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...UCGAUCG...
Bacteria

DNA

Sequenced DNA

Tree classiﬁcation

Abstract
This work deals with the problem of automated classification and recognition of bacteria after
obtaining their DNA by the sequencing process. In the scope of this paper, a new classification
method based on the 16S rRNA gene segment is designed and described. The presented principle
is based on the tree structure of taxonomic categories and uses well-known machine learning
algorithms to classify bacteria into one of the connected classes at a given taxonomic level. a part
of this work is also dedicated to implementation of the described algorithm and evaluation of its
prediction accuracy. The performance of various classifier types and their settings is examined and
the setting with the best accuracy is determined. Accuracy of the implemented algorithm is also
compared to an existing method based on BLAST local alignment algorithm available in the QIIME
microbiome analysis toolkit.
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1. Introduction
For a long time, it was possible to analyse bacteria only
by their cultivation. However, many bacteria species
are unculturable and therefore were not detectable at
all. Thanks to recent advance in high-throughput sequencing, it is now achievable to efficiently investigate microbial communities and analyse the bacteria
species found in them. With the obtained knowledge,
attention of many scientists has been drawn to research
of the relationship between the human microbiome and
human health. Dysfunctional human microbiome has
been already linked to many diseases, such as diabetes,
inflammatory bowel disease, and antibiotic-resistant

infection. [1], [2]
The aim of this article is to design and describe
a new bacteria classification method, which is based
on the 16S rRNA gene segment. In the scope of this
work, the described method is implemented and its
accuracy1 is evaluated and compared with another existing bacteria classification tool.
Some methods of bacteria classification, which
have already been implemented, are described in more
detail in section 3. Most of the techniques are built
1 Accuracy

represents the true positive rate and can be computed using the following formula:
o f correct predictions
accuracy = Number
Total number o f predictions [3].

on the basis of k-NN classifier and apply various approaches to search for nearest neighbours.
The principle presented within this work is built
on the basis of tree structure of taxonomic categories.
The whole classifier consists of a tree of partial classifiers with topology respecting the taxonomic tree.
Classification of an input specimen starts in the top
classifier distinguishing between bacteria and archaea
and the input sequence descends through the tree according to the predicted labels. The partial classifiers
are well-known machine learning methods (such as
SVM, decision tree, and nearest centroid) and their
aim is to classify the given bacteria and assign it a label at lower taxonomic level.
Thanks to the use of taxonomic tree structure and
the concept of successive classification it should be
possible to decrease the overall classification error in
comparison to direct classification on the lowest taxonomic level. This approach also offers the possibility
of presenting the whole taxonomic classification from
domain down to genus with values of reliability for
predicted labels on every taxonomic level.
In section 2, some introductory terms in the field
of molecular biology, which are essential for understanding the core of this work, will be introduced and
explained. Section 3 is dedicated to the description
of some other existing methods solving the bacteria
classification problem. Section 4 contains detailed description of the proposed method. In section 5, there is
a brief introduction to used tools and libraries. The aim
of section 6 is to present some already achieved results
and a comparison with one of the existing methods.

2. Definition of Important Terms
Metagenomics is a field of study focused on the microbial world. Its main characteristic is investigation of
bacteria, viruses and fungi in complex communities, in
which they usually exist, irrespective of whether they
are culturable of not. Metagenomics tries to examine
the genome of an entire organism concerning also the
microbes existing within it. [4], [5]
2.1 DNA and Its Sequencing
Deoxyribonucleic acid is a material with hereditary
information encoded in it. It can be found in almost all
known organisms. Most cells in a human body share
the same DNA. In a cell, DNA can be found in its
nucleus, or in the mitochondria. [6]
The DNA can be represented as a code consisting
of four chemical bases – adenine (A), guanine (G), cytosine (C), and thymine (T). The information in the
DNA is encoded by combining these bases into long

