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Abstract 

Application of machine learning-based methods to identify no v el bacterial enzymes capable of degrading a wide range of xenobiotics offers 
enormous potential for bioremediation of toxic and carcinogenic recalcitrant xenobiotics such as pesticides, plastics, petroleum, and pharmaco- 
logical products that adversely impact ecology and health. Using 6814 diverse substrates in v olv ed in ∼141 200 biochemical reactions, we have 
de v eloped ‘XenoBug’, a machine learning-based tool that predicts bacterial enzymes, enzymatic reaction, the species capable of biodegrading 
xenobiotics, and the metagenomic source of the predicted enzymes. For training, a hybrid feature set was used that comprises 1603 molecular 
descriptors and linear and circular fingerprints. It also includes enzyme datasets consisting of ∼3.3 million enzyme sequences derived from 

an environment al met agenome dat abase and ∼16 million enzymes from ∼38 0 0 0 bacterial genomes. F or diff erent reaction classes, XenoBug 
sho ws v er y high binar y accuracies ( > 0.75) and F1 scores ( > 0.62). XenoBug is also validated on a set of diverse classes of xenobiotics such as 
pesticides, environment al pollut ants, pharmacological products, and h y drocarbons kno wn to be degraded by the bacterial enzymes. XenoBug 
predicted known as well as previously unreported metabolic enzymes for the degradation of molecules in the validation set, thus showing its 
broad utility to predict the metabolism of any input xenobiotic molecules. XenoBug is available on: https:// metabiosys.iiserb.ac.in/ xenobug . 
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ntroduction 

ndustrialization, modernized agriculture, and rapid urban-
zation due to population growth have led to increased pro-
uction and utilization of synthetic chemicals such as pes-
icides, chemical fertilizers, and different types of plastic
uch as polyethylene (PE), polyethylene terephthalate (PET),
olyurethane (PU), and polyvinyl chloride (PVC) due to their
ffordability, inertness, and convenience in day-to-day life [ 1 ,
 ]. However, inadequate treatment practices for industrial
aste and agriculture runoff along with excessive use of chem-

cal fertilizers and pesticides leads to accumulation of syn-
hetic chemicals and heavy metals, resulting in soil and water
ollution [ 3 , 4 ]. Some of the earlier studies had predicted loss
f almost 25% of global species over time due to environmen-
al pollution [ 5 ]. For example, loss of habitat and species di-
ersity in aquatic ecosystems due to eutrophication is directly
elated to heavy metal pollution [ 6 , 7 ]. Similarly, biomagnifi-
ation of polycyclic hydrocarbons, pesticides, and heavy met-
ls in terrestrial and aquatic ecosystems poses another risk
or species loss [ 8 , 9 ]. Toxic effects of synthetic compounds
nd environmental pollutants contribute to almost 22% of
lobal disease burden [ 10 ]. Environmental pollutants cause
ong-term kidney diseases [ 11 , 12 ] and endocrine disorders
 13 , 14 ], and also have carcinogenic effects [ 15 , 16 ]. Recent
eports have also highlighted that microplastics arising out of
eathering and photodegradation of plastic waste contami-
ate terrestrial and aquatic ecosystems as well as the human
ody [ 17–19 ]. 
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Bioremediation and phytoremediation techniques involv-
ing microbes and plants, respectively, show greater promise in
mitigating environmental pollutants as these methods are in-
expensive and reduce secondary waste [ 20 ]. Phytoremediation
can improve soil quality by sequestering soil contaminants in
plant biomass and using this biomass in biofuel production,
construction, composting, etc. [ 20 , 21 ]. However, excess land
use, use of specific plant varieties, and the requirement for
multiple growing seasons for effective clean-up of contami-
nants limit the use of phytoremediation [ 20 ]. On the other
hand, bioremediation using microbes and microbial enzymes
provides better utility in mitigating contaminants. Bioreme-
diation utilizes biotransformation or absorption of contami-
nants using bacterial biochemical activities [ 3 ]. Many studies
have shown the ability of various Arthrobacter sp. to adapt
to oxidative and heavy metal stress and to degrade triazine
herbicides [ 22–24 ]. In addition to this, many marine bacteria
show important adaptive features that make them suitable for
bioremediation [ 25 ]. Novel marine bacteria belonging to the
Cycloclasticus genus show hydrocarbon biodegradation ca-
pabilities [ 26 ]. Naphthalene-degrading bacterial species such
as Pseudomonas fluorescens , Brevundimonas vesicularis , and
Comamonas testosteroni were isolated from marine sources
[ 27 ]. Similarly, enzymes obtained from microbes can be immo-
bilized on an inert matrix and used to accelerate bioremedia-
tion of environmental contaminants. Lignin peroxidases and
various other types of oxidoreductases are immobilized and
used as green catalysts for degradation of contaminants such
h 18, 2025. Accepted: April 28, 2025 
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Figure 1. Graphical abstract of the XenoBug pipeline showing ( A ) generation of different types of features and ( B ) using machine learning to predict 
pollutant-degrading enzymes and identify the source of the biodegrading enzymes. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

as phenols, bisphenols, and synthetic dyes [ 28 , 29 ]; however,
different enzymes require different types of immobilization as
the 3D structure, cofactors, and mode of action are different
for each enzyme [ 30 ]. 

Conventional methods for developing bioremediation tech-
niques require isolation, characterization, and identification
of environmental microbes and their enzymes capable of
biodegradation of contaminants using culture-based methods,
molecular biology, and mass spectrometry analysis [ 31 ]. Be-
sides these methods, functional metagenomics is also used for
discovery of environmental microbes and their enzymes in-
volved in biodegradation of contaminants. For example, using
this approach, a novel carboxyesterase CE_Ubrb was identi-
fied from a carbamate-degrading uncultivated soil bacterium
[ 32 ]. A metagenomics approach is also used for identifying
plastic-degrading bacterial enzymes [ 19 , 33 ]. However, these
methods rely on known contaminant-degrading enzymes to
identify their presence in metagenome sequences. As a result,
identifying novel enzymes capable of degrading specific pollu-
tants becomes difficult. In addition, a single pollutant can also
be potentially degraded by multiple enzymes, which adds to
the complexity of the problem. 

