and no novel substitutions (amino acids absent in native PHA synthases at the same position). The mean number of 
rare substitutions for the active enzymes was 4.5, while for the inactive enzymes it was 18.3. We also analyzed the pair-
wise combinations of substitutions in each enzyme. The active enzymes had 52 and 51 novel combinations, respectively, 
while the inactive enzymes had from 92 to 15907 novel combinations (see Table 2).

Fig 4.  Comparison of amino acid substitutions in PhaCVAE2. AlphaFold structure of the active PhaC
VAE2

 (in cyan) aligned with AlphaFold structure of 
the closest native PHA synthase (in grey). The 98 different amino acids with respect to the most similar native enzyme are marked with red. Catalytic 
amino acids are shown with blue.

https://doi.org/10.1371/journal.pcbi.1014087.g004

https://doi.org/10.1371/journal.pcbi.1014087.g004
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Discussion

In this study we created 16 novel PHA synthases with a conditional variational autoencoder. We found that two of these 
could effectively polymerize 3HB-CoA into PHB with accumulation levels similar to previously obtained by Ylinen et al. 
when expressing C. necator PHA synthase [30]. Similar levels have previously been reported also for other engineered S. 
cerevisiae strains carrying the PHB pathway from C. necator (5.2-9% of CDW) [29,32,33], indicating that our novel PHA 
synthases were as efficient in polymerizing 3HB-CoA as the PHA synthase from C. necator when expressed in yeast. 
However, since it is difficult to normalize the effect of other parameters on PHA accumulation in vivo, precise comparison 
of different enzymes is difficult. For example, monomer availability has great impact on PHA accumulation, as shown 
in studies where replacement of PhaB1 with an NADH dependent alternative and the use of xylose or cellobiose as the 
carbon source instead of glucose boosted the carbon flux towards 3HB-CoA and result in higher PHB accumulation levels 
of 14–21% of CDW in S. cerevisiae [30,34,35]. Despite this, the in vivo approach is a rather easy method for assessing 
the capability of a PHA synthase to polymerize a certain monomer in relevant conditions. In future, activity screening could 
be made by using Nile red staining [28] as Nile red staining results corresponded well with GC-MS analysis. Alternatively 
activity screening could be made by cultivating microbes containing the synthases in a 96 well plate and analyzing PHA 
accumulation using Fourier transform infrared spectroscopy (FTIR) [36]. In either option, precursors of desired PHA mono-
mers could be fed to the cultures to evaluate the ability of the synthases to use desired monomers as their substrates 
[28,37,38]. Finally, GC-MS can be used to confirm the monomer composition of PHA polymerized by active PHA synthase 
variants.

In addition, the selection process before wet lab activity screening can be improved in future by taking into account the 
number and type of amino acid substitutions with respect to the most similar native PHA synthase sequence. The two 
active novel PHA synthase variants contained significantly lower number of novel combinations of substitutions than the 
novel inactive PHA synthase variants, suggesting that some combinations may be detrimental for the enzyme activity. Fur-
thermore, using the conserved residues as one selection criterion should be reconsidered as it caused some bias during 
the selection process. Although the residues used were shown to be conserved in some native PHA synthases from all 
four PHA synthase classes [23] they were not conserved in all of the sequences used for training the model. Therefore, 
the model also suggested alternative residues for some of these positions. Although majority of the sequences used for 
training are not validated as active PHA synthases, it is possible that using this selection criterion removed potential active 
enzymes from wet lab validation. In addition, at the time of the study C-terminal catalytic domains of two PHA synthases 
from Cupriavidus necator [39,40] and Chromobacterium sp. USM2 [23] were available, but crystal structure of a full-length 
PHA synthase was lacking. The recently published full-length crystal structure of PhaC from A. caviae (PhaC

Ac
) gives 

new insight into the dimerization of the enzyme. According to the new crystal structure there are direct contacts between 
N-terminal residues from both protomers. Therefore, the new knowledge do not support using the hydrophobic residues 
that were earlier suggested to form contact area between two protomers [23] as one filter. However, with the new crystal 
structure we could also analyze how the tunnels obtained with CAVER align with the putative egress tunnel presented by 
Chek et al. [3]. We aligned PhaC

VAE1
 and the tunnels obtained with CAVER with triethylene glycol (TEG)-bound form of the 

crystal structure of PhaC
Ac

 and found that TEG-molecules were aligning with one of the two tunnels (S4 Fig A). In addition, 
when we docked 3HB-CoA to PhaC

VAE1
 with Boltz-1 the docked 3HB-CoA went through the second tunnel obtained with 

CAVER (S4 Fig B). Therefore, the tunnels obtained with CAVER seem to be putative substrate entry and product egress 
tunnels which supports using CAVER in the selection process also in the future.

