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Abstract:

This report documents the development of the
metagenomic binner AutoBinner. Autobinner
combines feature learning and clustering by us-
ing a stacked undercomplete autoencoder and
the clustering algorithm HDBSCAN. The autoen-
coder learns a feature embedding, given abun-
dance and composition features before the em-
bedding is clustered.

To provide the full picture of AutoBinner the re-
port also provides an explanation of the workings
of neural networks in the context of autoencoders
and feature learning.

The performance of AutoBinner is evaluated
with a comparison with state of the art binners,
MetaBAT2 [Kang et al., 2019], CONCOCT [Al-
neberg et al., 2013] and VAMB [Nissen et al.,
2018], on three different datasets CAMI Medium,
CAMI High, and CAMI Airways. The results
indicate that further refinement of AutoBinner
is needed, yet we see potential of using autoen-
coders and HDBSCAN for metagenomic binning,.
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Summary

The aim of this project is to create a metagenomic binner comparable to state of the art

metagenomic binners.

It is common for various binners to extract features from the abundance and composition
features. In this project, we will look into feature learning methods allowing the extraction
of salient features to represent each contig by learning an embedding using autoencoders.

Our problem analysis therefore has a main focus on showing the fundamentals of
autoencoders. As an autoencoder is essentially a specific type of neural network we provide
the foundation for autoencoders by making detailed descriptions of neural networks and
their deep learning process. We describe different types of autoencoders, how they work,
and their strengths and weaknesses with regards to feature learning. The last part of
the problem analysis will touch upon two clustering algorithms that can be of use to
cluster the features learned by the autoencoder. We will not go in great detail regarding
the clustering process, as the clustering related intricacies regarding distance measures,
similarity measures, etc. have been covered in our previous report. For the same reason,
the problem analysis will not go into great detail with the problem domain, as this is also
covered in our previous report.

Trough this report we present the binner, AutoBinner. AutoBinner uses a stacked sparse
autoencoder for feature learning from the aforementioned common contig representations.
The embedding of the contigs are clustered using the HDBSCAN algorithm. To make
the autoencoder learn an embedding that improves the clustering we propose a simple
weighting scheme for controlling the weighting of the abundance and composition features
for the learning process of the autoencoder. Our experiments show that this weighting is
important for proper feature learning as the features are not of equal importance when
determining which contigs originated from the same genome.

To validate that AutoBinner is working as intended, we make an initial set of experiments
on a medium complexity dataset with a simple version of the binner. Here we show that
AutoBinner is capable of learning an embedding of the common contig representations
that improves the number of high quality bins.

We tweak the parameters for both the autoencoder and the clustering algorithm to yield
high quality results on the dataset CAMI high. Here we also document our process of
combining a clustering objective and the reconstruction objective of the autoencoder to
form a joint optimisation process that makes the autoencoder learn an embedding that
optimises both objectives simultaneously. However, the joint optimisation did not improve
the binning results.

We compare AutoBinner against other binners; MetaBAT2, CONCOCT, and VAMB.
When comparing the binners on the dataset CAMI High used for parameter-tuning, we
see that AutoBinner outperforms the other binners by a large margin. However, taking
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the comparison to a more fair dataset, CAMI Airways, the results show that AutoBinner

falls behind.

In the discussion part of the report, we take up some of the shortcomings of our project.
We discuss different problems with AutoBinner that causes it to not perform well on the
CAMI Airways dataset as well as possible improvements.

As our initial idea of incorporating a clustering loss into the reconstruction loss of an
autoencoder was not successful, we show that AutoBinner can do reasonable binning.
Despite getting mixed results on the various datasets, we see that small tweaks to the
model yielded improvement on the validation datasets. Through our tests, we see that
there definitely is potential for a binner using an autoencoder for learning features, prior
to clustering with the HDBSCAN algorithm.
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Introduction 1

When examining a biological environment, it is often of high interest to determine the
genomes present in the environment. The fields in which these can be beneficial are many
e.g. within agriculture it can be of interest to examine the soil of crops to enhance their
living conditions while it within disease diagnosis is of interest to examine the structure
of a deadly virus such as Covid-19 to find a cure. [National Research Council; Division on
Earth and Life Studies, 2007

A common first step on the way of determining genomes present in metagenomic samples
is a process called shotgun sequencing. In this process, the complete genomes are split into
multiple small sequences of DNA and must be put back together to be of use. These DNA
sequences consist of nucleotides, i.e. the bases that form the structure of the genomes,
indicated by the letters A, T, C, and G. The sequence of the four bases is determined by
a sequencer and is then called a read. The reads are given to an assembler that puts the
reads together. However, the assembler cannot reconstruct the entire genome but only
larger sequences called contigs. These contigs are the main input to a binner. Binning a
metagenomic sample is then the process of grouping together the contigs originating from
the same genome. The goal is that the contigs in the same bin can be put together and in
that way determining which genomes are present in the sample.

The binning process is illustrated in Figure 1.1. The final result of the binning process is
called the metagenome, which is the complete set of DNA that describes all organisms in
the sample.

Genome Metagenome
(The complete set of (The complete set of
DNA that describes DNA that describes
an organism) all the organisms in
Metagenomic the sample)

sample

DNA . O
extraction / NN/ Binning
S~
N OO
DNA sequence
A sequence of nucleotides
containing the four bases ACGT

Figure 1.1: Illustration of the binning process
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A metagenomic sample can give rise to hundreds of thousands of contigs consisting of
several thousand or millions of nucleotides. A contig is commonly represented with two
features: the composition features and abundance features.

Some binners do not cluster directly on the abundance and composition features, but rather
on features extracted from the abundance and composition features. Multiple methods of
extracting features suitable for binning have been proposed e.g. using PCA [Alneberg
et al., 2013, or t-SNE |Lin and Liao, 2016|. A recent study |Nissen et al., 2018] has shown
promising results by learning salient features from the abundance and composition features
using a variational autoencoder trained to reconstruct the original two sets of features.

In this report we explore the feature learning capabilities of autoencoders in the domain
of metagenomic binning, to learn features suited for clustering.

Thereby we introduce AutoBinner, a binning tool that uses an autoencoder to create
an embedding of the contigs, before clustering the embedded representations using the
HDBSCAN algorithm [McInnes et al., 2017].




Problem analysis 2

In this chapter we will make a description of contig representations in section 2.1, which
are commonly used in the field of metagenomic binning, and which will be used in this
project. We will describe the benefits of feature learning in section 2.2. In regards to feature
learning, we will provide explanations of neural networks and autoencoders in section 2.3
and respectively. In section 2.6 we will explain how clustering and feature learning can be
combined to form "deep clustering”" methods that uses a joint optimisation procedure to
learn a feature embedding well suited for clustering.

2.1 Contig representation

In the context of metagenomic binning, it is common to represent each contig by the use of
abundance and composition features. Abundance features describe the relative abundance
of the contig in metagenomic samples, and the composition features describe the structure
of the contig.

The composition features are extracted from each 4-mer of bases in the contig. As a contig
is a sequence of four different bases, there is a total of 4* = 256 unique 4-mers. Removing
all reverse complement 4-mers, e.g. "GCAC" is the reverse complement of "CACG",
leaves 136 4-mers (including palindromic 4-mers such as "GCCG" and "AAAA"). Each
of the 4-mers in the contig is counted to give the composition feature illustrated in
Table 2.1. Here each composition value is indexed with the corresponding 4-mer for
intuition purposes, however, the feature vector consists only of the values such that each
contig has a composition vector of length 136.

The composition features are 11-normalised across contigs to account for contigs being of
different length, as a long contig will inherently have a higher count of each 4-mer than a
short contig. The composition feature of a contig i.e. the distribution of the 136 4-mers
of the contig can intuitively be thought of as being its language. Contigs with the same
composition (language) will be more likely to originate from the same genome, and should
thus more likely be binned together.

The abundance feature is created by using multiple metagenomic samples from the same
environment. Having a set of reads for a number of samples and a set of contigs allows
for measuring how prevelant each contig is in each sample i.e. how many reads from a
given sample can be mapped to the contig. A simplified version of the mapping process is
shown in Figure 2.1. The contig in the top of the figure is having its abundance measured
in the sample from which the three reads originate. The abundance level of the contig is
the sum of abundance per base divided with the length of the contig i.e. %ﬁm =2

This process is repeated for all available samples and thus creates a feature vector with
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abundance values for each contig with length equal to the number of samples. When the
number of mapped reads for each contig is counted, the abundance vector is 11-normalised.
The normalisation makes the feature indicate the change in abundance across each sample.

Contig ATGTTG
4-mer Count Read 1 ATGT
"AAAA" | 135
TAAACT | 236 Read 2 GTT
Read 3 TGTTG
TGCAG" | 140 | eeeeeeeeeeeeeeeeeeeeeeeeeeee
"GCAT" | 340 Abudance pr. base 123321

Figure 2.1: An example where three reads
from the same sample of varying length are
mapped to a contig. The abundance value
for the contig in the sample is the average
of the abundance pr. base. Figure is from
Linnebjerg et al. [2019]

Table 2.1: The composition feature vector
containing counts of each 4-mer before
normalisation.

The intuition of the abundance feature is, that contigs with correlated abundance values
should be binned together. The stronger the correlation, the more likely it is that they
belong to the same genome. A fictional example of how abundance values can vary across
samples is shown in Figure 2.2. Here it is clear that the green and yellow contigs are
correlated across samples and that green and blue are not. Thus green and yellow should
be binned together as well as blue and red.

Abundance relationship between contigs

== Contig1 == Contig 2 Contig3 == Contig 4
0,80

0,60

0,40 \

0,20 /

0,00

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5

Figure 2.2: Plot of the abundance values of four contigs for five samples. The correlated
contigs across samples should be binned together.
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136 + num_samples

0.03 | 0.01 | 0.13 0.02 | 0.12 | 0.14 0.22

136 NUMsamples ___
S 1 S 1

Figure 2.3: Illustration of the contig representation. Here the yellow fields represents the
composition and the green fields represent the abundance.

The composition and abundance features are combined for each contig to form a feature
matrix of size N x (136 + Numsgmples), where N is the total number of contigs, 136 is the
number of 4-mers, and Numsgmpies is the number of samples in the dataset. An example
of the feature vector for a single contig is shown in Figure 2.3.

2.2 Feature learning

Having high-dimensional representations for each contig, i.e. 136 + Numggmpies, can
have multiple drawbacks. First of all, high-dimensional data requires more space and is
computationally more expensive to use than its counterpart. But more important some of
the dimensions might not contribute to discriminating between the contigs.

A widely used approach for feature learning is principal component analysis (PCA).
The main idea of PCA is to find a linear transformation, mapping the data to a lower
dimensional space while preserving as much variance in the data as possible to not lose
excessive information. PCA has its foundation in linear algebra and eigendecomposition
and thus the mapping of the high dimensional data to a low dimensional embedding is
linear. Therefore PCA is not able to find non-linear correlations between the dimensions
which restrict the expressiveness of the embedding.

Another approach allowing for a non-linear embedding from one space to another, is to
use an autoencoder. An autoencoder consists of two parts; an encoder and a decoder.
The responsibility of the encoder is to learn a mapping, i.e. a function, that given some
input gives a lower dimensional embedding. In contrast, the decoder must learn a mapping
that, given the embedding, can reconstruct the original input. A conceptual illustration
of an autoencoder can be seen in Figure 2.4, where the arrows fy and gg correspond to
the encoder and decoder respectively. The illustration should be read as; given some
input x, the encoder f, parametrized by 6, outputs an embedding h. The embedding
is then fed to the decoder g, parametrized by €, which gives the reconstructed input y.
The autoencoder is evaluated by how well it can reconstruct the input, e.g. by the sum
of squared errors, and therefore it is a learning process to find the parameters 6 that
create a good embedding, which can be reconstructed, and in the case of binning, also a
good clustering candidate. The metagenomic binner VAMB [Nissen et al., 2018] uses a
variational autoencoder to extract features from the contig representations, and has shown

10
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state of the art results. The encoder and decoder can be combined into a single function
representing an autoencoder. An autoencoder is commonly modeled as a special type of
function called a neural network which allows for non-linearity and which objective is not
determined by preserving variance. This makes the autoencoder more expressive than
PCA and a good candidate for feature learning.

Reconstructed

Jo

\ /

Reconstruction error
2 2
|z — go(fo(x))llz = [lz — yll3

Figure 2.4: A simple autoencoder

In order to get a better understanding of the inner workings of autoencoders, we will in
the following section provide an in-depth description of neural networks (NN) and how
they learn their parameters.

2.3 Neural networks

In this section, we describe the basics of neural networks and specifically feedforward
neural networks with the aim of connecting them to autoencoders. For the remaining
part of this section, it is inferred that we discuss feedforward neural networks. In this
section, we will cover the basics of a neural network, how data is propagated through the
network to form an output. This covers weights and biases in section 2.3.1 and activation
functions in section 2.3.2. When the overall structure of a NN is covered, we move on to
how a NN learns in section 2.3.3. Specifically, the subjects discussed are loss functions,
gradient descent, stochastic gradient descent, backpropagation, optimizers, regularisation
and weight initialisation.

2.3.1 Structure of a neural network

A simple interpretation of a neural network is that it is a function that given some input
produces an output. The output of the neural network depends on its usage which among
others includes prediction tasks and feature learning in the form of an autoencoder. More
formally we can write a neural network as fg(z) = y where the function f has the
parameters 6 and takes the input z to produce output y. An illustration of a simple
neural network can be seen in Figure 2.5. [Géron, 2019]

11
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Input Input layer Hidden layer Output layer Output

Z e yi

x2 Z| —> y2

x3 Z _—> y3

Figure 2.5: A simple feedforward neural network. The network can be seen as an
autoencoder, where the left side is the encoder, the right side is the decoder and the
hidden layer in the middle is the embedding.