sequences. [6]
DNA sequencing is the process of determining the
nucleotide sequence of DNA. The obtained sequence
gives the most fundamental knowledge of a gene or
a genome2 . [8]
2.2 RNA, rRNA and 16S rRNA
Ribonucleic acid is a nucleic acid consisting of a long
strand of nucleotides. Similarly to DNA, each nucleotide contains a nitrogenous base, a sugar, and
a phosphate. [9]
rRNA is one type of RNA called ribosomal ribonucleic acid. It is located in ribosomes, which are the
catalysts of protein synthesis. Over sixty percent of
the ribosome consists of the ribosomal RNA which is
a necessary part of all functions of a ribosome. [10]
16S rRNA is a sequence of DNA which encodes
the RNA component of the smaller subunit of the bacterial ribosome. It can be found in the genome of all
bacteria species and a related form can be found in
all cells. In the 16S rRNA, two types of regions can
be determined – slowly changing sections and variable
parts, which undergo rapid genetic changes, therefore
they are suitable for differentiating species. It has
been proved to have the most information regarding
examination of evolutionary relatedness. [11]
2.3 K-mer Spectrum
K-mers refer to subsequences of length k found in
an input sequence. The term k-mer then represents all
length k subsequences of a given sequence. In the field
of computational genomics, the sequences, that are
being processed, are often composed of nucleotides.
One of the biggest advantages of using k-mer spectrum is that the final spectrum is of the same length,
regardless of the input sequence size. That is important when applying machine learning algorithms as
they require their input data to have the same number
of dimensions. On the other hand, extracting k-mer
spectrum from a sequence leads to loss of the positional information of the subsequences in the original
sequence.

3. Previous Works
One approach of solving bacteria classification has
been introduced by Wang et al. in their article [12].
In this work, they described the RDP classifier, which
extracts k-mer spectra from the input sequences and
then applies the naı̈ve Bayesian classifier to assign the
2 A genome is the complete set of DNA of an organism, which
includes all of its genes. All needed information on how to build
and maintain the organism can be found in its genome. [7]

unknown specimen its taxonomic classification from
domain to genus. Regarding k-mer size, they achieved
the best accuracy with k-mers 8 and 9 and decided to
use k-mer 8 to reduce memory requirements.
Some other existing solutions are implemented as
a part of QIIME, a bioinformatic pipeline designed
for analysing microbiome from raw DNA sequencing
data. [13]
One of the methods implemented within QIIME
is called USEARCH LCA. This method is based on
the k-NN classifier. It uses the USEARCH [14] algorithm for finding k sequences, which are nearest to
the given sequence and whose taxonomy is known.
Then, on their taxonomic classifications, the LCA [15]
algorithm is applied to obtain the taxonomy of the unknown sequence. Another approach is implemented in
QIIME 2 and it is named BLAST LCA. The principle
of this method is the same as in the previous algorithm, with the only change in the search algorithm. In
this method, the BLAST [16] search algorithm is used.
Last mentioned method is QIIME BLAST TOP HIT,
which basically represents the k-NN algorithm with k
set to 1. It uses the BLAST algorithm for finding the
nearest neighbour and assigns the unknown sequence
the taxonomy of the nearest sequence. [17]
Another solution microclass is available as an R
package and while it has a standard R interface, its
computational core is implemented in C++ to reduce
time consumption. After experimenting with various k-mer based methods, the authors decided to use
the multinomial method. The package offers two functions for training and applying a custom model, and
it also offers a ready-to-use pre-trained classification
tool, which uses k-mer size 8 and has been trained on
full-length 16S rRNA sequences. K-mer of length 8
has been chosen since its increase to 9 or 10 results
in high cost in memory consumption and computation
time while the gain in accuracy is small. [18]
16S Classifier is based on a random forest classification model and uses only the hypervariable regions
of the 16S rRNA in order to increase speed and prediction accuracy. To obtain the random forest model
with the highest accuracy, parameter optimisation was
applied. For the optimisations, hypervariable regions
of V3 and k-mer sizes from 2 to 6 were experimented
with. After performance testing, the authors came
to conclusion, that performances of 2-mer and 3-mer
models offered the lowest accuracy. 5-mer and 6-mer
models gave results with the lowest error, however,
the 4-mer model needed significantly less time and
smaller size of training data. Therefore, the authors
decided to use 4 as the k-mer size. [19]

