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Abstract

Issue tracking systems have become a main tool for companies to manage and
maintain reported customer issues. A ticket within an issue tracking system
describes a particular problem, its state, creation date, reporter, assignee,
summary and other relevant data. The process of assigning this information
to the ticket is mostly manually performed. commercetools GmbH has been
using an issue tracking system in the process of supporting their customers
for the last couple of years resulting in unused and unexplored data. This
thesis consists of two parts. The goal of the first part is to explore the data
obtained from the issue tracking system. For that purpose, I used an un-
supervised learning approach to cluster the textual data of the tickets and
then I visualized and analysed the data using different methods to observe
the development of the clusters over the last two years. The goal of the sec-
ond part of the thesis, is to find out if it is possible to automate part of the
supporting process at commercetools by predicting the part of the product
causing the reported issue and the responsible team for it. The fact that
those two attributes were assigned to the ticket as labels made this prob-
lem a multi-label classification problem. To predict those labels, I trained
four classifiers (i.e. k-NN classifier, decision tree classifier, logistic regres-
sion classifier and a neural network) using different multi-label classification
approaches and evaluated the performance of them using the micro-average
score of the recall, precision and f1 metrics. The results showed that the per-
formance of the different classifiers was similar for most of the approaches
used, with logistic regression and the neural network performing slightly
better. The best performance was achieved by the neural network using a
multi-label classification approach named ”label powerset” resulting in an
f1 score of 54%, which is a good result but unfortunately not enough to fully
automate this part of the supporting process.
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1 Introduction

With the advance of technology, information shared on the internet by users
has grown rapidly resulting in a big amount of unstructured and unused
data, thus, the need for techniques to explore and structure this data have
increased over the past years. A big part of the data generated by the
users from blogs, social media web sites, emails and a lot of other sources is
textual data. Analysing and structuring this type of data have been a hard
problem in the field of computer science due to the complexity and variety
of human languages and the difficulty for computers to fully interpret the
meaning of them. Text clustering and classification are two techniques used
in the field of natural language processing to structure and organize big
amounts of textual data. Text clustering aims to find underlying structure
in big amounts of unlabelled data to gain more insight about the data in
order to utilize it better. Text classification on the other hand is the task
of assigning predefined labels to textual information like documents, news
articles, questions and more to be able to organize and manage this kind of
data better.

commercetools GmbH [1] is a company that provides a cloud based e-
commerce platform for merchants and online shops. To be able to assist the
customers with using the platform, the commercetools support team uses
an issue tracking system called JIRA [2]. When a customer has an issue
or a question, he can create a support ticket directly in the JIRA website
or by sending an email to the support team which automatically generates
a support ticket. This support ticket is then handled by the support team
members to solve the issue. The first part of handling a support tickets is
adding additional information to the ticket in the JIRA system that wasn’t
provided by the customer but can be obtained from the description of the
issue like the issue type, the product part causing the problem, the customer
name, and the responsible team for the reported issue. This work is manually
done by reading the ticket and adding the missing information. During my
job as a student at commercetools GmbH, the idea of exploring the data
of the available support tickets and the automation of part of the support
process was discussed which I found a really interesting topic.

This thesis consists of two parts, the first part is to explore the data
obtained from the JIRA system for interesting patterns that might provide
helpful insights about the developing process in commercetools over the past
two years. For this part, I used an unsupervised learning approach to anal-
yse and visualise the results . The second part is to check the possibility
of automating part of the supporting process by predicting the part of the
product causing the issue and the responsible team for it. Those predictions
were then to be assigned to the support ticket as labels. The fact that a
support ticket can have multiple labels makes this task a multi-label classifi-
cation problem, in which different multi-label classification approaches were



applied to check which approach suits the problem best. In addition to that
different classifiers were trained for each one of the approaches to compare
their performance and pick the best one.



2 Background

In this section I will give a general background about the natural language
processing field and concepts applied in this thesis.

2.1 Natural Language Processing

Natural Language Processing or short NLP is a field in computer science
which focuses on the interaction between computers and the human lan-
guage. It finds methods for computers to analyse, understand and ma-
nipulate natural language data e.g. text and speech. NLP is utilized to
perform tasks like speech recognition, translation, named entity recognition
and sentiment analysis. There are hundreds of human languages which have
different syntax rules. Words and sentences can have different meanings
depending on the context they appear in. For that reason understanding a
language is not only understanding the meaning of the words but also the
concepts and how words are linked together to create a meaning. All those
reasons make NLP problems a challenging task in computer science.

2.2 Supervised and Unsupervised Learning

In the field of machine learning there are two main types of learning algo-
rithms, supervised and unsupervised (Figure 1). Supervised learning is a
process where a function learns to map input values to output values. It
learns from a labelled dataset called the training set. The training set con-
sists of a set of examples, each example consists of an input object and a
desired output for this input. The function is then trained to predict the
correct output for new, unknown input examples. In Unsupervised learning
on the other hand the goal is to learn the underlying structure in the data to
gain more insight about it. The learning is unsupervised because the given
input examples are unlabelled i.e. there is no already defined and known
output for them.

2.3 Clustering

Clustering is one of the fundamental unsupervised learning methods, it aims
to explore structure in unlabelled data by partitioning data points in groups
based on their feature similarity, so that members of the same group share
similar features among each other, while presenting dissimilarities to the
data points of the other clusters. Because the data given to the cluster-
ing algorithm is unlabelled, there is no best criterion to evaluate how good
the resulted clusters are. In most of the clustering algorithms, the user
has to specify the number of resulted clusters beforehand, there are some
algorithms however, like DBSCAN (Density-based spatial clustering of ap-
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Figure 1: Supervised and Unsupervised learning

plications with noise) [13], where the algorithm finds the optimal number of
resulted clusters in the process.

2.4 Classification

Classification is the task of assigning new data samples to predefined cat-
egories, based on training samples where the category of each sample is
already known, hence classification is a supervised learning approach. Dur-
ing the training phase, the classifier learns the relation between the input
data and the output category (label) and is then able to predict the category
of new data samples that do not have a known category. There are different
types of classification problems.

2.4.1 Binary Classification

In Binary Classification, there are only two classes, the positive class and
the negative class (e.g., spam emails). The classifier outputs a probability
that a given input belongs to the positive class (Figure 2).