X1 W4

Xp W
—2> 2. (xiw;) + b

X3 W3

Figure 2.6: Illustration of the computation at a neuron. The z’s are the output of the
previous layer and the w’s are the ingoing weights. The product of the z’s and w’s are
summed and the bias of the neuron is added. Finally, the activation function z is applied
giving the output of the neuron.

The network has three layers: an input layer, a hidden layer, and an output layer. Each
layer consists of a number of nodes called neurons. In Figure 2.5 the input layer has three
neurons, as the input, in this case, is a vector of three elements. The hidden layer has two
neurons while the output layer has three neurons, corresponding to the number of inputs.
Between the nodes of each layer, there is a number of weights represented as lines in the
figure. The layers in the figure are called fully connected layers as there exists a weight
between each neuron in the previous layer to each neuron in the next layer. In addition
to the weights, each neuron has a bias value, except for the neurons in the input layer. In
the figure, the biases are represented as a vector of values for each layer, where each value

is associated with a neuron.

12
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As shown in Figure 2.6, the input to the neuron is the output values of all neurons in
the previous layer x1, ..., x,, and a set of weights wj, ..., wy,, one for each incoming value.
Within each neuron two operations take place. First, the incoming values are multiplied
with their respective weight and summed up before a bias value b is added to the sum.
Afterward, an activation function is applied to the sum, symbolized by z in the figure.
The calculations performed in a neuron can thus be summarised with Equation 2.1 where
I is the number of incoming values from previous the layer.

1
2O waw;) +b) (2.1)
i=1

When data is fed to the neural network it passes from left to right such that the output
from one layer is the input of the next layer. We can formalise the computation in each
layer by using linear algebra giving the equation in Equation 2.2, where the values for a
layer h are calculated. The weights going into a given layer can be represented as a matrix
W that has a row for each input neuron and a column for each neuron in the in-going
layer. E.g. the weight matrix Wi in the figure would be of the dimensions 3 x 2. The bias
vector for a given layer is represented as b having a value for each neuron in the layer.

hwp(z) = 2(xW + b) (2.2)

In the hidden layer, the x corresponds to the neurons of the input layer, while it for the
output layer corresponds to the output of the hidden layer. In the equation it can be seen,
that the activation function is applied after the matrix multiplication, which is a result
of the practice, that the same activation function commonly used for all the neurons in a
layer. By chaining these computations for each layer the input is propagated forward till
an output is produced.

As the hidden layer has fewer neurons than the input layer it allows us to use the neural
network as an autoencoder, where the output of the hidden layer is the embedding. We
can see the first transformation, i.e. when data is propagated from the input layer to the
hidden layer as the encoder while the second transformation, i.e. transforming the data
from the hidden layer to the output layer as the decoder.

2.3.2 Activation functions

It can be seen in Equation 2.2 that the computations in the forward pass are simply
a combination of linear transformations, one for each layer, but with one addition - an
activation function. The activation function is an important addition because it can
introduce non-linearity into the neural network and thereby increase its expressiveness.
Two commonly used activation functions are the Sigmoid and ReLLU activation functions
shown in Figure 2.7 and Figure 2.8.

13
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The Sigmoid activation function, given by Equation 2.3, returns a value between 0 and
1. The smaller the input value the closer it will be towards 0, while the larger the input
the closer the output will be to 1. This property makes the output of neurons intuitive to
understand as values near zero means that very little signal is propagated forward to the
next layer, while the opposite also holds.

1
sigmoid(z) = Tre= (2.3)

The ReLU activation function, given by Equation 2.4, has the range (0,+00) where a
negative input will be mapped to 0 and a positive input simply will be the output as
well. This means that contrary to the Sigmoid activation function which always allows
some signal to pass through, ReLU cuts off all outgoing signal when the input is below
the threshold. Due to this approach, ReLU is computationally simpler than the Sigmoid
activation. In addition, it has been shown to make the training process of the neural
network faster. [Li et al., 2020a]

ReLU(x) = max(0, ) (2.4)

RelLU(x)
sig(x)

Figure 2.7: Graph of the Sigmoid activation = Figure 2.8: Graph of the ReLLU activation
function. function.

Looking at the activation functions can also help to understand the importance of having
a bias term. In Figure 2.10 we can see that the weight of w has an effect corresponding
to increasing or decreasing the steepness of the function, where the larger the weight the
steeper the curve. However, common for the three functions in Figure 2.10 is that all inputs
in the range of —o0, 0 will equal 0, i.e. their threshold is 0. This restricts the network as
it might be the case that the threshold instead should have been of some other value. The
solution to this problem is to include a bias term that enables the functions to be shifted.
An example can be seen in Figure 2.9 where the weight is one and three different bias
terms are added. Hereby the steepness is preserved while the threshold is changed.

14
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ReLU(x+0) ReLU(x*1) !
RelLU(x+2) RelLU(x*2)
RelLU(x-2) : RelLU(x*0.5) :

4 3 2 El 0 i 2 3 4 P E) 2 El 0 i H 3 i

Figure 2.9: The effect of the bias term in  Figure 2.10: The effect of the weight term
regards to RelU in regards to RelU

2.3.3 Learning

As we have provided an understanding of how the neural network is structured with regards
to forward propagation, the weights, biases, and activation functions, we will take a look
at how the neural network learns to produce meaningful output by training. The objective
of training a neural network is ultimately to reduce the loss of the model with respect to
the training data. To achieve this goal the weights and biases of the network are trained
to fit the input data better and produce better reconstructions, predictions, etc. So what
one wants to do is to find a direction in the weight space, i.e. changes to the weights, that
yields a lower loss. The direction to change the weight vector will thus be related to the
gradient of the loss function.

The following sections cover the different aspect of the NN learning process. In section
2.3.3.1 loss functions relevant for autoencoders are discussed. Section 2.3.3.2 describes the
gradient descent algorithm to update the weights of the neural network. Section 2.3.3.3
describes how the specific weight updates are derived through backpropagation. Section
2.3.3.4 discusses why and how the stochastic gradient descent algorithm is a more efficient
alternative to gradient descent. We then discuss some problems and solutions with weight
initialisation in section 2.3.3.7. Lastly, we will discuss a commonly occurring problem with
neural networks; overfitting, as well as solutions to overfitting, called regularisation, in

section 2.3.3.8, and 2.3.3.9 respectively.

2.3.3.1 Loss function

The loss function is used to evaluate the performance of a neural network, and inform it
how wrong it is so it can improve. When training a neural network the goal is to minimise
the loss of the network. This means that the objective of the loss function is to whittle
down all the aspects of the network, down to a single number, that can then be used for
optimising the network. That number is then also an indicator that tells if the network is

improving or not.

Suppose we have a neural network that should output its input as close as possible, and that
the middle layer has fewer neurons than the input has dimensions (i.e. an autoencoder).

The goal of an autoencoder is to find an embedding of some input vector X which can be
reconstructed as the vector Y from the embedding, such that the differences between X
and Y are minimum. An intuitive loss function is the Mean Absolute Error (MAE) shown

15
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in Equation 2.5, which calculates the absolute differences between X and Y where D is
the number of dimensions in input/output vectors and N is the number of samples in the
dataset.

MAE(X,Y) ZZ\Xd —Yy| (2.5)

Another commonly used loss function for the problem of reconstruction is the mean squared
error (MSE) shown in Equation 2.6.

MSE(X,Y) Z Z Xq—Yy)? (2.6)

The main difference between the two losses is the squaring of the errors. Squaring the error
in MSE has the effect of giving points that are hard to handle for the network, a large
effect on the loss. Therefore one factor in deciding whether to use MSE of MAE depends
on how outliers should be treated.

Choosing a suitable loss function for the problem at hand is of high importance for the
network to learn properly. However, a clear cut definition of when each is useful is not
possible. Choosing the right loss function is a matter of understanding the problem domain,
and its connection to the architecture of the neural network [Aggarwal, 2018,sec. 1.2.1.5].

2.3.3.2 Gradient descent

The optimisation problem lies in how the two parameters should be altered to minimise
the loss. Starting from some point on a loss surface, dictated by the initialisation of the
parameters, the idea is to calculate the direction the parameters should be altered to cause
the steepest decrease in the loss. This method is called gradient descent and is commonly
used in optimisation problems and neural networks. Li et al. [2020e]

Once the gradient of the loss function with respect to the parameters is calculated one
simply nudges all weights in the opposite direction of the gradient, as the gradient shows
the direction of the largest increase of the loss. Gradient descent is thus a fairly simple
algorithm that updates the weights using Equation 2.7 where 8871/1]; is the gradient of the
loss function f with respect to the weights W in timestep t and « is a hyperparameter
controlling how large a step to take for the weights in the direction of the negative gradient.
Li et al. [2020e¢]

0
Wt+1 Wt—l—a* (_8‘/{/}) (27)

16
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2.3.3.3 Backpropagation

In backpropagation, the chain rule is applied recursively to compute gradients of
expressions. Here we have that f is again the loss function evaluating the parameters
by applying the parameters to the input and forming a loss value. The parameters are
both the weights W and biases b.

The partial derivatives are calculated in a simple manner requiring only simple calculus.
Complicated compound expressions such as f(x,y, z,u) = (x*y)(z+u) are easily handled
by splitting the expression up in the most simple components, and a computation graph can
be helpful to keep track of the computation more easily. The computation graph expressing
the compound expression f is shown in Figure 2.11. In the figure, the expression is broken
down into three expressions ¢ = z+y, p = zu, and f = gp, however, we are only interested
in the gradient of f with respect to its inputs z, ¥y, z and u. The variables have the values:
=2,y =3,z =4,u = 2, the green numbers on the edges are thus the variable values and
the results of expressions ¢, p, and f. The red numbers are the partial derivatives that we
are interested in finding. Li et al. [2020Db]

X

Figure 2.11: The computation graph for expression f(x,y,z,u) = (z + y)(z * u).

When multiple expressions are combined, the correct way to chain the gradient expressions
together is by using the chain rule. The gradient for function f with respect to variable x
in the example is thus calculated as:

of _0fd%q
dr  Oq Ox

Starting from the right side with the output of f, the gradient g—; is simply 1, the trivial
case. This "local" gradient in the node f is then flowing "up-stream" through the graph
and is used for calculating the other gradients. The gradient of p can then be calculated
with the chain rule. The gradient of p is 5, as ¢ has a down stream value of 5, which is
multiplied with 1, the gradient of f:
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Likewise, the gradient of variable z is calculated using its local gradient, which is equal to
the value © = 2, and the upstream gradient from p.

of _opdf _ _
82_8281)_2*5_10

Intuitively, it can be seen why this makes sense. Increasing z with 1 has an effect with
magnitude v = 4 (multiplication) on the output of p, which in turn again affects the
output of f, this time with magnitude 5, such that the effect of increasing z has the effect:
(Isxu)*b5=(1%4)*5=20. Li et al. [2020b|

And thus, the partial derivative of each parameter in a neural network can be calculated
quite easily as a neural network can be represented as a complex computation graph. The
computation graph of a neural network would have all the weights, biases, and the specific
input being fed to the neural network as its input. The values would be passed down-stream
through all the intermediate nodes till the rightmost computation node corresponding to
the loss function would be reached. Afterwards, the gradients would be calculated from
right to left such that intermediate gradients can be reused. This procedure is repeated
till the gradients of the network parameters have been calculated. Let W be the all the
parameters of the neural network with the loss function f. The parameters are then
updated by Equation 2.8

Wupdated =W+ a(_Afw) (28)

Using this method of splitting complicated expressions into multiple smaller expressions
makes it quite intuitive and easy to see how gradients are calculated for each input, weight,
and bias. The method thus easily scales up to cover an entire NN with many large layers.

2.3.3.4 Stochastic gradient descent

When using gradient descent, the parameters of the neural network are only updated when
gradients have been calculated for all samples in the dataset. A full pass of all data in the
training set is called an epoch. The parameters are then updated by the average of all the
gradients. This has the advantage that the update of the parameters is precise but it has
the drawback of being computationally heavy. A common way to update the parameters
more often and thereby having the neural network converge faster is to use mini-batch
gradient descent. In mini-batch gradient descent the dataset is split into several batches
with the intuition that if a batch is representative of the overall dataset, the network can
be updated by the average gradient of a batch. Mini-batch gradient descent is commonly
referred to as stochastic gradient descent (SGD). It is called "stochastic" as each batch is a
randomly selected subset of the training data. The batches are created randomly at every
epoch to ensure that the batches are composed differently at each epoch. This avoids that
a certain batch contains too much identical data which could slightly throw off the weights
every time said batch is encountered, and that the network does not learn the order of the
batches. Li et al. [2020¢]
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2.3.3.5 Momentum

The classical example used to explain momentum is to imagine the loss function as a hill,
and the current loss as a ball that should get to the bottom of the hill, see Figure 2.12.
By computing the gradients of the loss function the direction to 'push’ the ball down the
hill is determined. However, without momentum, it is like the ball only rolls when it is
being actively pushed, and when there is no one pushing (the direction of the gradient is
not very steep), it comes to an immediate stop. Momentum looks at the previous gradient
that was used to push the ball, and then adds it on to the current gradient to push the
ball even harder down the hill. This has the advantage of helping avoiding the loss getting
stuck in a local minimum, as the momentum will keep the ball rolling. If we then look at
SGD with momentum added we get the following

Wupdated = ux* Wprev + a(_Afw) (29)

Here W,, is the update from the previous weight update. Another variable added is
w which is a way to control the momentum, such that the ball stops when it reaches the
bottom of the hill, i.e. the global minima, and does not just keep going up another hill. In
some cases, it can be beneficial to increase p in the later stages of the training, to ensure
that the loss stops at the global minima.