In such a scenario, using predictive approaches such as ma-
chine learning-based classifiers to predict pollutant-degrading
enzymes from bacterial genomes and metagenomes can pro-
vide valuable leads towards developing novel bioremedia-
tion strategies. All enzymes are identified by their unique En-
zyme Commission number (EC number) that is assigned by
International Union of Biochemistry and Molecular Biology
(IUBMB) [ 34 ] which provides information regarding the reac-
tion mechanism as well as primary substrates of the enzyme.
Tools and databases such as PlasticDB [ 35 ], University of
Minnesota-Biocatalysis / Biodegradation database (UM-BDD)
[ 36 ], RemeDB [ 37 ], and BioSurfDB [ 38 ] are available that
contain information regarding a limited number of known
environmental contaminants and specific bacterial enzymes 
capable of degrading them. RemeDB also provides the op- 
tion to identify homologous contaminant-degrading enzymes.
Here, we have developed ‘XenoBug’, a machine learning- 
based tool that predicts EC numbers of bacterial enzymes 
from various environmental bacteria and metagenomes capa- 
ble of biodegrading any contaminant of interest (Fig. 1 ). Pre- 
diction of multiple enzymes degrading any pollutant of inter- 
est is a multilabel classification problem. As a result, XenoBug 
uses multiple performance metrics such as F1 score, hamming 
loss, accuracy, and binary accuracy for efficient evaluation of 
trained models. To attest to the generalizability and substan- 
tiate its performance, XenoBug is also validated using a vast 
array of pollutants and xenobiotics, which were not a part of 
the training or test datasets. Using XenoBug, researchers can 

get leads on specific microbial enzymes from different envi- 
ronments that can potentially degrade pollutants of interest 
(Fig. 2 ). 

Materials and methods 

Construction of the substrate database for training 

To predict EC numbers of bacterial enzymes metabolizing 
environmental contaminants and pollutants, a database con- 
sisting of primary substrates for all enzymatic reactions was 
constructed. For this purpose, multiple publicly available 
databases containing standard and curated information re- 
garding enzyme reactions, their EC numbers, and substrates,
such as the Braunschweig Enzyme Database (BRENDA) [ 39 ] 
and Kyoto Encyclopaedia of Genes and Genomes (KEGG) 
[ 40 ] database were used. To ensure synthetic chemicals and 

environmental pollutants are also part of the training, vari- 
ous specific databases such as PlasticDB, UM-BDD, and the 
Plastic Microbial Biodegradation Database (PMBD) [ 41 ] were 
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Figure 2. Complete pipeline of XenoBug. 
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lso used. PlasticDB and PMBD contain detailed information
egarding the microbial enzymes biodegrading the molecules
sed in different types of plastics. Similarly, UM-BDD con-
ains microbial degradation pathways for diverse groups of
ynthetic chemicals / xenobiotics. In total, 21 036 substrates
ere obtained using all the databases, and .sdf files contain-

ng the structural information for each molecule were down-
oaded from PubChem [ 42 ] and ChEBI [ 43 ]. Due to a higher
egree of overlap between all these databases, an all-versus-
ll Tanimoto structural similarity search [ 44 ] was used to re-
ove redundancies. Molecules with a > 0.95 Tanimoto coef-
cient were removed, resulting in 6814 molecules that were
hen tagged with their corresponding complete EC numbers
o be used for training. 

onstruction of the enzyme database from 

etagenomic data 

o identify pollutant-biodegrading enzymes from available
etagenomic datasets, we used the NCBI metagenome
atabase (version v5) to retrieve all available protein fasta
les. Using the ‘blastcmd’ command, the protein fasta se-
uences were retrieved from the metagenome database which
ontained the annotations for each sequence along with the
rigin of the sample. In the next step, eggNOG-mapper [ 45 ]
e-value threshold 0.001, identity threshold 40, query cover-
ge 20, emapper version 2.1.12, eggnog DB version 5.0.2) was
sed to functionally annotate each sequence and determine the
C number for enzymatic proteins. Using this approach, EC
umbers for 3 365 611 enzymatic proteins belonging to 40
etagenome origins were assigned. 

onstruction of the enzyme database from 

acterial genomic data 

o predict which environmental bacteria harbour the pre-
icted pollutant-biodegrading enzymes, an enzyme database
obtained from bacterial genomes was also constructed. A
list of all available bacterial refseq genomes from the NCBI
Genomes database was obtained. From this, protein sequences
from bacterial genomes with complete and chromosome-level
assemblies were downloaded. In total, protein sequences from
38 552 bacterial genomes were obtained. In the next step,
eggNOG-mapper (e-value threshold 0.001, identity thresh-
old 40, query coverage 20, emapper version 2.1.12, eggnog
DB version 5.0.2) was used to functionally annotate each se-
quence and determine the EC number for enzymatic proteins.
In total, 11 834 667 enzymes from 38 552 bacterial strains
were obtained. 

Generation of different types of features for 
molecules in the substrate database 

To use molecules / compounds to train and develop a machine
learning-based classifier, features that capture structural infor-
mation as well as physicochemical properties of the molecules
are required. Linear and circular fingerprints encode structural
information for any molecule and are represented in the form
of bits. Linear fingerprints are a set of 10 208 bits and are
generated using PaDeL software [ 46 ], whereas circular finger-
prints are a set of 1024 bits generated using RDKit (RDKit:
Open-source cheminformatics; http://www.rdkit.org ) (version
2022.09.4). In addition to these, molecular descriptors are a
set of 208 features that contain physicochemical information
about the molecules such as valency, charge, molecular weight,
etc., and are also generated using RDKit. These different types
of features are routinely used in machine learning tools that
utilize molecules / compounds for training [ 47–50 ]. Thus, for
all of the 6814 molecules, these three sets of features were
generated independently. Molecular descriptors, linear finger-
prints, and circular fingerprints are routinely used as features
for compound / molecule data as they can capture the struc-
tural and physical properties of the molecules. The relatively

http://www.rdkit.org
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low number of features generated by each set makes machine
learning modelling more efficient. 

In addition to the three sets of features, we also combined
the most important features from each set to generate a hybrid
set of features (referred to as ‘hybrid features’ throughout the
manuscript) using ‘feature selection’. Feature selection helps
in identifying and selecting the most important features out
of all the available features without any loss of performance
of the prediction model. Feature selection was executed using
the Boruta library [ 51 ] available in R (version 3.4). Boruta is
a wrapper-based method that uses a random forest (RF) clas-
sifier as the base model to calculate feature importance. For
each feature in the dataset, Boruta generates its correspond-
ing shadow feature and determines the importance of each
feature for the real and shadow feature. All the features that
have higher importance than their corresponding shadow fea-
ture are selected and the rest are rejected. Using Boruta, fea-
ture selection was performed on the training set to determine
important linear fingerprints and molecular descriptors using
100 iterations, that yielded 440 linear fingerprints and 139
molecular descriptors. Thus, after combining the complete set
of circular fingerprints with the selected linear fingerprints and
molecular descriptors, 1603 hybrid features were used as the
fourth set of features. 