In future, training dataset and protein representation of the input sequences could also be further improved. Gener-
ative AI models typically require large amount of data for effective training. In addition to PHA synthase sequences we 
added lipase sequences to the training dataset as lipases share some structural similarities with PHA synthases [23]. The 
effect of adding lipases to the training dataset on the quality of the generative model is unclear. It is possible that some of 
the lipases have divergent structures that could interfere with the model’s ability to learn the features of PHA synthases. 
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However, the number of PHA synthase sequences in public databases is increasing rapidly. Therefore, in the future the 
model could be trained exclusively with PHA synthase sequences. In addition, we utilized in this work contact maps pre-
dicted by trRosetta [41] to represent the 3D structures of the input sequences for the deep learning model. Contact maps 
predicted by trRosetta contain information about the distances and orientation of amino acid residues that are in contact 
with each other in the enzyme structure. Thus, these contact maps describe enzymes better than their protein sequences. 
Predicting contact maps with trRosetta is fast and can be used easily on a data set of thousands of enzymes. However, 
the accuracy and quality of the protein representation, and thus also model’s performance, could be enhanced in future by 
the new advances in protein structure prediction such as AlphaFold [19] or RoseTTAFold [42].

Finally, VAEs are efficient generative models which have been used successfully in the past to create novel proteins 
[10–12]. However, training of VAEs can be difficult and unstable due to various challenges during the training process, 
such as posterior collapse, vanishing gradients, over-fitting, and dataset bias [43]. We addressed the problem of posterior 
collapse by adopting a phase training approach increasing gradually the beta parameter in the loss function. Problems like 
posterior collapse, loss of variability or bias could also be avoided by using alternative types of generative models, such 
as diffusion models [44] or large language model (LLM) [17], but these models have other disadvantages like large train-
ing costs of LLM and no possibility for smart sampling from latent distribution. To compare the quality of sequences  
generated by PHA_cVAE with those generated by a fine-tuned LLM (ProGen2-small [17]) we predicted structures of the 
generated sequences and calculated average pLDDT score. In addition, we aligned the structures with a native PHA 
synthase and calculated average TM-score. The average pLDDT score and TM-score are slightly better for the PHA_
cVAE generated sequences. However, the ProGen2-small is able to generate more diversity than PHA_cVAE, based on 
sequence clustering. In addition, amino acid composition was better in ProGen2-small generated sequences, but PHA_
cVAE was slightly better in generating sequences of correct PHA synthase class after filtering the sequences according 
to amino acid composition. Independently of the quality of the the generated PHA synthases, the main reason for using 
cVAE instead of LLM is the possibility of smarter sampling from the latent distribution, as it can be highly customized. 
Sevgen et al. [10] designed novel phenylalanine hydroxylases (PAH) by sampling sequences around human PAH from the 
latent distribution and some of the novel sequences showed increased activity when compared with the human PAH. In 
the future, we could sample around the sequences that showed activity and try to find improved versions of them. Smart 
sampling could also be used to design PHA synthases that can utilize a wider or more specific range of substrates. For 
instance, sampling sequences from latent distribution between a class I native PHA synthase and a class II native PHA 
synthase could allow generation of novel PHA synthases with substrate specificity towards both scl- and mcl-monomers. 
In addition, smart sampling is not the only benefit of the structured latent space. As the regularized latent space groups 
similar inputs closely it enables relationship discovery of enzymes beyond sequence comparison.

Conclusion

In this study, a conditional variational autoencoder was used for the first time to create novel PHA synthases. Despite 87 
and 98 amino acid substitutions in comparison to the closest native PHA synthases the two PHA synthases were active 
and produced PHB in yeast S. cerevisiae. Ultimately these, or other novel sequences designed in future, could expand 
possibilities to polymerize different PHA monomers and adjust PHA material properties into new application areas.