<— Local minimum

7

Global minimum

Figure 2.12: The classic example of momentum, using a ball that is rolling down a hill.

2.3.3.6 Adam

Adam is a method for updating the parameters of a network, by looking at the exponential
moving average of the gradient. The exponential moving average is chosen over the regular
moving average in order to be able to weight the more recent gradients higher.

Compared to SGD, which only takes the learning rate o as input parameter, Adam takes
four input parameters; the learning rate «, two biases 81 and 82, and €. 51 and 52 controls
the exponential decay rates of the moving averages of the gradient, and € is a very small
value that is introduced to avoid dividing by zero when updating the parameters, as we
will see below. Adam works by computing adaptive learning rates for the different network
parameters from estimates of the first and second moments of the gradient’s moments, i.e.
the exponential moving average of the gradient m and the squared gradient v. To do so,
it repeats the following steps until the parameters converge.
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1. Compute the gradients
2. Update the estimate of the biased first and second moment v and m

m = Bl % Mppey + (1 — f1) x AW
v = B2 % Uppew + (1 — 52) * (AW?)

3. Compute the estimate of the bias-corrected first and second moment ¢ and m

. m
ST
. v
T
4. Update the parameters R
W+ = —ax mn

\/5+6

In the second step, we see that the momentum comes into play, as in order to find the
first and second moment v and m, the first and second moment vy, and mye, from the
previous gradient update are used. In The bias correction that happens in step three is
the vectors m and v initialised at zero, so to get them ’going’ faster, and not be biased
around zero, this step tries to remove that bias. In the last step, we see that € is added to
the square root of v, which is done in case that v is equal to zero, which would result in
a division by zero. e usually is very low value, where Kingma and Ba [2015] recommends
that e should be 1078,

2.3.3.7 Weight initialisation

The weight initialisation is the starting point of the neural network. Suppose that the
training data is zero centered. Thus, it makes sense to assume that initialising all weights
to zero will yield decent initial losses as the mean is a pretty good guess. However, if all
weights are initialised to the same value, the network is not able to learn properly. If the
weights are all the same, then the partial derivatives would be equal in many places, and
the weights would be updated identically. The neurons are then said to be symmetric, and
many neurons would be doing the same thing in different places. Li et al. [2020c|

It is better to keep the initial weights close to zero but with random values close to zero to
breaks the symmetry e.g. the weights could then be sampled from a zero mean Gaussian
distribution with unit standard deviation, G(0,1). When the symmetry is broken the
weights are updated in distinct ways and can again be integrate with each other to form
different meaningful parts of the network. However, it is not certain that it is better to
initialize weights close to zero. When passing data through the network, where all the
weights are very low, the activations (the values coming out of a neuron) will be smaller
and smaller for each layer and collapse near zero. When the activations become very small
and fed forward to a neuron then the gradients of said neuron will also be very small.
Thereby the weights will only be updated by a very small amount and the network will
not learn. Li et al. [2020c]
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On the other hand, large weights are not necessarily preferred either. With large weights,
the input to an activation function will always be very positive or very negative, and for
some activation functions, such as Sigmoid, these two extremes are problematic due to the
problem of vanishing gradients. When the input is too positive or too negative for Sigmoid
or TanH, the gradients of the function will be close to zero, and again this is not good for
learning as the updates to the weights will be too small and the network will not learn
anything. Li et al. [2020c¢|

The weights must not be too small nor too large. What instead has shown to work well
is using "Xavier initialisation". Xavier initialisation also samples the weights from a zero
mean Gaussian distribution with unit standard deviation: G(0, 1), but the values are scaled
by dividing with the square root of the number of inputs to the neuron n.

w = sample(G(0,1))/v/n

This makes the weights behave such that the variance of the output values is the same as
the variance of the input values. If a neuron has a small number of inputs, the weights
need to be larger to achieve the same variance. If the neuron has a large number of inputs
the weights need to be smaller to get the same variance at the output. Having the same
variance for each input/output throughout the network ensures that the values computed
when passing the values from input to output do not collapse to zero, and also helps
alleviate the vanishing gradients problem. Li et al. [2020¢]

However, Xavier initialisation does not solve all problems. When using the ReLLU activation
function, this initialisation is not good enough. ReLU essentially turns (approximately)
half of the incoming activations off (the negative inputs), and thereby the output variance
is essentially cut in half. This again makes the distributions of activations collapse towards
zero. Xavier initialisation can be tweaked to adjust for ReLU shutting off half the input.
The tweaked version scales only by 2.0/n and is called "He" (or "He-et-al") initialisation:

w = sample(G(0,1))/+/2/n

The biases on the other hand are commonly initialised to zero. This can be allowed as the
symmetry breaking is already ensured by the weights.

As mentioned in subsection 2.3.2 ReLLU has become a preferred activation function,
however, it can face a problem during training called the ’dying RelU’ problem. Too large
gradient updates during backpropagation can cause weight updates that are too drastic
such that inputs never are to get activated, i.e. the output of the neuron will always be
zero and thereby the neurons provide nothing useful for the network and are essentially
dead. If this happens the neural network is not able to undo the too large weight updates
and 'revive’ the neurons, as no gradients flow will be propagated back through it during
backpropagation.
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Several tweaks have been suggested to prevent this exact problem, by replacing the strict
cutoff while maintaining the linear relationship for values larger than the threshold. One
of the suggested tweaks is called exponential linear unit ’TELU’ Djork-Arne Clevert [2016],
which can be seen in Figure 2.13. ELU introduces an exponential part such that the
activations will not be zero and therefore overcomes the ’dying Rely’ problem. Li et al.
[2020¢]

10+
ELU

T r>0
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Figure 2.13: The ELU activation function. Here « is a hyperparameter controlling the
curvature of the exponential curve.

2.3.3.8 Overfitting

When using a neural network there is a risk of overfitting the network to the data.
Overfitting means that the model has learned to process the data it has been trained
on very well, but that it cannot generalise properly and correctly handle unseen inputs.
Overfitting often makes the NN useless, as the purpose of a NN is to be general and to be
applicable on previously unseen data.

Overfitting can be measured by splitting the dataset up in two sets, a training set ¢rqin and
a validation set Tyqiidation. Thus, during training only the training set is used to perform
parameter updates. The validation set is run through the network after each epoch to
see how the network performs when presented with data it has not used to train. Ideally,
when no overfitting is happening, the loss of the training data is equal to the loss of the
validation data: L(Z¢rain) = L(Zyatidation) Where L is the loss function. In this case, the
network handles the unseen data just as well as the training data. Overfitting is visible
when L(xtrm’n) < L(xvalidation)

Overfitting is easily seen by plotting a graph of the loss function over the training epochs.
An example of such a graph is shown in Figure 2.14 where the red line is the loss of the
training set and the blue line is the loss of the validation set. As we can see, the validation
loss is not exactly the same as the training loss, i.e. the network handles the training data
slightly better. However, in practice, this is expected. The issue arises when the validation
loss is much higher than the training loss, or when the validation loss starts to rise while
the training loss keeps falling, as shown in Figure 2.15.
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Figure 2.14: A plot of the loss function over  Figure 2.15: The loss of the training
epochs of training. The red curve shows the  set (red) and validation set (blue). The
loss of the training data and the blue shows  validation loss deviates from the training
the loss of the validation data. loss indicating overfitting.

When a NN becomes overfit it essentially learns the noise in the data instead of the assumed
underlying distribution of the data. A neural network is more susceptible to overfit when
it has high capacity. Capacity is a measure of the space of functions the NN can represent.
Increasing the layer size or the number of layers increases the capacity of the network
and allows it to learn a wider range of functions as the neurons can collaborate in a more
complex manner. Overfitting in the context of autoencoders can be visualised with two
simplified examples, Figure 2.16 and Figure 2.17. In Figure 2.16 the loss of the training
set (points in red) and the validation set (points in blue) will be about the same relative
to the function sketched in black. Figure 2.17 shows strong overfitting as the function fits
the training data perfectly, but is inaccurate when it comes to the validation set.

It is not a good idea to decrease the number of layers or neurons to avoid overfitting. Small
networks are harder to train with methods such as SGD as they tend to have fewer local
minima, but these are easy to converge to and yields a high loss. Larger NNs contain more
local minima, but yield a lower loss. In practice when training a small network it is likely
to converge to a bad local minimum. With a larger NN the local minima are about equally
good and rely less on initialisation. [Li et al., 2020a].

\ 4

X

Figure 2.16: A function that has generalised from the training set (red) with no overfitting
and thereby also fits the validation set (blue) well.
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Figure 2.17: A function strongly overfit to the training set (red)

What should be done instead of decreasing the size and number of layers in the NN to
avoid overfitting, is to include regularisation.

2.3.3.9 Regularisation

Regularisation constrains how much of it’s capacity the NN is allowed to use and thus
avoids overfitting. It essentially makes sure that the NN does not learn a "overcomplex"
function that is too specific to the training data, such as the one shown in Figure 2.17. In
this section, we will provide descriptions of common regularisation techniques, L1- and L2
regularisation and Dropout.

Common for both L1- and L2 regularisation is that they work by simply adding a small term
to the loss function that adds extra loss when the weights misbehave. L2 regularisation
is a constraint on every weight in the network on the form:

1 2
AW

Here W represents all weights of the network and )\ is a regularisation parameter that
controls the strength of the regularisation. L2 regularisation can thus be interpreted to
penalise high weights heavily and prefer that most weights are small. The benefit of keeping
the weights close to each other is to ensure that not only a few inputs dominate the output
[Li et al., 2020d].

With L1 regularisation the term for penalising weights does not penalise high weights
as hard as L2. The term for each weight in L1 is:

AW

L1 regularisation penalises weights between 0 and 1 harder than L2 regularisation, which
can make the weights in the NN become sparse, as weights are pushed towards zero.
The intuition of using L1 regularisation is that the neurons end up using only the most
important of its inputs and thereby become more robust to noisy inputs.
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However, in practice, if you are not interested in explicit feature selection, which is provided
through L1 regularisation, then L2 is generally expected to have better performance than
L1. [Li et al., 2020c]

Dropout tries to simulate having many different neural networks and then take the average
prediction from all the networks. Training many networks would be very computational
heavy, but by simulating it through a single network with dropout, similar benefits are
achieved for a fraction of the cost. Dropout works by temporarily leaving out randomly
selected neurons of a layer during training making it seem like a new combination of
neurons and thereby a new network each iteration of the training. Figure 2.18 illustrates
how the neurons get disabled in the network during dropout. While a simple network can
simulate many other networks, it has to have a certain width, i.e. the amount of neurons
in the dropout layer, as it otherwise may risk becoming too thin during dropout and not
able to generalise on the data. [Brownlee, 2017]

Input Hidden Hidden Output Input Hidden Hidden Output
Layer Layer Layer Layer Layer Layer Layer Layer

NEE7 N NKE7
GROL
RS

Figure 2.18: A neural network before and after nodes have been dropped out

2.3.4 Hyper parameters

As we have covered the basics of neural networks, it becomes clear that neural networks
are complex functions and that they consist of many moving parts that each has its own
use. Thus there is also a large number of hyper-parameters to take into account when
constructing a neural network. These can be split into two categories to make them more
manageable.

The first category is the "model specific hyper-parameters", which covers:

e Amount of layers
e Amount of hidden units in each layer
e Choice of activation function(s)

The model specific hyper-parameters are the fundamental structure of the neural network.
The number of layers and the amount of hidden units in each layer determines the capacity
of the model. The activation function on the other hand allows the introduction of non-

linearity in the network, making it capable of expressing a wider range of functions.
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The next category of hyper-parameters is the "optimisation specific hyper-parameters".
This category covers:

e Choice of loss function
e Choice of optimiser

e Learning rate

e Choice of regulariser

e Regularisation rate

e Initialisation

e Batch size

e Number of epochs

Here the most influential hyper-parameter is the loss function as it guides the optimisation
procedure and should be determined based on an understanding of the problem domain.
Here we also have the influence of the regulariser which essentially can be seen as an
extension to the loss function. The regularisation rate controls how much the optimisation
procedure should focus on the regularisation objective.

The optimiser is the core of the learning process and controls the gradient descent
algorithm, where the learning rate controls how long steps to take in the direction
determined by the optimiser. Choice of optimiser and learning rate thus directly influences
how fast the optimisation procedure moves, as well as the outcome of the optimisation i.e.
if anything useful is learned. Choice of initialisation scheme determines the starting point
of the optimisation. With an initialisation that does not suit the model well, it will not be
able to learn properly and find good local minima yielding good generalisation. The batch
size controls how certain the optimiser will be in the direction of steepest descent. It is
hereby a trade-off parameter that will trade precision in the direction of steepest descent
with how many steps that can be taken in the direction during one epoch. The number
of epochs is essentially not a hyper-parameter, as it makes sense to control the number of
epochs differently from model to model. Often it makes better sense to end the training
based on another condition than reaching the max number of epochs e.g. when the model
has converged or when it starts to overfit.

2.4 Autoencoders

As mentioned in section 2.2, an autoencoder (AE) is essentially a feedforward neural
network that is trained to copy its input to its output. As we have provided the foundation
of autoencoders, namely neural networks, and how they are trained, we can move on to
describe how a basic autoencoder works and why an autoencoder is useful in the first place.

