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A B S T R A C T

Recent advancements in data technology offer immense opportunities for the discovery and development of new 
enzymes for the green synthesis of chemicals. Current protein databases predominantly prioritize overall 
sequence matches. The multi-scale features underpinning catalytic mechanisms and processes, which are scat
tered across various data sources, have not been sufficiently integrated to be effectively utilized in enzyme 
mining. In this study, we developed a sequence- and taxonomic-feature evaluation driven workflow to discover 
enzymes that can be expressed in E. coli and catalyze chemical reactions in vitro, using alcohol oxidase (AOX) for 
demonstration, which catalyzes the conversion of methanol to formaldehyde. A dataset of 21 reported AOXs was 
used to construct sequence scoring rules based on features, including sequence length, structural motifs, 
catalytic-related residues, binding residues, and overall structure. These scoring rules were applied to filter the 
results from HMM-based searches, yielding 357 candidate sequences of eukaryotic origin, which were catego
rized into six classes at 85 % sequence similarity. Experimental validation was conducted in two rounds on 31 
selected sequences representing all classes. Among these selected sequences, 19 were expressed as soluble 
proteins in E. coli, and 18 of these soluble proteins exhibited AOX activity, as predicted. Notably, the most active 
recombinant AOX exhibited an activity of 8.65 ± 0.29 U/mg, approaching the highest activity of native 
eukaryotic enzymes. Compared to the established UniProt-annotation-based workflow, this feature-evaluation- 
based approach yielded a higher probability of highly active recombinant AOX (from 8.3 % to 19.4 %), 
demonstrating the efficiency and potential of this multi-dimensional feature evaluation method in accelerating 
the discovery of active enzymes.

1. Introduction

Recent years have witnessed the rapid development of data tech
nology for enzyme discovery and design for unprecedented applications 
[1–3]. Growing efforts have been directed to establish an accurate 
function-to-protein mapping [4–8], which is essential for the success of 
data-driven enzyme discovery [9]. The predictions based solely on 
sequence data are prone to error propagation, where inaccuracies in raw 
annotations compound over iterative algorithmic cycles, leading to 
significant downstream errors [10]. Thus, novel approaches to improve 

annotation accuracy in large-scale sequence databases has been devel
oped [11–13]. For enzyme annotation, numerous databases provide a 
wealth of resources for function inference from various structural scales 
including sequence, domains, motifs, and residues [14,15]. The Enzyme 
Function Initiative (EFI) has advanced the field of Genomic Enzymology 
[16–19], leveraging genomic environments of protein families to 
develop comprehensive strategies for discovering novel enzyme mech
anisms, reactions, and metabolic pathways. EFI tools such as Sequence 
Similarity Networks [20] (SSN) and Genome Neighborhood Network 
[21] (GNN) are integral to these efforts. The InterPro [22] database 
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classifies proteins by structural domains, using domain arrangements as 
"protein signatures" to infer functions [23]. This approach has been 
validated by studies such as the discovery of oxazolidinone synthases 
[24]. The M-CSA [25,26] database captures enzyme reaction mecha
nisms and active site information, providing a chemical perspective for 
functional inference. Considering the diverse types of information 
associated with enzyme catalysis, we directed our efforts towards a data 
integration workflow that correlates enzyme function with various 
features indicative of functional relevance. This flexible, one-stop in
formation analysis approach enables us to identify the most functionally 
relevant features from vast amounts of data.

In this study, we proposed a workflow facilitated by sequence- and 
taxonomic-feature evaluation for enzyme discovery, using alcohol oxi
dase (AOX) as a demonstration. The physiological roles of AOX include 
methanol catabolism in methylotrophic yeast, providing energy and 
carbon sources, and the generation of hydrogen peroxide in filamentous 
fungi during wood degradation [27,28]. Recently, the potential of AOX 
in CO2 fixation and utilization has been explored, owing to its ability to 
convert methanol—a central product of CO2 fixation—into formalde
hyde, a versatile precursor for various synthetic applications [29–34]. 
The discovery of AOX dates back over 50 years, yet its structure-based 
characterization [35,36] and engineering [37,38] have only recently 
attracted significant attention, making it an ideal example for validating 
the proposed workflow. In our previous work [30], we successfully 
expressed recombinant AOX in E. coli, enabling rapid validation of 
newly discovered enzymes.