The success rate of our low-throughput approach was 12.5% for designing novel PHA synthases. This enzyme is 
very challenging to engineer, as it is poorly characterized and requires dimerization for its function. The conditional 
variational autoenconder generated a diverse set of PHA synthase sequences by learning from native proteins, and 
we applied a series of tests to select the most promising candidates. We believe that the selection process may have 
contributed to the high success rate. However, our subsequent analysis revealed that the low frequency of unnatu-
ral amino acid pair combinations was a key feature of the active sequences, and we suggest using this criterion for 
future selections.
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Materials and methods

Data collection and representation

Collection and processing of PHA synthase data.  We used sequences from Uniprot [45] (uniprot version 
2021_03) to create a data set for this study. These included all sequences containing class I, II, or III PHA synthase 
domains (InterPro families IPR010963, IPR011287, IPR010125 [46]), or N-terminal domain of a PHA synthase 
(InterPro family IPR010941 [46]). A class was assigned for each sequence based on InterPro family and a 
phylogenetic tree. ClustalW 2.1 [47] was used to create a multiple sequence alignment (MSA) of sequences belonging 
to InterPro [46] classes IPR010963, IPR011287 and IPR010125. The D3 JavaScript library [48] was used to create a 
phylogenetic tree of the MSA. A cluster with known class IV poly(R)-hydroxyalkanoate synthase sequences (Q8GI81 
and Q9ZF92, Uniprot) [6] was assigned as class IV. The sequences assigned to class IV belonged to class III 
polyhydroxyalkanoate synthase family in InterPro (IPR010125). Thus, the sequences belonging to IPR010963 were 
assigned to class I, the sequences belonging to IPR011287 were assigned to class II, and the sequences belonging to 
IPR010125 were assigned to class III or IV based on the MSA and phylogenetic tree explained above. For sequences 
belonging to IPR010941 but not to IPR010963, IPR011287, or IPR010125, the class was assigned based on Basic 
Local Alignment Search Tool (BLAST). BLAST 2.12.0 [22] was run for each sequence against PhaC sequences 
belonging to IPR010963, IPR011287 or IPR010125. The class of the query sequence was assigned to be the same 
class as the PHA synthase sequence with lowest e-value. Furthermore, we augmented the data set with sequences 
with known beneficial mutations (S1 Table). Then, the sequences were classified based on their size. Very long 
sequences were removed and the rest of the sequences were divided to three different size categories (i.e., normal 
size, small, and fraction) based on the sequence length (S2 Table).

In addition to the PHA synthase sequences, 5000 lipase sequences were included in the dataset. Lipases were added 
to increase the size of the dataset as they have similar structures as the PHA synthases. Both lipases and PHA syn-
thases contain α/β-hydrolase domains. Furthermore, PHA synthases contain lipase box sequence (GXSXG) with only 
one amino acid substitution compared to lipases. In PHA synthases, the active site serine is replaced with cysteine [23]. 
First, sequences containing lipase in their name were downloaded from Uniprot (v. 2021_3). Then BLAST 2.12.0 was 
run for these sequences against PhaC sequences belonging to IPR010963, IPR011287, or IPR010125, and 5000 lipase 
sequences with smallest e-value were included in the dataset.

Finally, the dataset was divided to training and testing datasets. The CD-HIT 4.6 [21] was used to cluster all sequences 
in each class (i.e., Class I-IV PHA synthases and lipases) separately. One cluster in each class was then selected to 
testing dataset. The data processing pipeline is clarified in S5 Fig. The number of sequences in different classes, the 
number of sequences in different size categories as well as the sizes of training and testing datasets are compiled in S3 
Table. The dataset that was used to generate the TFRecord files and the TFRecord files are stored to Zenodo (https://doi.
org/10.5281/zenodo.17549219).

Protein representation.  We used a combination of features to represent the sequence and structure information 
of the enzymes for the generative model. To obtain structural features for our large dataset of enzymes, we used the 
software trRosetta [49]. It predicts the contact maps of each enzyme, which consist of a matrix of distance probabilities 
and three matrices of orientation probabilities for each pair of residues. Moreover, we encoded each protein sequence 
using seven physico-chemical amino acid properties, such as mass, side chain volume, or polarity (see Table 4), and the 
secondary structure of the protein predicted with STRIDE [50].