An AFE consists of two major parts, an encoder function f and a decoder function g that
are connected through a hidden layer called the embedding layer. The embedding layer
is the encoded representation h = f(z) of the input data, from which it should be possible
for the decoder to make a reconstruction of the input r» = g(h). The goal of the AE is to
learn to make the reconstruction, r, resemble input x as much as possible.

Autoencoders are particularly interesting in the context of clustering, and metagenomic
binning when some sort of constraints are introduced to the AE that forces it to have an
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interesting embedding. For example, adding the constraint that the latent layer is smaller
than the input layer makes the AE learn an encoding of the input with fewer dimensions.
As the AE is trained to learn to reconstruct the input from the given encoding, then the
AE is forced to only contain the most salient features from the input in the latent layer.

An AE with a latent layer smaller than the input layer is called an undercomplete
autoencoder. In the context of clustering and binning, the hope is that such an AE
learns to find a meaningful embedding space (i.e. meaningful encodings), that helps to
discriminate between the datapoints more easily than the original data and thereby lead
to better clustering. In the context of clustering it is not a necessity that the encoding
must be of lower dimensionality than the original data, but it makes sense how such a
constraint enforces meaningful features. What matters is that the encoder has found a
"good" representation of its input that allowing for better clustering.

The learning process of an autoencoder can be expressed as a minimization problem of the
form shown in Equation 2.10, where L is a loss function that gets lower when the output,
g(f(x)), is similar to the input z. L can thus be a loss function such as MSE or MAE. An
autoencoder learns with the same techniques as a normal feedforward neural network.

L(z,g(f(x))) (2.10)

In the remaining part of this section, we will take a look at different types of
autoencoders that can be used to find an embedding that is useful for clustering contig
representations. subsection 2.4.1 describes the undercomplete autoencoder in more detail.
In subsection 2.4.2 we describe sparse autoencoders.

2.4.1 Undercomplete autoencoder

As mentioned in the previous section, the undercomplete autoencoder is simply just an
autoencoder in which the embedding layer has fewer dimensions than the input layer.
The point of an undercomplete AE is to be able to learn an efficient encoding that still
maintains enough information for the decoder to reconstruct the input.

The undercomplete AE is conceptually similar to PCA. An undercomplete AE with only
linear activation functions, using the mean squared error as loss function, will learn to
encode inputs into the same space as PCA. For such an AE, the embeddubg layer with n
dimensions will thus output an encoding similar to a PCA transformation in n dimensions.
However, when non-linearity is introduced in the encoder and decoder, a more powerful
nonlinear generalisation of PCA can be learned |Goodfellow et al., 2016, sec. 14.1].

2.4.2 Sparse autoencoder

Another constraint that can be applied to an autoencoder and can lead to good feature
extraction capabilities is sparsity. The sparsity constraint works by constraining how many
neurons in the embedding layer that are allowed to be active and give output other than
zero. An autoencoder with this constraint is called a sparse autoencoder. The intuition
of this constraint is, that if the embedding layer is only allowed to use a few neurons,
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the layer’s output has to matter a lot for the reconstruction of the input. "If you could
speak only a few words per month, you would probably try to make them worth listening
to" |Géron, 2019].

The constraint is enforced as an extra term to the loss function, just like L1 and L2
regularisation. The constraint can be added by minimising the KL divergence to a target
distribution for the number of active neurons. The activations in the latent layer are
measured by the mean activation of each neuron over a batch. This requires a batch of a
certain size such that the mean is representative of the dataset. When the mean activation
is acquired for neuron j in the latent layer, p;, the KL divergence is calculated between
pj and p and summed up using Equation 2.11. Here p is the target distribution, or the
sparsity parameter, that p; should take. [Ng, 2011]

J J
A P 1—-p
> KL(pllp;) =Y plog — + (1 — p) log — (2.11)
i1 i1 ,0] ]- - pj
J J
Commonly to control the strength of this sparsity constraint a weight is also introduced
similar to the regularisation parameter A in L1 and L2 regularisation. The weight ¢ is

simply multiplied to the constraint:

J
¢ > KL(pllp;)

=1

The sparsity constraint will not force all activations coming out of a neuron to be equally
small, as it is the mean that is constrained. Some activations can be large while others
can be small, and when the inputs to the autoencoder are different from one another, the
activations would also be different as the important features would differ.

2.5 Clustering

In this section, we are going to cover two clustering algorithms that are suitable for
metagenomic binning.

The first method is the "iterative medoid clustering" algorithm used in the binner VAMB
[Nissen et al., 2018] in subsection 2.5.1, and the second is a variation of the well known
DBSCAN algorithm called Hierarchical DBSCAN (HDBSCAN) in subsection 2.5.3.

2.5.1 Clustering in VAMB

The method used to form clusters in the VAMB binner [Nissen et al., 2018] uses a clustering
method related to the k-medoids clustering algorithm, which is called iterative medoid
clustering. Note that the algorithm described in this section is not identical to the one
described in Nissen et al. [2018], the algorithm we describe here is a later adaption (VAMB
3.0) that should yield better clusters according to the authors of VAMB. The algorithm
works by using a distance threshold i.e a radius, calculated from the data points/contigs
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to determine if contigs should be clustered together. How this threshold is determined will
be discussed later in subsection 2.5.2. Initially, the algorithm is given a medoid radius
which is a cutoff distance. All points that are closer to the seed contig than medoid radius
is included in an intermediate cluster. Distances between points are calculated using the
cosine distance shown in Equation 2.12 where cos(x,y) is the cosine similarity between
two points, x and y, and n is the number of dimensions of.

1
CosineDist(x,y) = 3 cos(x,y) (2.12)

n ~
cos(x,y) = iz Xi¥i

\/Z?:l X% \/Z?:l yzz

(2.13)

When an intermediate cluster is determined, the mean distance from each point to the
cluster seed is calculated. A new seed contig is then sampled from the intermediate cluster
and a second intermediate cluster is formed. If the mean distance of the new intermediate
cluster is lower than for the previous seed, the new cluster is chosen as seed contig. If
the mean distance is not lower, another contig from the first cluster is selected and tested
for better mean distance. This procedure is continued until all contigs in the seed cluster
have been tried as seed contig, or until a threshold for futile attempts is reached without
improving the mean distance to the seed. When no better seed contig can be found, the
seed is used to determine the actual threshold value used to define a cluster. All points
closer to the seed contig than the threshold thus forms a cluster. The cluster is removed
from the dataset before a new medoid is determined.

2.5.2 Threshold

The threshold used for the iterative medoid clustering algorithm is determined from
distances between the embedded contig representations. A seed contig is randomly chosen
from all embeddings, and the cosine distance, Equation 2.12, between the seed and all
other embedded contigs are calculated.

Each distance is then assigned to one of multiple equally large bins such that distances that
are almost similar are assigned to the same bin. The bins thus form a discrete distribution
of distances. The distribution is smoothed using a Gaussian kernel before a threshold
value is determined from it. The threshold is the first local minimum of the distribution
after the first local maximum, as shown in Figure 2.19.
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Figure 2.19: The threshold for a seed contig is defined as the first local minimum after the
first local maximum.

If no threshold is found using the method described above, the threshold is set as the first
point where the density was 0.8 times the maximum density and where fewer than 2,500
contigs were closer than the threshold. If none of the methods yields a threshold, the
threshold of the seed is undefined and ignored. The procedure of finding threshold values
is performed for 2,500 seed contigs, and the mean threshold value is determined as the

threshold for the iterative medoid clustering algorithm.

The intuition of the threshold value and the algorithm is that it should estimate the
density of data points relative to the seed contig and return a cluster that is dense, relative
to the other remaining data points.

The algorithm has a range of parameters to adjust multiple details such as determining the
granularity of the discrete distributions, defining a peak in the distribution, etc. Covering
the effect of each parameter of the algorithm is left out of the report for reasons of simplicity
and limiting tediousness.

2.5.3 Hierarchical DBSCAN

Hierarchical DBSCAN (HDBSCAN) [Mclnnes et al., 2017], is an algorithm that has some
similarities to DBSCAN. The main difference is that the HDBSCAN algorithm creates
a hierarchy of clusters that allows us to find a "non-flat" clustering. In DBSCAN the
clustering is "flat". This means that HDBSCAN does not expect all clusters to have the
same density. We will get more into details of this difference later in the section describing
how the HDBSCAN algorithm works.

The HDBSCAN algorithm works in five steps:

Transform the space according to the density

Build the minimum spanning tree

Construct a cluster hierarchy /dendrogram of connected components
Condense the cluster hierarchy based on minimum cluster size

AN IRl

Extract the stable clusters from the condensed tree
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The first step in the HDBSCAN algorithm is to estimate densities at each point to have an
initial estimate of which points are noise, and which are part of a cluster. The estimate is
called the "mutual reachability distance" and is shown in Equation 2.14. Here coreg(a) is
the distance to the kth nearest neighbour of a, and d(a,b) is simply the distance between
a and b.

dmreach—k(a,b) = max{coreg(a), corer(b),d(a,b)} (2.14)

This measure can easily be interpreted in a sketch example shown in Figure 2.20, where
k = 4. We can see that the mutual reachability distance dyureqch—k(a,b) = coreg(a) and
is quite large as the local density around a is low. On the other hand, we have that
dmreach—k(c,d) = d(c,d) which is much lower as ¢ and d are close to each other and are
both located in a dense area.

Figure 2.20: Example showing how the local reachability distance is determined and
outlining how the density around points influences the distance

Once the mutual reachability distances are determined between all points, the next step
is to find the minimum spanning tree to determine at which density level each point
is connected to a cluster. The minimum spanning tree is constructed with a simple
algorithm such as Prim’s algorithm. We can see this process as initially having all points
as unconnected small clusters. When an edge is added to the tree the affected vertices

forms a cluster.
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This leads to the next step of the algorithm, which is to build a dendrogram from the tree,
which is now a trivial task. The dendrogram produced for a fictional example is shown in
Figure 2.21. Here the clusters are colour coded in accordance with the number of points
in the cluster. The dendrogram thus visualises the hierarchy of clusters
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Figure 2.21: A dendrogram produced by the HDBSCAN algorithm showing the hierarchy
of clusters. Image is from McInnes et al. [2018§]

The ordinary DBSCAN would now essentially just draw a horizontal line through the graph
corresponding to the € value and be done. This is what was referred to as a "flat" clustering
earlier. However, HDBSCAN wants to find clusters with varying densities (non-flat) i.e.
make multiple cuts of the dendrogram at different distances (the y-axis). To determine
the cuts, the parameter minimum _cluster size is used to reduce the dendrogram to
something more comprehensible in its fourth step.

The dendrogram is traversed from top to bottom meaning that initially all points are
part of the same big cluster. The distance is then gradually lowered corresponding to
disconnecting components of the minimum spanning tree and thereby creating multiple
smaller but denser clusters. Each time a cluster is broken into smaller clusters, the size of
the clusters is evaluated. If one of the new clusters is smaller than minimum _cluster size
it is marked as "falling out of the cluster".If more than one cluster has a size larger than
minimum__cluster _size we have more than one "actual" clusters in a split. All the actual

clusters will persist in the reduced tree, and finally give a reduced dendrogram as shown

1
distance "

the different persistent clusters and their number of points. We can then see at which A

in Figure 2.22. Here the y-axis is measured with A = In this figure, we can see

value points fall out of the clusters, indicated in the figure when the cluster areas narrow
down as A increases.
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Figure 2.22: A reduced dendrogram produced by traversing the dendrogram in Figure 2.21.
Image is from Mclnnes et al. [2018§]

The final step of the algorithm is to choose a number of clusters from the reduced
dendrogram. HDBSCAN measures how long each cluster has persisted, which corresponds
to the size of the coloured areas in Figure 2.22. HDBSCAN keeps track of A\piren and Ageash
for each cluster. Ap;y¢p is when a sub-cluster split from its parent and became its own, and
Adeath 18 when a cluster is split up in two clusters. In the figure we can see that the light
green cluster, has Ay, = 1.2 and Agegtn, = 1.6. There is also kept track of A, for each
point in the dataset, which is when the point falls out of a cluster.

These values are used to calculate the stability for each cluster:

Stability(cluster) = Z Ap = Abirth

pEcluster

Using this measure of stability, the reduced dendrogram is traversed from the leaf clusters
and up to the root. Before considering any non-leaf clusters each leaf cluster is "selected".
When considering a parent cluster a comparison of stabilities is made. If the parent’s
stability is lower than the sum of its children’s stabilities, the parent’s stability is reassigned
to be the sum of the children’s stabilities and the children remain "selected". If however,
a parent cluster has higher stability than the sum of its children, then the parent cluster
keeps its own stability value and is "selected" instead of its children. This procedure is
continued up to the root node, and lastly the selected clusters are returned as the final
clusters. All points not in one of these clusters are marked as noise. One can simply
think of this process as finding the clusters of highest certainty i.e. the clusters persists
for longest without losing too many points and without being split into smaller clusters.
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2.6 Deep clustering

We have previously provided a foundation of clustering in general and of different clustering
algorithms in [Linnebjerg et al., 2019]. We have also covered how neural networks work
in section 2.3 as well as autoencoders in section 2.4 and how these methods can be used
for feature learning. We can now move on to describe how deep learning and clustering
methods can be combined to form "deep clustering" methods.

