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i

Annotation

Protein function prediction is a crucial task in the area of Bioinformatics especially since the
recent advances in Next Generation Sequencing. The most popularized approach used is the
utilization of Machine learning or more specifically Deep Learning. There are many methods
that have been published which produce good results however are based on large complex
models. In this thesis it was attempted to try to solve such an task by using a basic model with
simple annotation however try to utilize some of the relationships between classes in the space
of auxiliary tasks and their effect on the performance of the model regarding the prediction of

a specified main class.
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Abstract

Due to the recent advancement in Next Generation Sequencing (NGS), sequence sequencing
has greatly increased since it was first applied in 2009. However, a well-known bottleneck
is a low scalability and high costs of classifying protein functions. In recent years, finding
a solution to this problem has been an active field of research. The most promising was the
current utilization of Machine Learning (ML), specifically Deep Learning (DL), which has
shown promise in addressing this bottleneck. However, protein sequences have multiple func-
tions, making annotating these sequences a large-scale, multi-scale, multi-label problem. In
this thesis, I attempt to use a DL architecture known as Long Short Term Memory, which has
shown much promise in the area of sequence-based data. I aim to observe the effect of aux-
iliary classes on the performance on a chosen main class. This is done to fully evaluate the
performance of this DL architecture on such a task. Two experiments were performed. The
first is a binary task where I created the baseline through an extensive hyper-parameter search.
The second experiment aimed to see the effect of adding auxiliary classes, in order to observe
if it would either increase or decrease the model’s performance. The experiments both take
the sequences as input, as output the corresponding Gene Ontology Identification (GO-ID).
Which can be used to determine the protein’s possible function, which could be utilized in
many research areas, for example, phylogenetics. For the binary task, the model achieved an
area under the receiver operating characteristic curve score of 0.81, a binary logistic loos of
0.165, and balanced accuracy of 0.775. For the auxiliary task, the model achieved an area un-
der the receiver operating characteristic curve score of 0.8238, a binary logistic loss of 0.0481,
and balanced accuracy of 0.7231 on the main class. Furthermore, when using a Mean Squared
Error (MSE) loss, the model achieved an area under the receiver operating characteristic curve
score of 0.8698, a loss 0f 0.0152, and a balanced accuracy of 0.5328 when with auxiliary tasks.
Indicating that the usage of auxiliary classes to predict the main class do improve performance

slightly in general.
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Introduction

Machine Learning (ML), especially Deep Learning (DL), has significantly advanced since in-
troducing the first recorded DL method. Since then, the application of deep learning has in-
creased drastically, ranging from weather prediction to protein sequencing and image classifi-
cation. One of the areas which adapted to using DL methods is Bioinformatics. Bioinformatics
is an interdisciplinary study that combines the area of Biochemistry and Computer science to
attempt solving tasks ranging from toxicity prediction [May16] to protein homology detection
[HHQO]. A topic that has been studied well at the time of writing this thesis is protein function
prediction by using Gene Ontologies (GO). It is an active field that is being researched by many
[Alm17; KKH18; Jurl7; Ran20] Gene Ontology is a formal representation of the knowledge
in the domain of biology [Thel8]. This topic is attractive due to the recent advancement in
Next-Generation Sequencing. Due to this advancement, the number of sequences that can be
sequenced has significantly increased. However, a well-known bottleneck is a low scaleabil-
ity and high costs of classifying protein functions. However, as stated previously, DL has
shown promise in addressing this bottleneck. However, the main drawback is that protein se-
quences have multiple functions, making annotating these sequences a large-scale, multi-scale,
multi-label problem. Therefore to better understand how this problem has been addressed and
increase the understanding of the capabilities of DL on this task, the goal of this thesis is to first
evaluate the performance of such DL method, at the same time provide a general introduction
to the topic and what first steps can be done and second also evaluate the benefit of auxiliary
classes on the performance of the model.

This thesis is structured to be understood by a reader with little background in this area. There-
fore, first, I introduce the foundation and knowledge needed, which quickly covers the thesis’s
biological aspect, and then dives into machine learning and deep learning. Secondly, I briefly
discuss related work that attempts to perform the similar tasks using other methods. Next, the
model structure and the experimental setups are explained in some detail. Following that, the
results of the different experiments are presented, which include a hyper-parameter search to
find the best parameters and an exploratory investigation to get a quick idea regarding the pos-
sible outcome of performing an auxiliary task. Finally, all results are discussed, the conclusion

is presented, and future work is stated.
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1 Background & Foundation

1.1 Biology

In this section, the biological background for this thesis is presented.

1.1.1 Proteins

Proteins are macromolecules that are made up of one or many long amino acid chains. It is
essential to study proteins due to the variety of functions in organisms, which ranges from
DNA replication, responding to stimuli, catalysing metabolic reactions, providing structure to
cells, and organisms, and transporting molecules from one location to another. Proteins differ
mainly in their amino acid sequences which usually results in protein folding into a specific
three-dimensional structure that determines its activity. Thus meaning two proteins with sim-
ilar amino acid sequences may have two completely different functions, which makes their
annotation not an easy task. There are four different protein structures. The primary struc-
ture which is a long amino-acid chain with no folds Figure]l.1|(a). Secondary structure folding
and coiling occur, and we get two types of structures known as alpha-helix and beta-sheets
Figurell.1(b). In tertiary structure, the protein becomes more complicated by the introduc-
tion of intramolecular forces like hydrophobic interaction and hydrogen bonding Figurell.1/(c).
Quaternary structure refers to the structure of a protein macromolecule formed by interactions
between multiple polypeptide chains Figure[l.1|(d). Proteins with quaternary structure may con-
sist of more than one of the same type of protein subunit or also different subunits. Hemoglobin

is an example of a protein with a quaternary structure.