Building and use of a variational autoencoder (VAE)

Model architecture.  Our model follows an autoencoder architecture, which consists of two parts: the encoder that 
compresses the input into a latent vector and the decoder that reconstructs the input from the compressed latent vector 

https://doi.org/10.5281/zenodo.17549219
https://doi.org/10.5281/zenodo.17549219
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created by the encoder. However, our model differs from the standard autoencoders because it does not use the same 
input and output. Our encoder takes as input the structural and sequence-based features of enzymes, while the decoder 
outputs the one-hot representation of the amino acids in the enzyme sequence. An additional input to both the encoder 
and the decoder is the condition that represents each enzyme class (a 85-dimensional vector). The enzyme data for the 
model training comprised PHA synthases (4 classes), lipases (1 class), small PHA synthase sequences (4 classes), and 
partial PHA synthase sequences (4 classes) (S3 Table). We separated the small and partial sequences based on length 
and treated them as distinct classes in the condition vector.

We compared the convolutional [57] and recurrent (LSTM [58] and GRU [59]) model architectures and selected the 
LSTM-based model because it achieved the highest test accuracy. Autoencoder architectures consist of two parts: the 
encoder, which compresses the input given for the training, and the decoder, which reconstructs the input from com-
pressed values produced by the encoder. In our model, the encoder input comprised the contact map representation of 
the protein (a 700x75 matrix), the protein amino acid features representation (a 700x7 matrix) (Table 4), the secondary 
structure prediction (a 700x3 matrix), and the condition vector (an 85-dimensional vector). Each of these inputs, except 
the condition, was passed through a multi-head attention block [60] with 18 heads, followed by a bidirectional LSTM layer. 
The outputs of these three blocks were then concatenated with the condition vector and fed into two dense layers to pro-
duce the mean and the logvar values corresponding to the input.

We sampled the values of the latent vector using the mean and the logvar values generated by the encoder. The 
decoder had two inputs: the latent vector sampled from the encoder (a 20-dimensional vector) and the same condition 
vector used in the encoder. Both inputs were concatenated and connected to a bidirectional LSTM layer. The output of 
the LSTM layer was flattened and sent to two consecutive dense layers that returned a one-hot representation of the 
amino acids in the protein sequence (a 700x21 matrix) (see Fig 1). Python implementation of the model is available online 
https://github.com/vttresearch/PHA_cVAE/.

Model training and evaluation.  The model was trained using Adam optimizer with learning rate 0.001 and a batch 
size of 12. Softmax cross entropy with logits was used to calculate the reconstruction error in the loss function. To mitigate 
posterior collapse, the beta parameter, that controls the weight of KL divergence on the total loss, was incrementally 
increased from 0.01 to 1. Further increments in the beta parameter resulted in model collapse. First training was done for 
203 epochs using beta parameter 0.01, then 214 epochs using beta parameter 0.1 and finally for 202 epochs using beta 
parameter 1. In each training stage training was continued sufficient time for the model not to improve anymore, but being 
sure that the model did not start overfitting. Convergence plots of loss, accuracy and KL divergence loss are presented 
in S6 Fig. Although validation accuracy did not improve during the last two training stages decrease in KL divergence 
loss, especially during the last training phase, facilitate novel protein generation by regularizing the latent space. 
Hyperparameter optimization was done using a grid search methodology. We tested 0.1, 0.01 and 0.001 values as the 
learning rate with the smallest learning rate being selected due to its better performance in terms of accuracy. Additionally, 

Table 4.  Features collected from each amino acid.