Specifically, deep clustering methods are clustering methods that use deep neural networks
(e.g. autoencoders) to learn representations that are well suited for clustering. The
objective of deep clustering methods consists of two parts, to minimise a network loss
L, and a clustering loss L.. The network can essentially be any type of neural network
that does meaningful feature learning. However, as we intend to only use variations of
autoencoders, we will denote the network loss as L... as it is a reconstruction loss. The
losses are often weighted by a hyper-parameter as shown in Equation 2.15. The network
loss L. can thus be the reconstruction loss used in autoencoders, and the clustering loss
L. can be a measure of cluster densities, k-means loss, locality-preserving loss, or something
similar. As an example, when using k-means clustering, the clustering loss will be the sum
of distances from points in a cluster to the centroid of the cluster. [Min et al., 2018]

L =ALpec+ (1= A)Le (2.15)

The clustering loss encourages the data points to form groups or to be become
discriminative, depending on the chosen clustering loss. The network loss enforces that the
learned representation should be meaningful e.g. if using an autoencoder, the model should
still be able to reconstruct the input. Thereby the network loss also helps in avoiding trivial
solutions for the clustering i.e. all points grouping up near the same point and forming a
single dense cluster. [Min et al., 2018|

The architecture of a deep clustering model based on an autoencoder is shown in
Figure 2.23.
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Figure 2.23: A deep clustering model based on an autoencoder. Here x is the input data
to be clustered. The autoencoder consists of an encoder fy and decoder gg. The Loss
function L is the combination of the reconstruction loss and clustering loss L. and L.
Clustering is performed on the encoded representations h = fy(x)

The idea of combining an autoencoder with clustering is thereby fairly simple. What it
comes down to is essentially adding an extra term to the loss function of the autoencoder.
However, there are some underlying difficulties. As mentioned there is first the issue of
finding trivial solutions which are regulated with the parameter A\. However, determining
the clustering algorithm can be an entire study on its own. In Min et al. [2018§],
which discusses multiple different deep clustering methods, most methods are using fairly
simple clustering algorithms, and especially k-means clustering. Using a relatively light-
weight clustering method is important in deep clustering as the parameter updates of
the autoencoder relies on the clustering results. Many of the methods described in Min
et al. [2018| applies deep clustering methods on datasets with a known number of clusters
suitable for k-means clustering such as the MNIST dataset. However, it is quite a large
limitation that the number of clusters should be known beforehand. Further, it does not
match our need for a clustering algorithm, as we do not know the number of clusters.
Further discussion of deep clustering and how it can be applied for metagenomic binning
is provided in chapter 3.
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For the remaining part of the project, the goal will be to create a binner that when
given appropriate input files will create the abundance and composition features and run
the binning process. The binner should thereby extract the abundance and composition
features from the input files and create contig representations. When the contig
representations are made, the main task of binning is performed and outputs files with
contigs assigned to bins.

In this chapter, we go through the design of our binner, which we name AutoBinner,
regarding how the preprocessing is handled in section 3.1, the implemented autoencoders
in section 3.2, the choice of clustering algorithm in section 3.3, as well as a description of
how we combine the reconstruction objective of the autoencoder with a clustering objective
to form a joint optimisation procedure in section 3.4.

Following the design of AutoBinner we conduct a series of experiments on two different
datasets CAMI Medium and CAMI High. To evaluate the bins created during the initial
experiments we use metrics commonly used in metagenomic binning. These metrics are
produced by the evaluation tool AMBER, by Meyer et al. [2018] and are further described
in section 3.6.

To get a notion of "good bins", we contacted Prof. Mads Albertsen from AAU and were
informed that what matters is the number of "high quality" bins. In short, a high quality
bin is a bin that has high completeness (high recall) and low contamination (high precision).
AMBER lets us perform an evaluation against ground truth bins and outputs results in a
well-arranged format describing, the bins found as well as their quality.

3.1 Preprocessing

The input for metagenomic binners that uses composition and abundance features for
binning is commonly a FASTA file containing the contigs to be binned alongside a number
of BAM files that contain mapping information between the contigs in the FASTA file
and the multiple read files the contigs originate from. We choose to follow this format to
increase the ease of use of AutoBinner. Due to FASTA and BAM files being the standard
input for binners, there already exist multiple modules that extract the composition and
abundance features from these files. We, therefore, choose to use the implementation from
VAMB Nissen et al. [2018] to extract the composition features and abundance which will
be the input to our autoencoder.
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3.2 Feature learning

As mentioned earlier, successful feature learning finds an embedding space that can
describe the data in a more meaningful way than that of the input features. Another
study [Nissen et al., 2018] has shown that feature learning on the composition and
abundance features using a variational autoencoder can learn better features for clustering
and subsequently better metagenomic binning results. We will, therefore, explore whether
other types of autoencoders can also learn useful features that can lead to high quality
bins. However, as described in section 2.4 there are different kinds of autoencoders that
are capable of learning features in different ways. Specifically, we focus on two different
types of autoencoders namely the basic autoencoders (AE) and the sparse autoencoders
(sparse AE). To get a better understanding of how the autoencoders perform we conduct
a series of experiments and tests in chapter 4.

3.3 Clustering algorithms

Putting the autoencoders aside we must choose a clustering algorithm suitable for the
problem of binning. In Linnebjerg et al. [2019] we described various clustering algorithms
where one of the main points was the inherent problem within the domain of metagenomic
binning, that the number of clusters of course is unknown. One of the clustering algorithms
where the number of clusters should not be specified is DBSCAN, however, due to its fixed
€ parameter, it is not suitable for finding clusters of varying densities, which we expect the
clusters to be.

In section 2.5 we described the clustering algorithm used in VAMB and also explained
the clustering algorithm HDBSCAN. Similar for both is that they estimate local cluster
densities and thereby do not suffer from the same problem as DBSCAN. Both clustering
algorithms seem like good candidates to be used for binning, however, we choose to use
the HDBSCAN algorithm. HDBSCAN has the property that it estimates the density in all
regions of the dataset using a dendrogram before splitting the dataset into clusters. The
density dendrogram is used to determine the stability of each cluster and monitor at which
density the points "fall out of a cluster" and thus only extracts the most stable clusters.

3.4 Joint optimisation of clustering and reconstruction loss

In this section we will discuss how we can integrate a clustering loss for HDBSCAN which
then can be optimised jointly with the reconstruction loss of the autoencoder:

L =ALpec+ (1= X)L

3.4.1 Clustering loss

As the HDBSCAN does not have an inherent objective function such as lowering a loss,
we choose a simple way to incorporate this. When clusters are reported by HDBSCAN
we compute the centroid for each cluster. We then calculate the error by summing up
the distance from the points in the cluster to the centroid. In addition, there is also the
case of outliers. We could simply ignore the outliers, let their loss be zero, and let the
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actual clustered points lead the optimization. Another simple solution could be to assign
each outlier to their closest centroid and compute the loss as the distance to the centroid.
With this method, depending on the distance measure, the points far away from a centroid
would contribute more to the loss function

Inspired by Xie et al. [2016] and Chen et al. [2017], we choose to take a more elegant third
solution where the points contribute to the loss function based on their distance to the
found centroids. We modify the method in Chen et al. [2017] slightly such that points
assigned to a cluster are weighted based on the density of nearby clusters. The idea is that
a point should not be assigned to a cluster purely based on it having the shortest distance
to the centroid of that cluster, but it should also consider how dense the cluster is. We see
this as a way of preventing outliers to contaminate well defined clusters

The clustering loss is thus shown in Equation 3.1. Here y; is the point currently considered,
c;j is the centroid of y;’s cluster (or the closest centroid), and C' is the set of all centroids.
The left exp term is a gaussian kernel weighing the distance calculation, where ch2- is the
variance of cluster ¢;. We estimate o? for each cluster by setting it to the variance of the
points in the cluster.

Al — e l12
Lo = exp <"y” 1y — 51 (3.1)

2
20j

We assign each outlier y{ to a cluster using Equation 3.2. Outliers are thus only assigned
to a cluster if the density within the cluster allows it.

i zc: exp =l — ¢l (3.2)
¢ 20? '

J=1

The intuition behind this choice of clustering loss function is that each of the centroids
will pull points towards it. The underlying assumption is that the centroids found in the
early iterations are mostly correct and that it is more likely that an outlier belongs to a
nearby sparse cluster than to a nearby dense cluster.

3.4.2 Optimisation

Putting all things together, the last thing we need to consider is how the actual optimization
algorithm will proceed. The first step will be to pretrain the autoencoder without including
the clustering loss, which is commonly done in the literature [Min et al., 2018|. The
pretraining allows the autoencoder to get tuned in on the data and determine an embedding
space suitable for reconstruction. The assumption here is also that the embeddings learned
from the pretraining will be a decent starting point for optimisation with clustering.

When the clustering loss is incorporated in the model, the optimisation will train on the
entire dataset instead of mini-batches. Running the clustering on mini-batches would not
be suitable for clustering as densities would vary too much between batches. Additionally,
the clustering algorithm run at each epoch is by a large margin the slowest part of the
optimisation procedure, and it would, therefore, be wasteful to only estimate gradients
from a mini-batch instead of the entire dataset.
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3.5 Datasets

In this section we describe the CAMI benchmarking datasets we use for testing, tweaking,
and validating of AutoBinner. We choose to work with these datasets as there is ground
truth available for each, allowing us to easily evaluate the binning with AMBER. As
mentioned, we use three CAMI datasets, namely CAMI High, CAMI Medium, and CAMI
Airways. The differences between the datasets are summarised in Table 3.1. The three
datasets are of different complexities, i.e. the type of microbial community they contain
and the number of samples they contain. Each dataset will thereby have a different number
of features describing a contig, as the feature vector is a vector of length 136 4+ s where s
is the number of samples.

CAMI Medium | CAMI High | CAMI Airways
Num samples 2 ) 10
bp per samples 15 Gbp 15 Gbp 5 Gbp
bp of all samples 30 Gbp 75 Gbp 50 Gbp
Num genomes 132 296 639
Number of features | 136 + 2 136 + 5 136 + 10

Table 3.1: Summarisation of the three used CAMI datasets

We will use CAMI High and Medium for initial experiments and to tune parameters. We
then use CAMI Airways to test our model and compare it with other binners in section 4.3.

3.6 AMBER

During training, we cannot measure the embedding quality with respect to the binning
objective by monitoring the model’s training and validation loss alone. We, therefore,
evaluate the learned embedding with regular intervals by passing the current embedding
to the clustering algorithm and evaluating the clustering with the evaluation tool AMBER.

Assessment of Metagenome BinnERs (AMBER) is an evaluation tool created by the same
group that is behind the CAMI datasets; MICROBIOME Community of Special Interest.
It was developed as part of a project for not only creating an evaluation tool for binners,
but also for creating standard evaluation metrics within the field of metagenomic binning.
The metrics were selected in a community-driven effort, and AMBER, was then developed
and maintained by Meyer et al. [2018|. The metrics AMBER reports are calculated by two
means; bps (base pairs) and sequences (contigs). Here basepairs refer to the nucleotides
that have been assigned to some bin, while it for sequences is based on the contigs that
were assigned some bin.

In order to evaluate the quality of a bin, AMBER first determines which ground truth bin
that matches the predicted. AMBER does this by going through all the predicted bins,
and for each of them find the most similar ground truth bin which is used to evaluate.

The metrics produced by AMBER, are split into two categories, one for the metrics that
cover how well the binner created the individual bins, disregarding unbinned contigs. The
other category covers how well the binner has created the bins with regards to the entire
dataset, where here the bins are weighted based on the size of the contigs.
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As we are mainly focused on finding high quality bins, we use the following metrics from
AMBER to evaluate the binners. For a full list of the metrics that AMBER produces, and
how they are defined, see section A.1.

e Completeness
Also known as recall or sensitivity, completeness measures how many of the contigs
that should be in a bin, have been placed in that bin. Completeness is calculated as

foll
ollows TP

TP+ FN

where TP is the true positives, i.e. the bps that are present in a bin that also should

Completeness r =

have been there, and FN is the false negatives, i.e. the bps that should have been in
a bin, but was put elsewhere.

¢ Contamination
Contamination is the opposite of purity, i.e. precision, and is a measure that indicates
how many contigs that have been placed in a certain bin, that should not have been
there. Contamination is calculated as follows

TP

Contaminati =1——=—
ontaminationc TP+ FP

e Accuracy
The accuracy of the bins is measured similar to purity but over the entire dataset,
including the bps that were not included in any bins. The accuracy is calculated as

ZxEX TP
U+ ,cx TP+ FP

where U is the set of contigs that have not been put in a bin by the binner, and X

follows

Accuracy a =

is the set of bins made by the binner.

e Percentage of binned bps
As the name suggests, this metric measures how large a percentage of the bps that
have been binned. Note that this metric does not take into account whether the
assignments are correct or not.

According to Bowers et al. [2017], a high quality bin is measured by having high
completeness whilst having low contamination. To be more exact, if the completeness
of a bin is above 90% while the contamination is below 5%, then the bin is considered a
high quality bin. AMBER reports which genomes that have been recovered, i.e. the bins
produced that have been mapped to a genome, in a table of varying completeness and
contamination levels. For completeness, the bins are divided into the categories: Above
50%, above 70%, and above 90%, and for contamination the categories are: Below 10%
and below 5%. This table is what we mainly use in the following sections to show the
result of our tests.
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3.7 Initial experiments

In this section we perform initial experiments with AutoBinner. We address the effect of
normalising the input data in subsection 3.7.1 where we also propose a weighting scheme
for the abundance and composition features to find better bins. In subsection 3.7.2 we
show that the activity regulariser works for the sparse autoencoder. To further verify that
the learned embeddings makes sense intuitively, we provide visualisation of the embeddings
in subsection 3.7.3. Lastly, in subsection 3.7.4 we address the incorporation of a clustering
objective with the objective of the autoencoder. Based on initial tests we saw that by
using the Adam optimiser converging was faster than when using SGD and we therefore
choose to use the Adam optimizer with a learning rate of 0.001 while testing. In addition,
we choose to use the ELU activation function based on the benefits mentioned in Section
2.3.3.7. As clustering parameters we use the default clustering parameters of HDBSCAN
min_cluster size = 4, min _samples = 4.