(a) Primary (b) Secondary (c) Tertiary (d) Quaternary

Figure 1.1: a diagram of the four main structures of a protein[Koul3]
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1.1.2 Gene Ontology

A Gene Ontology (GO) is a formal representation of the knowledge in the domain of biology.
This knowledge is represented as three aspects, which are biological processes, molecular func-
tions, and cellular component. Each one of these aspects is essential to be able to represent the
knowledge correctly. This representation is structured as a graph where each GO is a node and
the relationships between the terms are edges between the nodes. A GO class is mainly com-
posed of a definition, a label, a unique identifier and relations terms. There are also optional
elements like obsolete tag or database cross-reference. There are three main relations in GO,
is a (forms the basic structure of GO. If we say A is a B, we mean that node A is a subtype of
node B.), part of (wherever B exists, it is as part of A, and the presence of the B implies the
presence of A.), has part (where A always has B as a part, i.e. where A necessarily has part
B.) and regulates (if both A and B are present, B always regulates A, but A may not always
be regulated by B), these relations allow for better understanding of the domain of biology as

shown in Figure.[1.2.

C0O:0008152

metabolic
process

C0O:0044281 C0O:0044238 CO:0071704 CO:0009058

small molecule primary organic : :
metabolic metabolic substance bl?)i\ér;ter;est|c
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carbohydrate

metabolic
process
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Figure 1.2: A GO Graph for hexose synthetic process showing the structure of GO
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1.2 Machine Learning

Machine Learning (ML) is the area of study where one aims to teach or train a machine to do
specific tasks without needing to give exact instructions.

For example, if we look at the typical image classification case using the MNIST Dataset! we
see, if hard coded, this would require one to write a long program that takes every possible
variation in mind. However, if we use a machine learning algorithm like a linear regression
model, which uses a linear model to recognize the patterns in the data by looking at different
features and separating them, one can easily perform well on this task with unseen data without
needing to write more code. Machine learning can be split into three sub-topics Supervised
Learning, Unsupervised Learning, and Reinforcement Learning. Supervised learning concerns
itself with learning tasks where the model is given samples that are already labeled. A common
task is classification? or regressionE, which are normally applied on data similar to MNIST
mentioned previously. Unsupervised learning concerns itself with learning tasks where the
model is given samples, however, no labels,only samples and mainly attempt to group or cluster
the data based on common features. A standard method which is used in unsupervised learning
is Principle Component Analysis (PCA) H. Reinforcement Learning concerns itself with how
software agents ought to take actions in an environment to maximize the notion of cumulative

reward. For this thesis Supervised learning will be utilized.

1.3 Deep Learning

Unlike the three branches of machine learning presented, which use approaches like Random
Forestd, PCA, and Q-learninga, Deep Learning utilize Neural Networks. By utilizing neural
networks, the Deep Learning approaches like Feedforward Neural Network (FNN), Recurrent
Neural Network (RNN), and Long Short Term Memory Neural Network (LSTM) can, without
the need of much prepossessing, perform great on complex data where as feature selection

would not be quickly done. This characteristic resulted in the recent boom in applications that

't is a common baseline dataset. The dataset contains handwritten numbers, and the task is to recognize the
numbers written.

2The model tries to predict the class a sample is from based on features that the data shares

3Models a target prediction value based on independent variables. It is mostly used for finding out the rela-
tionship between variables and forecasting

4A dimensionality-reduction method that which allows to down project the data into a more distinct and more
comfortable to learn dimension while keeping the nearly same information as the original data.

San ensemble learning method for classification, regression and other tasks that operate by constructing a
multitude of decision trees

%a model-free reinforcement learning algorithm to learn quality of actions telling an agent what action to take
under what circumstances
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utilize Deep Learning for tasks ranging from image classification to drug discovery.

1.3.1 Neural Networks

Neural Networks are set of algorithms modeled loosely after the human brain called percep-
trons. They are superficial nodes that can take multiple inputs x;, apply a weight w; to each of
them, and produce one output y. By then, placing many of these perceptions in a row creates a
Neural Network that can take input and generate an output based on the different connections’
weights. Those have one input layer, one hidden layer, and one output layer. If more hidden
layers are added, it is now called a Deep Neural Network (DNN). The output of the first hidden
layer becomes an input in the second hidden layer, and so on. This allows for more complex

hidden representations, which in turn allows for solving more complex tasks.

Inputs  Weights Net input Activation
function function

output

&

Figure 1.3: A diagram of a Feedforward Neural Network.

These Neural Networks are designed to recognize patterns in the data, through this patterns be
able to learn and perform inference on the data. They interpret sensory data through a kind
of machine perception, labeling (supervised Learning), or clustering raw input (unsupervised
Learning). The patterns they recognize are in numerical form and normally contained in vec-
tors, into which all real-world data, be it images, sound, text, or time series, must be translated
to.

A Neural Network consists of layers which are made of nodes (neurons), and each node is
connected to each other. This structure allows for information to flow from one node to the
other, where at the same time, patterns and features are detected from the inputs.

