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Abstract
Rhizosphere microbiome is an important factor in maintaining plant health and development of
sustainable agriculture. In this study, bacterial community composition in the canola (Brassica napus)
rhizosphere microbiome was analyzed by 16S rRNA amplicon sequencing based on 8,701 samples with
2,663 amplicon sequence variants (ASVs). Analysis of alpha diversity showed that the number of
microorganisms per sample equals 61.32 ASVs, while Shannon and Simpson diversity indices are equal
to 2.35 and 0.78, correspondingly. Six ASVs were identified as core microbiome components because
they were observed in at least 10% of all samples. A microbiome-based health index was developed
based on ASV relative abundance and number of ASVs in each sample. A classification model (Random
Forest classifier) was built in order to predict two sample groups with different microbiome-based health
status. The accuracy of this classifier equals 93.97%, its AUC equals 0.9931, and five-fold cross-
validation accuracy equals 93.55 ± 0.59%. Ten ASVs with highest feature importance were identified by
feature importance analysis. Thus, the application of machine learning algorithms allowed identifying
biologically meaningful patterns in the dataset of the large canola rhizosphere microbiome.

1 INTRODUCTION
Rhizosphere is defined as a small area of soil surrounding the roots of plants.(Berendsen et al., 2012) It
consists of diverse microbial communities which contribute to the health, development, and productivity
of the plants.(Mendes et al., 2013) Canola is a major oilseed crop on a global scale. It is necessary to
study the canola rhizosphere to develop more sustainable agricultural practices.

Advancements in high-throughput sequencing technology allow us to have a much better understanding
of the plant microbiomes.(Caporaso et al., 2012) 16S rRNA sequencing is the current standard to
evaluate the composition of bacteria.(Callahan et al., 2016) There are many studies performed to study
the rhizosphere microbiome of canola.

Machine learning techniques are powerful tools when it comes to analysis of complex microbiome
datasets. Random Forest classifiers were successfully used to perform various classification tasks in
the field of microbiology.(Breiman, 2001) Machine learning techniques are useful to identify microbial
biomarkers.(Pasolli et al., 2016)

Core microbiome contains those microorganisms that are constantly associated with the host.(Shade &
Handelsman, 2012) To develop agricultural interventions based on microbiomes, it is necessary to find
core microorganisms.(Lundberg et al., 2012)

The goal of this study is to characterize the canola rhizosphere microbiome using a huge dataset (8,701
samples). The specific aims are to assess the diversity patterns, identify the core microbiome, build a
Random Forest classifier, and to identify ASVs which affect the performance of the classifier.

2 MATERIALS AND METHODS
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2.1 Data Collection
The 16S rRNA amplicon sequencing dataset used in this analysis was obtained from a freely available
canola (Brassica napus) rhizosphere microbiome database available at the Zenodo website. The dataset
had a total number of 8,701 samples with 2,663 ASVs. The abundance table of ASVs was used as the
main dataset for all analyses.

2.2 Data Preprocessing
ASV abundance data was then imported to Python for preprocessing. Samples that have zero
abundance were dropped from the dataset. In cases where there were missing values, these were filled
in with zeros. Species richness was estimated based on the total count of ASVs observed in each
sample, while relative abundance was estimated by taking the quotient of each ASV count by its total
abundance. Preprocessed abundance data was used for diversity analysis, community composition
analysis, core microbiome estimation, and machine learning. (AUC). (McMurdie & Holmes, 2014)
(McKinney, 2010)

2.3 Analysis of Diversity
The indices used to calculate alpha diversity were species richness, Shannon diversity index, and
Simpson diversity index..(Shannon, 1948) .The species richness was calculated by counting the number
of ASVs in each sample, while the Shannon and Simpson diversity indices were calculated based on the
relative abundance of ASVs. In order to determine the community composition, the mean relative
abundance of each ASV was determined, and the top twenty ASVs were listed. Graphs showing alpha
diversity, community composition, and core microbiome were prepared using matplotlib library.
(Waskom, 2021)

2.4 Identification of Core Microbiome
The abundance of each ASV was quantified by determining its presence among samples and expressing
this information as the percentage of samples that contain the ASV.(Neu et al., 2021) The ASVs that
were found in at least 10% of all samples were designated as core ASVs. The core ASVs were ordered
based on their abundance values

2.5 Machine Learning Model
Microbiome health index was determined by summing the normalized richness score and the average
relative abundance of the top 20 abundant ASVs. The samples were divided into Healthy and Diseased
classes according to the median value of the health index. Random Forest classifier was built using the
Python library scikit-learn using 80 percent of samples for training and the rest 20 percent for validation
of the model.(Pedregosa et al., 2011) The performance of the classifier was estimated through
classification accuracy and area under receiver operating characteristic curve (AUC).(Fawcett, 2006)
Hyperparameters optimization was conducted via 5-fold cross validation.(Bergstra & Bengio, 2012)
Feature importance was analyzed.
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2.6 Statistical Analysis
All analysis was carried out in Python.(McKinney, 2010) Data manipulation and preprocessing were
performed by using the pandas and NumPy libraries, and machine learning analyses were performed
using scikit-learn. Visualization of the results was performed using the matplotlib library. (Waskom,
2021)

3 RESULTS

3.1 Dataset Description
A dataset that had 8,701 samples containing 2,663 ASVs was available. The samples included the
rhizosphere microbiomes of canola plants.