2.4.2 Multi-Class Classification

In this type of classification, points are classified into three or more classes
(Figure 3). For this kind of classification problems there are many algo-
rithms like k-NN; decision trees and neural networks to name a few that
naturally permit the use of more than two classes.

Multi-Class classification can be transformed to a Binary classification prob-
lem using the two following approaches:
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Figure 2: An example of a binary classification problem.
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Figure 3: An example of a multi-class classification problem with more than
two classes

One Vs One

In this approach, a binary classifier is trained for each pair of classes (Figure
4). For a classification problem with N classes N*(N-1)/2 binary classifiers
are trained. At prediction time a voting scheme is applied, each classifier
votes for one class and the class with the most votes would be the final
prediction.

One Vs Rest
In One Vs Rest (also called One Vs All), a binary classifier is trained for

each one of the classes and in each classifier training process the labels of
the data belonging to the target class represent the positive class and all the
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Figure 4: An illustration of the One vs One multi-class classification ap-
proach with three classes.

other points that belong to the rest of the class represent the negative class
as shown in Figure 5. When predicting the class of a new sample all trained
classifiers are asked to predict the class of the sample and the classifier with
the highest probability determine the class it.

Classifier 1 Classifier 2 Classifier 3
x X x %
K X
< 4 Xx X % (oXe) X X X %
% X * *

Figure 5: An illustration of the One Vs Rest multi-class classification ap-
proach, for each class the dataset is split into two classes, a positive and a
negative class and a binary classifier is train to predict the positive class.

2.4.3 Multi-Label Classification

Multi-Label Classification is similar to Multi-Class classification except that
an input sample can belong to more than one class. To tackle this kind of
problems the following approaches are used:

Adapted Algorithms

There are many algorithms that have been adapted to directly solve the
multi-label problem by having multiple outputs for each prediction, an ex-
ample for those algorithms are k-NN classifiers, decision trees, isolation for-
est and neural networks.



Problem Transformation

In this approach, the multi-label classification problem is transformed to
a single label classification problem (multi-class). There are three different
techniques for this kind of transformation:

Binary Relevance: in this approach, the problem is broken into N binary
classification problems with N being the total number of Labels (Figure 6).
Each one of the binary classifiers predicts if the label belongs to the sample
or not.

Classifier 1 Classifier 2 Classifier 3
input output input output input output input output
X Y1 Y2 Y3 X Y1l X Y2 X Y3
x1 0 1 0 x1 0 x1 1 x1 0
x2 1 0 0 x2 1 x2 0 x2 0
x3 0 1 1 x3 0 x3 1 x3 1
x4 1 1 0 x4 1 x4 1 x4 0
X5 01 0 x5 0 X5 1 x5 0

Figure 6: An example of transforming a multi-label classification problem
into a binary classification problem using the binary relevance approach

Classifier Chains: [20] this is a similar approach to binary relevance. The
problem is broken into N binary classification problems, but the difference
is that in this approach the prediction of the first classifier in the chain is
considered as an extra feature attribute in the process of predicting of the
other labels (Figure 7). This adjustment helps preserving the correlation
between the labels.

input output

X Y1 Y2 Y3

x1 0 1 0

x2 1 0 0

x3 0 1 1

x4 1 1 0

x5 0 1 0

Classifier 1 Classifier 2 Classifier 3
input  output input output input output

X Y1 X Y1 Y2 X Y1 Y2 Y3
x1 0 x1 0 1 x1 0 1 0
X2 1 x2 1 X2 0 0
x3 0 x3 0 1 x3 0 1 1
x4 1 x4 1 1 x4 1 1 0
x5 0 x5 1 1 x5 1 0 0

Figure 7: An example of transforming a multi-label classification problem
into a binary classification problem using the classifiers chain approach



Label Powerset: this approach transforms the problem into a multi-class
classification problem by mapping all the unique combinations of labels that
appears in the dataset to a single class as shown in Figure 8. After the trans-
formation one multi-class classifier is trained on the dataset to predict the
label combination of the input sample [22].

Classifier 1
input output input output
X Yl Y2 Y3 X Y1
x1 0 1 0 x1 1
X2 1 0 0 x2 2
X3 0 1 1 x3 3
x4 1 1 0 x4 4
x5 0 1 0 x5 1

Figure 8: An example of transforming a multi-label classification problem
into a multi-class classification problem using the Label Powerset approach



2.5 Artificial Neural Networks (ANN)

An artificial neural network is a learning algorithm that is inspired by the
way the human brain processes information and is intended to replicate
the way humans learn. A neural network consists of an input layer an
output layer and a number of hidden layers (Figure 9). Layers are made up
of a number of highly interconnected processing elements (Neurons) which
contain an activation function f. The raw input z1,z9,....x; is fed to the
network via the input layer, this input is then forwarded to the next layer
by multiplying it with connection weights w; . Each neuron in the hidden
layer performs a calculation on the input from the previous layer using the
activation function f as shown in Figure 10 and forward the output y to the
next layer until a final output ¢ is reached [3].

X
]
i

output layer

input layer
hidden layer 1 hidden layer 2

Figure 9: A Neural Network with one input layer, two hidden layers and
one output layer. Figure extracted from [25]

1
\
wl
_  » Y

a

X1
X2
Output of neuron =Y= f(wl. X1+w2.X2+Db)

Figure 10: An illustration of a neural network neuron and the calculation
performed by it. Figure extracted from [26]

To calculate how accurate a prediction of a neural network is, a function
called loss function is used. This function calculates the error of the predic-



tion by comparing the prediction g to the expected output of the network
(the true value).

E(y,9) = ly — 9 (1)

The goal when training a neural network is to minimize the loss function
(the prediction error) using most commonly for this purpose an algorithm
called back propagation. During the training, forward propagation is first
performed. In forward propagation, the input zi,xo,....x; is propagated
through the network layers until the output layer, where the output ¢ is
calculated. Then the error is computed using the loss function.