The most basic and commonly known neural network is a Feedforward Neural Network, which
utilizes linear activation function to control the information flow and thus detect features in the

data.
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1.3.2 Feedforward Neural Network

An Neural Network’s basic example is a simple Feedforward Neural Network (FNN), where the
information only moves in one direction. The Network is normally made up of an input layer
(X) and sometimes a hidden layer, and finally an output layer. Each of these layers comprises
nodes or neurons, and each node has weightsﬂ, anet input functionf, and an activation function
that activates the node, by calculating a weighted sum of the inputs and calculates the output. A
feed-forward network can be considered as a function: § = g(x; w) that maps an input vector
X to an output (or prediction) vector using network parameters w. That means the forward
pass activates the network depending on the input variables only and produces output values

[Arr19].

1.3.3 Recurrent Neural Networks

The main difference between a normal FNN and a RNN is that RNN utilize loopback connec-
tions to allow them to look at previous hidden states and thus simulate memory. Hidden state
is the representation of the previous input which is used to simulate memory in the network.
The structural difference can be seen in Figure [.4.

In general RNNs are based on the idea of utilizing both the sequence and the previous hidden

state (h,_11) where [ is the layer and ¢ is the time step. In Figure. [1.4,the left graph shows a

Figure 1.4: Fully connected vs. recurrent network.

simple FNN with input layer, hidden layer, and output layer. The right graph a recurrent net-
work. It has the same basic architecture, but with recurrent connections (loops) in the hidden

layer. The dashed lines indicate time lag, i.e. the transformation takes values at time t — 1 and

"The strength of the connection, how does changing this input affect the output of the network. Normally
weights are set to a number near zero first, meaning that changing the input will not affect the output, which
simplifies the model.

8Calculates the layers net input by matrix multiplication between the weighted inputs and biases.
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feeds them back into the network at time t. As you can see, the loop connections make the
difference between these two architectures [Arrl19].

An forward pass would be as follows:

s(t) =W'z(t) +Ra(t—1) (1.1)
a(t) = f(s(t)) (1.2)
g =e(V'a(t)) (1.3)

Where W is the input weight matrix, R is the recurrent weight matrix, V is the output weight

matrix, s(t) is the pre-activations at time t, a(t) is the hidden activation at time t.

1.3.4 Vanishing and Exploding gradient problem

One of the most significant problems or difficulties of training an RNN are the two problems
known as the vanishing and exploding gradient problem. The vanishing gradient occurs during
Back Propagation Through Time (BPTT)E as the learning algorithm cannot carry the error
signal over more than a few steps backward in time. This results in catastrophic learning as the
weight updates become infinitesimally small, resulting in no change in weights and learning
stalls. Similar to exploding gradients, the absolute values of the weights quickly become more
extensive than what a computer can represent, and we run into overflows. These problems are

discussed in more detail in both [BSF94] and also [Hoc91]].

1.3.5 Long short term memory architecture

LSTMs are designed to address the Vanishing, and Exploding gradient problem [BSF94]. Dur-
ing backpropagation, gradients would either vanish or explode, greatly affecting the network’s
performance on long sequences, which is known as the vanishing gradient problem discussed
in the previous subsection. The traditional approach to mitigating this problem was gradient
clipping at a maximum value. However LSTM utilizes it ability to store both a hidden state
vector (h!) and memory vector (c;/). This ability allows the LSTM to decide at each time step to
either read from (input gate), write to (output gate), or reset the cell (forget gate). It protects

jamming hidden units, other cells, and the output layer with information that may be currently

9A training method that has become the norm for training feed-forward models.
0The original LSTM developed by [HS97] did not have a forget gate which required a lot of cell mem-
ory.[GSC99] implemented the forget gate to solve that problem.
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irrelevant but important later. A memory cell consists of:

i(t) = oc(W/z(t) + R y(t — 1)) (1.4)

o(t) =c(W]z(t) + Ryt — 1) (1.5)

z(t) = o(W/a(t) + R y(t — 1) (1.6)

c(t)=c(t—1)+i(t) © 2(t) (1.7)

y(t) = o(t) © h(c(t)) (1.8)

Where vector x(t) is the external input and y(t-1) are the memory cell activation’s of the last

time step.The vector i(t) is the input gate activation, o(t) is the output activation, z(t) is the cell

input activation, c(t) is the cell state, and y(t) is the current memory cell activation vector. The

function g is the cell input activation function and the function h is the memory cell activation

function. h(c) is the memory cell state activation. The operator ® is Hadamard’s product,

that is a point-wise vector product [Arr19]. An example of the LSTM structure can be seen in

Figure.[1.5.

cell output

output -~ o - recurrent (
rlecurrent Legend

—> feedforward data flow
-------- > recurrent data flow

- feedforward weights
===  recurrent weights

branching point
multiplication

sum over all inputs

i gate activation function
(usually sigmoid)

J

[ J
o
o %
z
input activation function
input (usually tanh or sigmoid)
~
\
\

output activation function
(usually tanh or sigmoid)
N
. ~
input . - recurrent

cell input

Figure 1.5: A LSTM memory cell [Arr19]
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2 Related Work

The topic of using deep learning for the prediction or classification of protein sequences by
ontology class and thus determine their function has been explored previously by [Shal9] and
[KKH18].

In [Shal9], a similar task was performed where the goal was also to use a deep learning method
to be able to predict the protein function by classification through Gene ontology tags or id.
There a three-layer convolutional neural network with a max-pooling layer was used to train a
model that attempts to predict the correct class in multi-class classification space. Maxpooling
was used to create a abstracted representation of the sequences and reduce overfitting. The re-
sults were not as expected; however it did display a simple model’s performance on a complex
task.