Performance evaluation 

Prediction of bacterial enzymes that degrade pollutants and
other recalcitrant compounds is a multilabel classification
problem. In multilabel classification, each data point belongs
to multiple target labels (e.g. a single molecule can be used
as a substrate by multiple enzymes) [ 52 , 53 ]. As a result, it
is essential to address the classification performance through
multiple evaluation metrics. Accuracy refers to the ability of
the model to predict all target labels correctly. 

Accuracy 

= 

Number of completely correct predicted instances 
Total number of instances 

Similarly, binary accuracy is defined as the ability of the
model to predict each label separately. Binary accuracy gives
‘partial credit’ to the model if it is able to predict a label from
combination of all labels. 

Binary accuracy yi = 

Number of correct predictions for yi 
Total number of instances of yi 

where, yi = ith label from the total number of labels y. 
Hamming loss is another key metric routinely used in multi-

label classification and is defined as the fraction of incorrectly
predicted labels from the combination of labels for each point.
The lower the hamming loss, the better is the performance of
the model [ 47 , 54 ]. 

Hamming loss = 

Number of incorrectly predicted labels 
Total number of labels for that instance 

Finally, the F1 score is another key metric that incorporates
precision and recall during multilabel classification, thus giv-
ing us information about how a model is able to balance pre-
cision and recall despite having imbalance. 

F1 score = 2 x 

2 x (Precision x recall) 
Precision + Recall 
The multilabel classification performance of XenoBug to 

predict pollutant-degrading bacterial enzymes was evaluated 

using all these metrics. 

Development of machine learning-based 

classification models to predict pollutant-degrading 

enzymes 

Prediction of the complete EC number of pollutant-degrading 
enzymes was performed in three steps: in the first step, training 
is performed using the substrate database to predict the first 
digit of the EC number that indicates the reaction class of the 
enzymes; in the second step, reaction class-specific training is 
performed to predict the reaction subclass or second digit of 
the EC number; and, in the third step, based on the results of 
reaction subclass prediction, a k-nearest neighbour (kNN) and 

Tanimoto similarity search is performed between the query 
molecule and the molecules in the substrate database to as- 
sign the complete EC number to the query molecule. Thus,
using this modular architecture, multiple models were com- 
pared and optimized to develop the final pollutant-degrading 
enzyme prediction tool. 

Prediction of reaction class (Module-1) was addressed as a 
multilabel classification problem as a single molecule can be 
involved in multiple types of reactions. In multilabel classifica- 
tion, a single data point may belong to multiple labels [ 55 ]. As 
a result, for evaluation of performance of different multilabel 
classification models, multiple metrics such as hamming loss 
(proportion of incorrectly predicted labels out of all labels),
F1 score, overall accuracy, and binary accuracy for each label 
was calculated. The complete substrate database was used for 
training Module-1 and data were split iteratively into train- 
ing and test data in an 80:20 ratio [ 56 ]. During training, 10- 
fold iterative cross-validation was also performed on training 
data. RF [ 57 ] and artificial neural networks (ANNs) [ 58 ] were 
used as base classifier models as both these algorithms are suit- 
able for multilabel classification [ 47 , 59–60 ]. Various problem 

transformation methods that convert a multilabel classifica- 
tion problem into simpler binary or multiclass problems [ 53 ],
such as One-vs-Rest classifier (OVR), binary relevance (BR),
classifier chain (CC), and label powerset (LPS), were compared 

and the best performing method was selected. Training perfor- 
mance of all the methods was compared using all four types 
of features, and the models generated using the best set of 
features and methods were further optimized using the Grid- 
SearchCV method [ 61 ]. Further, multiple RF parameters such 

as ‘n_estimators’ and ‘max_features’ and ANN hyperparam- 
eters such as number of hidden layers in the network, number 
of nodes per hidden layer, classifier alpha value, learning rate,
and max_iter were optimized using GridSearchCV. 

Development of the reaction subclass prediction module 
(Module-2) was also a multilabel classification problem. Since 
reaction subclasses are specific to a reaction class, and a vari- 
able number of subclasses are present in different reaction 

classes ( Supplementary Table S2 ), six independent multilabel 
models for six reaction classes were developed. RF was used 

as the base classifier along with different problem transfor- 
mation methods as RF shows good performance for multil- 
abel classification even with limited data [ 62 , 63 ]. The hybrid 

feature set and 10-fold cross-validation were used for training 
and comparing different models. In the case of EC 5 and EC 6,
5-fold cross-validation was performed as both reaction classes 
have a smaller number of substrates to be used for training 
( Supplementary Table S2 ). 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
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The final module (Module-3) includes a kNN and Tani-
oto coefficient-based structural similarity search. Reaction

ubclass-specific primary substrates are binned together and
agged with their complete EC number. Based on the predic-
ion obtained from Module-1 and Module-2, predicted re-
ction subclass bins are selected and a structural similarity
earch of the primary substrates in the select bin is performed
ith the query molecule. Using various Tanimoto coefficient

hresholds, substrates similar to the query molecule and their
orresponding complete EC numbers are thus obtained. Thus,
ased on machine learning-based predictions and a structural
imilarity search, complete EC numbers of enzymes degrading
ollutants are obtained. The predicted EC numbers are then
earched in the metagenomic enzyme database constructed us-
ng eggNOG-mapper to obtain details regarding the enzyme
athway, environmental source of the predicted enzyme, and
ts sequence. 

evelopment of the XenoBug webtool 

enoBug is deployed as a webtool using HTML and PHP.
sers can enter PubChem ID or upload an sdf file of the
uery molecule as input. XenoBug provides detailed informa-
ion regarding predicted enzymes, their metagenome source,
athway information, as well as the Tanimoto threshold at
hich EC numbers were predicted. Users can also download

he predictions obtained using RF and ANN. A metagenome-
ssembled genomes (MAGs) pipeline is also provided in the
ownloads section on the Results page, using which users

an obtain eggNOG-mapper-derived EC numbers for the pro-
ein sequences in the MAGs and integrate those with pre-
ictions obtained from XenoBug to identify potential en-
ironmental pollutant-degrading enzymes in their specific
AGs. XenoBug is available at https://metabiosys.iiserb.ac.