After that, back propagation is performed [4]. In this process, the con-
nection weights are updated using gradient descent in order to minimize the
loss function. The first step in back propagation is calculating the derivative
of the loss function. The derivative is then propagated backwards from the
output layer until the first hidden layer. While back propagating, the partial
derivative of the loss function is calculated with respect to every connection
weight in the network. The weights are then updated by subtracting the
derivative of the loss function with respect to the weight multiplied by a
value called learning rate « in order to minimize the loss function.

The learning rate specifies the size of the step that is taken in the direc-
tion of minimizing the error. The higher the learning rate is, the faster the
network trains, training the network with a low learning rate however would
take longer but is more reliable. When describing the process of training
a neural network the terms batch size, iteration and epoch are often
used. An Epoch is performing one forward and one backward propagation
for each one of the training samples. Batch size is the number of training
samples in one forward /backward propagation. An iteration is the number
of propagations needed (forward propagation and backward propagation are
calculated as 1 pass) to complete one epoch. The number of epochs, batch
size and the learning rate are specified before the training.

For example, if we have a set of 100 training samples and a batch size of
10 then it will take 10 iterations to complete one epoch.

10



3 Methodology

In this section I will introduce and describe the methods I applied in this
thesis.

3.1 Text vectorization

Machine learning algorithms operate on a numeric feature space, thus tex-
tual data need to be transformed into vector representations in order for
algorithms to process them. This transformation process is also called fea-
ture extraction. In this thesis, I used two feature extraction techniques.

3.1.1 Term Frequency Inverse Document Frequency(Tf-1df)

Tf-idf [5] is often used in information retrieval and text mining. It is used to
weigh a term in a document and assign an importance to that term based
on the number of times it appears in the document and the whole document
set in general.

For each term in a document Tf-idf calculates a term’s frequency Tf
and its inverse document frequency Idf. The final Tf-idf value then is the
product of the Tf value and the Idf value.

The Tf-idf value (weight) w; ¢ of a term t in a document d is given by:

wy,g = tf,a X log(ﬁ) (2)

dft

where tf; g is the number of the occurrences of the term in the document, N
is the total number of documents and df; is the number of documents that
contain the term. The second part of the formula log(dﬂft) is the Inverse
document frequency Idf, this value is the measure of the rareness of a word
in the whole document set.

For example, when a 150-word document contains the term car 10 times,
the tf value for the word car in that document is

10
char = m =0.1 (3)

now let’s assume we have 100,000 other documents where 20,000 of them
contain the word car. Then the Idf value of the word car is:

100, 000

Idfear = lOg(m) = (4)

And the final Tf-Idf value of the word car in the 150-word document is

Wear =tf X Idf =0.1 x5=0.5 (5)

11



3.1.2 Doc2vec

Doc2Vec [10] is used to represent documents as feature vectors based on their
content. With the Doc2Vec representation, vectors of similar documents or
documents with similar content are close to each other in the vector space.
This algorithm is based on the Word2Vec algorithm. For a better compre-
hension of Doc2Vec, a short introduction to Word2Vec is necessary.

Word2Vec is an algorithm that learns word embeddings. It was created by
a team of researchers led by Tomas Mikolov at Google [11]. Word embed-
dings are a type of word representation that allows words with similar mean-
ing to have a similar representation. Word2Vec creates a distributed rep-
resentation of the words in a vector space, which helps learning algorithms
in the field of Natural language processing to achieve better performance
because the meaning and the similarity between the words represented is
learned and not ignored. There are two implementations for Word2Vec that
use two different models. Both were introduced by Mikolov et al. The first
one is the skip-gram model and the second one is continuous bag of words.

Skip-gram

Skip-gram is an efficient method for learning high quality vector representa-
tions of words from large amounts of unstructured text data. It is a simple
neural network that consists of an input layer, one hidden layer and an out-
put layer (Figure 11). The skip-gram model predicts the surrounding words
of the input word. The output of the model is a probability for each one
of the words in the corpus to be nearby the input word. Before training

INPUT PROJECTION  QUTPUT

w(t-2)

w(t-1)

wit) 4>{
wit+1)
w(t+2)

Figure 11: An illustration of the skip-gram model. Figure extracted from
[27]
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a skip-gram model a window size is defined. The window size defines the
so-called context, which is the number of words to the left of the target and
the number of words to the right of the target. For example, let’s consider
the one sentence dataset:

Paris is the capital city of France

Using a window size of 1 we would have the input in the shape(input word,
[context]):

(Paris, [is]), (is, [Paris,the]), (the, [is, capital]), (capital, [the, city]) ......

The number of input nodes in a skip-gram model equals the total number of
unique words in the dataset. Each input is represented as a one hot encoding
(binary) vector. For example, if we have the previous dataset and we want
to predict the surroundings of the word capital, then the input X would be
as follow:

[Paris, is, the, capital, city, of, France]: X=1[000 10 0 0]
And the expected output y would be the two words the and city:
[Paris, is, the, capital, city, of, France]: y=[00 101 0 0]

The number of the hidden layer nodes specify the number of the features
to represent the word vectors. The activation function of the hidden layer
nodes is a linear function, which means that the values of the nodes in the
hidden layer are simply a copy of the input vector weights multiplication.
The output layer uses a softmax function that outputs a probability for each
single word in the corpus to be the nearby word.

Continuous bag of words

The difference between the CBOW and the Skip-gram model is that CBOW
tries to predict one target word given its context as an input (Figure 12).
So, for the example dataset above and a window size 2, given the input [ is,
the, city, of] the output should be the word capital. The input is multiple
words represented as one hot encoding vectors. Those vectors are multiplied
with the weight matrix and then averaged in the hidden layer to one vector.
For example, let’s consider a CBOW model with 1 node in the hidden layer
and the previous dataset as our vocabulary.

Using a window size of 1 we would have the input in the following shape
([context], target):

([is], Paris), ([Paris, the], is), ([is, capital], the), ([the, city], capital)......

13



INPUT PROJECTION OUTPUT

Figure 12: An illustration of the CBOW model. Figure extracted from [27]

If we input the context words the = [1,0,0,0,0,0,0] and city = [0,1,0,0,0,0,0]
then the multiplication between the input vectors and the weight matrix
results in 2 vectors, which are averaged to one vector and then passed to
the output layer.