The computational workflow is outlined in Fig. 1, consisting of (i) 
extracting sequence and taxonomy features for referenced sequences, 
(ii) filtering and diversifying potentially active sequences, and (iii) 
selecting sequences for experimental validation. The BRENDA [15] and 
UniProt [39] databases were used as primary data sources for referenced 
sequences. The candidate sequences were identified through an evalu
ation of sequence length, domain composition, and key catalytic and 
binding residues. A sequence similarity network aligned with the tax
onomy of the source organism was employed to guide enzyme selection. 
We then expressed the representative sequences and obtained novel 
enzymes with high activity and protein yield in previously uncharac
terized classes. Statistical analyses of both in silico and in vitro screening 
results demonstrated the effectiveness of this feature evaluation-guided 
enzyme discovery workflow.

2. Methods

2.1. Data and software

The amount of data from BRENDA [15] and UniProt [39] databases 
(accessed on 2023.10.30) for sequences, references, and source organ
isms was summarized in Supplementary Table S1. The bioinformatics 
tools were employed for sequence processing and analysis. CD-HIT [40] 
(v4.8.1) was used for sequence clustering, and T-coffee’s online server 
[41] (v11.00) was used for structure-guided multiple sequence align
ment (MSA). Hmmer [42] software (v3.3) was used to construct the 
Hidden Markov Model (HMM) and perform HMM-based MSA. 
HMM-based sequence searches were conducted using Hmmer’s online 
server [43] (v2.41.2). InterProScan [22] (v5.57–90.0) was used for 
structural domain assignment. USEARCH [44] (v11.0.667) was used to 
calculate the pairwise sequence similarity. Homology modeling was 
performed with the Swiss-Model online server [45] (accessed on 
2023.11.04) in automated mode, and pairwise structural similarity was 
calculated using TM-align [46] (v20190822). Jalview [47] (v2.11.2.7) 
was used to visualize and analyze MSA results, and CytoScape [48] 
(v3.9.1) was employed for sequence similarity network visualization. 
Python scripts were used to construct and parse input and output files for 
these tools. PyMOL [49] (v2.5.2) was used for protein structure visual
ization and key residue analysis, with the DockingPie [50] plugin (v1.2) 
integrated with AutoDock Vina [51] for methanol docking.

General data processing was conducted using python (3.8.20) and 
Jupyter notebook. The main packages included: biopython (1.81) for 
processing biological sequences and MSA data, scipy (1.10.1) and scikit- 
learn (1.3.2) for clustering algorithms and statistical analysis, numpy 
(1.24.4), pandas (2.0.3) and matplotlib (3.7.2) for data manipulation, 
analysis, and visualization. The statistical analysis was performed using 
Fisher’s exact test on 2 × 2 contingency tables. All source code and 
datasets are available on GitHub at: https://www.github.com/ZOOEEE 
R/enzyme-mining-aox.

2.2. Sequence mining

The Hidden Markov Model (HMM) was employed for sequence 
mining. A dataset of non-redundant active AOX sequences was manually 
curated and clustered at a 90 % similarity threshold, resulting in 
representative sequences for HMM construction. The HMM model was 
applied to search the UniProt reference proteome (accessed on 
2023.10.30) using default parameters. This search yielded 30,240 se
quences, with a maximum E-score was 0.98, and a minimum HMM score 
was 19.5.