Property Definition Reference

Mass Masses of neutral residues [51]

Side chain volume Mean volumes of residues inside proteins [52]

Hydropathy Hydrophobicity/hydrophilicity of the residues [53]

Polarity Average separation of charge in the residues [54]

Polarizability Possibility of the residues to become polarized temporalily [55]

pI pH of the residues at the isoelectric point [56]

Side chain composition Atomic weight ratio of noncarbon elements inside side chain 
end groups or rings

[54]

https://doi.org/10.1371/journal.pcbi.1014087.t004

https://github.com/vttresearch/PHA_cVAE/
https://doi.org/10.1371/journal.pcbi.1014087.t004
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we tested various dropout regularization values, but observed no significant performance differences. Furthermore, we 
evaluated different model parameters such as number of attention heads in the attention block, size of latent vector 
and amount of nodes in the dense layers of the encoder (S4 Table and S7 Fig). The batch size of 12 was limited by the 
memory of our GPU. The training took 18 days using NVIDIA Volta V100 GPU.

Model performance was evaluated by analyzing quality of the produced sequences. We compared the sequences 
generated with PHA_cVAE with sequences generated with a LLM and native class I PHA synthase sequences with 100 
random mutations. As LLM we used the ProGen2-small [17] and followed their fine-tuning protocol [61]. The input data for 
the ProGen2-small was the same data as for our PHA_cVAE model, divided into 13 groups (12 categories for PHA syn-
thases and lipases (S2 Table, S3 Table)). We fine-tuned the ProGen2-small for 5 epochs because the test error increased 
after the fifth epoch. We generated the amino acid sequences with the ProGen2-small using the label of the Class I PHA 
synthases followed by “M” (the first amino acid in all the proteins) as a seed.

We first evaluated the amino acid composition of the generated sequences by selecting native sequences from each 
PHA synthase class randomly (1000 from classes I, II and III and 300 from class IV) (InterPro families IPR010963, 
IPR011287, IPR010125) and counting the amount of each amino acid in these sequences. By dividing the amount of each 
amino acid with the length of the sequence we defined the percentage range of each amino acid in the native sequences. 
We then generated 1000 new PHA synthase sequences from each class with PHA_cVAE and with ProGen2-small and 
analyzed how many of them had all the amino acids within the calculated range.

Next, we predicted structures with Boltz-1 [18] for 750 sequences generated with each generative model (ProGen2- 
small and PHA_cVAE) and 495 randomly mutated native PHA synthase sequences that had been filtered according to 
the amino acid composition. We first selected 750 sequences randomly from 10322 sequences that had been generated 
with PHA_cVAE and already were filtered according to the amino acid composition (Section “Sequence generation and 
selection of the 16 sequences”). Next, we extracted 750 sequences that had similar amino acid composition as native 
PHA synthases from 1000 sequences generated with ProGen2-small. In addition, we randomly selected 750 native class 
I PHA synthase sequences from the training and test dataset, generated randomly 100 mutations to each and filtered the 
sequences according to the amino acid composition leaving us 495 randomly mutated native PHA synthase sequences. 
We then calculated the average pLDDT score [19] for the structures predicted with Boltz-1. In addition, we aligned the 
structures with the PHA synthase from Chromobacterium sp. USM2 using TM-align [20], as we didn’t expect a signifi-
cant structural divergence to this protein, and calculated the average TM-score [20]. Using the TM-align alignments, we 
also checked the proportion of generated PHA synthases that didn’t contain the three catalytic amino acids in the correct 
position.

Finally, we evaluated if PHA synthase classes of the generated sequences were correct and wether PHA_cVAE was 
confident about terminating the sequence. Evaluating the classes of the generated sequences were done by generating 
100 sequences in each class with PHA_cVAE, running BLAST 2.12.0 against native PhaC sequences (belonging to Inter-
Pro families IPR010963, IPR011287 or IPR010125) and evaluating if the hit with the lowest e-value was from the desired 
class. When generating sequences for class evaluation only sequences with similar amino acid composition as native 
sequences were saved. Class evaluation was also made similarly for 750 ProGen2-small generated sequences. Analysis 
of sequence termination was performed by generating 1000 sequences in each class with PHA_cVAE and evaluating 
wether the sequences contained termination indicators elsewhere than in the end of the sequence.