Following is an illustration of how words embeddings are generated using
the explained models:

Let’s consider a Skip-gram model, a vocabulary size V' and a hidden layer
of size N (number of features). The input x1,x9, ...., x, is one-hot encoded.
That is x; = landz; = 0 Vj # ¢ . The weights between the input layer and
the hidden layer are represented by the matrix W which has a size V x N.
Each word in the vocabulary V' is mapped to a column in the weight matrix
W. These columns represent the word vectors after training the network.
The activation function in the nodes of the hidden layer is a linear function
h(z) = x. So, basically h copies the lines of the matrix X7 x W to the
hidden layer. While training the network, forward and back propagation is
being performed. That means after each input the error is calculated and
the weights are updated. Because each column of the weights matrix W
represents one word vector, updating the weights in each back-propagation
iteration is the process of learning the word vectors. After the training,
the weight matrix W represents the matrix of the word vectors where each
column is one word vector.

Doc2Vec [10] is an extension to the Word2Vec algorithm. It can be im-
plemented using two approaches. The distributed memory approach which
is similar to the Skip-gram model or the Distributed bag of words approach
which is similar to the CBOW model. The only change in Doc2Vec com-
paring it to Word2Vec, is that a document vector is passed as an input in
addition to the words vectors.

14



distributed memory model

In this approach, the document vector is asked to contribute to the pre-
diction task of the next word given its context sampled from the document.
The number of input nodes is extended by the number of documents in the
dataset and a weight matrix D is added (Figure 13), which represents the
weights between the document vector input nodes and the hidden layer and
there is also the original weight matrix W, which represents the weight ma-
trix between the word vector input nodes and the hidden layer. After the
training each document is represented by a unique vector, which is a column
in the weight matrix D and each word is represented by a unique vector,
which is a column in the weight matrix W. The document vector and word
vectors are averaged or concatenated to predict the next word in a context.
During the training, the weight matrices W and D are updated by stochastic
gradient descent and after the training, the words and documents vectors
can be obtained from those two matrices.

Classifier

Average/Concatenate

Paragraph Matrix-----» * * * *

Paragraph the ca

Figure 13: An illustration of the Doc2Vec distributed memory model. Figure
extracted from [10]

Distributed bag of words

In this approach, no words vectors are passed as an input to the network,
only a document vector is passed as shown in Figure 14. The model tries to
predict words randomly sampled from the document as an output. At each
iteration of stochastic gradient descent a word is chosen from a randomly
sampled text window from the document and the model is then asked to
predict this word given the document vector. The input for this network is
only the Document vector and after the training we get only the document
vector matrix D.
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Classifier |the| | cat] [sat' [ on |

Paragraph Matrix ---------»

Paragraph
id

Figure 14: An illustration of the Doc2Vec Distributed bag of words model.
Figure extracted from [10]

3.2 Dimensionality Reduction

The input for the machine learning algorithms is represented as feature vec-
tors, each feature representing a dimension. Often there is a very large
number of feature to deal with and the higher the number of features, the
harder it gets to visualize the data set and work with it. In a lot of cases fea-
tures are correlated, correlated features don’t add extra information to the
data. Dimensionality reduction is the process of removing those redundant
features.

3.2.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) [6] is a technique which is widely used
to reduce the Dimensionality or the noise in a dataset while retaining the
most variance by finding patterns within it. PCA does this by transforming
a set of possibly correlated variables into a number of uncorrelated variables
called Principal Components. To explain this a bit more in detail, I will first
explain some terms:

Variance: variance simply measures how far a set of (random) samples
are spread out from their average value. In other words, it measures how
spread the values in the data set are.

Covariance: The covariance of two variables x and y in a data set
measures how linearly related the two variables are. A positive covariance
would indicate a positive linear relationship between the variables i.e. as
x Increases y also increases, and a negative covariance would indicate the
opposite.

To calculate the principal components, first the covariance matrix of the
data points is calculated. The principal components of the data set are
then the eigenvectors of the covariance matrix. The eigenvector with the
highest eigenvalue is the first principal component which has the highest
variance, the eigenvector with the second highest eigenvalue is the second
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principal component and so on. When reducing the dimensions from m to
n for example, the eigenvectors are sorted in a descending order according
to their eigenvalues. The first n eigenvectors are then the n dimensions.

1st PC

Figure 15: An example of a PCA transformation from 3d to 2d. Figure
extracted from [28]

3.2.2 Distributed Stochastic Neighbour Embedding (t-SNE)

t-SNE [12] is a machine learning algorithm for dimensionality reduction
that is well-suited for visualizing high dimensional data in a low dimen-
sional space. It maps multi-dimensional data to two or three dimensions to
be able to visualize it. The aim of dimensionality reduction performed by
t-SNE is to preserve as much of the significant structure of the data in the
high-dimensional space as possible in the low-dimensional space. To achieve
that t-SNE starts by converting the high-dimensional FEuclidean distances
between data points into conditional probabilities that represent similari-
ties. The similarity between two data points x¢ and xj is the conditional
probability, p;; that zi would pick zj as its neighbour in proportion to their
probability density under a Gaussian centred at xi. As a result, if the dis-
tance between these points is small, then the conditional probability should

be high. The conditional probability p;;is given by:

exp(—|lx;i — a;]]*/207)
Skpiexp(—||z — 4|2 /202)

b (6)

li =

where o; is the variance of the Gaussian that is centred on data point xi.

Then the low dimensional Euclidean distances between data points are also
converted into conditional probabilities g; ;. for which the variance is dis-
tributed under a student t-distribution. The conditional probability g;; is
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given by:

k£ €TP\—||Yi — Yj
2 Gl 15

45 =

If the points produced for the low-dimensional space accurately represent
the proximity between data points in the high dimensional space, the condi-
tional probabilities p;;and g;; will be equal. By this logic t-SNE attempts
to minimize the difference of conditional probability.

For this t-SNE minimizes a single Kullback-Leibler divergence between
a joint probability distribution, P, in the high-dimensional space and a joint
probability distribution, Q, in the low-dimensional space using a gradient
descent method. The cost function C is given by

C=> KL(P|Q)=>_ Zpﬂlegzj:j (8)
i g
The gradient has a simple form:
2 Z(Pj\i = Qjji + Pitj — i) (Yi — vy) 9)
J
For each iteration of gradient descent, the position of the data point in the

low dimensional space is changed such that the gradient cost function is
minimal.

