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Abstract

The goal of this study was to develop and evaluate a machine learning framework
that can characterize the function of marine microbial enzymes with microplastic
(MP) biodegradation potential—based on optimal temperature, pH, and Enzyme
Commission number (EC) classification. Data were curated from the three major
biological repositories, NCBI, EBI, and DDB]J, in order to target marine bacterial and
fungal isolates with recorded enzyme activity and environmental metadata. After
extensive curation, cleaning, feature engineering, and handling missing values, a
refined dataset comprising 167 samples and seven features was prepared for
modeling. Class imbalance was addressed by applying the Synthetic Minority
Oversampling Technique (SMOTE), and the resultant dataset was further divided
into 80% training and 20% testing subsets. Two ensemble models were
assessed—and these include the Gradient Boosting Classifier and Random Forest.
Each was evaluated with several performance metrics. Indeed, the Random Forest
model outperformed the best-performing model with an accuracy of 0.79 and
superior weighted F1-score of 0.72 compared with the general performance of the
Gradient Boosting model at an accuracy of 0.70. Despite challenges presented by the
underrepresented enzyme classes, the Random Forest yielded good predictive
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capabilities for the dominant enzyme functions. This framework provides a
foundational step toward predictive bioprospecting were identification of marine
microbial enzymes with desirable biochemical properties, such as thermostability or
specific catalytic activity, can be achieved. Overall, the study presents a scalable
computational approach toward accelerating the discovery and functional
characterization of novel marine enzymes for biotechnological and industrial
applications.
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Highlights:

e The function of microbial enzymes of marine origin possessing potential for
microplastic biodegradation, were characterized using a machine learning
framework, optimally with respect to temperature and pH, using the Enzyme
Commission classification.

e Data were curated representing the three major biological repositories, NCBI,
EBI, and DDB]J, targeting marine bacterial, fungal, and microalgal isolates with
recorded enzyme activity along with associated environmental metadata.

e The EC number was decomposed into four new features: ec_1, ec_2, ec_3, and
ec_4 to enhance the model's efficiency in enzyme function characterization.

e Highly imbalanced distribution of enzyme functions was addressed using
SMOTE on the training set to avoid biased learning.

e The Random Forest model outperformed the Gradient Boosting Classifier on

the test set, with an accuracy of 0.79 and a weighted F1-score of 0.72.
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1. Introduction

The global rise in microplastic pollution has intensified the search for sustainable
biodegradation solutions and marine microbial communities have emerged as
promising but underexplored reservoirs of plastic-degrading enzymes [1,2,3,4,5].
Recent developments in artificial intelligence (AI) and machine learning (ML) have
completely reshaped bioprospecting strategies through the rapid, data-driven
discovery of novel enzymatic functions in complex biological and environmental
datasets [6,7]. In marine systems, where microbial diversity is vast and genomic
information is expanding rapidly [8], Al-driven methods offer an unprecedented
opportunity to accelerate the identification and characterization of enzymes with

biotechnological and ecological relevance [9].

Traditional bioprospecting methods for marine enzymes rely on culturing,
biochemical screening [10,11], and targeted sequencing—processes that are

labor-intensive and often limited by the unculturability of many marine microbes



[12,13,14]. Al and ML mitigate these constraints by learning functional patterns
from curated datasets, integrating environmental metadata, and generating
predictive insights that can guide laboratory validation [15,16]. Through these
approaches, researchers can model enzyme-environment relationships, classify
functional groups, and identify microbial taxa with high potential for

biotechnological exploitation [17,18].

ML has become instrumental in processing heterogeneous biological datasets, from
genomic descriptors to physicochemical parameters [19]. In enzyme
characterization studies, ML models can infer function from sequence-derived
features, optimal activity conditions [20], and ecological context, while also enabling
the efficient prioritization of candidate enzymes [21]. The dataset attached in the
supplementary information exemplifies the need for Al-assisted preprocessing and
feature engineering—including handling missing environmental metadata,
standardizing taxonomic nomenclature, and decomposing Enzyme Commission
numbers (EC) into interpretable hierarchical features [22,23]. Each of these steps
strengthens downstream classification tasks in support of robust prediction of

enzyme properties from minimal or noisy inputs [24].