3.2 Alpha Diversity Analysis
The alpha diversity analysis gave information on the distribution of richness of ASVs in samples. The
mean richness in samples was 61.32 ASVs. The mean Shannon diversity index was 2.35 and the
Simpson diversity index was 0.78, Which indicates variations in canola rhizosphere samples

3.3 Core Microbiome
The core microbiome consisted of 6 ASVs found in more than 10% of the samples. The occurrence
frequency of these ASVs was ranging from 10.34% to 12.15%, showing that only a very small number of
bacterial taxa that consistently detected across the canola rhizosphere microbiome.

Table 1: Core microbiome ASVs with prevalence Ranges 10%-12.15%
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3.4 Abundant ASVs
Mean relative abundance of each ASV was determined in all the 8,701 samples to determine the most
abundant microorganisms in the canola rhizosphere microbiome. ASVs with the top twenty mean
relative abundances were chosen for subsequent analysis. The ASV with the highest mean relative
abundance was ORIG1CS1207NW07000a, whose mean relative abundance was 0.009812, followed by
ORIG1CS1116NW05000a, with a mean relative abundance of 0.006638 and ORIG1CS1237NW10000a
with (0.004671).

3.5 Machine Learning Classification
The Random Forest classifier was able to classify the Healthy and Diseased groups using the health
index value derived from the microbiome. This model gave 93.97% accuracy of classification and ROC-
AUC value of 0.9931. Through five-fold cross-validation, the model gave a mean accuracy of 93.55 ± 
0.59%, which shows high robustness of the model. The confusion matrix revealed that there were 865
Diseased and 771 Healthy samples that were accurately classified. 
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Table 2
Model performance metrics

Metric Value

Accuracy 93.97%

ROC-AUC 0.9931

Cross validation Accuracy 93.55 ± 0.59%

Training samples 6960

Testing samples 1741

3.6 Feature Importance
ASVs contributing most to the classification of health condition using feature importance analysis for
twenty most informative ASVs contributing to the classification of microbiome derived health
condition.The most important function was ASV CHCK1CS1356NW05002a with an importance score of
0.0270, followed by ORIG2CS1204NC01000S (0.0259), CHCK2CS1114NC02200S (0.0255), and
ORIG2CS1319NW10000L (0.0191). These ASVs contributed most strongly to the predictive performance
of the Random Forest classifier.

Figure6. Top 20 most important ASVs for model classification.

4 DISCUSSION
In this study, we conduct a detailed analysis of the microbiome in the canola (Brassica napus)
rhizosphere through a 16S rRNA amplicon sequencing data set consisting of 8,701 samples. The
microbial richness and diversity identified from the analysis indicate that the canola rhizosphere
microbiome is complex and in accordance with earlier observations of diverse bacteria in agricultural
soils.(Fierer et al., 2012)(Shannon, 1948)

The presence of six ASVs which were identified in at least 10% of the samples could imply that there are
some bacteria present which could be considered to be part of the canola rhizosphere. These bacteria
might play an important role in the ecosystem.(Neu et al., 2021)(Schlaeppi & Bulgarelli, 2015)

The research explored the rhizospheric microbiome of canola (Brassica napus) using the massive
amplicon sequencing data of 16S rRNA. The major results achieved during this research were the
calculation of mean alpha diversity, equal to 61.32 ASVs per sample, detection of the core microbiome
including six ASVs found in at least 10% of the samples, and classification of the microbiome-derived
health status using a Random Forest classifier, with accuracy of 93.97% and ROC-AUC of 0.9931. The
results obtained prove the possibility to find patterns related to the health status by means of machine
learning algorithms.

The presence of a small number of ASVs that are highly indicative implies that specific microorganisms
might act as biomarkers for the structure of the canola microbiome. Even though the ASVs found in this
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study were not taxonomically identified, their constant contribution to the model performance shows the
correlation between the health index based on the microbiome and the presence of these ASVs. It is
important for further research to identify the function and taxonomy of these ASVs by means of
reference databases and metagenomics.
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Figure 1

Alpha diversity metrics showing species richness, Shannon diversity, and Simpson diversity across
canola rhizosphere samples.

Figure 2

Core microbiome ASVs identified using a 10% prevalence threshold
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Figure 3

Top 20 most abundant ASVs in canola rhizosphere
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Figure 4

ROC curve showing model performance with AUC = 0.9931
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Figure 5

Confusion matrix showing model predictions versus actual labels.
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Figure 6

Top 20 most important ASVs for model classification.
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