[KKH18] observed that proteins have multiple functions, making function prediction a large-
scale, multi-class, multi-label problem. Therefore they developed a novel method to predict
protein function from sequence. They used deep learning to learn features from protein se-
quences as well as a cross-species protein-protein interaction network. Their approach specifi-
cally outputs information in the GO structure and utilizes the dependencies between GO classes
as background information to construct a deep learning model. They evaluated their method
using the standards established by the Computational Assessment of Function Annotation
(CAFA) and demonstrated a significant improvement over baseline methods such as BLAST,
with significant improvement for predicting cellular locations.

In the paper [[Alm17], they presented a prediction algorithm using deep neural networks to
predict protein subcellular localization relying only on sequence information. The prediction
model uses a recurrent neural network that processes the entire protein sequence and an at-
tention mechanism identifying protein regions important for the subcellular localization. The
model was trained and tested on a protein dataset extracted from one of the latest UniProt re-
leases at that time (2016 version 4), in which experimentally annotated proteins follow more
stringent criteria than previously. they demonstrated that their model achieves a good accuracy
(78 percent for ten categories; 92 percent for membrane-bound or soluble), outperforming cur-

rent state-of-the-art algorithms, including those relying on homology information.
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3 Method

In this section the different resources, data processing methods and hyper-parameter searches
used for this thesis are discussed. The goal was to determine the predictive capability of
the model in the space of protein function predict through the assigning of the correct Gene-

Ontology tags when given a specific protein sequence.

3.1 Dataset

In this thesis, the Gene-Ontology (GO) dataset] GO has an acyclic graph structure and has three
major domains, which are, biological processes, molecular functions, and cellular component.
Each of these domains contain 30,821, 12,133 and 4,407 classes, respectively. As the aim
of this thesis was to attempt to predict protein function, biological processes is chosen as the
domain best fits for this task. [Gen04]

Furthermore I used SwissProt’s [Boul§] reviewed and manually annotated protein sequences
from Homo Sapiens with GO annotations. The data set contained 20,394 samples. The data
was filtered by first removing samples with ambiguous amino acid codes (B, O, J, U, X, Z) in
their sequence. Next a maximum sequence length of 1000 was set based on sequence length
distribution visually observed Figure 3.1 where the majority of the sequence seem to be in the

0-1000 range. The final size of the dataset becomes 19,257 samples.

Sequence Length Distribution

Median = 423
Mean = 566
1.2 4
> 1.1
‘@
C
j
[a}
210
=
©
Q
[
% 0.9 1
0.8 1
0 2000 4000 6000 8000

Sequence Lengths

Figure 3.1: The sequence lengths from the Swissprot file of the species human

Thttp://purl.obolibrary.org/obo/go/go-basic.obo (format version 1.2)
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3.1.1 Data Representation

The Dataset is created from three sources:
* Gene-Ontology
» Swissprot
* GAF

Gene-Ontology discussed in section [1.1.2. Which is used as the labels.Swissprot, is a variant
of the Uniprot sequences where the sequences are filtered and annotated manually by experts.
Due to that this source is preferred due to it allowing for a better data quality. Gene Association
Files (GAF) are tab-delimited plain text files, where each line in the file represents a single asso-
ciation between a gene product and a GO term, with an evidence code, the reference to support
the link between them, and other information, which is comprised of 17 tab-delimited fields.
This data is used to correctly assign the corresponding sequences to the correct sequences and
acts as the ground truth.

The input of the model is the Amino Acid (AA) sequence of a protein. Each protein is a
character sequence composed of 20 unique AA codes. Inputs are represented through a matrix
where the columns correspond to the amino acid and the rows to the position of the amino

acid in the protein sequence, also known as a feature vector. As presented in Figure B.3. This

MKGQEGIRGEGCTDP #

o|lo|lo|o|o|o|o|o|o|o|o|o|o|o|o
o|lo|lo|+|o|o|o|o|o|o|o|o|o|o|o
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olo|lo|o|o|=2|o|o|o|o|=|o|lo|o|o
olo|lo|o|o|o|o|o|o|o|o|o|o|o|o
o|lo|lo|o|=2|o|=|o|o|=|o|o|=|0|0
o|lo|lo|o|o|o|o|o|o|o|o|o|o|o|o
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o|lo|lo|o|o|o|o|o|o|o|o|o|o|=|o
o|lo|lo|o|o|o|o|o|o|o|o|o|o|o|o
o|lo|lo|o|o|o|o|o|o|o|o|o|o|o|=
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~|o|lo|o|o|o|o|o|o|o|o|o|o|o|o
o|lo|lo|o|o|o|o|o|o|o|o|=|o|o|o
o|lo|lo|o|o|o|o|=|o|o|o|o|o|o|o
o|lo|lo|o|o|o|o|o|o|o|o|o|o|o|o
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Figure 3.2: An example of the data representation

representation is chosen as it allows for a naive representation of the data which also represents

relations between the bases.
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3.2 Model Structure

In this thesis, I’'m using a variant of the LSTM to be able to predict the GO classes, which would
allow us to predict the protein function. Unlike the standard LSTM as visualised in Figure[l.3,
a modified version is applied where there are forward connections to cell input and recurrent
connections to input and output gate only. Furthermore for the output a linear activation is used
and then a tanh to see the performance based on this change in the output activation. The goal
is to further reiterate the importance of the tanh output to the LSTM structure. The structure
also does not have a forget gate as the model is not complex enough where the usage of a forget

gate would be needed.