Sequence generation and selection of the 16 sequences.  We generated 10322 different class I PHA synthase 
sequences using the selected cVAE generative model and by randomizing the values in the latent space. More than 10 
000 sequences were generated to have enough variance in the generated sequences before starting filtering process. 
When generating sequences, only the sequences having amino acid proportions within the same range as in the native 
sequences (calculated similarly as in Materials and methods, Model training and evaluation) were saved. Next we 
removed duplicated sequences and filtered the generated PHA synthases based on the presence/absence of the three 
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catalytic amino acids in the right position in active site leaving 9241 enzymes. With the remaining sequences, we used 
CD-HIT [21] with 95% identity threshold to cluster them resulting on 715 clusters. When generating sequences PHA_
cVAE gave the probability of each amino acid for each position in the sequence. The amino acid with highest probability 
was then selected to the generated sequence. To select sequences from the clusters we analyzed for each position in 
the sequence, how many amino acids had similar probability as the selected amino acid in each position of the sequence 
(maximum 10% smaller probability than the amino acid selected to the sequence). Then from each cluster we selected 
the sequence with least of amino acids having similar probabilities than the amino acid with highest probability as we 
considered that the model was less confident in those positions.

Next the filtering continued by running AlphaFold2 [19] for each of the 715 sequences and aligning the obtained structures with 
the crystal structure of PHA synthase from Chromobacterium sp. USM2 (PDBe: 5xav [23]) using TM-align [20]. These aligned 
structures were then used to analyze if the created new PHA synthase sequences had changes in conserved residues (other 
than the catalytic triad) obtained from Chek et al. [23] (amino acids corresponding to 197L, 200Y, 211P, 213L, 220N, 223Y, 226D, 
232S, 249W, 289G, 293G, 294G, 323D, 365R, 392W, 395D, 415N, 431D, 448H, 476G, 489K in Chromobacterium USM2). In 
addition, we studied if amino acids in the dimer interface corresponding to amino acids at positions 332, 333, 369, 371, 386, 387, 
390, and 451 in Chromobacterium sp. USM2 [23] were hydrophobic. However, the alignment of our structures with 5xav was not 
good for positions between residues 371 and 386 in PHA synthase of Chromobacterium sp. USM2. We expect this to be due to 
the break in the crystal structure at positions 372–384. Thus, we aligned the generated 715 sequences also with the AlphaFold 
structure of the PHA synthase from Chromobacterium sp. USM2 (AlphaFoldDB: E1APK1) and used these alignments to check 
the hydrophobicity of the amino acids corresponding to amino acids at positions 372–384 of E1APK1.

Next we analyzed the amount of α-helices in the N-terminal part of the PHA_cVAE generated PHA synthase 
sequences. We aligned AlphaFold predicted structures with PHA synthase from Cupriavidus necator (AlphaFoldDB: 
P23608) using TM-align, analyzed the start of the N-terminal from the aligned structures and predicted the secondary 
structure from the AlphaFold predicted structures using STRIDE [50].

Furthermore, we checked the lengths of the generated sequences and sequence termination indicators inside the 
sequences. For sequences containing a termination indicator inside the sequence, the termination indicator was changed 
to the amino acid with second highest probability. With the information explained above, we then selected 42 sequences 
for further analysis. For these 42 sequences, we calculated the tunnels to and from the active site with CAVER 3.0.3 
Pymol plugin [25] and selected 16 to be tested in wet lab using all the information gathered above. Finally, we aligned the 
sequences containing a termination indicator inside the sequence with their closest native PHA synthase and analyzed if 
the native PHA synthase was longer or shorter. Closest native sequence of PhaC

VAE10
 finished at the position where PhaC-

VAE10
 had first termination indicator. Thus, we decided to cut this sequence at that position. Rest of the native sequences 

were longer than the PHA_cVAE generated sequences and therefore, we kept these sequences as they where.
To analyze if the selection process led us to select sequences uniformly from all the produced sequences, we gen-

erated a phylogenetic tree of the PHA_cVAE generated sequences (Fig 2). First, we clustered all class I PHA synthase 
sequences generated with the model using CD-HIT [21] using 50% identity threshold. This resulted in one representative 
sequence for each cluster. Next, all 16 sequences selected for in vivo experiments were added to the set of sequences. 
BLAST 2.15.0 [22] was then run against native PHA synthase sequences (belonging to InterPro families IPR010963, 
IPR011287 or IPR010125) and the hit with lowest percentage identity was selected. A phylogenetic tree of the PHA_cVAE 
generated sequences was then generated using ClustalW 2.1 [47] and visualised using Geneious 10.2.6 (https://www.
geneious.com). The closest native sequences were marked in the branch labels.