A data-driven prediction pipeline enables the systematic assessment of marine
bacterial enzymes involved in microplastic biodegradation [25,26]. Ensemble ML
methods, such as Random Forest and Gradient Boosting, are particularly effective for
small, heterogeneous biological datasets owing to their robustness to noise and
their capability of modeling nonlinear relationships [27,28,29]. Models trained on
curated features including environmental parameters ssuch as temperature, pH,
salinity and some meta data such as location could reach high predictive
performance, with Random Forest imbalance [30,31]. This kind of framework could
easily be used for predictions of degradative potential, identification of promising
microbial isolates, and enzyme discovery, including the Red Sea for sustainability

applications.



The Red Sea is a unique marine system with high salinity, elevated temperatures,
and diverse microbial assemblages adapted to such extremes. These features make
the region of high interest in the search for robust enzymes tolerant of such harsh
industrial and environmental conditions required to ensure the effectiveness of
microplastic biodegradation [32,33,34]. In support of targeted bioprospecting for
enzymes with functional relevance in plastic mitigation, this study integrates Red
Sea microbial genomic and environmental data into an ML-based characterization
pipeline. The framework will herein contribute to both fundamental microbial
ecology and applied biotechnology, centered on enabling scalable and

nature-inspired solutions to global plastic pollution.
2. Materials and Methods

Data used in this study were secondary data curated from three international
biological repository data banks known as GenBank. The selected databases include
the National Center for Biotechnology Information (NCBI, USA), the European
Bioinformatic Institute (EBI) and The DNA Data Bank of Japan (DDBJ).

2.1. Data Acquisition

We targeted marine origin bacterial and fungal entries reporting including (i)
taxonomic identification (scientific/binomial name and, where available, strain), (ii)
enzyme(s) produced with Enzyme Commission (EC) numbers, (iii) gene(s) encoding
the enzyme(s), (iv) optimal temperature and pH for enzyme activity (or growth
when activity data were absent but explicitly linked), (v) functional annotation of
the enzyme (free text and controlled terms), and (vi) stable accession identifiers
(GenBank, EBI and DDB]J). Entries without clear marine provenance or lacking an

accession were excluded.

Then queries of interest from the biodabases were executed programmatically
either from the GenBank site’s interface using the “Advanced search” menu or in

Python using Biopython’s Entrez and EBI/ENA REST endpoints with Boolean



expressions combining marine context and enzyme terms. Example query

templates:

= Taxa/environment: "marine"[All Fields] OR seawater OR sediment OR

"hydrothermal vent" OR "coral reef".

* Enzyme filter: EC: OR "lyase" OR "protease" OR "lipase" OR "amylase" OR

"cellulase” OR "chitinase" OR "alginate lyase".

= Combined example (NCBI Nucleotide/BioSample): (marine OR seawater OR
sediment) AND (EC[All Fields] OR lyase OR protease OR lipase OR amylase OR

cellulase OR chitinase).

A well-structured bioinformatic pipeline for developing an explicit dataset of
enzyme-producing marine microorganisms was developed. This served to mine the
large International Nucleotide Sequence Database Collaboration repositories for
sequences with specific marine-derived enzymes and associated environmental data
from bacteria, fungi, and microalgae. This automated workflow ensures that the
collection is reproducible with a targeted approach. The complete workflow, from

data source to metadata extraction is illustrated in the Figure 1 below.



Figure 1. Shematic overview of the bioinformatic workflow. Data were retrieved
from the GenBank, ENA, and DDBJ using Biopython queries. The queries were
designed to filter for sequences from enzyme-producing marine microbes (including
bacteria, fungi and microalgae) isolated from seawater or sea-sediment. Then the
retrieved data were processed to extract and organize key metadata fields including
name of microorganism, functional classification using the EC numbers, gene
encoding, name of enzyme, and associated environmental parameters such as the

temperature, geolocalization, and pH.

Some of the selected entries were having genome or gene sequences; and for these,
their corresponding sequence records (FASTA/GenBank flat files) and feature tables
were downloaded to enable sequence-derived features. This approach yielded a
curated dataset linking source organisms, enzyme classifications, and key

physicochemical parameters.

However, any isolate with metadata having at least one enzyme with EC number
falling within predefined industrial or biotechnology categories (such as hydrolases
on polysaccharides, lipases/esterases, proteases, oxidoreductases—with
bioremediation relevance), was termed as “Positive” for beneficial enzyme-products.
Whereas, if isolates without such evidence were labeled “Negative” Non-reported”

and retained for semi-supervised analysis.