n/xenobug . 

esults 

omplexity of the substrate database used for 
raining 

he substrate database used for training machine learn-
ng models predicting enzymes degrading environmental pol-
utants was constructed using multiple databases such as
RENDA, KEGG, PlasticDB, PMBD, and UM-BDD. Among

hese, BRENDA contributed the highest number (141 201) of
iochemical reactions, followed by the KEGG database that
ontributed 11 468 reactions across the six reaction classes.
M-BDD contained 992 specific reactions involving pollutant
egradation, whereas databases specific to plastic degradation
uch as PlasticDB and PMBD contained 1670 and 132 reac-
ions, respectively ( Supplementary Table S1 ). From all these
eactions, sdf files for 21 036 substrates were obtained, from
hich many secondary substrates such as cofactors, metal

ons, electrons, and water molecules were removed. To re-
ove redundant molecules from the substrate database, an all-

s-all Tanimoto structural similarity search was performed,
nd molecules with > 95% similarity were removed. As a re-
ult, 6814 substrates were finalized and their distribution in
ifferent EC reaction classes is provided in Supplementary 
able S2 . EC 1 and EC showed the highest representation
f substrates, whereas EC 5 and EC 6 showed the lowest
epresentation of substrates, which mimics the natural dis-
tribution of participating substrates across the six reaction
classes. 

Metagenomic enzyme database constructed using 

the NCBI metagenome database 

To identify pollutant-degrading enzymes in metagenomic se-
quences, we constructed an enzyme database from the NCBI
metagenome database that contains sequences functionally
annotated using eggNOG-mapper, which uses the eggNOG
database [ 64 ] of pre-computed orthologue groups, and DIA-
MOND search [ 65 ] for orthology and annotation assignments
to input sequences. Protein fasta sequences were retrieved
from the NCBI metagenome database using the ‘blastcmd’
command that retrieved 10 951 228 protein sequences.
eggNOG-mapper was used to functionally annotate and iden-
tify enzymes from these protein sequences that resulted in
3 365 611 enzymes from 40 metagenome sources as avail-
able in the NCBI metagenome database. These metagenome
sources include animal sources (e.g. the bird metagenome,
pig metagenome, wasp and termite metagenome, human gut
metagenome, etc.) and various environmental niches such as
the aquatic metagenome, mine drainage metagenome, soil and
sediment metagenome, etc. 

Bacterial enzyme database constructed using the 

NCBI bacterial genome database 

To identify the bacterial strains harbouring the pollutant-
degrading enzymes, protein.fasta files for all complete bacte-
rial genomes along with bacterial genomes with chromosome-
level assembly were downloaded. In total, 4976 chromosome-
level bacterial assemblies and 33 576 complete bacte-
rial genomes were downloaded from the NCBI Genomes
database. These genomes provided 132 866 270 proteins, out
of which 16 826 385 EC number-annotated enzymes were ob-
tained using eggNOG-mapper. Thus, ∼16 million bacterial en-
zymes were obtained from 38 552 bacteria found in various
environments. 

Module-1: reaction class prediction 

Prediction of the reaction class of pollutant-degrading en-
zymes was addressed as a multilabel problem since a single
substrate can potentially be metabolized by enzymes from
more than one reaction classes. Iterative stratification was
used to split the substrate dataset into a training and test set
in an 80:20 ratio, which helps in retaining the distribution
of labels in the training and test set in an unbiased manner.
As a result, the training set included 5451 substrates, and the
remaining 1363 substrates were included in the test set. Per-
formance of different problem transformation methods such
as LPS, CC, BR, and OVR that act as a wrapper on base
RF and base ANN models was compared on all four feature
types to select the best performing multilabel classification
method. The single hidden layer ANN network was imple-
mented using MLPClassifier available on scikit-learn, and all
the above-mentioned problem transformation methods were
implemented using scikit-learn and the scikit-multilearn li-
brary available on Python 3.7.9. In terms of accuracy and F1
score, RF with the LPS wrapper performed better as compared
with other methods (Fig. 3 A; Supplementary Figs S1 and S2 ),
whereas in the case of hamming loss, all the methods showed
a similar performance, with LPS having slightly higher ham-

https://metabiosys.iiserb.ac.in/xenobug
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
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Figure 3. ( A ) Ten-fold cross-validation performance of various problem transformation methods with ANN and RF models evaluated using accuracy and 
F1 score. ( B ) Ten-fold cross-validation performance of various problem transformation methods with ANN and RF models e v aluated using hamming loss. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ming loss (Fig. 3 B; Supplementary Table S3 ). This trend was
observed for all four types of features; however, the perfor-
mance of RF with the LPS wrapper was found to be the best
with the hybrid feature set ( Supplementary Fig. S3 ). Moreover,
hybrid features perform better than other individual types of
features ( Supplementary Table S3 ). 

A similar trend was observed for ANN-based models where
LPS together with a single layer neural network showed higher
accuracy and F1 score as compared with other methods,
whereas hamming loss was slightly higher in the case of LPS as
compared with other methods. The best performance was ob-
tained using hybrid features; however, the ANN + LPS method
showed slightly higher accuracy and F1 score with linear fin-
gerprints. Nevertheless, performance using a single hidden
layer ANN + LPS was still marginally lower as compared
with the performance obtained using the RF + LPS model
(Fig. 1 ; Supplementary Table S3 ). As a result, we decided to
further optimize both the RF + LPS model and ANN + LPS
model using hybrid features to determine the best perform-
ing model after optimization. For RF, n_estimators specify the
number of trees in the RF, and the max_features parameter
specifies the number of features to be considered while select-
ing the best split in a tree. The vbest performance was ob-
tained with n_estimators = 1000 and max_features = 100
( Supplementary Table S4 ). For ANN, best mean accuracy was
obtained using two hidden layers (400 nodes and 250 nodes,
respectively) with max_iters = 1000 ( Supplementary Table 
S5 ). The performance of the optimized RF + LPS model on
the test set yielded an accuracy of 0.6, a hamming loss at 0.12,
and an F1 score of 0.67 which is similar to that obtained on
the training set, indicating that the model does not suffer from
any issues related to overfitting ( Supplementary Table S6 ). Bi-
nary accuracy for each label, defined as the ability of the model
to correctly predict individual labels, was also calculated for
the test set ( Supplementary Table S7 ). For each label, very
high binary accuracy ( > 0.77) was observed. In the case of the
ANN + LPS model, test set performance showed a mean ac-
curacy of 0.53, hamming loss of 0.14, and F1 score of 0.61,
which was lower than the RF + LPS model. However, binary
accuracies using both the optimized models was high and sim-
ilar ( Supplementary Tables S6 and S7 ). As a result, the opti-
mized ANN + LPS model was also selected along with the
RF + LPS model for development of Module-1. 
Module-2: reaction subclass prediction 