Fig. 1. The workflow for enzyme discovery of AOX facilitated by sequence- and taxonomic-feature evaluation.
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2.3. Sequence evaluation

2.3.1. Sequence scoring
Scoring rules were made to evaluate post-MSA sequences. Each 

scoring rule assigns a specific score corresponding to the presence of a 
defined residue type set (A) at a given position (k). The residue type set 
(A) could be a subset of the 21 residue types, including 20 standard 
amino acids and the gap ("-"). The sequence-based score, seq_score(s), is 
the sum of the scores obtained by applying all the scoring rules to a given 
sequence s. The formula is as follows: 

seq score(s)=
∑m

i=1
scorei ⋅ IF

(
aki ∈Ai

)

where m is that total number of scoring rules, scorei is an arbitrary given 
score for the i-th scoring rule, ak denotes the amino acid at the k-th 
position of the sequence, Ai is the specified residue type set for the i-th 
scoring rule, and the IF function returns 1 if the condition aki ∈ Ai is true, 
and 0 otherwise.

The sequence score quantifies the extent to which a sequence 
matching predefined sequence patterns. A high score indicates strong 
alignment with expected functional patterns, suggesting a greater like
lihood of the desired function. These predefined scoring rules can be 
derived either heuristically through structure-function relationship 
modeling or statistically via sequence or structural alignment analyses.

2.3.2. Taxonomy scoring
The BRENDA database provides a list of active organisms associated 

with each EC number, along with relevant reference information. These 
active organisms were initially presented as strings, which were subse
quently mapped to taxonomy units (taxid) from the NCBI Taxonomy 
[52] database (downloaded on 2023.11.04) through string matching to 
eliminate redundancy and renaming issues. For AOX, the active species 
was mapped to the taxonomic units at the genus level.

Each reference was treated as independent evidence of the active 
organism. For each reference pi, all taxonomic units (super-kingdom, 
kingdom, phylum, order, family, species, genus) associated with it were 
counted once. For a specific taxonomic unit tj, the total number of ref
erences associated with it was counted. To normalize the value, the 
occurrences of tj in the NCBI Taxonomy database (Total_count(tj)) was 
used as a denominator. The taxonomic score (Tax_score(tj)) for the unit 
tj was then calculated as follows: 

Tax score
(
tj
)
=

∑n
i=1Related

(
pi, tj

)

Total count
(
tj
)

where n is the total number of references. The Related function returns 
1 if the reference pi reported the assay of activity on the taxonomic unit 
tj, and 0 otherwise. Taxonomic units that were not reported in the ref
erences were assigned a score of 0.

For a given sequence s, which is mapped to various taxonomic levels, 
the set of corresponding taxonomic units is denoted as TAXID(s). The 
taxonomic score (tax_score(s)) for sequence s is the sum of the taxo
nomic scores (Tax_score(t)) for each taxonomic unit in the set TAXID(s). 
The formula is as follows: 

tax score(s)=
∑

t∈TAXID(s)

Tax score(t)

The taxonomy score summarizes evidence from the literature on the 
source organisms of known enzymes, while accounting for phylogenetic 
relationships. A high taxonomy score indicates that the source organism 
of the sequence is more closely related phylogenetically to species with 
known enzymatic activity, suggesting a higher likelihood that the 
sequence possesses the corresponding function.

2.4. Sequence selection

A total of 357 candidate sequences were identified through 
sequence-based scoring. To construct sequence similarity networks 
(SSN), pairwise sequence similarity was calculated using USEARCH. 
Homology-based Structural models were used to calculate pairwise 
structural similarity. Since the TM-align score was found to be high 
(>85 %), no further classification based on structure was performed.

As a control group, a pre-experiment based on UniProt annotation 
was conducted, selecting 12 sequences from the 104 sequences labeled 
as "alcohol oxidase [EC 1.1.3.13]" for experiment. For the newly con
structed candidate sequences, two rounds of selection were performed 
based on sampling at the class level (the taxonomic rank in biological 
classification). The first round focused on selecting sequences from 
previously reported classes, while the second round targeted unreported 
classes and those showing high activity in the first round of experiment. 
For each class, the sequences were randomly selected, with the number 
of sequences chosen proportional to the size of the class, and with a bias 
towards sequences that had already been reported. The two rounds of 
selection resulted in 19 and 12 sequences, respectively. In total, 43 se
quences were experimentally validated.