Ponane

(a) PCA (b) T-SNE

Figure 16: A comparision between PCA and T-SNE in the task of visualizing
6,000 handwritten digits from the MNIST data set
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3.3 Clustering
3.3.1 k-means

k-means is an unsupervised learning algorithm, that aims to partition the
data in clusters (groups) based on feature similarity, so that each data point
in the data set at the end belongs to one cluster. The number of clusters is
defined by the variable k. [14]

After the partitioning, data points in one cluster share similar features
among each other and different features comparing them to other clusters.
In other words, k-means seeks to minimize the variation among data points
in one cluster.

The algorithm input is the number of clusters k and the dataset. The
algorithms begins with initial values for the centroids, there are two common
methods to chose those values. The first one is choosing k random values
from the dataset and set them as the k centroids. The second one is assigning
random values to the centroids. k-means then iterates between two steps:

Data points assignment: in this step, each data point is assigned to
one cluster, which is defined by its centroid. The assignment is based on
the squared Euclidian distance between the data points and the clusters
centroids. For each data point the euclidian distance to the centroids is
calculated, the point is then assigned to the nearest centroid.

Centroid update: in this step, the centroids position is updated. The
new centroid position is the mean of the points assigned to it. That means
in this step the centroids are moved to the centre of the points that belongs
to them.

1
C; = |S‘ Z xX; (10)

miGSZ'
Where S; is the set of data points in the cluster ¢

when a stopping criteria is met, i.e., a maximum number of iteration is
reached, the sum of the distances is minimized or no data points change
clusters in step one. The algorithm then terminates and outputs the final
centroids positions.
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Figure 17: Clustering training examples using k-means into two clusters,

the centroids are shifted in each iteration to the mean position of the points
in the cluster. Figure extracted from [29]
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3.4 Classification
3.4.1 k-nearest neighbours (k-INN)

k-NN is one of the simplest machine learning algorithms that can be used
for both classification and regression predictive problems. k-NN is a lazy
algorithm, that means it does not attempt to construct a general internal
model from the data set, it instead memorizes (stores) the training dataset
and makes a prediction based on a majority vote of the nearest neighbours
in the training data set. That means that there is no training phase in k-NN.
k-NN classifies a new data point based on feature similarities with ex-
iting data points from the training set. To do this k-NN searches through
the entire training set for the k most similar data points (neighbours) by
measuring the distance to the points in the training set. Each one of the k
nearest neighbours votes for the new point to be of the same class and the
majority of votes determines the class of the new data point (Figure 18).

The most popular distance measurement between the points in k-NN is
the Euclidian distance. However, there are other popular distance measures
like:

Hamming Distance: calculates the distance between two binary vectors,
which is the number of bits we must change to change one vector into the
other.

Manhattan Distance: calculate the distance between real vectors using
the sum of their absolute difference.

Minkowski Distance: generalization of euclidean and manhattan dis-
tance.

One of the challenges when using k-NN is finding the right value for k.
The best practice to get the optimal value for k is by plotting the validation
error curve for k values in range (1,n) and choosing the value with the
minimal validation error.
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Figure 18: An exammple of a k-NN classification task using different values

of k

(b) k-NN with k=5
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3.4.2 Decision Trees

A decision tree is a supervised machine learning algorithm that is used for
classification or regression problems [15]. It tries to understand the under-
lying relationships in the data features and transforms those relationships
into a tree or graph like model to classify new data. The way decision trees
work is similar to the human logical way of thinking. When observing a new
sample a decision is made based on multiple questions about the features of
the new sample. In a decision tree, the nodes represent the features of the
data, the branches represent decisions and the leafs represent the final out-
come or the final decision. The idea of a decision tree is to divide the data
set into smaller data sets until we reach a small enough set that contains
data points that belong to the same class.

Outlook

Sunny Cvercast Rain

High Normal Strong Weak
No Yes No Yes

Figure 19: An example of a decision tree model that decides if the conditions
of a day are good to play tennis or not. Figure extracted from [30]

A decision tree is built top-down from a root node. At the beginning
all features in the data set are candidates for a root node. To decide which
feature to split on at each step when building the tree, Information gain is
used, which indicates how much information we gained after performing the
split. To explain how Information gain works, I will first explain the concept
Entropy.

Entropy measures the impurity in a set of data. A set is pure when it only
contains samples from the same class. For pure sets, the Entropy value is
zero and it reaches its maximum value when all the classes in the set have the
same probability. Entropy is measured in bits and is given by the formula:

H(S) =Y —p(x)logy p(x) (11)
reX

Where S is the the dataset for which the entropy is being calculated.
X is the set of classes in S and p(x) is the proportion of the number of
elements in class x to the number of elements in set S.
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Information gain uses entropy to pick the best feature to split the data on.
It measures the difference in entropy before and after the split of S on an
attribute A, this value indicates how much uncertainty was reduced after
splitting the set S on A. Information gain is given by the formula:

IG(A,S)=H(S) =Y pt)H(?) (12)

teT

which is in simple words:

Information Gain = uncertainty before the split - uncertainty after the split
= entropy (parent node) — [average entropy (children nodes)]

The highest the information gain is, the better is the split.

In each iteration of building a decision tree, information gain tries to split
the data on the feature that results in the highest information gain and
continues until pure subsets are reached or a stopping criteria is met.

3.4.3 Logistic Regression

Logistic Regression is a statistical method that is often used in binary classi-
fication problems [23]. The goal of logistic regression is to find a model that
describes the relationship between a set of independent input variables and
an output. There are only two classes in binary classification problems, the
positive class and the negative class. The output a logistic regression model
y has always a value between 0 and 1, which represents the probability that
an input sample X belongs to the positive class.

P(X) = P(Y = 1|X) (13)

To achieve this output logistic regression uses the logistic function or
also called the sigmoid function (Figure 20). The sigmoid function takes
any real input and outputs a value between 0 and 1.

The input ¢ for the sigmoid function in logistic regression is the lin-
ear combination of the input variables z1, s, ..., x, multiplied by weights
(B1, B2y weeene , Bn) plus a value fy called bias.

z :604‘511'1 +--'+ann (14)
And the result is then

B 1
1 4e?