Prediction of the reaction subclass of enzymes, that is repre- 
sented by the second digit of the EC number, is also a multil- 
abel problem. However, the number of substrates is drastically 
reduced within reaction classes ( Supplementary Table S2 ), re- 
sulting in a reduced number of molecules for training. More- 
over, the number of subclasses within different reaction classes 
is also variable; as a result, six different reaction subclass pre- 
diction multilabel models are required for six reaction classes.
Due to the reduced number of molecules available for train- 
ing, only RF-based methods were selected for constructing the 
subclass prediction module as RF is known to perform well in 

a multilabel classification problem even with fewer data [ 47 ,
57 , 63 ]. The performance of different types of problem trans- 
formation methods applied to RF was compared for each EC 

class during training using hybrid features. For all EC classes,
RF + LPS showed the highest accuracy and F1 score as com- 
pared with other methods (Fig. 4 ; Supplementary Figs S4 and 

S5 ), whereas hamming loss was similar for each method for all 
EC classes ( Supplementary Table S8 ; Supplementary Fig. S6 ).
As a result, the RF + LPS method was selected for optimiza- 
tion for all EC classes. RF parameter optimization was per- 
formed using GridSearchCV, and the results are provided in 

Supplementary Table S9 . The optimized RF + LPS models 
showed a test set performance that was similar to their train- 
ing performance for each EC class ( Supplementary Table S10 ),
thus ruling out the possibilities of overfitting and indicating 
sufficient training. As a result, the multilabel RF + LPS mod- 
els optimized using hybrid features were finalized for each EC 

class that collectively form the reaction subclass prediction 

module. 

Module-3: identification of complete EC number of 
enzymes potentially degrading environmental 
pollutants 

The final module that predicts and identifies the complete 
EC number of enzymes degrading environmental pollutants 
includes performing a structural similarity search between 

the query molecule and molecules in the substrate database.
Molecules in the substrate database are tagged with their com- 
plete EC number and binned together according to their re- 
spective reaction subclass. Based on the reaction class and re- 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
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Figure 4. Average 10-fold cross-validation accuracy, F1 score, and hamming loss for multiple problem transformation methods and the RF-based model 
for ( A ) EC 1 subclass classification, ( B ) EC 2 subclass classification, ( C ) EC 3 subclass classification, ( D ) EC 4 subclass classification, ( E ) EC 5 subclass 
classification. and ( F ) EC 6 subclass classification. 
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ction subclass predictions for the query molecule obtained
rom Module-1 and Module-2, respectively, a structural sim-
larity search is performed with the substrates in the pre-
icted reaction subclass. In the next step, using multiple Tan-
moto similarity coefficients, the number of structurally sim-
lar molecules is obtained at each Tanimoto similarity coeffi-
ient threshold. This number is used as input-k for executing a
NN-based search to identify substrates (nearest neighbours)
imilar to the query molecule. Finally, the complete EC num-
er of such similar molecules / nearest neighbours is assigned
o the query molecule. Thus, using a combination of machine
earning models, Tanimoto structural similarity search, and
NN-based identification of similar molecules, the complete
C number of enzymes potentially degrading environmental
ollutants can be predicted using XenoBug. 

erformance of XenoBug on the validation set 

o assess the ability of XenoBug to predict novel as well as
nown bacterial enzymes involved in bioremediation of per-
istent recalcitrant compounds and pollutants, a validation set
omprising 25 environmental pollutants with known bacte-
ial biodegradation was constructed. These compounds were
ot part of the training or test set. The validation set com-
rised diverse classes of pollutants such as chlorinated and
hosphorus-containing insecticides, pesticides, halogenated
liphatic hydrocarbons, aromatic compounds, and pharmaco-
ogical pollutants. XenoBug predicted the complete EC num-
er of the bacterial enzymes that can potentially degrade these
olecules, and their environmental source, and provided a

ich output with biochemical information, potential pathways
nvolved in the biotransformation, and the sequence of the
predicted enzymes. The predictions obtained are provided in
Table 1 . 

p -Xylene is a major aromatic petroleum hydrocarbon used
as a solvent in paints and aeroplane fuel production, and also
used as a primary compound for synthesizing polymers used
in PET plastics and polyester that is known to contaminate
soil and groundwater [ 66 ]. Cold-active monooxygenases iso-
lated from Pseudomonas sp. such as xylene monooxygenase
are able to oxidize p -xylene [ 67 ]. XenoBug predicted multi-
ple monooxygenases (EC 1.14) from various bacterial strains
from Pseudomonas , Halopseudomonas , and Xenorhabdus
genera that can potentially biodegrade p -xylene, and were
found in marine and hydrocarbon metagenomes. Triazophos
is an organophosphorus pesticide that is extremely toxic to
human beings and other animals [ 68 ]. Triazophos-degrading
hydrolase (EC 3.1) was identified from Ochrobacterium sp.
isolated from contaminated soil and was correctly predicted
by XenoBug. 

Similarly, XenoBug predicted reducing as well as oxidiz-
ing enzymes from multiple bacterial genera such as Mycobac-
terium , Pseudomonas , and Gordonia , for herbicides, pesti-
cides, and hydrocarbons such as acetochlor, endosulfan, n -
hexadecane, and pentachlorophenol. Experimental evidence
also highlights the role of reducing and oxidative enzymes
found in Sphingobium sp., Mycobacterium sp., and Gordo-
nia sp. isolated from various sources such as activated sludge,
contaminated soil, and marine sediments that can degrade ace-
tochlor [ 69 , 70 ], endosulfan [ 71 , 72 ], n -hexadecane [ 73 ], and
pentachlorophenol [ 74 ]. 