2.5. Experimental validation

2.5.1. Reagents
4-aminoantipyrine (4-AAP) and 2,4,6-tribromo-3-hydroxybenzoic 

acid (TBHBA) were purchased from D&B Biological Science and Tech
nology (Shanghai), and horseradish peroxidase (HRP) was purchased 
from Macklin Biochemical (Shanghai).

2.5.2. Cell culture and protein expression
All alcohol oxidase (AOX) genes were codon optimized and synthe

sized by GenScript Biotech and cloned into the pET-28a protein 
expression vector between the NdeI and XhoI restriction sites, facilitating 
N-terminal His-tag fusion. The constructs were transformed into E. coli 
BL21(DE3) chemically competent cells and incubated at 37 ◦C for 12 h. 
A single colony was then inoculated into 4 mL of Luria-Bertani (LB) 
medium containing 50 μg/mL kanamycin and cultured at 37 ◦C for 8 h. 
For protein expression, the cultures were transferred to Terrific Broth 
(TB) medium with 50 μg/mL kanamycin and incubated at 37 ◦C until the 
optical density at 600 nm (OD600) reached 0.8. Protein expression was 
induced by adding 0.2 mM IPTG, followed by incubation at 16 ◦C for 24 
h. Cells were harvested by centrifugation at 4 ◦C and 12,000 rpm. For 
protein purification, the cell pellet was resuspended in Buffer A (100 mM 
Tris, 300 mM NaCl, 10 mM imidazole, pH 7.5) and lysed by ultra
sonication. The crude lysate was clarified by centrifugation, and the 
supernatant was loaded onto a nickel-affinity chromatography column. 
Non-specific proteins were eluted with a wash buffer composed of 10 % 
Buffer B (100 mM Tris, 300 mM NaCl, 500 mM imidazole, pH 7.5) and 
90 % Buffer A, while AOX proteins were eluted using 60 % Buffer B and 
40 % Buffer A. The eluted protein solution was concentrated using a 10 
kDa molecular weight cutoff filter and subjected to buffer exchange with 
20 mL of Buffer C (100 mM Tris, 100 mM NaCl, 1 mM dithiothreitol, pH 
7.5). Protein concentration was measured using a NanoDrop 2000 
spectrophotometer (Thermo Fisher Scientific), quantifying the charac
teristic absorbance of protein at 280 nm (A280). The absorbance at 450 
nm (A450) of the FAD cofactor extracted from purified proteins were also 
characterized. The results showed a good correlation between the two 
measurements (see Supplementary Methods). Soluble expression of 
the AOX proteins was confirmed via SDS-PAGE analysis of the super
natant and pellet fractions obtained after centrifugation.

2.5.3. AOX activity assay and enzyme kinetics
The AOX activity was determined through three parallel experiments 

using a cascade reaction involving AOX and HRP, based on the previ
ously reported method [30] with minor modifications. The reaction 
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produced a magenta-colored product, which was quantified spectro
photometrically at 510 nm.

One unit of AOX activity was defined as the amount of enzyme 
required to consume 1 μmol of H2O2 per minute under the assay con
ditions. The 1 mL reaction mixture comprised 250 μL of a mixed reagent 
(containing 6 mM 4-AAP, 20 mM TBABA, 50 U/mL HRP, and 2 % v/v 
DMSO), 2.5–120 mM methanol (50 mM for other alcohols except 
methanol), an appropriate amount of purified AOX, and 100 mM Tris 
buffer (pH 7.5) supplemented with 5 mM MgCl2. In the activity assay, 
the AOX solution was gradually diluted to the desired concentration, 
ensuring that the absorbance at 510 nm remained below 1.5 (a.u.) so 
that all measurements fell within the linear range. Reactions were 
conducted at 30 ◦C for 1–3 min prior to analysis. The specific activity 
was calculated using the following formula: 

Specific activity (mU /mg)=
ΔA × V × 1000

t × 29.4 × l × mprotein 

Where: ΔA: change of absorbance value (a.u.); V: total volume (mL); t: 
time (min); l: path length (cm); mprotein: purified enzyme (mg).

