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Abstract: Ubiquitous microorganisms, key players in biogeochemical cycles and environmental
evolution, are involved in environmental monitoring as well as ecological governance and protection.
The booming high-throughput technologies have generated massive microbial data and expanded the
scope of microbiome research. Constructing machine learning models to analyze complex microbial
data is of great importance to microbial marker identification, pollutant prediction, and environmental
quality prediction. Machine learning algorithms can be classified into two categories: supervised
learning and unsupervised learning. In microbiome research, unsupervised learning grasps the
characteristics of input data through clustering and dimensionality reductions, enabling the integration
and classification of microbial data. Supervised learning uses microbial datasets with features and
labels to train and build models that can be used to classify, identify, and predict new data without
labels. However, sophisticated machine learning algorithms often focus on the accuracy of model
predictions at the expense of interpretability. Machine learning models can often be regarded as a “black
box” that predicts a specific outcome. Little is known about how the prediction is obtained by the model.
Improving model interpretability is critical for the accurate application of machine learning and the
extraction of valuable biological information in microbiome research. This review introduced the machine
learning algorithms commonly used in environmental microbiology and the construction steps (including
feature selection, algorithm selection, model construction and evaluation) of machine learning models
based on microbiome data. Furthermore, we summarized several application scenarios of machine
learning models in environmental microbiology for in-depth exploration of the relationship between the
microbiome and the surrounding environment, attempting to improve the interpretability of the model and

provide a reference for future environmental monitoring and environmental health prediction.
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Figure 1

A framework of machine learning based on environmental microbiology.
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(A) Unsupervised learning
Training set
N XI X2 X3 Xm Y
N,|86(75|36| ...| 10| ©
N,|98| 0 |42| ...| 21| O |Input ) ~ |output]
Machine learning
N;| 0 [21|31]..|88]| A
N,[73[56| 0] ... 93| ¢
(B) ©

Tree 1 Tree 2 Treen
I |
> Majority voting ‘
(D) (E) Hidden layers

B2 HEFIMEEBFIFETER

Figure 2 Schematic diagrams of supervised and unsupervised forms of learning (A) schematic
representation of training set, supervised learning, and unsupervised learning. A training set containing
samples (N), features (X;—Xy,) and multiple class labels (Y) could be used to build a model to either predict
which cluster Y belongs to (unsupervised) or to find a best fit decision boundary between X and Y
(supervised). B: a schematic representation of SVM. The hyperplane maximizes the distance between the
data points on both sides of the hyperplane. C: a schematic representation of RF. RF consists of multiple
decision tree. D: a schematic representation of M-P model. The model is similar to a neuron (j), which can
simultaneously accept multiple input signals (X;) with different weights (w;;) before summing all the received
signals (Y) and processing them through an activation function (J) to produces the output (Y). E: a schematic
representation of an artificial neural network. In neural network, the input data (X) is processed through
multiple hidden layers to predict the output (Y).
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Table 1 Applications of deep learning in bioinformatics

Application Datasets Data types Algorithms/models  References

Sequence analysis Sequence data (DNA sequence, 1D Data CNN, RNN [47-51,32]
RNA sequence, etc.)

Protein and gene Sequence data, structure traits, 1D data, 2D data, structure data ~ DNN, CNN, RNN [52-55]

function prediction microarray gene expression

Biomolecular Microarray gene expression, 1D data, 2D data, structure data, GCN, CNN [56-61]

interaction and gene-disease associations,

correlation prediction Disease similarity network

graph data
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Figure 3 Comparison of the prediction performance
between deep learning and traditional machine
learning[38]
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Table 2 Summary of machine learning tools used for microbiome research.

Tools Application URL References

Mian Training machine learning models to explore https://miandata.org [71]
relevant relationships among microbiome data

SIAMCAT Inferring associations between microbial R package: https://siamcat.embl. de/ [72]
communities and host phenotypes

MetAML  Quantitative assessment of Python: https://github.com/segatalab/metaml [73]
microbiome-phenotype associations

mAML A online machine learning system based on  http://lab.malab.cn/soft/mAML/ [74]

microbiome for disease classification

Meta-Signer Identifying feature classes in the model

R package: https://github.com/YDaiLab/Meta-Signer/tree/ [75]

master/src
Scikit-learn Machine learning in Python used for Python: https://scikit-learn.org/stable/ [76]
medium-scale supervised and unsupervised
learning
Keras Deep learning in Python Python: https://keras.io [77]
mlr Machine learning in R R package: https://mlr3.mlr-org.com [78]
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