XenoBug was also able to predict known hydrolysing
enzymes involved in biotran4sformation of atrazine and
alpha-hexachlorocyclohexane (popularly known as Lindane).
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Table 1. Performance of XenoBug on the validation set consisting of diverse classes of recalcitrant molecules 

Compound 

Known bacterial 
enzymes involved in 
degradation 

Known information 
regarding source of 
enzymes 

XenoBug-predicted 
enzymes involved in 
degradation (subclass 
level) and bacteria 
(genus level) 

XenoBug-predicted 
metagenomic sources References 

p -Xylene Xylene 
monooxygenase 
(EC 1.14) 

Pseudomonas sp. EC 1.14, Pseudomonas , 
Halopseudomonas , 
Xenorhabdus 

Marine metagenome, 
hydrocarbon 
metagenome 

(Miri et al., 2022) 

Triazophos Triazophos 
hydrolase (EC 3.1) 

Ochrobacterium sp. 
isolated from soil 

EC 3.1, Ochrobactrum, 
Nov osphing obium, 
Blastomonas 

Marine metagenome, 
compost 
metagenome 

(Gu et al., 2006) 

Decabromo- 
diphenyl 
ether 

NA 

(debromination, 
hydroxylation) 

Brevibacillus sp., 
Achromobacter sp. 

EC 1.14, 
Achromobacter , 
Brevibacillus , 
Arthrobacter 

Marine metagenome, 
compost 
metagenome 

(Hu et al., 2022) 

Acetochlor Oxygenase (EC 

1.14) 
Sphingobium sp. 
isolated from 

activated sludge 

EC 1.14, Sphingobium , 
Sphingobacterium , 
Pseudoarthrobacter 

Marine metagenome, 
anaerobic digester 
metagenome, 
compost 
metagenome 

(Li et al., 2013; Liu 
et al., 2019) 

Toxaphene NA (reduction) Bjerkandera sp. 
BOL13 

EC 1.14, Streptomyces , 
Bacillus , 
Brachybacterium 

Marine metagenome, 
bioreactor 
metagenome 

(Romero et al., 
2006; Prieto et al., 
2021) 

Dibenzofuran Catechol-2,3- 
dioxygenase (EC 

1.13), dibenzofuran 
dioxygenase (EC 

1.14) 

Serratia marcescens EC 1.14, Pseudomonas , 
Esc heric hia , Serratia 

Compost 
metagenome, 
bioreactor 
metagenome, marine 
metagenome 

(Kasuga et al ., 
1997; Jaiswal and 
Thakur, 2007) 

Atrazine Atrazine 
chlorohydrolase 
(EC 3.8) 

Pseudomonas sp. 
strain ADP and 
Arthrobacter sp. 
from contaminated 
soil 

EC 3.5, Arthrobacter , 
Arsenophonus , 
Pseudomonas 

Marine sediment 
metagenome, 
hydrocarbon 
metagenome, soil 
metagenome 

(Neumann et al., 
2004; Sajjaphan 
et al., 2004) 

3,3 ′ ,4,4 ′ - 
Tetrachloro- 
biphenyl 

Biphenyl 
dioxygenase (EC 

1.14), dihydrodiol 
dehydrogenase (EC 

1.3) 

Burkholderia 
x enov orans LB400, 
Pseudomonas 
pseudoalcaligens 
KF707 

EC 1.1, Pseudomonas , 
Bacillus , Burkholderia 

Marine metagenome, 
compost 
metagenome, termite 
gut metagenome 

(Furukawa and 
Fujihara, 2008) 

Aldrin NA Pseudonocardia sp. 
KSF27, 
Pseudomonas 
fluorescens 

EC 1.14, Bacillus , 
Bradyrhizobium , 
Pseudonocardia 

Marine metagenome, 
compost 
metagenome 

(Sakakibara et al., 
2011; Pang et al., 
2022) 

Glyphosate Glycerol-3- 
phosphate 
dehydrogenase (EC 

1.1) 

Pseudomonas 
pseudomallei 
isolated from soil 

EC 1.14, Pseudomonas , 
Streptomyces , 
Esc heric hia 

Marine metagenome, 
soil metagenome 

(Peñaloza-Vazquez 
et al., 1995; Liu 
et al., 2019) 

Alpha- 
hexachlorocyclo- 
hexane 
(lindane) 

Haloalkane 
dehalogenase (EC 

3.8) 

Sphingomonas 
paucimobilis 

EC 3.8, Bacillus, 
Sphingomonas , 
Bifidobacterium 

Subsurface 
metagenome, marine 
metagenome, 

(Camacho-Pérez 
et al., 2012) 

2,3,7,8- 
Tetrachlorodibenzo- 
p -dioxin 

Lignin peroxidase 
(EC 1.11), angular 
dioxygenase (EC 

1.13) 

Sphingomonas sp., 
Burkholderia sp. 

EC 1.14, Esc heric hia , 
Nov osphing onium , 
Paraburkholderia 

Marine metagenome, 
freshwater 
metagenome 

(Field and 
Sierra-Alvarez, 
2008; Sakaki and 
Munetsuna, 2010) 

N -Hexadecane n -Alkane 
hydroxylase (EC 

1.14) 

Gordonia sp. 
isolated from 

Mediterranean 
shoreline 

EC 1.14, 
Gordonia,Klebsiella , 
Erwinia 

Marine metagenome, 
marine sediment 
metagenome 

(Quatrini et al., 
2007) 

Chlordecone NA (reductive 
sulfidation) 

Citrobacter sp.86, 
Desulfovibrio sp.86 

EC 1.14, Streptomyces , 
Desulfosediminicola, 
Burkholderia 

Marine metagenome, 
compost 
metagenome 

(Chaussonnerie 
et al., 2016; 
Della-Negra et al., 
2020) 

Clofenotane (DDT) NA 

(dechlorination) 
Chryseobacterium 

sp. PYR2, 
Alcaligenes 
eutropha 

EC 1.14, Alcaligenes , 
Chryseobacterium , 
Comamonas 

Marine metagenome, 
compost 
metagenome, 
freshwater 
metagenome 

(Mansouri et al., 
2017) 



XenoBug predicts pollutant-degrading enzymes 9 

Table 1. Continued 

Compound 

Known bacterial 
enzymes involved in 
degradation 

Known information 
regarding source of 
enzymes 

XenoBug-predicted 
enzymes involved in 
degradation (subclass 
level) and bacteria 
(genus level) 

XenoBug-predicted 
metagenomic sources References 

Pentachloro- 
benzene 

Dienelactone 
hydrolase (EC 3.1), 
maleylacetate 
reductase (EC 1.3) 