‘ Reccurent

Cell Input sl

Cell output

Forward

Output Gate

Reccurent

Figure 3.3: General model structure

Furthermore the specific structure was chosen as the input to the model is “naive” where the
input is very simple. Next the forward connection for the cell input would allow for the model
to look at each sample separately. When each sample is seen separately it would reduce the
noise in the data, stopping the errors to flow through. Which would make the predictions better

and in theory improve the performance.
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3.3 Experiment and setup

In this section, the two main experiments of this thesis are discussed. First, the binary exper-
iment is presented where a quick overview of the classes is shown and the training procedure
is discussed. Second, the auxiliary experiment is discussed which takes the outcome of the
first experiment and attempts to utilize the relationships between classes to improve the model

performance.

3.3.1 Binary experiment

I ran five binary tasks (for each class separately to determine a baseline) using the model. As
previously mentioned the data is very imbalanced where the most number of positive samples
a single class has is 1150 compared to the 12000 samples in the data-set. First, I take the class
with the most samples and try to find the hyper-parameters which will give the best scores.

Second, apply this hyper-parameter on the rest of the classes to determine the base line.

3.3.1.1 Classes

The five classes selected for this experiment are the following: GO:122 (negative regulation
of transcription by RNA polymerase II), GO:6357 (regulation of transcription by RNA poly-
merase 1), GO:7165 (signal transduction), GO:7186 (G protein-coupled receptor signaling
pathway) and GO:45944 (positive regulation of transcription by RNA polymerase II).

Annotations in each goid

1136

1000 A

800 A

600 -

400 -

Number of Annotations

200

122 6357 7165 7186 45944
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Figure 3.4: Number of positive samples in the data-set for the five classes respectively.
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In Figure 3.4, the distribution of unique annotations per class is shown. Where there is equal
amount of annotations for class 745944 and 7186 followed by 7165, 122 and finally

6357 with 709 unique annotations.

3.3.1.2 Training procedure

During training, binary cross-entropy with logistic loss was used, which is a combination of
sigmoid and binary cross-entropy, with a learning rate of 0.001. This rate is one of the recom-
mended learning rates when using ADAM optimizer [Dinl5]. I also applied both a linear and
tanh activation function separately for the output to observe the effect applying tanh. Further-
more, to minimize the chance of over-fitting, a weight decay of le-5 was used. The loss can

be described mathematically as:

Uo,y) =L={l1,...,In}", ln=—wy[yn-logo(z,) + (1 —y,) -log(l — o(z,))] (3.9)

where N is the batch size. This is used for measuring the error of a reconstruction in for example
an autoencoder. Note that the labels need to be between 0 and 1. It is possible to trade off recall
and precision by adding weights to positive examples. In this case the loss can be described

as:

fc(gj" y) = Lc = {ll,ca s 7lN,c}Ta

ln,c = —Wn,c [pcyn,c . loga(xnvc) + (1 - yn,c) ) 1Og(1 - O'(J}mc))]

(3.10)

where c is the class number (c > 1 for multi-label binary classification, ¢ = 1 for single-label
binary classification),n is the number of the sample in the batch, w,, is the weight, p, is the
weight of the positive sample for the class c .

For example, if a data set contains 100 positive and 300 negative examples of a single class,

300 _ 3

then the positional weight[E for the class should be equal to 355

The loss would act as if the data set contains 3 x 100 = 300 positive examples.To reduce
the possibility of the model over-fitting, I have included two regularization methods, early
s‘[oppingD and weight decay (method used to measure the model complexity) to reduce the
possibility of over-fitting in the model as the aim is to have a model that should work well on

unknown data.

12The weight assigned to each class, commonly also seen as the probability of the class in the data set.
Bone continually evaluates the model performance on the validation set. As soon as the validation error be-
comes significantly worse than the training error, we stop training.
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3.3.2 Auxiliary experiment

I ran an auxiliary task where the main class (GO:45944) is being predicted while using the
remaining classes as auxiliary classes™ using the model. As previously mentioned, the data
is very imbalanced, where the most number of positive samples a single class has is 1150
compared to the 19,257 samples in the data-set. I selected the GO-ID 45944 as the main class
and then used the remaining classes as auxiliary classes, which should boost the Area Under

the Receiver Operating characteristic Curve (AUROC).

3.3.2.1 Training procedure

Both mean squared error (MSE) and binary cross entropy with logistic loss (BCELL) are being
applied separately, to see their effect on the model performance. Mean Squared error is one of
the first loss function normally used which is simply the following:

1 & A\ 2

MSE ==3" (Y- Y;) (3.11)

iz
where MSE is the mean squared error, n is the number of data points Y; are the observed values
and Y; are the predicted values.
To make sure that the model prioritizes the main class ( GO-ID 45944), the following custom

loss function is implemented:

N
1
Ltotal - lmain + w, * Z N * lau:c,- (312)

where .4, 15 the loss for the main class, w, is a coefficient between 0 and 1 and [, is the

loss for the given auxiliary class.

3.4 Resources

For this thesis, [ used Intel 17 7th generation CPU for pre-processing and training of the model.
For heavier processes including a hyper-parameter search to be able to train the large models,
I used both the Cobra and Raptor servers 20 Cores (Xeon(R) CPU E5-2660 v3 @ 2.60GHz)

provided by the Institute for Machine Learning located in Johannes Kepler Universitat Linz.