3. Results

3.1. Analysis of sequence features in referenced AOXs related to activity 
and expression

A dataset of referenced AOX sequences comprising 21 sequences 
(Supplementary Table S2) was constructed from selected literatures 
recorded in the BRENDA database [27,53–65]. The lengths of these se
quences were tightly clustered, ranging from 638 to 687, distinguishing 
them from other alcohol oxidases with different substrate specificities 
[27].

The structure characteristics of AOX were analyzed to construct 
features associated with activity, as shown in Fig. 2. According to the 
InterPro-Scan results, all referenced AOXs consist of two domains: 
Glucose-methanol-choline (GMC) oxidoreductase, N-terminal and GMC 
oxidoreductase, C-terminal, which correspond to the FAD cofactor bind
ing domain and the substrate binding domain, respectively [35]. In the 
cofactor binding domain, a conserved nucleotide binding site (GXGXXG) 
was identified at positions 13–18 (using KpaAOX from Ascomycota (PDB: 
5HSA, NCBI Accession: AAB57849.1) as a reference). The presumed 
catalytic residues, His567 and Asn616, are likely involved in capturing 
proton from the substrate methanol. In the substrate binding pocket, 
three large aromatic amino acids—Phe98, Trp566 and Phe417—were 
identified, which may form the active pocket and create a hydrophobic 
environment to selectively accommodate small alcohols as substrates. 
This structural feature is also conserved in another alcohol oxidase [37] 
from Basidiomycota, PchAOX (PDB: 6H3G, NCBI Accession: 
CDG66232.1), where the corresponding residues are Phe101, Trp560, 
and Tyr422.

Multiple sequence alignment was performed across the 21 sequences 
to access the conservation of these residues, as shown in Fig. 3. The 
residues were highly conserved across the referenced AOXs, except in 
two sequences, CAM84031.1 and AFO55203.1, that lacked one aromatic 
amino acid in their substrate pockets respectively, which may explain 
the reported higher Km values for small substrates like methanol [56,

59]. Therefore, we used the co-existence of all these activity-related 
residues as a criterion for filtering active enzymes (Supplementary 
Table S3).

Another feature of sequence is associated with the cellular localiza
tion of AOX from different phyla. The sequence of methylotrophic yeast 
(Ascomycota) contains a C-terminal peroxisomal targeting signal (PTS), a 
four-residue motif (660–663), which has been linked to the formation of 
the active form of AOX as octamers [66]. In contrast, AOXs from Basi
diomycota were localized in the hyphal periplasmic space, the cell wall, 
and on extracellular tripartite membranes and slime [57], and typically 
lacked the PTS motif. Since the PTS motif is not directly related to 
enzyme activity, the PTS-related score was used as a categorization 
feature for sequences, rather than as a criterion for activity.

3.2. Construction of the candidate AOX library by filtering HMM-results 
using activity criterion

The genome database was first mined to expand the sequence spaces 
for potential AOXs. The referenced sequences were initially clustered at 
90 % similarity, yielding 12 representative sequences. An HMM model 
was constructed using these sequences and searched against the UniProt 
reference proteomics database, resulting in a total of 30,240 sequences. 
Sequences shorter than 600 amino acids and longer than 700 were 
excluded, leaving 369 sequences. The distribution of sequence length 
versus HMM score, as shown in Supplementary Fig. S1, revealed that the 
sequence length criterion effectively removed a significant number of 
irrelevant fragment sequences.

The structural domains and structural similarities of these sequences 
were then assessed. The InterPro-Scan assignments showed that all the 
sequences contained the two typical structural domains of AOXs 
described earlier. The overall structural similarity between each pair of 
structures (Supplementary Fig. S2), evaluated by the TM-align score, 
was greater than 0.88. These results suggest that all these potential se
quences share the typical structural features of AOXs.