Xanthobacter flavus 
14p1 

EC 2.7, EC 1.20, 
Xanthobacter , 
Acinetobacter , 
Scytonema 

Bioreactor 
metagenome, 
subsurface 
metagenome, marine 
sediment 
metagenome 

(Sommer and 
Görisch, 1997) 

Endosulfan Monooxgenase (EC 

1.14), phenol 
hydroxylase (EC 

1.14) 

Mycobacterium sp. EC 1.14, Pseudomonas , 
Shigella , 
Mycobacterium 

Compost 
metagenome, 
freshwater 
metagenome, marine 
metagenome 

(Sutherland et al., 
2002; Singh et al., 
2019) 

Hexabromo- 
cyclododecane 

NA 

(debromination, 
hydroxylation) 

Pseudomonas sp. 
HB01, 
Achromobacter sp. 
HBCD-1 

EC 1.14, Streptomyces , 
Saccharomonospora , 
Synechococcus 

Mine drainage 
metagenome, marine 
metagenome 

(Huang et al., 2020) 

3-Fluorobenzoic 
acid 

Benzoate 
dioxygenase (EC 

1.14) 

Sphingomonas sp. 
HB1 

EC 1.14, Pseudomonas , 
Sphingomonas , 
Vogesella 

Freshwater 
metagenome, marine 
metagenome 

(Hidde Boersma 
et al., 2004; 
Murphy, 2016) 

2,5,6,7,8,11,15- 
Heptachloro- 
heptadecane (short 
chained chlorinated 
paraffin) 

Haloalkane 
dehalogenase (EC 

3.8) 

Sphingomonas 
paucimobilis 

EC 1.14, Streptomyces , 
Kutzneria , 
Sphingomonas 

Compost 
metagenome, marine 
metagenome 

(Knobloch et al., 
2021) 

Pentachlorophenol Pentachlorophenol 
monooxygenase 
(EC 1.14), TCBQ 

reductase (EC 1.1) 

Sphingobium 

chlorophenolicum 

EC 1.14, Pseudomonas , 
Sphingobium 

Marine metagenome, 
compost 
metagenome 

(Dai and Copley, 
2004) 

Dieldrin NA Pseudonocardia sp. 
KSF27, 
Pseudomonas 
fluorescens 

EC 3.3, EC 1.14, 
Pseudomonas , 
Pseudonocardia , 
Xanthomonas 

Marine metagenome, 
hydrothermal vent 
metagenome, plant 
metagenome 

(Sakakibara et al., 
2011; Pang et al., 
2022) 

Carbamazepine Amidohydrolase 
(EC 3.5) 

Gordonia 
poly ophreniv orans 

EC 1.14, Esc heric hia , 
Shigella , Gordonia 

Human gut 
metagenome, marine 
metagenome 

(Wang et al., 2023) 

Fluorene Angular 
dioxygenase (EC 

1.13) 

Sphingomonas sp. 
LB126 

EC 1.14, Streptomyces , 
Sphingomonas , 
Pseudomonas 

Insect metagenome, 
marine metagenome 

(Schuler et al., 
2008) 

Phenanthrene Biphenyl-2,3-diol 
dioxygenase (EC 

1.13), carboxylase 
(EC 4.1) 

Sphingobium sp. EC 1.14, 
Nov osphing obium , 
Sphingobium , 
Paenibacillus 

Marine metagenome, 
termite metagenome 

(Waigi et al., 2015; 
Sun et al., 2022) 
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trazine and Lindane are highly toxic to mammals includ-
ng human beings and aquatic animals. Atrazine chlorohydro-
ase (EC 3.8) shows specific activity in degradation of atrazine
nd was isolated from multiple bacteria found in contam-
nated soil such as Pseudomonas sp. ADP and Arthrobac-
er sp. [ 22 , 75 ]. XenoBug was able to predict various hy-
rolysing enzymes belonging to EC 3.5 from strains belong-

ng to Arthrobacter, Arsenophonus , and Pseudomonas genera
hat can potentially biodegrade atrazine, and these enzymes
ere mapped to the soil metagenome and the marine sediment
etagenome. Similarly, experimental evidence shows that en-

ymes belonging to the haloalkane dehalogenase family (EC
.8) isolated from Sphingomonas paucimobilis are capable
f hexachlorocyclohexane biodegradation [ 76 ]. XenoBug cor-
ectly predicted multiple enzymes belong to EC 3.8 that can
otentially metabolize hexachlorocyclohexane. 
Severe toxicity of halogenated and polycyclic aromatic pol-

utants highlights the importance of mitigation of such com-
pounds. XenoBug predicted redox enzymes belonging to EC
1.14 that can potentially degrade 3-fluorobenzoic acid, fluo-
rene, and phenanthrene. Benzoate dioxygenase (EC 1.14) iso-
lated from Sphingomonas sp. HB1 is known to metabolize
3-fluorobenzoic acid, whereas biphenyl-2,3-diol dioxygenase
(EC 1.13) and an angular dioxygenase (EC 1.13) have been
experimentally shown to degrade phenanthrene and fluorene,
respectively [ 77 , 78 ]. 

For many pollutants in the validation set, the bioremedi-
ation product and mechanism of biodegradation are known,
but bacterial enzymes involved in their degradation are not
known. For such pollutants, XenoBug was able to predict bac-
terial enzymes, along with their sequence and metagenomic
source, that have a similar mechanism of biotransformation
to that experimentally reported. Decabromodiphenyl ether is
subjected to debromination and hydroxylation by Brevibac-
terium sp. and Achromobacter sp., but the enzymes involved
are not yet identified [ 79 ]. XenoBug predicted multiple hy-
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droxylating enzymes such as polyprenyl-methoxyphenol hy-
droxylase, geranyl reductase, and phenylpropionate dioxyge-
nase (all belonging to EC subclass 1.14) from known decabro-
modiphenyl ether-degrading bacterial genera such as Bre-
vibacterium and Achromobacter , along with novel Arthrobac-
ter strains that can potentially hydroxylate and biodegrade
decabromodiphenyl ether. 