4These classes should in theory allow us to improve the performance as they would add more information
which the model could use to improve its classification capabilities .
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3.5 Tools

The model was implemented in the popular ML framework Pytorch [Pas19]. This framework
was chosen due to its ability of creating prototypes easily. Furthermore other libraries like
scikit-learn [Ped11] and numpy [Har2(] were used during the pre-processing and post-post-

processing steps of the experiments.

3.6 Hyper-parameter

Table shows the different hyper-parameter sets which were chosen. Each set was chosen
based on preliminary experiments and observations from other papers and lectures in the area
of ML and DL. The three main parameters that get changed are the batch size, number of
LSTM blocks and the optimzer. Batch size determines the amount of samples that the model
sees during training per iteration. Number LSTM Blocks is the number of LSTM that will be

used. Optimizer is the optimization algorithm used while training, which was either Adaptive

moment estimation(ADAM)][KB14] or Stochastic Gradient Descent(SGD)[Ama93].

Learning rate | Batch size | LSTM Blocks | Optimizer | Weight decay | Final Layer
0.001 32 64 ADAM 0.001 No
0.0001 32 64 SGD 0.000001 No
0.0001 8 32 ADAM 0.01 Yes
0.01 64 64 SGD 0.0001 No
0.001 32 32 ADAM 0.00001 Yes
0.001 32 16 ADAM 0.00001 Yes
0.001 32 32 ADAM 0.00001 No
0.1 64 16 ADAM 0.00001 Yes
0.01 32 32 SGD 0.00001 No
0.01 32 32 SGD 0.00001 No
0.001 32 32 SGD 0.00001 No
0.01 32 32 ADAM 0.00001 No
0.001 64 32 ADAM 0.0001 No
0.01 32 8 ADAM 0.00001 No
0.001 32 8 ADAM 0.00001 No

Table 3.1: Hyper-parameters for the hyper-parameter search.

3.7 Limitations

This thesis does not present a novel method using the LSTM architecture to predict protein

functions but rather explore the different variations of the original LSTM and how it performs
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on this particular task. To my knowledge, there has been extensive studies regarding protein
function prediction or prediction of the biological process using DNA sequence however not
many using only amino acid sequences|[KKH18]. Furthermore the sample data is limited to
one species due to time and resource constrains. Finally the hyper-parameter search is limited

to a specific range to keep the size of the model small enough, to be trained more easily.
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4 Results & Discussion

In this section, three groups of results are presented. First, initial results are presented, which
are running the model with a randomly selected hyper-parameter set. The goal was to assess the
general performance of the model and determine the maximum iterations. Also, the effect of
the two different activation functions is presented. Second, the results of the hyper-parameter
search and the baseline of the auxiliary classes are shown. Finally, the auxiliary experiment

results are presented to show the effect of auxiliary classes on the model performance.

4.1 Initial

The model was run with a basic hyper-parameter set, which are normally associated with
LSTMs. The goal was to determine if the model is already better than the previous model
discussed in [Shal9] with this hyper-parameter set. The model was run for 200000 iterations,
eight LSTM Blocks, batch size of 32, a learning rate of 0.001, ADAM optimizer with a 60,

20, 20 split of the data and using the two top classes to simulate a multi-task and label task

presented in [Shal9].

Train average area under the roc curve Vs Validation average area under the roc curve
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Figure 4.1: The progression of area under the curve as the model learns.

Figure shows the progression of area under the curve as the model learns. The blue line



4 Results & Discussion 19

indicates the values for the average training set and the orange line indicates the average values
of the validation set. We also have the score on the test set in the legend of the diagram which

1s 0.819.

Figure 4.2: The progression of loss as the model learns.

Figure §#.2 shows the progression of loss as the model learns. The blue line indicates the values
for the training set and the orange line indicates the values of the validation set. We also have

the score on the test set in the legend of the diagram which is 0.12.

Train average balanced accuracy Vs Validation average balanced accuracy
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Figure 4.3: The progression of balanced accuracy as the model learns.

Figure .3 shows the progression of balanced accuracy as the model learns. The blue line
indicates the values for the training set and the orange line indicates the values of the validation

set. We also have the score on the test set in the legend of the diagram which is 0.62.
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From Figures }.1|, 4.2 and }4.3], it can be observed that the model starts to overfit quickly after
approximately 25000 iterations. This indicates that the model after this point stops to learn
and starts to memorize the data. This is frowned upon as it may result to generalization errors.
Furthermore, it can be seen that both the training and validation set exhibit a similar increasing
and decreasing trend as the model iterates through the samples, which may indicate that for

this run the validation and training set had samples with very similar sequences.
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Figure 4.4: A zoomed in version of Figure §.1|, where the drop in auc is shown

As already stated above and shown in Figures §.4, §.9 and 4.6, which are enlarged versions
of Figures W.1, 4.3 and }.2 the optimum number of iterations seems to be 25000, however to
make sure that this is not specific to this run a max iterations of 40000 is set for the remaining

experiments.
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Figure 4.5: A zoomed in version of Figure }.3, where the drop of the balanced accuracy is shown.
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Figure 4.6: A zoomed in version of Figure §.2], where the increase of the loss is shown.
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4.2 Linear vs Tanh output function

In this subsection, a sample run with two different outputs activation functions is presented.
The performance metrics from each of the activations are presented and then compared. First,
the results using a linear activation function are presented, followed by the same run results,

with a tanh activation function for the output.
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Figure 4.7: Balanced accuracy using linear.
Figure §.7 shows the balanced accuracy as the model learns using a linear activation. The

model scored on the test set 0.4752 as shown in the legend. It can also be seen that the training

starts to variate greatly after it reaches the 25000 iterations mark.
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Figure §.8 shows the loss as the model learns using a linear activation. The model achieved an

loss of 0.6387885 on the test set as shown in the legend.
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Figure 4.8: Loss using a linear output activation.