4.
Proposed Bacteria Classification
Method Specification
This section contains detailed description of the proposed bacteria classification method, starting with kmer spectra extraction from the input 16S rRNA sequences and continuing to classification tree creation,
training and evaluation.
4.1 K-mer Spectra
This method is designed to classify bacteria according
to the sequence of their 16S rRNA gene. The 16S
rRNA sequence is different for every genus and can
contain multiple mutations, insertions and deletions,
therefore various 16S rRNA sequences can be of different length. This could cause inconvenience as machine
learning algorithms require their input vectors to be
of equal dimensions. To overcome these difficulties,
a k-mer spectrum is extracted from the input sequence
and used for classification afterwards. With the use
of k-mer spectra, it is possible to transform every 16S
rRNA sequence, which is in the form of a string, into
a numeric vector, where each value represents the number of occurrences of the corresponding substring in
the original sequence.
K-mer spectra extracted from the 16S rRNA sequences of all bacteria species have the same predetermined length, which can be computed using the
formula nk [20], where n is the number of possible
characters (size of the alphabet) and k is the k-mer size.
There are four nucleotides, which are being found in
an RNA of a bacteria – adenine (A), cytosine (C), guanine (G), and uracil (U).
However, other characters are also frequently present in the rRNA sequences in various databases. These
characters (similarly to regular expressions) represent
two or more bases, e.g. Y, which can mean either cytosine or uracil [21]. To include also these characters and
avoid unnecessary loss of information, the proposed
classifier deals with substrings, which contain one or
more non nucleotide characters, by transforming them
into all possible real nucleotides they represent (created according to substitution table defined by the IUPAC federation [21]) and incrementing their count of
occurrences.
4.2 Classification Tree
This classification tool is designed to assign unknown
bacteria to their most probable genera. In order to
minimise the classification error, the presented method
is based on a tree structure of the taxonomic tree. The
whole classifier is decomposed into multiple classifiers
on all levels of taxonomy from domain down to genus.

This way it could be possible to obtain higher prediction accuracy since every classifier distinguishes only
among the few classes belonging to it on the lower
level of taxonomy.
The tree structure of component classifiers is shown
in figure 1. Every rectangle represents a single classifier (of one of the well-known classifier types, such as
SVM or nearest centroid) and its label shows the classification of the input sequence on the corresponding
level of taxonomy. An example classification of Escherichia coli is given. The component classifiers are
connected with arrows indicating the order of sequence
classification through the whole tree of classifiers.
With this method, it is possible to obtain a complete taxonomic classification from domain to genus
and, in case of an unsuccessful classification, determine the exact partial classifier, which caused the incorrect classification.
The training phase can be divided into two parts.
First, all types of classifiers with various settings compete against each other so that it is possible to determine the best performing classifier settings. In order to execute the competition, the entire process of
tree creation, training and validation is wrapped inside
a cross-validation. In every iteration, multiple types of
classifiers in various configurations are trained on the
current training data set and their accuracy is then evaluated on the validation data set. The outcome of every
iteration is the sum of accurate predictions obtained
during validation.
After the entire cross-validation process, the best
performing classifier is determined, trained on all available data and stored as the final model. With this
approach it is possible to obtain the best performing
classifier for every data set used.
The process of rRNA gene sequence classification
is initiated by presenting the input sequence to the
top classifier and categorising it as either a bacteria or
an archaea. Afterwards, the chosen one of the two classifiers on the domain level is used to assign the input
sequence its phylum. Then, the classifier belonging to
the assigned phylum is used to classify the input into
one of the connected classes and this process repeats
itself until the final classification, genus, is assigned.

Table 1. Used classifier types and their settings

Classifier Type

Classifier Settings

SVM

kernel = {linear, rbf, sigmoid}
metric = {euclidean, manhattan,

Nearest Centroid

seuclidean, correlation}
k-NN

n neighbors = {1, 2, . . . , 10}

Decision Tree

max depth = {2, 3, . . . , 10}
max depth = {7, 10}

Random Forest

estimator count = {10, 15}
max features = {auto, sqrt, log2}

MLP

penalty = {0.01, 0.1, 0.15}
max iterations = {300, 500}

AdaBoost

-

GaussianNB

-

5. Implementation of the Classifier
The described bacteria classification system is implemented in Python3 and compiled using Cython static
compiler3 to increase its performance. It uses the
numpy library providing efficient implementation of
multi-dimensional array object and advanced broadcasted operations4 , and classes of the mentioned classifiers imported from scikit-learn, which is an open
source library implementing simple and efficient tools
for data analysis5 .