To further confirm the presence of activity, sequence scoring rules 
(Supplementary Table S3) were applied to the sequences after MSA 
along with the referenced sequences. Only sequences satisfying all the 
activity criteria were retained, resulting in a final candidate library of 
357 sequences, including 19 referenced sequences and 338 inferred 
sequences. The correlation between the sequence scoring results and 
HMM scores was analyzed (Supplementary Fig. S3), and while higher 
HMM scores helped filter out some irrelevant sequences, a few se
quences with high HMM scores still lacked certain essential residues. 
This indicated that the activity criterion used here was more rigorous 
than the sequence match score alone in potential enzyme filtering.

3.3. Selection of experimental sequences according to sequence similarity 
network aligned with source organism taxonomy

The sequence similarity network (SSN) was employed to select se
quences for experimental assays. A 60 % similarity threshold clustered 
the sequences into two groups (Supplementary Fig. S4), which aligned 
with the taxonomy at the phylum level. To refine the clustering further, 
the similarity threshold was increased to 85 %, resulting in class-level 
clusters, as shown in Fig. 4. Most of the reported active sequences are 
from Saccharomycetes [54,58–62,64,65], with a smaller number coming 

The cascade reaction for AOX activity assay.
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from Agaricomycetes [56,57], Dothideomycetes [53,55], and Euro
tiomycetes [27,63].

To quantify the source organisms and leverage the extensive data 
available in the BRENDA database, which primarily reported activity on 
organisms rather than the sequence, we developed scoring rules based 
on taxonomy. These rules favored source microorganisms with reported 
activity. Once the target source organisms were identified, a randomi
zation strategy was employed for sequence selection. For each target 
class, 2–6 sequences were randomly selected for in vitro testing, as 
shown in Supplementary Fig. S5.

In the first round, 19 sequences were selected, primarily from Sac
charomycetes, Agaricomycetes, Eurotiomycetes and Dothideomycetes—
classes that have already been characterized for active sequences. 
Although a high proportion of sequences exhibited measurable activity, 
the absolute activity values were low. To obtain highly active sequences, 
a second round of sampling was conducted, focusing on Agaricomycetes, 
which showed higher activity in the first round, as well as the unre
ported classes Leotiomycetes and Sordariomycetes. Surprisingly, enzymes 
with significantly higher activity were obtained from these unreported 
source organisms. The activities and protein yields of all characterized 
sequences are depicted in Fig. 5.

For the six newly identified highly active sequences, the substrate 

specificity characterization and enzyme kinetics analysis were con
ducted (Supplementary Fig. S6; Table 1 and Supplementary Fig. S7). 
These enzymes exhibited high specificity towards methanol, with ac
tivity rapidly decreasing as the carbon chain length increased, con
firming their identity as methanol oxidases. The most active enzyme, 
CtaAOX (A0A4U6X6L6), demonstrated a KM value of 3.6 mM for 
methanol, suggesting a highly efficient binding affinity. This enzyme 
represents a promising starting point for further engineering aimed to 
enhance enzymatic activity.

3.4. Retrospective analysis of experimental validation results reveals the 
utility of features

Compared to the control group, the proportion of new identified 
enzymes with measurable activity increased from 16.7 % to 58.1 % with 
statistical significance (Odds Ratio = 0.144, p-value = 0.0193). A 
retrospective analysis of the control group based on UniProt-annotations 
revealed that 7 of the 12 sequences could have been excluded in advance 
due to the absence of essential residues (Supplementary Table S4). 
Among the 104 sequences provided by UniProt, only 35 sequences 
(33.65 %) retained the required active sites. Even if all these sequences 
were soluble and active, the current workflow still demonstrated a 

Fig. 2. Sequence and structural features of AOX. The structure of KpaAOX (PDB: 5HSA.A, NCBI Accession: AAB57849.1) was used to illustrate the domain and 
residue features. The structural domains are distinguished by color: purple for the FAD-binding domains (residues 2–155, 192–306, 568–664), and yellow for the 
substrate-binding domains (residues 156–191, 307–567). Enlarged views of the FAD-binding and substrate-binding sites show key residues, labeled and colored as 
follows: purple for catalytic residues (His567, Asn616), yellow for substrate-binding residues (Phe98, Phe417, Trp566), and orange for FAD nucleotide-binding 
residues (13–18: GXGXXG). The FAD cofactor (white) is positioned as determined in the initial crystal structure. Methanol (cyan), the substrate, was docked into 
the substrate pocket using the PyMOL (v2.5.2) Plugin, DockingPie (v1.2) integrated with AutoDock Vina.
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significantly higher probability of identifying active sequences (Odds 
Ratio = 0.366, p-value = 0.0207). These results validate the effective
ness of incorporating the activity criterion into the virtual screening 
process for sequence selection.