Figure 4.9 shows the area under the curve as the model learns using a linear activation. The

model achieved an AUC score of 0.5549 on the test set as shown in the legen.
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Figure 4.9: AUC using linear output activation.
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Figure shows the balanced accuracy as the model learns using a tanh activation. The

model achieved an balanced accuracy score 0.727 as shown in the legend.
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Figure 4.10: Balanced accuracy using tanh output activation

Figure shows the loss as the model learns using a tanh activation. The model achieved a

loss of 0.1503 on the test set as shown in the legend.
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Figure 4.11: Loss with tanh using output activation



4 Results & Discussion 25

Figure shows the area under the curve as the model learns using a tanh activation. The

model achieved an AUC score of 0.1503 on the test set as shown in the legend.
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Figure 4.12: AUC with a tanh activation output activation

When replacing the output activation function from linear to tanh, the test AUC has increased

greatly. Furthermore looking at the gate values illustrated in Figures §.10, §.11 and §.12, the

effectiveness of the tanh activation function is further illustrated. Next, it can also be stated that
using the tanh also resulted in a slightly faster training. Finally, when looking at the Figures
in Appendix B, it can be observed that the input gate seems to fluctuate less when the output

activation is set to tanh. This may be due to the nature of the tanh activation function.
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4.3 Binary experiments

4.3.1 Hyper-parameter search result

These are the results of the hyper-parameter search shown in Table B.1. The results shown in
the table are an average of the metrics achieved through running the experiment twice with two

different random seeds (42,123).

Hyper-parameter set | Area under the Curve Loss Balanced Accuracy
1 0.772 0.197 0.5122
2 0.5089 0.358 0.5128
3 0.6214 0.236 0.499
4 0.5718 3.968 0.4984
5 0.7582 0.198 0.6012
6 0.7749 0.195 0.562
7 0.7730 0.195 0.5094
8 0.5575 0.232 0.499
9 0.5472 0.231 0.5
10 0.4273 0.240 0.5
11 0.7447 0.197 0.5324
12 0.7203 0.216 0.5198
13 0.4382 0.573164 0.5
14 0.438 0.5731 0.5
15 0.8109 0.1503 0.727

Table 4.1: These are the results of the hyper-parameter search.

As shown in the table above, changing parameters like learning rate, batch size, or optimizer af-
fect the model’s performance. For the given task with the used data set in this hyper-parameter
space, it seems to be that learning rate of 0.001, batch size of 32, eight LSTM blocks, opti-
mizer set to ADAM, an L2 or weight decay of 0.00001, and no extra final feed-forward layer,
performed the best.

I should note that this hyper-parameter set was the initial parameter set during the exploration
subsection presented in the results section. Furthermore, it can be observed that only one out of
the 15 hyper-parameter sets was able to produce good results, which would indicate that a more
extensive search is needed to understand why it performed this well fully. Unfortunately, due
to lack of time and resources, it was decided not to explore the reason why this phenomenon

occurs in the scope of this thesis.
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4.3.2 Baseline

Table shows the performance metrics achieved by the model when trained on the auxil-
iary classes separately. This was done to determine a baseline for each class to then better

understand the model. Furthermore these baselines are used during the auxiliary experiment

Class | Balanced Accuracy | Area under the curve | Loss

6375 | 0,502 0,5329 0,552
7186 | 0,5 0,7479 0,320
7165 | 0,5 0,649 0,450
122 10,5 0,7419 0,165

Table 4.2: The base performance for each class using the best hyper-paramters for class 45944 from
the hyper-parameter search

to determine how the model learns from these auxiliary classes. Interestingly enough it can be
observed that in Table 4.2 the majority of classes are only able to score a maximum of 0.5 which
could be due to the imbalanced dataset and also the naive representation. On the other hand,
it can be observed that class 7186 and 122 have similar area under the curve scores eventough
they have a noticeable difference between the number of annotations. Finally, for loss it can
be observed that class 122 seems to have the lowest loss which could be due to the sequences
being more unique to other classes. The graphical representation of the data in Table §#.2 can

be seen in Appendix C.

4.4 Auxiliary experiments

For this thesis, the performance of the model in an auxiliary task was tested. The results are
the performance metrics for the main class. It was noted that while training class 7186 and 122
had an increase in the area under the curve and balanced accuracy, compared to other classes.
In Table §4.3 the performance of the model on an auxiliary task is shown. As stated previously,
to extend the experiment, two-loss functions were used. As a result, two main observations
can be seen.

First, it can be observed that there seems to be a trend that MSE causes the model to achieve
better AUC but lower balanced accuracy compared to BCELL, which may indicate that de-
pending on what the primary performance measure is, a specific loss function should be used.
As example for auxiliary classes ”7186”,76357” where there was drop in AUC but a increase

in balanced accuracy when using BCELL compared to MSE.