Toxaphene, a very potent carcinogen [ 80 ], is subjected to re-
duction by the metabolic activity of Bjerkandera sp. BOL13,
but the enzymes involved in this metabolism are yet to be
identified [ 81 , 82 ]. XenoBug predicted various reductases such
as methylene tetrahydromethanopterin reductase, ketopan-
toate reductase, and other flavin-dependent reductases that
can perform reduction of toxaphene. Aldrin and dieldrin are
closely related chlorinated pesticides that have neurotoxic ef-
fects on animals. Multiple studies reported degradation of
aldrin and dieldrin by Pseudonocardia sp. KSF27 and Pseu-
domonas fluorescens, but the biodegrading enzymes are not
yet known [ 83 , 84 ]. XenoBug predicted reductase, dioxyge-
nase, and hydroxylase (EC 1.14) from multiple known bac-
terial genera known to degrade aldrin and dieldrin such as
Pseudomonas and Pseudonocardia , as well as previously un-
known Xanthomas and Bradyrhizobium genus and multiple
metagenomic sources such as the plant metagenome, com-
post metagenome, and marine metagenome that can poten-
tially metabolize and degrade aldrin and dieldrin. Clofenotane
(popularly known as DDT) is a persistent and highly toxic
pesticide for which bioremediating enzymes have not yet been
identified, but experimental evidence suggests that clofenotane
is subjected to dechlorination by the activity of Chryseobac-
terium sp. PYR2 and Alcaligenes eutropha [ 85 ]. XenoBug was
able to correctly predict halogenase from Chryseobacterium
and Alcaligenes that can potentially perform dechlorination
of clofenotane. 

Thus, the performance of XenoBug on the validation set
highlights its ability to predict novel as well as existing bac-
terial enzymes involved in bioremediation of important en-
vironmental pollutants and further attests to its utility and
applicability. 

Discussion 

Diverse classes of chemical compounds such as pesticides,
petroleum and plastic products, and polycyclic aromatic com-
pounds have considerable importance in the developed and
developing world because of their utility, and ease of produc-
tion and usage. However, most of these compounds are re-
calcitrant and toxic to human beings and wildlife, and also
persist in the environment, causing pollution. The detrimental
effect of such recalcitrant compounds and contaminants on
the ecology and human health necessitates efficient pollutant
mitigation strategies. Bioremediation is the most efficient and
inexpensive method of pollution mitigation as compared with
other methods and has higher utility in addressing this massive
environmental crisis [ 2 , 86 ]. However, current culturomics
and computational methods are inadequate for discovering
novel bioremediating enzymes for such diverse classes of con-
taminants. A machine learning-based tool such as XenoBug
can, however, address this challenging task and can predict
all potential bacterial enzymes involved in biodegradation of
pollutants, contaminants, and recalcitrant molecules, identify
the metagenomic source of such enzymes, and also provide
protein sequences of the predicted enzymes. 
The incorporation of a comprehensive dataset of 6814 pri- 
mary substrates of metabolic enzymes from multiple biochem- 
ical databases, and a vast database of ∼2.8 million metage- 
nomic enzymes from 40 metagenomic sources in XenoBug 
helps to identify and discover novel bioremediating enzymes 
directly from available metagenomic data. In addition, it can 

identify the bacteria that harbour the predicted pollutant- 
degrading enzymes from the 16 million bacterial enzymes 
from 38 552 environmental bacteria. Thus, using XenoBug’s 
inbuilt metagenomic enzyme database, prediction of enzymes 
involved in bioremediation of specific pollutants and their 
protein sequence provides valuable leads for further experi- 
mental studies. 

Another important characteristic of XenoBug is that all the 
artificial intelligence machine learning models are trained us- 
ing hybrid features that capture physical and structural prop- 
erties of substrates by combining important molecular de- 
scriptors, linear fingerprints, and circular fingerprints. More- 
over, using a structural similarity search helps in identifying 
bacterial enzymes with promiscuous ability to potentially me- 
tabolize and biodegrade pollutants. Utilizing RF and ANNs 
along with a problem transformation method such as label 
powerset helps in executing multilabel classification for pre- 
dicting diverse classes of enzymes. XenoBug is organized in a 
modular architecture that will make future updates of the tool 
easier based on the availability of more data. Furthermore,
the complete biochemical information regarding the reactions 
catalysed by predicted enzymes, their biochemical pathways,
and protein sequence as provided by XenoBug furthers our 
understanding of the interaction of environmental bacterial 
enzymes and pollutants and their potential bioremediation.
The training scheme and development of XenoBug tool is ex- 
plained in Fig. 2 . 

The performance of XenoBug on diverse recalcitrant 
molecules from the validation set such as p -xylene, triazophos,
endosulfan, and n -hexadecane is in agreement with the exper- 
imental evidence, whereas in the case of pollutants such as 
toxaphene, aldrin, dieldrin, DDT, etc., for which the biode- 
grading enzymes are yet to be discovered, XenoBug is able 
to predict potential bacterial enzymes that can perform their 
biotransformation. These validations attest to its applicabil- 
ity and utility, and the predictions provide valuable leads 
for experimental confirmation which can help in develop- 
ing bacterial enzymes for bioremediation of existing harm- 
ful and toxic pollutants, recalcitrant molecules, and contam- 
inants on a large scale. This approach currently uses con- 
ventional cheminformatic features for training and predic- 
tion of biochemical enzymes using substrate data. Recent ad- 
vances in natural language processing (NLP)-based feature ex- 
traction using SMILEs data [ 87 ] can also be used for such 

applications provided the computational power and mem- 
ory are scaled efficiently. Training using 3D cheminformatic 
features for substrates can be compared with currently used 

2D descriptors and fingerprints. One of the current limita- 
tions is the unequal number of enzymes and their correspond- 
ing substrates naturally known in the different EC classes 
( Supplementary Table S2 ). This results in data imbalance dur- 
ing training. To address this issue, the approach to artificially 
oversample minority classes such as EC 5 and EC 6 to the lev- 
els of EC 1 or EC 3, or to undersample the majority classes to 

the levels of minority classes may not be appropriate and may 
also lead to overfitting. Thus, in this study, the evaluation of 
models constructed in XenoBug was performed using multiple 

https://academic.oup.com/nargab/article-lookup/doi/10.1093/nargab/lqaf037#supplementary-data
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valuation metrics such as F1 score, hamming loss, accuracy,
nd binary accuracy that take into account various aspects
f data and accommodate data imbalance. An improved un-
erstanding of enzyme–substrate interactions, advanced algo-
ithms, and the availability of a higher number of substrates
or minority EC classes in the future will further help in im-
roving data balance and performance of the prediction mod-
ls. XenoBug is free to use and publicly accessible online at
ttps:// metabiosys.iiserb.ac.in/ xenobug . 
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