3.7.1 Normalisation and weighting of features

It can be meaningful to z-score normalise the input features by subtracting the mean and
dividing by the standard deviation in every dimension. This ensures that each feature
takes on a form that follows a normal distribution with mean zero and a variance of one,
which thereby makes the features lie in the same range. These properties make the loss
function easier to optimise, as good or optimal weights will also lie around the same range.
[Ng, 2020]

However, normalising both the composition and abundance features yields a problem. The
idea of the abundance features is that contigs that originate from the same genome will
have correlated abundance values across samples. Normalising the abundance features
breaks this correlation, making the abundance features less meaningful. On the other
hand, there is no inherent problem in normalizing the composition features.

Recall that the abundance features sum up to one, and the composition features also sum
up to one. There are 136 composition features and much fewer abundance features i.e.
2 (CAMI Medium), 5 (CAMI High), and 10 (CAMI Airways). We thereby have that in
general the composition features will be much smaller, and lie in a much smaller range
than the abundance features.

To increase the emphasis on the composition features we choose to normalise the
composition features by z-score normalisation making them lie in a larger range. This
idea is demonstrated in Table 3.2. Here we can clearly see the impact of normalising the
composition features. The HDBSCAN algorithm is able to create 50 bins of the highest
quality, while not being able to create any decent bin with unnormalised composition
features. The second thing to notice is that HDBSCAN is doing a fairly good job of
clustering on its own on the normalised CAMI Medium dataset without any embedding
from an autoencoder.
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L >50 % >70 % >90 %

Tool Contamination
completeness | completeness | completeness

Gold standard | <5% contamination 132 132 132
HDBSCAN <5 % contamination | 53 52 50
normalised <10 % contamination | 54 53 51
HDBSCAN <5 % contamination | 0 0 0
unnormalised | <10 % contamination | 0 0 0

Table 3.2: Performance of HDBSCAN on all 138 (only 2 samples) features of the
CAMI Medium dataset for both normalised and unnormalised composition features

We can also see the effect of normalising the composition features when doing feature
learning with an autoencoder in Table 3.3. Once again no high quality bins are found
when composition features are not normalised. The normalization of the composition
features increased their range, which gave the autoencoder an added incentive to focus on
reconstructing the composition features making them more prominent in the embedding.

Tool Contamination >50% >T70% >90%
Completeness | Completeness | Completeness

Gold standard <5% 132 132 132

AE + HDBSCAN <5% 47 45 40

Normalised composition <10% 50 48 41

AE + HDBSCAN <5% 0 0 0

Unnormalised composition | <10% 0 0 0

Table 3.3: The effect of normalising the composition features before encoding the features
on the CAMI Medium dataset. After encoding, HDBSCAN is run to produce the
clustering.

The results in Table 3.2 and Table 3.3 despite not being comprehensive, do not show an
indication that clustering on the embedding is beneficial. However, we see a potential cause
of why the embedding was not useful. According to Albertsen et al. [2013], Kang et al.
[2019], and Nissen et al. [2018] (among others) the abundance features are more defining
for genomes than the composition features, especially when multiple samples are available.
As we normalized the composition features, we also made them more influential (implicitly
making the abundance features less influential) leading to worse binning results. Therefore
we introduce a simple weighting scheme for the loss of the autoencoder that favors the
reconstruction of abundance features.

The weighting scheme is given in Equation 3.3, where COM P, is the reconstruction
error of the composition features, ABDe;ror is the abundance reconstruction error and s
is the number of samples in the dataset. That the weighting is scaled according to the
number of samples resonates nicely with the fact that the more abundance features there
is, the more reliable they are [Kang et al., 2019], [Nissen et al., 2018].

_ COMPerror

S

Lrec + ABDerror (33>
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When running the test again, but now with the weighting scheme, the results shown in
Table 3.4 are achieved. From the results, it can be seen that the weighting results in a
major improvement in the number of high quality bins found. We see this as supporting
the claim about the importance of the abundance features in the context of metagenomic

binning as well as showing the potential of combining HDBSCAN and autoencoders.

.. >50 % >70 % >90 %
Tool Contamination
completeness | completeness | completeness
Gold standard | <5% contamination 132 132 132
HDBSCAN <5 % contamination | 74 73 70
+ AEyeightea | <10 % contamination | 76 75 72

Table 3.4: Performance of HDBSCAN when combined with an undercomplete stacked
autoencoder.

In order to verify that the autoencoder is favouring reconstructing the abundance features,
we perform a sensitivity analysis, i.e. computing the gradient of the loss with respect
to each dimension of the input. This is done after having trained the autoencoder for
100 epochs and then feeding the whole dataset to the autoencoder and summing the
3.1 and Figure 3.2, which
the abundance features.

aforementioned gradients. The results can be seen in Figure
clearly shows that the autoencoder is most sensitive regarding

TNF  TNF TNF TNF - TNF RGN TNF TNF  TNF
R 2 3 a 5 [ 7 9 10 1

_ TNF TNF  TNF TNF TNF TNF TNF TNF
13 14 15 16 17 18 19 20 22 23

-0.25

TNF  TNF TNF  TNF  TNF
T2 26 27 28 29

=

S
.
e

TNF IR
3 34

_ TnNF - TNF RS
37 38 39

«_ TNF TNF TNF TNF TNF  TNF TNF TNF TNF TNF S
49 51 52 53 54 55 56 57 58 59 60

N TNF TNF
N o1 64

TNF  TNF TNF TNF TNF TNF  TNF
] 74 75 76 77 78 79 80 82 83 84

TNF

TNF
41 42 43 44 45 46 47 48

TNF TNF TNF
40

TNF TNF  TNF

70 71 72

o
2
@
&

_TNF TNF TNF TNF TNF TNF  TNF  TNF eV
85 86 87 88 89 90 91 92 93 % 96

TNF  TNF  TNF
T 97 98 99

TNF BRI TNF
100 ESUIE 102

TNF
103

TNF
104

TNF
105

TNF
106 107

_ TNF
109

TNF
110

TNF TNF TNF
11 12 113

TNF  TNF
14 115

TNF  TNF
16 117

TNF
119

TNF TNF TNF
27121 w2 125

TNF  TNF
126 127

TNF
128

TNF N TNF
129 130 131 132

TNF
=7 133

'
0

TNF
134

'
1

Figure

TNF
136

3.1:

ABD
1

Sensitivity analysis - Un-

weighted loss

ABD
2

' | ' | ' ' "
5 6 7 8 9 10 1

0 1 2

Figure
loss

4 5 6 7

8 9 10 1

3.2: Sensitivity analysis - Weighted

So far we have shown that HDBSCAN can work with an autoencoder to find better bins,
and that z-normalising the composition features further improves the binning. We have
also argued, and shown, how the abundance features should be weighted higher than the
composition features to yield a representation that works well for clustering. We have
thereby covered that the pretraining of the model is meaningful.
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3.7.2 Activation regularisation

For the sparse autoencoder we check whether the activation regulariser is enforcing the
distribution of the activations in the embedding layer correctly by measuring the average
activity of each neuron in the embedding layer over the complete dataset. In Figure 3.3
and Figure 3.4 results can be seen of enforcing the target distribution of the activations
to be 0.1. A sigmoid activation function has been used on the embedding layer, such that

values lie between 0 and 1.
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Neuron Mean Activation Figure 3.4: Distribution of the activations
in the embedding layer, when using a sparse
autoencoder having an activity regulariser
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the embedding layer have a value between

0.0 and 0.1 and so forth.

Figure 3.3: Distribution of the activations
in the embedding layer, when using a sparse
autoencoder having an activity regulariser
enforcing the activations to be 0.1

3.7.3 Visualising learned embeddings

Finally to get a better visualisation of the embeddings and their separation we take a
subset of the embeddings corresponding to ten of the largest clusters from the CAMI High
dataset based on the ground truth references. The embeddings are of 32 dimensions and
are then projected to three dimensions using t-SNE. Similarly, we choose to perform PCA
on the cami high dataset projecting the dataset down to 32 dimensions. The embeddings
of 10 of the largest clusters made by PCA are similarly projected down to three dimensions
by t-SNE. The visualisations can be seen in figures 3.5, 3.6, 3.7, and 3.8.

From the figures we can see that from a visual perspective at least, the ten clusters
are better separated when using the embedding from the encoder than that of PCA.
The embedding from PCA indicates that six or seven clusters are present instead of
ten, where six of them seem well separated. The autoencoder on the other hand finds
ten well defined clusters, however, a noisy area is present. The results are available
at http://mil08.northeurope.cloudapp.azure.com/ allowing for better exploration of the
three-dimensional t-SNE embeddings.
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Figure 3.5: T-SNE in three dimensions of
the embedding made by the encoder. The
data points are coloured according to their
ground truth.

Figure 3.6: T-SNE in three dimensions
of the embedding made by PCA. The
data points are coloured according to their
ground truth.

Figure 3.8: The same embedding made by

Figure 3.7: The same embed.dmg made by t-SNE of the PCA embedding, seen from
t-SNE of the encoder embedding, seen from .
another angle. The data points are coloured

another angle. Th? data pOIptS are coloured and labeled according to their ground truth.
and labeled according to their ground truth.
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3.7.4 Deep clustering

We followed the procedure for incorporating the clustering loss in the training as described
in section 3.4. To our disappointment, the inclusion of this secondary training objective
did not improve our binning results. A further discussion of possible reasons why this
was not successful is provided in section 5.1. We choose to proceed without having the
clustering influence the training directly.
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comparison 4—

In this chapter, we describe the process of finding the final parameters for AutoBinner. We
determine the model specific and optimisation specific parameters of the autoencoder in
section 4.1. In section 4.1.1 the impact of the two parameters of HDBSCAN is tested. The
weighting scheme balancing the importance of the composition and abundance features
is tweaked in subsection 4.1.2. We compare AutoBinner against, VAMB, MetaBAT2 and
CONCOCT which are briefly described in section 4.2.1, 4.2.2, and 4.2.3. Finally, the
results of the comparison are shown section 4.3.

4.1 Tweaking hyper-parameters of AutoBinner

In this section we will find suitable hyper-parameters for the autoencoder yielding good
binning results based on the CAMI High dataset. We will however, not do a full systematic
test of all hyper-parameters, as such a test is very time consuming. We instead evaluate
different settings of number of hidden layers, number of neurons in each layer, as well as
using dropout with different drop out rates. The results can be seen in Table 4.1 and
Table 4.2.

Layer Layers
size: 200 3 4 5
0 | 453 | 455 | 447
Dropout | 0.1 | 435 | 423 | 431
0.2 | 428 | 422 | 424

Table 4.1: Test results of different architectures of a stacked autoencoder having 200
neurons in each hidden layer and 32 in the embedding layer. Results are based on the
number of high quality bins reported by AMBER, which have a completeness of at least
90% while being at most 5% contaminated.

Layer Layers
size: 300 3 4 5
0 | 454 | 453 | 446
Dropout | 0.1 | 437 | 434 | 443
0.2 | 431 | 434 | 435

Table 4.2: Test results of different architectures of a stacked autoencoder having 300
neurons in each hidden layer and 32 in the embedding layer. Results are based on the
number of high quality bins reported by AMBER, which have a completeness of at least
90% while being at most 5% contaminated.

47



4. Parameter tuning and comparison Group MI108f20 - Aalborg University

The results show that for the different combinations tested, the number of layers and the
layer size do not seem to have much impact on the results. This indicates that the tested
autoencoders all have the required capacity. For the results regarding dropout, we did not
see any improvement, as the results indicate that the higher the dropout the fewer high
quality bins are found.

For the sparse autoencoder, we saw very similar results to the results from Table 4.1 and
Table 4.2, and thereby no immediate benefits of restricting the activity of the neurons in
the embedding layer. We therefore choose to proceed without the sparsity constraint in
the autoencoder.