Y (15)

Training a logistic regression model is the process of learning the weight
values By, .., B, that result in the most accurate predictions. In other words,
training tries to find the weight values that minimize prediction errors.
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Figure 20: The sigmoid function goes from 0 to 1, with a middle point at
0.5

In the case of multi-class classification problem, a generalization of lo-
gistic regression called multinomial logistic regression is used. This model,
trains N — 1 binary Logistic regression classifiers with /N being the number
of classes. In each classifier, one class is chosen as the positive class and the
rest of the classes as the negative class. When predicting the class of a new
input sample, the sample is given as an input for all the classifiers and the
classifier with the highest probability determines the class of the input.

3.5 Oversampling and Undersampling

Oversampling and undersampling are two techniques that aim to fix the
problem of imbalanced datasets. Imbalanced datasets are datasets in which
the class distribution is not uniform among the classes. In imbalanced
datasets, the classes are composed by two classes, the majority class and
the minority class. Data imbalance is a challenging problem in machine
learning because most of the classification algorithms assume a balanced
dataset. A typical example for an imbalanced data problem is email spam
classification. In this case most of the email are normal emails and only
a small fraction of them are spam. To fix this problem oversampling and
undersampling can be used to alter the class distribution of the training
data. Oversampling adds more of the minority class so it has more effect on
the machine learning algorithm and undersampling removes samples from
the majority class to create a balance in the data. In this thesis, I used two
algorithms to balance the dataset:

Synthetic Minority Oversampling Technique (SMOTE)
SMOTE is an oversampling algorithm that synthesises new minority in-

stances between existing (real) minority instances [16]. The minority class
is over-sampled by taking each minority class sample and introducing syn-
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thetic examples along the line segments joining any/all of the k minority
class nearest neighbours. When using SOMTE the parameter & should be
specified in the input. k represents how many of the closest neighbours are
considered for synthesis.

Original set SMOTE
61 6
44 4
2 )l )
2 2 $. g
0 0 :n 2
ol
%
&
-2 —2 @ g
-4 -4
i -6
s 0 5 s 0 5

Figure 21: An example of balancing a dataset using SMOTE

Nearmiss

Nearmiss is an undersampling algorithm that removes samples from the
majority class based on the average distance to some. It has 3 variations:
Nearmiss-1:

selects samples from the majority class for which the average distance to
some nearest neighbours is the smallest

NearMiss-2:

selects samples from the majority class for which the average distance to the
farthest neighbours is the smallest.

NearMiss-3:

it can be divided into 2 steps. First, a nearest-neighbours is used to short-list
samples from the majority class. Then, the sample with the largest average
distance to the k nearest-neighbours is selected.
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Figure 22: Removing samples from the majority class using near Miss
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4 Dataset

4.1 Dataset Description

The dataset that I used in this thesis consists of 2641 Issue tickets. A
newly created ticket consists of a unique key, creation date, reporter, title
and a description, which is defined by a natural language text. After a
ticket is created, other attributes can be manually added to the ticket (e.g.
example issue type and component). The tickets were obtained from the
issue tracking system JIRA. They are mainly problems or questions reported
from customers, partners or commercetools employees to the commercetools
support team.

4.2 Data Analysis
As a first step, I performed a data analysis.
Language

For the language detection of the ticket body, I used a standalone language
identification tool called Langld [7]. 51% of the tickets were in English, 48%
in German and 1% in other languages like Spanish and Russian.

Length
Tickets in English were found to be longer on average than those in Ger-
man. Specifically the tickets in English had 98 words per ticket on average,

whereas the tickets in German contained 79 words per ticket as shown in
Figure 23.
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Figure 23: Histogram of average text length in words for tickets with En-
glish/German text

Labels

As explained in the Introduction, each support ticket has an optional at-
tribute named ”components”. The ticket attribute components was consid-
ered a label for the ticket in the classification task. This attribute defines
two things:

- The responsible team for the ticket.
- The product part that is causing the issue.

The attribute components was manually added by the support team af-
ter reading the issue. It can have one or more values that are chosen from
a defined list. In total, there were 29 different values that can be assigned
to the attribute. Unfortunately, only 27% of the tickets (i.e. 721 tickets)
were assigned a component (were labelled). Furthermore the distribution of
the value components was highly imbalanced, which made the classification
problem more challenging.(Figure 24)
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Figure 24: The labels distribution in the dataset

4.3 Pre-Processing

The goal of pre-processing is to transform raw data into a format that is
suitable for the performed task. Pre-processing also cleans the data from
non-useful information that can negatively affect the performance of an al-
gorithm. I started the pre-processing by translating all the non-English
tickets to English using the google translate API [8]. Then I concatenated
the ticket title with the description to have one text per ticket.

After that I used the following steps:

Removing URLs: URLs are considered noise and don’t add information
to the context in this task and were removed using Regex expressions.

Tokenization: tokenization is the step which splits texts into smaller pieces
(tokens). Large texts can be tokenized into sentences, sentences can be to-
kenized into words. In the clustering and classification task, texts were
tokenized into words.

Removing stop words: stop words are words that contribute a little to
the overall meaning of a text. They are generally the most common words
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in a language such as ‘the’, ‘is’ and ‘too’ in English. I used a predefined
English stop words list from the scikit learn [18] library for this purpose.

Removing people names: people names don’t give any meaningful in-
sights to the clustering or classification task. To find the names I used the
Stanford Named Entity Recognizer (NER) [17]. NER labels sequences of
words in a text which are names of people or companies. To remove them I
added the words that were labelled as names to the stop words list.

Lemmatizing: Lemmatizing is the process of grouping together inflected
forms of the same word and replacing it with the dictionary form of the
word so that they can be analysed as a single word. For example, the word
”walking” becomes ”walk” and the word ”problems” become ”problem”.
Lemmatization uses a simple dictionary lookup.

4.4 Text Vectorization

The input for most of the machine learning algorithm must be numeric fea-
tures. Thus, the pre-processed text data had to be converted into feature
vectors. For that purpose, I used the two vectorization approaches explained
in the Methods section, namely Dov2Vec and Tf-Idf to see which one gives
the best results.