The proportion of newly discovered enzymes with high activity 
(more than 1 U/mg) increased from 8.3 % to 19.4 % (Odds Ratio =

0.379, p-value = 0.652). Although the overall improvement in the 
probability of identifying highly active enzymes was not statistically 
significant, an analysis based on enzyme classes (Supplementary 
Fig. S8A) revealed that enzymes from Sordariomycetes exhibited a sta
tistically significant higher proportion of high activity compared to 
other reported classes (p-value <0.05). Notably, the highest enzyme 

Fig. 3. Multiple sequence alignment of 21 referenced AOXs. The residues are labeled using the AAB57849.1 sequence from Komagataella pastoris as the reference. 
The alignment is colored according to the Clustal style.

Fig. 4. Sequence similarity network of 357 candidate AOXs. The SSN is constructed at the 85 % similarity threshold. Nodes are colored according to the class of 
the source organisms, with the borders of experimentally selected nodes highlighted in bold. The border color of the nodes indicates activity: red for measured or 
reported activity, blue for insoluble enzymes, and black for soluble but inactive enzymes. UniProt Accessions for the experimental sequences are labeled, with active 
ones colored in red, insoluble sequences in blue, and soluble/inactive sequences in black. Accessions with activity greater than 1 U/mg are bolded.
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activity recorded in this study (CtaAOX, A0A4U6X6L6, 8.6 U/mg) sur
passed the activity of a previously engineered enzyme (GtrAOX-M2, 4.8 
U/mg) obtained through two rounds of directed evolution [30] and was 
comparable to the commercial AOX from yeast (PpaAOX, 10–40 U/mg). 
This demonstrates that taxonomy feature-based classification could 
systematically aid in identifying families of enzymes with high activity.

Unlike the taxonomy-based class labels, taxonomic scoring devel
oped based on published literature was not effective in guiding the 
identification of active recombinant enzymes, either at the inter-class or 
intra-class level (Supplementary Fig. S8B). In this study, the most active 
enzymes were obtained from Sordariomycetes and Leotiomycetes, two 
classes with no prior reports of active sequences. Consequently, these 
enzymes had very low taxonomic scores. Furthermore, for previously 
reported active sequences, most failed to produce soluble proteins, or 
their soluble forms exhibited only minimal activity (Supplementary 
Fig. S8C). Differences in expression chassis [67,68] may be an important 
factor. SDS-PAGE analysis confirmed protein expression in all samples 
(Supplementary Fig. S9), regardless of whether the proteins were solu
ble or formed precipitates. The primary location of the protein corre
lated well with its expression levels. Across different expression levels, 
both highly active and low-activity enzymes were observed, suggesting 
that low activity may result from either misfolding/aggregation or the 
activity absence. More than half of the proteins exhibited both low 

soluble expression levels and low activity, which could be attributed to 
the formation of inclusion bodies during expression.

AOXs from Ascomycota are known to require assembly and trans
location into the peroxisome to achieve full functionality [69], which 
cannot be fulfilled in the E. coli chassis. This process is mediated by the 
PTS motif. Therefore, for naturally PTS-deficient sequences, their as
sembly may not rely on peroxisome-mediated maturation, making them 
more likely to achieve high soluble expression in E. coli. The correlation 
of protein yields with the integrity of the PTS motif (Supplementary 
Fig. S10) showed that all sequences with high protein yields (>25 mg/L) 
were PTS-deficient. However, the correlation between expression levels 
and the presence of the PTS motif was not statistically significant 
(p-value = 0.0770), suggesting that other factors may also be associated 
with expression levels.