Latent space visualization

Latent vectors of the sequences selected for wet lab validation were visualized together with 1000 randomly selected 
PHA_cVAE generated sequences and 1674 randomly selected native PHA synthase sequences. Each sequence was 

https://www.geneious.com
https://www.geneious.com
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presented with the same protein representation that was used during model training and the inputs were passed through 
the encoder to obtain the latent vectors. The latent vectors of 20 dimensions were then visualized in 2D using UMAP. 
Jupyter Notebook containing the visualization can be found in S1 File.

In vivo activity measurement of novel PHA syntases

Strain engineering.  Strains and enzymes used in this study are presented in Table 3. The used plasmids are 
listed in S5 Table. S. cerevisiae CEN.PK113-7D was kindly provided by Dr. P. Kötter (Institut für Mikrobiologie, 
J.W. Goethe Universität Frankfurt, Germany). Pathway to produce 3-HB-CoA (phaA and phaB1) was cloned to 
three different EasyClone vectors pCfB3034, pCfB2903, and pCfB3039 by amplifying the precursor pathway 
(pTEF1-phaA-tENO1-pTDH3-phaB) from plasmid pPHB

template_1
 (B9660) [62] and cloning the product into the 

corresponding EasyClone plasmids in front of tCYC1 terminator using Gibson assembly (E2611S, New England 
BioLabs). The generated plasmids were digested with NotI and transformed to CEN.PK113-7D (H3887) to 
generate strain PhaA-PhaB1 (H6135). Gene coding for phaC1

Cn
 (pPGK1-phaC1Cn) was amplified with PCR 

from pPHB
template_1

 (B9660) and cloned to EasyClone vector pCfB3035 in front of tCYC1 terminator with Gibson 
assembly. Genes coding for VAE generated novel PHA synthases (PHAC

VAE1
-PHAC

VAE16
) and genes coding for 

PhaC
Ls

 and PhaC
Jl
 were codon optimized for S. cerevisiae and ordered with PGK1 promoters from GenScript in 

pCfB3035 EasyClone vectors. The plasmids were digested with NotI and transformed to parent strain PhaA-PhaB1 
(H6135) to generate strains PHA_VAE1-VAE16. Strain PHB_ctr2 was built by amplifying PHB pathway (pTEF1-
phaA-tENO1-pTDH3-phaB1-tSSA1-pPGK1-phaC1Cn-tCYC) with PCR from the pPHB

template_2
 (B11787) and cloning 

the product to EasyClone vectors pCfB3035, pCfB2904, and pCfB2909 using Gibson assembly. These vectors 
were then digested with NotI and transformed to CEN.PK113-7D (H3887). Lithium acetate (LiAc)/ SS carrier DNA/ 
PEG method [63] and CRISPR/Cas9 protocol of the EasyClone kit [27] were used in all transformations. Correct 
integrations were confirmed with PCR using oligos of EasyClone kit and gene specific oligos as well as Sanger 
sequencing (Microsynth Seqlab GmbH).

Nile red analysis.  The strains were grown for 16 h in 3 ml of synthetic complete media with 20 g/l of glucose in a 
24 well plate at 770 rpm shaking and 30 °C. Cultivation was started by inoculating the media with the strains from YPD 
plates. At the end of the cultivation each cell culture was diluted with distilled water to obtain OD

600
 2. Then 100 µl of each 

of the diluted samples was transferred to a black 96-well plate and mixed with 20 µl of Nile red dissolved in DMSO, so 
that the final concentrations of Nile red and DMSO were 5 mg/l and 17% v/v, respectively. Fluorescence was measured 
after 10 min of incubation at RT with Varioskan Flash (Thermo scientific) using 550 nm excitation and 610 nm emission 
wavelengths. Each culture was measured in four technical replicates. The protocol is available with DOI: https://dx.doi.
org/10.17504/protocols.io.5jyl8xwxrv2w/v1.