Doc2Vec

Doc2Vec works best when trained on very large datasets, but it was still
interesting to see how well it will perform on a relatively small dataset.
For the Doc2Vec vectorization I used the gensim library [9] implementation.
The input for the Doc2Vec algorithm is an iterator of LabeledSentence ob-
jects, which are tokenized sentences, and a label of the document containing
them.

The input looks as following:

[[word 1 in issue 1, word 2 in issue 1,.., last word in issue 1], [issue 1 key]]
[[word 1 in issue 2, word 2 in issue 2,.., last word in issue 2], [issue 2 key]]

When building the Doc2vec model, the following parameters need to be
specified:

min count: ignores all words with total frequency lower than the given
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value.

size: specifies the dimensionality of the feature vectors, i.e. how many fea-
tures to learn for the vectors.

window: specifies the window size that is used to determine the context.
Alpha: the initial learning rate.

The model was trained for 100 epochs with an initial learning rate of 0.01
a window size of 5 and vector size of 2000. Also, min count was set to 10
to ignore all infrequent words in the dataset. The training resulted in 2641
document vectors of length 2000.

Tf-Idf

I used the scikit learn implementation of Tf-idf. The algorithm was fed
the pre-processed data as an input and resulted in 2641 feature vectors of
size 6540 (number of features). This size was reduced to 3886 using the pa-
rameter min df, which like the min count in doc2vec, ignores all the words
with frequency less than the given threshold.

4.5 Visualizing the Data

In order to visualize the data, the dimensions had to be reduced. First,I
used PCA on the vectors obtained from Doc2Vec and Tf-Idf which resulted
in two-dimensional points shown in Figure 25.

We can clearly see that Doc2Vec resulted in vectors that are similar and
close to each other in the vector space. This can be due to the small und
relatively similar data samples. On the other hand, Tf-idf did a better job
representing the tickets.

The second approach was using t-SNE. In the t-SNE documentation page,
it was recommended to reduce the dimensions of the feature vectors first
to a smaller number like 50 using PCA and then reduce the dimensions to
two or three using t-SNE to get a better visualization. So, first I reduced
the vectors dimensions to 30 using PCA and then to two dimensions using
t-SNE.

With the t-SNE representation we can see again (Figure 26) that the
vectors obtained from Dov2Vec were similar to some extent and hard to
group whereas the vectors obtained from the Tf-Idf approach resulted in
better distinguished vectors and the groups that were formed after running
t-SNE were easy to identify.
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Figure 25: Data visualization using PCA
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Figure 26: Data visualization using T-SNE
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5 Evaluation

5.1 Clustering

The goal of the clustering was to find interesting patterns in the Data.
Considering the fact that the features in our data are words, the vectors
were expected to be clustered based on the content of the support tickets.
It was also interesting to detect trends in the data to see how those clusters
developed over time.

The first step was finding the patterns. For that, I used the unsupervised
clustering algorithm k-means. k-means takes the feature vectors and the
number of resulted clusters (k) as an input and outputs the corresponding
cluster for each one of the data points. I vectorized the input Data using
two approaches, Tf-Idf and Doc2Vec.

The first input vectors were those obtained by the Dov2Vec model. 1
used values between 8-50 for the number of clusters k and examined the
results manually by checking the features in each resulted cluster. I found a
k value between 28 and 36 to give the best results, as the goal was to have
more general clusters. The groups that emerged by applying k-means on the
Dov2Vec vectors, didn’t represent any clear content. They were rather big
groups with general words or small groups with very specific topics (Figure
27).

professional / project / test / uploads / shop (331)
project / professional / service / fehler / center (301)
professional / order / deutsche / underpaid / service (251)
shop / project / straBe / professional / image (187)
product / project / create / cart / api (184)
project / center / agile / api / customer (163)
product / api / project / cart / update (152)
deutsche / underpaid / paid / platform / order (128)
windowtext / center / shop / info / fall (111)
service / shop / neu / platform / order (108)
product / api / cart / create / project (97)
service / shop / super / payment / straBe (90)
product / project / api / center / prod (76)
e product / api / set / price / aem (75)
query / code / api / stackexchange / product (74)
center / service / admin / account / merchant (53)
service / deutsche / customer / unternehmen / euro (43)
product / code / key / label / type (37)
product / value / variant / attribute / current (29)
payment / shop / plattform / news / meeting (28)
account / sign / service / java / browser (21)
whitepaper / info / blog / sl / Ip (20)
cart / sphere / discount / java / search (19)
payment / main / santschi / niklaus / info (11)
product / code / csv / sphere / import (11)
sphere / node_modules / sdk / lib / null (10)
prod / logentries / frontend / java / order (7)
node_modules / app / node / bluebird / trw (5)
o prod/ frontend / romantic / borg / sphere (4)

java/ job / sun / mar / cronjob (4)

white / scheduled / upgrade / thesslstore / balancer (4)
® used/inforbc / slot / port / host (2)
prod / payment / logentries / ramanujan / pedantic (2)
java / magnolia / info / dofilter / mgnlfilterchain (1)
request / node_modules / node / app / sdk (1)
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Figure 27: Clustering training examples using k-means and the Doc2Vec
vector representation

Visualising the results of the clustering using t-SNE illustrates this prob-
lem better. This poor performance by t-SNE is most probably due to the
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fact that vectors obtained from Dov2Vec were similar for most of the doc-
uments except for a small amount of them as we saw in the Visualisation
part.