2.2. Exploratory Data Analysis

An exploratory data analysis (EDA) was conducted on the dataset to reveal feature
distributions and data quality issues, following the iterative workflow depicted in the
Figure 3 below. In the course of this, we identified two missing entries in the “Source of
Bacteria” column. These rows were dropped as the source is critical identifier that cannot

be easily determined by the mean or mode of the distribution.

Ten entries marked “N/R” “Not-reported” in the “pH for Maximum Functionality”
column were replaced with NaN and subsequently imputed using the mean pH value of

the dataset to retain the data points for analysis.



The “Temperature for Maximum Functionality” column was inconsistent and contained
non-numeric characters like “°C” and entries like “N/R”. These were stripped and
converted to a nullable integer type. Eight entries from the bacterium Zobellia
galactanivora were missing temperature data. Instead of using the global mean, we take a
more biologically relevant approach. For the imputation, the mean optimal temperature
was input for others enzyme produced by Zobellia galactanivorans, in order to preserve

the ecological context

Finally, data discripencies on the “Source of microbes” were spotted out and addressed
accordingly. For instance, “Vibrio species” was changed to “Vibro sp”, while Zobellia

galactanivorans” was standardized to “Zobellia galactanivora”, enabling consistent

grouping.
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Figure 2. Iterative workflow for exploratory data analysis, outlining the key steps taken to

clean, standardize, and prepare the dataset for model development.
2.3. Feature Engineering

To enhance the efficiency of the model in characterizing enzyme function, the EC

Number was decomposed into its constituent parts. The EC number is a hierarchical code



where EC 1 represents the main class of reaction, EC 2 indicates the subclass, EC 3

signifies the sub-subclass, and EC 4 is the serial number for the individual enzyme.

This single column EC Number was split into four new features. Specifically, it was split
into ec 1, ec 2, ec 3, and ec 4. These new features were converted to numeric types for
machine learning compatibility. Twelve rows of missing values in ec_4 were noted and
retained for the model to handle. This was done by assigning zero to all the missing ec_4

values.

Figure 3. Features engineering process workflow
2.4. Final Dataset for Modeling

Following the cleaning and feature engineering steps, we refined the dataset for
modeling. Columns not directly useful for a generalizable model, such as S/N, Enzyme
Name, Source of Bacterium or fungus, Gene Encoding, and Organism’s Accession
Number, were dropped. The final feature set used for the model training consisted of:

Temperature for Maximum Functionality, pH for Maximum Functionality, Function,



ec_1, ec 2, ec 3, and ec_4. Except Function that was categorical, the features were all
numerical. The Function column is encoded using LabelEncoder from the scikit-learn
library. Although Function is a nominal categorical variable that would typically benefit
from one-hot encoding to avoid implying ordinal relationships, we use LabelEncoder
here because tree-based ensemble models such as Random Forests and Gradient Boosting
are not affected by the arbitrary numerical ordering created by label encoding, as these
models make splits based on feature values rather than their numerical magnitude.
Additionally, label encoding maintains a single column, whereas one-hot encoding would
create multiple binary columns, which could significantly increase the feature space

depending on the number of unique functions.

This data curation yielded 167 samples and 7 features, providing a good foundation for
training our machine learning models to predict enzyme function based on their optimal

conditions and EC Number classification.
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Figure 4. Visual representation of the distribution of enzyme functions.
3. Data Preprocessing and Model Development

This section describes data cleaning and feature engineering, strategies used for
addressing class imbalance, the model training pipeline, and the strategy for performance

evaluation.
3.1. Data Preprocessing

The dataset was split into a training set and a testing set. We used the standard and
conventional split of 80% for training and 20% for testing. This ensured that the models
were trained on one subset of data and their performance were evaluated on an unseen
subset, providing an unbiased estimate of their generalizability. The classification task

relies on a robust machine learning framework that is planned in such a way as to



maximize predictive performance and interpretability. Enzyme functions that appeared
only once in the dataset were removed. This step was necessary to enable stratified
sampling, ensuring that each enzyme function was represented in both the training and
testing sets. After imputation and encoding, the class imbalance issue was dealt with

before training the model to avoid biased learning.
3.2. Handling Class Imbalance