Shake flask cultivation.  All the strains were grown in synthetic complete media with 20 g/l of glucose at 30 °C and 220 
rpm shaking. Precultures of 10 ml in 50 ml Erlenmeyer flasks were grown overnight. Subsequently 50 ml cultures in 250 ml 
Erlenmeyer flasks were started from OD

600
 0.2 and continued for 72 hours. Samples were taken at 24 h and 72 h to monitor 

the population growth, extracellular metabolite formation, and glucose utilization. At the end of the 72 h cultivation, cells 
were harvested by centrifuging them for 6 min at 4000 rpm and washing once with distilled water. However, the washing 
step was not done for strains PHA_VAE3

A-C
, PHA_VAE4

A-C
, PHA_VAE5

A-B
, PHA_VAE6

A
, PHA_VAE7

A
 and PHA_VAE9

A-B
. 

Here A, B, and C refers to three different biological replicates of each strain. The cell pellets were stored in -20°C until GC-
MS analysis. The population growth was analyzed by measuring the optical density (OD

600
).

PHB quantitation with GC-MS.  The amount of accumulated PHB in CDW was analyzed with gas 
chromatography mass spectrometry (GC-MS) similarly to Ylinen et al. [30] based on method described by Braunegg 
et al. [64]. Cell samples from the shake flask cultivations were frozen at -80 °C and lyophilized overnight in 
Christ Alpha 2–4 LSCBasic device. Ten milligrams of each dried sample was subjected to methanolysis for 140 

https://dx.doi.org/10.17504/protocols.io.5jyl8xwxrv2w/v1
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min in 100 °C water bath in a solution containing 1 ml chloroform, 810 µl methanol, 150 µl sulfuric acid, and 50 
µl 3-hydroxybutyric acid 1,3-13C2 (Sigma-Aldrich) as an internal standard. Samples were cooled down to room 
temperature and 1 ml of distilled water was added to remove water-soluble particles. Chloroform phase was then 
analyzed using gas chromatography equipment (7890, Agilent) with HP-FFAP column (19091F-102 Agilent). Two 
replicates were analyzed of each strain. A 3-hydroxybutyric acid standard was analyzed equally as the samples. 
Quantitative results for PHB content were corrected using a recovery value of 91.5% and by considering the 
molecular weight difference (18 amu) between the monomer unit in the polymer and the free acid used in the 
calibration curve. The recovery value was obtained by assessing average recovery % of commercial PHB polymer 
at two concentration levels 500 µg and 2000 µg corresponding to 5% and 20% PHB content in a 10 mg biological 
sample, respectively. Recovery values for 500 µg and 2000 µg samples were 91.6% and 91.4% with 1.5% and 1.2% 
relative standard deviations (RSDs), respectively.

Sequence analysis of the generated novel PHA synthases

Generated PHA synthase sequences were BLASTed against all the PHA synthase sequences collected from Uniprot [45] 
to identify the most similar native PHA synthase for each generated novel PHA synthase and percentage of identical posi-
tions were collected to Table 2. Then generated PHA synthases were structurally aligned (structures were predicted with 
AlphaFold2 [19]) to their most similar native PHA synthase enzymes using TM-align [20] and the positions of amino acid 
differences as well as amino acids in the generated enzyme at these positions were recorded. We then analyzed how rare 
it was to have amino acids found in the novel PHA synthases at these positions. For each position we collected all native 
class I PHA synthase enzymes with the same amino acid as the novel PHA synthase in that position. If the number of col-
lected native class I PHA synthases were less than one hundred we considered the amino acid at that position as a rare 
amino acid and if no native class I PHA synthases were found we considered the change as a novel change. To do this 
analysis all 16 generated novel PHA synthases and all native class I PHA synthases were structurally aligned with class I 
PHA synthase from Cupriavidus necator using TM-align [20]. This alignment was used to align all the PHA synthases with 
each other (i.e., to know which amino acid position in a native PHA synthase corresponds to the amino acid position under 
inspection in the novel PHA synthase).

Next we analyzed pairwise combinations of amino acid differences. For each generated PHA synthase we collected 
all pairs of positions were different amino acids were found with respect to the most similar native class I PHA synthase. 
We then looked for these pairs in native class I PHA synthases and counted the cases where there was no native enzyme 
with the same two amino acids as the novel PHA synthase under inspection(see Table 2).

To generate Fig 4 and S3 Fig we visualized and aligned the structures obtained with AlphaFold with PyMOL 3.2.0a and 
marked amino acid differences.
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