4 Results & Discussion 28

Auxiliary classes | Loss function | Area under the Curve | Loss | Balanced Accuracy
7186 MSE 0,8689 0,0416 0,5479
7186 BCELL 0,8181 0,1866 0,7264
7165 MSE 0,7525 0,1137 0,5499
7165 BCELL 0,6305 0,3835 0,5
6357 MSE 0,7643 0,0710 0,5392
6357 BCELL 0,7431 0,2648 0,5
122 MSE 0,7635 0,0472 0,5479
122 BCELL 0,7380 0,1878 0,5
7186,7165 MSE 0,8544 0,0224 0,554
7186,7165 BCELL 0,8689 0,0789 0,7381
7186,6357 MSE 0,8588 0,0152 0,54629
7186,6357 BCELL 0,8238 0,0481 0,7231
7186,122 MSE 0,8698 0,0109 0,5328
7186,122 BCELL 0,8238 0,0481 0,7231
7186,7165, 6357 MSE 0,8616 0,133 0,5546
7186,7165, 6357 BCELL 0,8172 0,4853 0,7127
7186,7165, 122 MSE 0,8468 0,1144 0,5175
7186,7165, 122 BCELL 0,8140 0,4183 0,7151
ALL MSE 0,7547 0,1249 0,5492
ALL BCELL 0,496 0,5051 0,5

Table 4.3: The metrics for the main class depending on the auxiliary classes and what loss was used.
These results are while using the best performing parameters in the binary task shown in
Table 4.1.

The second observation is that adding more auxiliary classes does not always result in better
performance in the main class. As supported by the results in Table #.3. Next, it was observed
that given auxiliary class combinations did perform better than others. For example, when
class ”7186” was used as an auxiliary class, the model performed the best out of the rest.
Even though the remaining classes are part of the same biological process as the main class
(RNA), this could be due to the overlap in samples between classes 49544 and 7186, which
has significantly contributed to the results observed above. Finally, even though impressive,
these results indicate that for an auxiliary task similar to the one performed in this thesis, a less
naive representation could highlight the relationships as an example, protein-protein interaction

[KKH18].
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5 Conclusion

LSTMs were used for protein sequences and showed great potential in this task, and the method
was taken further by evaluating the model’s performance based on the addition of auxiliary
classes.

The main difficulty of changing from DNA sequences to protein sequences is that there are
more unique characters in the sequence, making it an immense task (4 vs. 22 unique symbols),
which has many aspects that need to be considered. There have been papers that attempted to
solve the protein function prediction from amino acid sequences. However, they use complex
models and specific annotations (DeepGo, Deeploc).

In this thesis, an extensive hyper-parameter search was performed, and notable results were
presented and discussed in their respective sections. The best hyperparameter set with the
given parameter space was found. Mean squared error and Binary cross-entropy with logistic
loss were used to investigate what metrics are optimized for auxiliary tasks.

The experiment showed that MSE achieves a better AUC in most cases, where binary cross-
entropy achieves a better-balanced accuracy for auxiliary classification. The thesis brought
forth many areas of improvements and parameters that can be further studied to improve the
model, making the model more applicable to real-world data (the balanced accuracy is still not
good enough for being used in labs).

The thesis further proved tanh is the best activation function for this architecture in this given
space. It can be agreed that a more extensive data set and better annotation may allow us to
improve the model performance. Finally, it was shown deep learning can be used to learn and
predict protein functions from protein sequences.Most importantly it was shown that training
with auxiliary classes did result to some improvements on the main class. Which shows that
further work could be done regarding the application of auxiliary tasks in the area of Bioinfor-

matics.
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6 Future Work

From the results, there is still possible further work that can be done. First, an larger hyper-
parameter space could improve the model performance as there are still some unexplored
hyper-parameter set. Second, a larger multi-species data set may allow for a diversity of the
data and improve the data. The addition of extra data similar to [KKH18] and the usage of a
more complex representation could, in theory, also improve the performance. Finally, due to
the recent popularity of Transformer models, which are based on attention mechanism, atten-
tion in this task could also be further explored. In addition, hybrid models have also shown

promise, which could also be used for this task [[Alm17].
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Appendix A: Code

The code base for this thesis can be found under the following GitHub repository:
https://github.com/fathyshalaby/ONTLSTM
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Appendix B: Gate activation’s
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Figure .2: Gate activation at update 40000 for tanh output.
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Figure .3: Gate activation at update 1000 for linear output.
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Figure .4: Gate activation at update 40000 for linear output.
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Appendix C: Binary task results with tanh
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Figure .5: Balanced accuracy throughout training for class 122. Scored on test set 0.5019
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Figure .6: Area under the curve throughout training for class 6375. Scored on test set 0.5329
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Figure .7: Loss throughout training for class 6375. Scored on test set 0.552254
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Figure .8: Balanced accuracy throughout training for class 7186. Scored on test set 0.5
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Figure .9: Area under the curve throughout training for class 7186. Scored on test set 0.7479
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Figure .10: Loss throughout training for class 7186. Scored on test set 0.32
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Figure .11: Balanced accuracy throughout training for class 45944. Scored on test set 0.727
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Figure .12: AUC throughout training for class 45944. Scored on test set 0.8109
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Figure .13: Loss throughout training for class 45944. Scored on test set 0.150
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Figure .14: Balanced accuracy throughout training for class 122. Scored on test set 0.5
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Figure .15: AUC throughout training for class 122. Scored on test set 0.7419
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Loss
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Figure .16: Loss throughout training for class 122. Scored on test set 0.165
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