In our dataset, the distribution of the enzyme function was highly imbalanced as shown in
Figure 1. Class imbalance can lead to biased model predictions, as machine learning
algorithms tend to favor majority classes [35]. To address this issue, SMOTE was then
applied to the training set only to create synthetic minority-class examples, using k =5 to
avoid information leakage into the test set [36]. With this approach, we generated
synthetic samples for minority classes by interpolating between existing instances,
thereby increasing their representation without duplicating samples. This approach
improved the performance of our models across classes. Because preprocessing changes
class representation and feature distributions, we subsequently applied a targeted

resampling strategy.
3.3. Model Selecction and Training

Given that the task is multi-task classification problem, a suite of models with different
inductive biases was selected for evaluation. Considering that our dataset small,
previously highly imbalanced, and contained noise, we employed the Gradient Boosting
Classifier and Random Forest, both of which are ensemble models. These models were
selected because their ensemble structure mitigates the high variance often associated
with single decision trees, while maintaining computational efficiency. Ensemble models
combine multiple individual learners to improve predictive performance and reduce the
risk of overfitting [37,38,39,40]. Figure 1 illustrates the conceptual architecture that

describes the flow from data acquisition to performance validation.
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Figure 5. Conceptual framework for ensemble learning classification and evaluation

using Random Forest and Gradient Boosting classifiers.
3.4. Evaluation Metrics and Validation Strategy

To effectively assess model performance, multiple evaluation metrics were
employed. This is because accuracy alone can be misleading for multi-class
problems, especially with potential class imbalance [41].




Figure 6. Visual representation of the overall machine learning pipeline, from

loading the dataset to model evaluation and selection.

4. Results and Discussion

4.1. Model Performance Comparison

Table 1. Summary of the performance from the Gradient Boosting Classifier model on

the test set.

Accuracy: 0.696969696969697
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The model achieved an overall accuracy of 0.70, indicating that approximately 70% of

enzyme functions were correctly classified. However, performance varied considerably

across classes. As show in the classification report in Table 1, the model achieved strong

predictive performance for the more represented enzyme functions with F1-scores of 0.73

and 0.80, respectively. Conversely, classes with very few samples were not correctly

predicted. The macro-averaged F1-score (0.46) further reflects this imbalance.
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Figure 7. Feature analysis from gradient boosting model, showing ec 1 as the most

influential factor in the model’s prediction by far.

Table 2. Summary of the performance from the Random Forest model on the test set.

Accuracy: 0.7878787878787878

Classification Report:

precision recall fl-score support
1 0.00 0.00 0.00 3
2 1.00 1.00 1.00 2
3 0.00 0.00 0.00 1
5 0.79 1.00 0.88 11
6 0.33 1.00 0.50 1
10 1.00 1.00 1.00 2
11 1.00 1.00 1.00 2
12 0.00 0.00 0.00 1
13 0.80 0.89 0.84 9
14 0.00 0.00 0.00 1
accuracy 0.79 33
macro avg 0.49 0.59 0.52 33

weighted avg 0.67 0.79 0.72 33



The Random Forest model achieved an overall accuracy of 0.79, which represents an
improvement over the Gradient Boosting Classifier (0.70). As shown in the classification
report in Table 2, the model demonstrated high predictive performance for the dominant
enzyme functions, with Fl-scores of 0.88 and 0.84, respectively. However, enzyme
functions with very few samples were not correctly predicted, resulting in undefined

precision values for those classes.

ec 1 +2.54
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Figure 8. Feature analysis from random forest model, showing ec 1 as the most

influential feature in the model’s prediction by far.
4.2. Interpretation of Findings and Limitations

The weighted average (0.66) suggests that the model performs adequately for the
dominant classes. These results indicate that data scarcity and class imbalance affected

the model’s ability to generalize across all enzyme functions.

The macro-averaged Fl-score (0.72) indicates that the model performed reliably for the
majority classes. Overall, the Random Forest outperformed the Gradient Boosting model,

showing better generalization despite the dataset’s small size and residual imbalance.
4.3. Reprodducibility and Code Availability

All codes, processed datasets and model checkpoints involved in the present study are
archived at GitHub via this link

[https://github.com/16262chris/Enzyme-producing-marine-bacteria.git], to enable

reprodduction of our analyses.


https://github.com/16262chris/Enzyme-producing-marine-bacteria.git

5. Conclusion

This study successfully developed a machine learning framework capable of
characterizing the function of marine bacterial enzymes based on their optimal conditions
and EC number. The Random Forest Model proved to be a powerful tool for this task.
This data-driven approach can help in bioprospecting. For example, if one is searching
for a thermostable protease, the model can help identify EC numbers and source

organisms likely to produce enzymes with that combined set of properties.

This work lays the foundation for a predictive tool that can accelerate the discovery and
characterization of novel enzymes from the vast and largely untapped resource of marine

biodiversity.
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