4. Discussion

Enzyme discovery serves as the foundation for further molecular 
engineering of enzymes [70], such as directed evolution [71] and 
rational design [72]. With advancements in data technology, these 
molecular engineering approaches are becoming increasingly predictive 
and programmable [73,74]. In this study, we presented an enzyme 
discovery workflow characterized by the sequence and taxonomic 
feature evaluation. These features were constructed based on referenced 
sequences, considering sequence and source organism information 
related to activity and expression. Based on the distribution, these fea
tures could be divided into two categories. The first category includes 
features that are consistent across active enzymes, such as sequence 
length, overall structural family, domain composition, and the presence 
of key catalytic and binding sites, as used in this study. These features 
also have clear functional relevance, making them useful as activity 
criteria to exclude irrelevant sequences. In contrast, the second category 
is more diverse, such as the phylogenetic classification of the source 
organisms. Attempts to use taxonomy-based scoring to guide the dis
covery of enzymes with high activity and good expression have proven 
unsuccessful. As an alternative approach, systematically sampling based 
on the taxonomy has led to the identification of new enzyme sources 
with high activity [75]. Recently, Seo et al. [76] applied sequence 

Fig. 5. Activity and protein yield of experimental sequences. The bolded accessions indicate sequences that belong to the candidate sequences. The activity of 
each AOX was determined through three parallel experiments.

Table 1 
Kinetic parameters of the most active AOXs from the two rounds of selections.

UniProt 
Accession

kcat (s− 1) KM (mM) kcat/KM (s− 1 

mM− 1)
Organism

A0A4U6X6L6 9.9 ± 0.1 3.6 ± 0.2 2.7 Colletotrichum 
tanaceti

A0A423XHQ7 8.6 ± 0.4 22.9 ± 2.6 0.4 Cytospora 
leucostoma

A0A5N5JXS7 7.0 ± 0.6 35.6 ± 6.9 0.2 Coniochaeta sp. 
2T2.1

A0A0E0SDM0 4.1 ± 0.1 7.2 ± 0.8 0.6 Gibberella zeae
A0A4Z1KC62 3.1 ± 0.2 20.1 ± 4.5 0.2 Botrytis elliptica
A0A5B1QN96 1.5 ± 0.1 30.8 ± 4.5 0.05 Dentipellis sp. 
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similarity networks constructed from natural sequences along with 
stratified sampling and cluster sampling methods to discover PET 
depolymerases with high fitness, highlighting the importance of global 
landscape profiling and systematic sampling.

Enzyme discovery often relies on custom pipelines that integrate 
various tools. This study demonstrates an example of leveraging 
function-related information to discover new enzymes, achieving accu
racy comparable to approaches that employ more complex integrated 
evaluation strategies [77]. The current data-mining workflow is 
compatible with additional evaluation methods, such as soluble 
expression prediction models [78] and machine learning models focused 
on activity prediction [79], and thus holds promise for extension to 
precise quantitative functional assessments.

5. Conclusion

A new enzyme discovery workflow facilitated by sequence and 
taxonomic feature evaluation was proposed and demonstrated for 
mining highly active AOXs that are expressible in E. coli. Based on the 
analysis of sequence features of the 21 referenced sequences collected, a 
candidate enzyme library comprising 357 sequences was constructed. Of 
those, 34 sequences were experimentally validated, with 19 showing 
measurable activity and 7 exhibiting activity more than 1 U/mg. The 
sequence similarity network-guided mining identified two new class
es—Sordariomycetes and Leotiomycetes—as promising sources for highly 
active AOXs. A comparison with workflows lacking in silico activity 
assessment, which was based on the UniProt annotation, showed that 
the sequence and taxonomic feature evaluation significantly increased 
the probability of obtaining highly active enzymes. The workflow has 
been released as open source, providing a foundation for further 
development and adaptation to other enzymes and tailored scoring 
rules.
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