6. Achieved Results
The BLAST 16S dataset6 was used for evaluation of
the implemented method. The dataset contains more
than 7.500 region 4 16S rRNA sequences of wellknown and examined bacteria in FASTA format. Every
sequence is a string composed of four nucleotides – A,
C, G, T, and for every sequence, there is its complete
taxonomic classification.
Accuracy has been evaluated using the leave-oneout cross-validation. During every run, entire dataset
except one specimen has been used for training and
3 Cython

4.3 Used Classifier Settings
During the process of best classifier determination,
eight types of classifiers altogether in forty-five configurations, which have been determined using grid
search, are trained and validated. The overview of all
used classifier types and their settings can be seen in
table 1.

chebyshev, minkowski,

developers and contributors. Cython: C-Extensions
for Python. https://cython.org/, February 2019. [Online;
visited 13. 3. 2019].
4 NumPy developers.
NumPy – NumPy. http://www.
numpy.org, October 2018. [Online; visited 13. 3. 2019].
5 F. Pedregosa et al. scikit-learn: machine learning in Python –
scikit-learn 0.20.3 documentation. https://scikit-learn.
org, March 2019.
6 The dataset is available on site: https://drive5.com/
taxxi/doc/fasta_index.html
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Figure 1. Tree structure of classifiers created according to the taxonomic tree with order of classification

emphasised
the left out sample has been then used for validation.
By utilizing this principle it was possible to obtain
the overall accuracy of the presented algorithm on
this dataset and also to get average accuracies for all
classifier settings listed in table 1. For all results listed
in this section, k-mer 5 has been used as it proved
to be time and memory efficient and offer quite good
accuracy at the same time.

From the graph, the AdaBoost classifier has reached
the worst performance. Neither Gaussian Naive Bayes
gave satisfactory results. Slightly better accuracies
were reached by Nearest Centroid and Decision Tree
classifiers. Random Forest performed quite good, but
especially on phylum, class and genus levels worse
than the best ones. SVM, k-NN and MLP classifiers
gave the best results, almost indistinguishable on all
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k-NN
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The comparison of the best results every classifier
type has reached can be seen in figure 2. The SVM
classifier has obtained the best results using linear kernel, Nearest Centroid worked the best with correlation
metrics, for k-NN algorithm it was setting the count
of neighbours to 1, Decision Tree with maximal depth
set to 10, Random Forest with maximum depth of 10,
consisting of 10 randomly created decision trees and
the number of features considered during looking for
the best split set to the square root of number of features, and the MLP classifier with penalty 0.01 and
a maximum of 300 iterations.
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Figure 2. Comparison of the best results obtained by
individual classifier types

levels except genus, where SVM slightly stands out.
For every classifier, there is a decrease in accuracy
with increasing taxonomic level, as expected. While
the domains bacteria and archaea separated millions
of years ago (and their 16S rRNA sequences differ

SVM, linear kernel
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With this approach, the final classification method can
be chosen specifically for the dataset used.
In the future, further optimisations resulting in
an increase in performance can be applied. Other approaches can focus on improving the prediction accuracy. One way this could be achieved is to let the
classifiers compete on each level, or in every node,
and then obtain a classifier tree composed of multiple
classifier types and configurations.

Figure 3. Comparison of results of the presented
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significantly), two genera could have been split no
longer than a decade ago.
In graph 3, there is a comparison of the results
obtained by the presented method with BLAST TOP
HIT algorithm described in section 3. The presented
method has reached the best overall results on the used
dataset when using SVM classifier with linear kernel.
BLAST TOP HIT has been chosen for comparison
since the method was fast and easy to implement in
order to evaluate it on the chosen dataset.
On domain and phylum level, the accuracy of both
compared methods is equally good. The class, order
and family levels are predicted with better accuracy
by the BLAST TOP HIT algorithm. However, on the
genus level, the implemented method works better than
BLAST TOP HIT.
Table in csv format with results, which were used
to create these statistics, can be seen in the link in
supplementary material.

7. Conclusions
In this work, the tree structured approach of bacteria
classification has been introduced and described. The
proposed algorithm was based on the use of the 16S
rRNA gene sequences and applied well-known machine learning algorithms to solve the classification
problem.
During examination of performance of the presented method, the best working classifier type and
setting was SVM with linear kernel. The average accuracy reached on domain and phylum levels was above
99 %, around 78 % on order level, 61 % for family level
and 46 % on genus level. When compared to another
already existing method, the implemented algorithm
gave competitive results.
Thanks to the presented principle, it was possible
to train multiple classifiers with various settings and
use the one, which performs best on the current dataset.
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