4.1.1 Choice of parameters for HDBSCAN

The HDBSCAN algorithm has two main parameters min__samples and min__cluster _size
to control the clustering. To determine which combination of these are suitable for the
binning domain and the encoding, we make a grid search. Initial ad-hoc experiments
showed that the default settings of min_samples = 4 and min_cluster size = 4 worked
fairly well, and therefore we search for parameters in said area. The tests were run on the
embedding from a simple stacked autoencoder with 4 layers of size 100 with 32 neurons
in the embedding layer. The reported score is the number of found highest quality bins,
with contamination < 5% and completeness > 90%. The results of the search are shown
in Table 4.3, where the best results are shown in bold. From the table, we can see that the
default parameters (4 and 4) are still doing well, but that we can do a little better with
main__samples = 2 and min_scluster _size = 6, underlined in the table.

min_cluster size
2 3 4 5 6 7 8 9 |10
401 | 424 | 431 | 436 | 435 | 432 | 425 | 421 | 414
426 | 435 | 437 | 439 | 441 | 434 | 424 | 420 | 413
429 | 432 | 437 | 441 | 439 | 432 | 422 | 419 | 410
433 | 433 | 437 | 437 | 434 | 429 | 419 | 414 | 406
426 | 432 | 433 | 433 | 432 | 426 | 418 | 415 | 400
423 | 424 | 424 | 425 | 424 | 425 | 414 | 408 | 396

min _samples

DU = W N =

Table 4.3: Grid search for gopod HDBSCAN parameters. The best results are highlighted in
bold. The reported score is the number of found highest quality bins, with contamination
< 5% and completeness > 90%

4.1.2 Weight tuning

Having established the importance of abundance features in section 3.7, we will now
attempt to determine how the reconstruction loss of the two kinds of features should
be weighted. We do this by modifying the weighting scheme in Equation 3.3 to:

o COMPerror

S *w

L'rec + ABDerror (4-1)
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Here w is a parameter we control explicitly to determine how greatly we should weight the
abundance features. The results of these experiments are shown in Table 4.4

Weight w | Number of high quality bins
2 456
6 457
20 465
39 467
40 467
41 463

Table 4.4: How different weighting of the features influences the outcome of the clustering
on the CAMI high dataset. The autoencoders encoder and decoder consists of 4 layers
with 200 neurons in each, and 32 neurons in the embedding layer, as this is the model
performing best on CAMI High

As we can see from Table 4.4 the weighting that yields our best results (40) is fairly extreme.
However, a heavy weighting is in fact in accordance with other binners’ weighting schemes,
such as Nissen et al. [2018] and Kang et al. [2019]. We make an additional test and run
HDBSCAN on the abundance features only, which finds 391 high quality bins. From this
we again see the importance of the abundance features, but also that the composition
features is a necessity. To follow this tangent a bit further, we run an additional test with
clustering on an embedded representation of the features. We did however not see results
better than clustering on the "raw" non embedded abundance features.

To summarise, the best parameters we found for the autoencoder are as follows

e 4 layers
e layer size of 200
e 32 neurons in the embedding layer

and for the HDBSCAN the best parameters we found are

e Min cluster size of 6
e Min sample size of 2

With these parameters, we move on to comparing AutoBinner with other state of the art
binners in the next chapter.

4.2 Comparison

In this section, we will present a comparison of AutoBinner, VAMB [Nissen et al., 2018§],
MetaBAT2 [Kang et al., 2019], and CONCOCT [Alneberg et al., 2013]. In sections 4.2.1,
4.2.2, and 4.2.3 we provide a short introduction to the binners. In section 4.3 we present
the binning results on the three datasets CAMI High, CAMI Airways, and CAMI Medium.
Note that CAMI Airways is the most fair dataset for the comparison as we have used CAMI
High to determine hyper-parameters, which is also the case for CAMI Medium, but to a
lesser extent.
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4.2.1 CONCOCT

CONCOCT was the first binner to use both composition and abundance as its input
features, which has since then become a commonly used representation. CONCOCT uses
PCA to transform the data followed by fitting a Gaussian mixture model to the data using
a method similar to the Expectation-Maximization algorithm.

CONCOCT has been cited by various binners, which is an indication that the ideas and
concept behind CONCOCT has become the basis foundation for many binners. We choose
to compare AutoBinner to CONCOCT as we see it as the baseline binner, and that the
goal for AutoBinner is to at least be comparable to CONCOCT.

4.2.2 MetaBAT2

MetaBAT2 works by running a modified version of the label propagation algorithm allowing
the number of clusters to be unknown. MetaBAT2 has a contig cutoff before running the
label propagation algorithm. MetaBAT?2 has a cutoff threshold of 2.5 kbp for minimum
size contigs. The contigs below the threshold are assigned to the bins found by label
propagation.

In our previous report we saw that not only was MetaBAT2 very fast, it also produced very
good results when more than three samples were provided to it. Furthermore, in Koslicki
et al. [2017] MetaBAT, the predecessor of MetaBAT2, showed good results, which was
also the reason we included it in our previous report. We choose to compare AutoBinner
against MetaBAT2 to have a ceiling to aim for, i.e. by having a well performing state
of the art binner to compare us against, we have a way of knowing when AutoBinner is
performing well.

4.2.3 VAMB

VAMB is a newer binner, and as with MetaBAT2, it is at the time of writing also
still receiving refinement and tweaking (https://github.com/RasmussenLab/vamb). VAMB
stands out from other binners by making an encoding of the abundance and composition
features using a variational autoencoder before clustering the contigs into bins. The
clustering of the encodings is done using the iterative medoid clustering algorithm described
in subsection 2.5.1.We choose to compare AutoBinner against VAMB, as the overall
structure of the binners is quite similar. Furthermore, according to the creators of VAMB,
it performs better than other state of the art binners, including MetaBAT2, which also
gives AutoBinner a goal to reach for.

4.3 Comparison results

Here we present the results from having run MetaBAT2, VAMB, and CONCOCT, as well as
our binner AutoBinner, on the datasets CAMI High, CAMI Airways, and CAMI Medium.
Once again our primary measure of binning quality will be the number of high quality bins
with completeness > 90% and contamination < 5 %. However, we will also provide a more
detailed view of the results with regard to other metrics. The results are also available as
an interactive webpage at: http://mil08.northeurope.cloudapp.azure.com.
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4.3.1 Results: CAMI High

The results of running the four binners on the CAMI High dataset are shown in Table 4.5.
The metric shows that AutoBinner is in fact the best performing on this dataset with
regards to all categories of bin quality. AutoBinner is capable of finding 109 more of
the highest quality bins than MetaBAT2, 134 more than VAMB, and 390 more than
CONCOCT. AutoBinner also performs better with regards to finding the lower quality
bins with lower completeness and more contamination. However, note that the highest
completeness bins (>90%) are a subset of the lower completeness bins (>50% and >70%).
The same thing goes for contamination, where the lowest contamination bins (<5%) are a
subset of the higher contamination bins (<10%).

. .. <50% <70% <90%
Binner Contamination
completeness | completeness | completeness
Gold standard 0% 596 596 596
AutoBinne 5% 489 486 467
HRODIIIEE 10 % 489 486 467
<5% 412 406 358
MetaBAT?2 “10 % 424 418 366
5% 386 384 333
VAMB <10 % 387 385 334
<5% 81 81 77
CONCOCT <10 % 87 87 81

Table 4.5: A comparison of AutoBinner against MetaBAT2, VAMB, and CONCOCT on
the CAMI High reporting the high quality bins

We include more comprehensive metrics of the binning results in Table 4.6. In this
table, the two topmost metrics "Average purity (bp)" and "Average completeness (bp)"
are metrics that are only calculated on the reported bins i.e. unbinned contigs are not
contributing to these metrics. Below the grey line, all contigs are used to calculate the
metrics. As we can see from the table, AutoBinner has better results in most metrics,
except for average purity with 5% and 3.5% less than VAMB and MetaBAT2. AutoBinner
lies almost on par with MetaBAT2 and VAMB for the percentage of binned bp and contigs,
where CONCOCT has managed to bin the most. We do however see that CONCOCT also
has fairly weak results for the most part. That AutoBinner falls a fair bit behind on
Average Purity indicates that it could be a possible improvement to make the binner more
conservative.
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Metrics for assigned bins AutoBinner | MetaBAT2 | VAMB | CONCOCT
Average purity (bp) 86.6% 90.1% 91.6% 59.4%
Average completeness (bp) 95.1% 94.3% 92.1% 94.3%
Metrics for the full dataset

Accuracy (bp) 87.2% 79.3% 76.2% 36.9%
Misclassification rate (bp) 9.3% 19.2% 20.4% 63.1%
Purity (bp) 90.6% 80.8% 79.6% 36.9%
Completeness (bp) 94.9% 94.3% 92.3% 94%
Percentage of binned bp 95.9% 97.9% 95.5% 99.9%
Percentage of binned contigs | 65.2% 63.3% 65.6% 87.7%

Table 4.6: Detailed results of running AutoBinner, MetaBAT2, and VAMB on the CAMI
High dataset. The best results for each metric is highlighted in bold font

4.3.2 Results: CAMI Airways

Seeing how AutoBinner got very good results on the CAMI High dataset, we try and
run the binners on CAMI Airways to see how it handle a different and more complex
dataset with more samples. We got the dataset from Simon Rasmussen(VAMB), where
the composition and abundance already had been calculated and saved in a file. This
means that we can not run CONCOCT on this dataset, as it requires the BAM files to
calculate its abundance features, whereas VAMB, MetaBAT2, and AutoBinner all can
take the abundance and composition files as input instead of the FASTA and BAM files.
The results from running the binners on the Airways dataset can be seen in Table 4.7,
where the best binning results are highlighted in bold font. Here we can see that none
of the binners are able to perform as well as they did on the High dataset. The best
binner, VAMB, can only find 24 (3.75%) of the 639 high quality ground truth bins. We
also see that AutoBinner, unfortunately, has a drastic decrease in performance, compared
to our results on CAMI High. AutoBinner finds 12 and 22 fewer highest quality bins than
MetaBAT2 and VAMB respectively. AutoBinner is also far inferior with the lower quality

bins.

. L <50% <70% <90%
Binner Contamination
completeness | completeness | completeness

Gold standard 0% 639 639 639
. <5 % 6 5 2
AutoBinner 0% = 5 3
<5 % 35 27 14

MetaBAT2 0% 10 31 14
<5 % 83 70 24

VAMB <10 % 920 T 27

Table 4.7: Results of running the binners on the CAMI Airways dataset.

When we look into more detail of the CAMI Airways results in Table 4.8, we can see that
AutoBinner generally performs worse than VAMB and MetaBAT?2 for all metrics. Again
we can see that AutoBinner creates bins with low purity, which was also AutoBinners
biggest weakness on CAMI high. We also see that AutoBinner actually bins a fair amount
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of contigs and bp. This again indicates that the clustering could be more conservative to

potentially find a larger amount of high quality bins.

Metrics for assigned bins AutoBinner | MetaBAT2 | VAMB
Average purity (bp) 15.5% 74.6% 78.1%
Average completeness (bp) 28.1% 25.9% 40.9%
Metrics for full dataset

Accuracy (bp) 15.3% 31% 45.3%
Misclassification rate (bp) 75.8% 51.1% 39.9%
Purity (bp) 24.2% 48.9% 60.1%
Completeness (bp) 21.5% 56.8% 39.1%
Percentage of binned bp 63.4% 63.3% 75.4%
Percentage of binned contigs | 62.1% 39.1% 50.5%

Table 4.8: Detailed results of running AutoBinner, MetaBAT2, and VAMB on the CAMI
Airways dataset. The best results for each metric is highlighted in bold font.

4.3.3 Results: CAMI Medium

As AutoBinner showed a rather poor performance on the CAMI Airways dataset, we try
and run AutoBinner on CAMI Medium which is more similar to CAMI High which we
used to tweak AutoBinner. The results from running the binners on the medium dataset
can be seen in Table 4.9. In the table, we see that AutoBinner (with w = 40) was able to
perform better than MetaBAT2 and VAMB, but did not perform as well as CONCOCT
did. We also included our initial test results from section 3.7, to showcase that AutoBinner
is able to perform better. The big difference here is that the current version of AutoBinner
weighs the abundance much higher than in the initial test (by a factor of 20) As the
medium dataset only has two samples, the abundance ended up having too much weight
and not enough abundance features to support it. We discuss this further in section 5.2.

. L <50% <70% <90%
Binner Contamination
completeness | completeness | completeness

Gold standard 0% 132 132 132

. % <5% 74 74 70

AutoBinner “10% 5 - =

) 5% 46 41 32

AutoBinner 0% 16 ) %5

<5% 18 18 14

MetaBAT?2 “10 % 26 25 21

<5 % 35 35 30

VAMB <10 % 36 36 31

<5% 65 65 63

CONCOCT <10 % 68 68 65

Table 4.9: Results of running the binners on the CAMI Medium dataset. * = Abundance
weighting (w=1) as in our initial test on Medium in section 3.7
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5.1 HDBSCAN and deep clustering

One of the larger challenges in metagenomic binning is that the correct number of bins is
unknown, making many of the common clustering algorithms unusable such as k-means.
The HDBSCAN algorithm solves this problem by determining clusters based on local
densities and cluster stability and thus estimating the number of clusters.

HDBSCAN does not have an inherent clustering objective like k-means that tries to
optimise the placement of centroids. As we attempted to include HDBSCAN with the
autoencoder for joint optimization, we took a simple solution and calculated the centroid
for each cluster and use the sum of distances from the points in the cluster to the centroid
as the error function. This may be problematic, as HDBSCAN can find clusters of arbitrary
shapes, and centroids for such clusters could lie close to each other. During optimisation,
such two different clusters would move towards each other and merge into one.

During the optimisation, the embedded points essentially move around to minimise the
clustering loss, and all points move towards some centroid. However, as this happens,
clusters, and individual outlier points, will inevitably merge together and form new clusters.
We saw in our experiments that the number of clusters determined for each epoch was very
unstable. We believe that this instability is caused by the issues described above, and is
therefore the reason our model did not succeed in joint optimisation of the reconstruction

and clustering loss.

5.2 Weighting of composition and abundance

During our experiments, and in our comparison of AutoBinner against other binners, we
saw that the weighting of abundance had a drastic influence on the number of high quality
bins found. We experimented with a simple weighting scheme that allowed us to easily
adjust the weighting yet no conclusive setting was found. Using a weight w = 40 worked
well for CAMI High, but was not suitable when running CAMI Airways. We also saw that
w = 40 didn’t work well for CAMI Medium, where instead w = 1 worked well. It thus
seems like 40 was simply too high as only two samples, i.e. two abundance values were
available in CAMI medium. We believe that the current results on CAMI Airways can be
improved by a more sophisticated weighting scheme that increases the weight drastically
when many samples are available.

Furthermore, despite the clear importance of abundance, the composition did still
contribute to the binning results. A more sophisticated weighting scheme could allow
the composition feature to have a bigger influence for long contigs, as the longer the contig
the more robust/precise the composition feature.
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5.3 CAMI Airways vs CAMI High

The results of running Autobinner on CAMI airways were not impressive, however, we do
not see this as a reason to discard our approach of using autoencoders and HDBSCAN,
as there can be multiple explanations to why we did not achieve better results. To get a
better understanding of potential causes of the poor results it can be helpful to compare
the CAMI airways dataset to the CAMI high dataset on which AutoBinner performed
well. One of the main differences between the two datasets is the distribution of long and
short reads.

In Table 4.6 showing our results on CAMI High we saw that AutoBinner were able to bin
95.9% of the bps, but only 65.2% of the contigs, which indicates that the majority of the
bps in the dataset are part of the minority of the contigs, i.e. the long contigs.

Knowing this we try to change the clustering parameters of HDBSCAN to min_cluster size
= 2 and min_samples = 1 and run AutoBinner on CAMI Airways again. The result can
be seen in Table 5.1 and Table 5.2. Here we see a drastic increase of high quality bins
found by going from 2 to finding 13 high quality bins. Furthermore, if we look in Table 5.2
we see that the Average Purity has gone from 15.3% all the way op to 61.9% and the
accuracy has gone from 15.3 to 41.4%. This shows that these new clustering parameters
yields a much more conservative clustering with clearly better results.

: . <50% <70% <90%
Binner Contamination
completeness | completeness | completeness

Gold standard 0% 639 639 639
. . <5 % 21 17 13
AutoBinner 0% 55 i 3
. <5 % 6 5 2
AutoBinner 0% - G 3

Table 5.1: Results from running AutoBinner on the Airways dataset with different
clustering parameters. The * refers to different clustering parameters min_samples = 1,
min_cluster _size = 2 instead of min_samples = 2, min_cluster _size =6

AutoBinner AutoBinner*

Metrics for assigned bins (min__samples=2 (min__samples=1

min_cluster size=6) | min_cluster size—2)
Average purity (bp) 15.5% 61.9%
Average completeness (bp) 28.1% 12.3%
Metrics for the full dataset
Accuracy (bp) 15.3% 41.4%
Misclassification rate (bp) 75.8% 24.8%
Purity (bp) 24.2% 75.2%
Completeness (bp) 21.5% 12.5%
Percentage of binned bp 63.4% 55%
Percentage of binned contigs 62.1% 54%

Table 5.2: Extended results from running AutoBinner on the Airways dataset with different
clustering parameters
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5.4 Contractive autoencoder

In addition to the basic autoencoder and the sparse autoencoder, we also implemented
a contractive autoencoder. We chose to leave it out of the report as we were not able
to run sufficient testing as our implementation was too slow. This was caused by the
fact that the contractive autoencoder adds a term to the loss function which involves
calculating the Frobenius norm of the Jacobian matrix of the embedding with respect to
the inputs to the encoder. We suspect that it is our implementation that is suboptimal as
the computation was not utilising the GPU and thereby became a major bottleneck during
the training. For a further explanation of contractive autoencoders and their potential

benefits see section A.3.

5.5 Additional features

We have only looked at using abundance and composition as input features during this
project, however, it could also be interesting to look at other features that might improve
the binner. The current composition and abundance features do not provide sequential
information of the contigs, i.e. the order of the nucleotides. It could be of interest to make
use of the reads in form of the raw sequence of nucleotides A,C, T and G. Here a Recurrent
Neural Network(RNN) or a Convolutional Neural Network(CNN) could be of use.

5.6 Datasets

We chose to use the CAMI datasets as they allowed us to evaluate AutoBinner in a
conventional manner, as we had ground truth binning references for all contigs. The
ground truth references are available as the datasets are synthetically generated by using
contigs from a catalogue of genomes. This has the drawback that the datasets might not
reflect real metagenomic samples perfectly.

One approach that allows validating on non synthetically generated data, i.e. data without
ground truth references, is to use the tool CheckM by Parks et al. [2014]. CheckM uses its
own database of known "marker genes" to estimate the completeness and contamination of
the bins. We chose not to pursue this approach during the project, as our lack of knowledge
within the domain that CheckM uses, would make the validation less transparent.
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Conclusion 6

In this project, we set out to create a tool for metagenomic binning that uses deep learning
to learn well-suited contig representations for clustering with our chosen clustering method.

We created the binner AutoBinner that combines the embedding made by an autoencoder
with the clustering algorithm HDBSCAN. We have through experiments showed how
different factors impact the binning results, such as the architecture of the autoencoder
and the weighting of the composition and abundance features. We evaluated our progress
through multiple experiments to test whether the autoencoder learned as expected,
including sensitivity analysis on the input, and measuring the activity of the neurons
in the embedding layer for the sparse autoencoder. In addition, to get a better visual
understanding we used t-SNE on the embedding created by the autoencoder and compared
it to an embedding created by using PCA.

Our experiments showed that the autoencoder did learn an embedding that was well
suited for both reconstruction, as well as for clustering contigs, and thereby improved the
binning results. Our experiments further showed the importance of the balance between
the abundance and composition features, and how this balance strongly influences the
binning results. Therefore, we proposed a simple weighting scheme to finetune this balance,
however, additional testing is required to determine a weighting suitable for multiple
datasets.

We attempted to integrate the clustering process in the autoencoder optimisation process to
form a deep clustering algorithm and make the autoencoder learn a feature representation
matching the clustering objective and yield a better clustering. However, we did not
succeed in making the joint optimisation of the clustering and an autoencoder work
properly, as the chosen clustering algorithm HDBSCAN introduces multiple challenges
as it uses densities to estimate the numbers of clusters.

We showed that the proposed architecture using an undercomplete autoencoder, followed
by clustering on the learned embeddings, was capable of performing better than all binning
tools included in our comparison on the CAMI high dataset. However, using the same
autoencoder and weighting of features did not produce good results when run on the more
complex dataset CAMI Airways. By tweaking parameters of AutoBinner on the CAMI
high dataset and then using the CAMI airways dataset for validation ensured that the
reported results did not give an unfair impression of AutoBinner. We did however show,
that by simply adjusting the weighting scheme of the abundance and composition features,
enabled AutoBinner to perform well on the CAMI Medium dataset. Minor tweaking of
the HDBSCAN settings did also show promising results on the CAMI Airways dataset,
emphasizing the potential of the proposed method, AutoBinner.
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Appendix A

A.1 AMBER Metrics

The metrics are split into two categories; Metrics per bin, i.e. how did the binner perform
on individual bins, and metrics per sample, where the binner is evaluated based on its
overall performance on all bins.

Metrics per bin concerns the evaluation of the individual bins, where the focus is to see
how well the binner has been able to find the correct bins. This means that for a given
bin, it is only the bps/contigs that have been put in that bin, that is going to be part of
the evaluation of that bin.

For the metrics per bin, the following metrics are used:

e Predicted bin size in bps and sequences
The predicted size of the bin is the sum of bps/contigs that the binner has placed
in a given bin. The true sizes of the bins are also included, such it can be used to
evaluate how close the binner is to create bins of the correct sizes.

e True positives
The amount of bps/contigs that have been correctly assigned to a given bin.

e Purity
Purity, which in other contexts is also known as precision or specificity, is a
measurement that denotes the fraction of correctly assigned bps/contigs of all the
bps/contigs that were assigned a given bin. The purity is calculated as follows

TP

Purity p = 7TP+FP

where TP are the true positives, and FP are the false positives, i.e. the bps/contigs
that have been put into the bin, but does not belong there.

e Completeness
Also known as recall or sensitivity, completeness measures how many of the contigs
that should be in a bin, have actually been placed in that bin. Completeness is

lculated as foll
calculated as follows TP

TP+ FN

where again TP is the true positives and FN is the false negatives, i.e. the bps/contigs

Completeness r =

that should have been in a bin, but was put elsewhere.

Metrics per sample is where AMBER, looks at all the bins as a whole, in order to get an
overview of how well the binner has performed. Here the bins are weighted based on the
size of the bins, such that bins with a large volume of bps/contigs have a higher influence
on the metrics than ones with fewer bps/contigs.
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For the metrics per sample, the following metrics are used.

e Purity
Purity per sample is the average purity over all the bins predicted by the binner,
which is calculated as follows

where n, is the number of predicted bins, p is indexed by x where X is the set of
predicted bins.

e Contamination
Contamination per sample is again the opposite of purity and is calculated as follows

é=1-p

e Accuracy
The accuracy of the bins is measured similar to purity but over the entire dataset,
including the bps/contigs that were not included in any bins. The accuracy is
calculated as follows

ZZEX TP
U+ ,exTP+FP

Accuracy a =

where U is the set of contigs that have not been put in a bin by the binner.

e Completeness
The average completeness of the sample is calculated not just by the predicted bins,
as the case with purity, but here all the bins from ground truth are used. It is defined

as follows )

L ZzGX Tz

where n, is the number of ground truth bins, and X here is the set of all the contigs.
¢ Adjusted Rand Index

P =

The adjusted Rand index (ARI) is used in AMBER as a metric to express the
similarity between the predicted bins made by the binner, and the actual bins from
the ground truth. This is done by comparing each bin made by the binner with each
bin from the ground truth. The normal Rand index produces a result between 0 and
1, where 0 is no similarity and 1 is complete similarity. However, the Rand index is
susceptible to change, which is why AMBER uses the ARI instead. To avoid being
susceptible to change, ARI incorporates the expected value of the Rand index, as
well as a normalisation factor, which can be seen in the following equation, where
E[RI] is the expected value of the Rand index and Norm is the normalisation.

RI — E[RI]

ARI =
R Norm — E[RI]

(A1)

Compared to the normal Rand index, the ARI can potentially output a similarity
score that is below 0, but still with a max similarity of 1. The ARI computes the
similarity between the bins, by creating a contingency table between the bps/contigs
in the predicted bins and the bps/contigs in its underlying genome. In Equation A.2

99



A. Appendix Group MI108f20 - Aalborg University

is the ARI definition for AMBER, where m is the contingency table between a given
bin z and its underlying genome y, n is the number of elements in m. m,_ and m_,
are the marginal totals of  and y in m, i.e. m, = Zy Mgy and m_, = ZI My

My, m.y
ny (mQ%y) . Zz( 2 )Zy< 2 )

ARIAMBER =

(e ) s ) )

The equation in Equation A.2 is a bit hard to grasp, so lets split it up a bit to see
how it fits with Equation A.1. First, we have the Rand index in the upper left corner

RI=Y" (m;?J)
z,y

Next, we have the normalisation in the bottom left corner

i 2(5)-5()

Finally, in the upper and lower right corner, we have the expected value of the Rand
index between the predicted bin and its underlying genome

= (7))
E[RI] =
)

e Percentage of binned bps and sequences

As the name suggests, this metric measures how large a percentage of the bps and
sequences (contigs) that have been binned. Note that this metric does not take into
account whether the assignments are correct or not.

e Number of genomes recovered within levels of completeness and
contamination
This metric is a table that shows how many genomes, i.e. bins, that the binner has
found within different thresholds. For each binner, the thresholds are set at < 5%
and < 10% contamination and > 50%, > 70% and > 90% completeness. The metric
gives an overview of how many correct bins the binner has made, as well as the
quality of the bins.

A.2 Preparing the data

Before being able to run our binner, we first need to prepare the data. This is done by
first mapping the contigs to the reads that they were assembled from. To do the mapping
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we use the tool Minimap2 by Li [2018|, which produces the BAM files that we need for
the next step of preprocessing the data. The next step is to sort the BAM files, which we
do by using the sort function from the tool Samtools, by Li et al. [2009]. Both Minimap?2
and Samtools were run with their default parameters, we only changed the parameters
regarding the system it was run on. Now all the files are ready, and AutoBinner can be

run.

A.3 Contractive Autoencoder

A contractive autoencoder (CAE) [Rifai et al., 2011] is used with overcomplete
autoencoders, i.e. the opposite of the undercomplete autoencoder, and has more neurons
in the latent layer than input features. An overcomplete autoencoder has the problem that
it can learn the trivial solution, which is when the input is mapped directly to the hidden
layer such that the hidden layer simply outputs the input features. A CAE is a way to get
around the problem.

A CAE uses a term added to the loss function, like L1 and L2 regularisation, that explicitly
penalizes the trivial solution. Different from L1 and L2 is that the term disregards the
weight of the model and instead penalizes the model based on the partial derivatives of
the input features. The term added to the loss function is the squared Frobenius norm of
the Jacobian matrix J¢(x) as shown in Equation A.3. The Jacobian matrix Jy(x) is thus
a matrix with dimensions ¢ x j where 7 is the number of input feature dimensions and j
is the number of neurons in the latent layer. The matrix holds all the partial derivatives
of all extracted features (the output of the latent layer) with respect to the input feature

dimensions.

@l =% (75 (43)

ij

Adding this term to the loss can be interpreted as not wanting the encoder to extract any
information, as the AE is punished when the input influences the encoding. Minimising
this loss term alone would create an AE that learns absolutely nothing. However, when the
reconstruction loss is also part of the AEs loss function, an interesting negative synergy
between the two loss terms is created. The AFE learns to only reflect the variations of
the training data in the latent layer. Ideally, the AE also learns to be invariant to other
kinds of variation that is not present in the training data. In this way, it would make the
encoding of x identically to the encoding of Z that has added noise.
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