The second approach was using the input vectors obtained from the Tf-
idf model as an input. After trying different values for the number of clusters
k, I found the value 36 to result in the best clusters, because larger values
of k resulted in very small clusters with very few data point belonging to
them.

new / update / request / work / add (740)

product / update / variant / mc / type (158)

order / confirmation / customer / payment / cart (95)
shop / scheduled / new / conversion / country (88)
import / product / file / impex / csv (78)

search / product / projection / query / endpoint (72)
query / attribute / graphq / value / type (72)

test / notification / portal / creation / order (69)
service / cartridge / portal / customer / request (68)
project / expired / new / copy / sample (68)

customer / password / user / reset / request (64)

cart / line / add / discount / product (62)

api / product / dev / sphere / customer (62)

center / merchant / admin / mc / product (60)

page / home / homepage / video / mobile (60)

new / customer / store / create / investment (58)

o prod / docker / production / restart / container (55)
payment / paypal / card / credit / method (54)
category / new / staging / key / set (53)

access / grant / project / new / account (53)

account / new / sftp / sign / marketplace (48)

discount / cart / code / product / predicate (48)
shipping / delivery / order / express / address (46)
export / order / product / impex / template (46)

price / product / item / total / value (44)

live / staging / deployment / production / instance (41)
custom / field / object / query / customer (38)
certificate / ssl / new / api / update (37)

e activation / paid / order / prepayment / customer (34)
new / customer / professional / commercial / internal (29)
subscription / stackexchange / broken / exchange / stack (29)
code / coupon / discount / redeemed / voucher (27)
platform / added / join / password / organization (26)
trial / period / project / remove / expiry (25)

e communication / proprietary / prohibited / warrant / virus (18)
sync / product / start / method / production (16)
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Figure 28: Clustering training examples using k-means and the Tf-Idf vector
representation

After visualising the resulted clusters using t-SNE, we can see that be-
sides one big general cluster, the clusters clearly separated the support tick-
ets in rather meaningful groups as shown in Figure 28. To have more insight
on the similarity of the tickets grouped in each cluster, the top Tf-idf fea-
tures in each cluster were obtained, as shown in the plot legend in Figure
28, and based on those features the topic of each group of support tickets
was identified.

5.2 Detecting Trends

The second step in analysing the data was to explore how those groups de-
veloped over time. To do this I separated the tickets based on the creation
date. The tickets that were created in each quarter starting of the beginning
of the year 2017, were vectorised, clustered and visualized. For the vectorisa-
tion, I used Tf-Idf as it gave better results than Doc2Vec. For the clustering
I used a smaller value for k (10) due to the smaller number of tickets in
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each quarter. By examining the topics of the resulted clusters, I was able to
see how the type of support requests changed over time as shown in Figure
29. Those kinds of observations give a good insight about the developing

process of the product and the parts of it that still need improvements.
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Figure 29: An illustraion of the results after clustering the tickets of the first

and 4th quarter of 2017
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5.3 Classification

As mentioned before, the components attribute, which I aimed to predict,
defines the part of the product that is causing the problem reported in the
support ticket and the responsible team to take over the issue and resolve it.
Thus, it can have one or more values depending on the issue. Out of the 2641
tickets, only 721 were labelled which made the problem very challenging. To
be able to achieve better results, additional tickets needed to be labelled.
The process was very slow due to the very specific labelling that depended
on a deep knowledge in the teams structure and responsibilities. For that
reason, [ manually labelled only 331 additional tickets resulting in a total
of 1052 tickets. To gain more insight about the data, I examined the distri-
bution of the labels. In total, there were 29 unique labels that appeared in
different combinations. The labels were non-uniformly distributed as shown
in Figure 24, which made the problem even more challenging. The pipeline
for the classification task is illustrated in Figure 30. First the data was ob-
tained from the JIRA system, then the pre-processing was performed and
the pre-processed data was vectorised using Tf-Idf as previously described
in Section 4. The vectorised data was then split into two parts, 70% of the
data as training set and 30% as a test set. The classifier was trained on the
training set and the last step was evaluating the classifier based on the test
set.

» ; Train Model
Get The Split to Train A
— Preprocess m end tes! . Tgeet:rram m

Figure 30: The pipeline used for the classification

Multiple classifiers were applied for each one of the multi-label classifica-
tion approaches described in the background section to see which one gives
the best results for the problem.

Problem Transformation:

First, I used the problem transformation approaches (i.e. Binary Relevance,
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Classifier Chains and Label Powerset). Those approaches transform the
problem from multi-label classification into multi-class classification. The
advantage of using binary relevance and classifier chains over label powerset
is that in the label powerset approach, there is no possibility to predict new
combinations of labels that do not appear in the training set which could
affect the performance of the classifier when predicting labels for new tickets.

The classifiers that I trained using this approach were decision tee classi-
fier, KNN classifier and a logistic regression classifier. For the label powerset
approach I also trained a neural network to see how it will perform. I used
the scikit-learn [18] implementation for the classifiers and implemented the
neural network using the machine learning library Keras [19]. The neural
network consisted of three layers, one input layer of size 1236 (the number of
features in the dataset), one hidden layer of size 512 and a Softmax output
layer of size 71 (the number of unique label combinations in the dataset). I
trained the network for 10 epochs using ReLLU as an activation function in
the hidden layer and Adam [24] as an optimizer with a learning rate of 0.001.

Algorithm Adaptation approach:

In this approach, I used classification algorithms that were adapted to the
multi-label classification problem. scikit-learn provides adapted implemen-
tations only for the decision tree and the k-NN classifier. For that reason
I didn’t train a logistic regression classifier in this approach. The adapted
neural network consisted also of the same input and hidden layer as the
first network, only the output layer was changed. It had a size of 29 (the
number of labels). I used Sigmoid function as the activation function in the
output layer. The reason for that is that in the softmax function, the sum of
the output probabilities is 1 and the probabilities for each one of the nodes
are dependent on each other. While what I want is a probability for each
one of the labels that is independent from the other labels. The probabil-
ity of the sample having Label 1 for example should be independent from
the probability of the same sample having Label 2. The Sigmoid function
outputs a probability between 0 and 1 for each one of the output nodes and
a threshold of 0.5 was used to indicate a hit. In contrast to the categor-
ical cross entropy loss function used in multi-class classification problems,
the loss function used in this network was also the binary cross entropy to
penalize each output node independently. This network was trained for 10
epochs using the Adam optimizer with a learning rate of 0.001.

I measured the accuracy for all the classifiers using the micro-average
of precision, recall and fl score metrics. Micro average is commonly used
in multi-label classification problems, it calculates the metric globally by
counting the total true positives, false negatives and false positives among
all the labels, therefore it is best suitable for datasets with non-uniform
distribution as it does not take class imbalance into account.
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Binary Relevance | Classifier Chain Label Powerset
metric | R P F1 R P F1 R P F1
KNN 0.43 | 0.54 | 0.48 | 0.43 | 0.53 | 0.47 | 0.44 | 0.49 | 0.46
DT 0.44 | 0.45 | 0.45 | 0.43 | 0.44 | 0.43 | 0.45 | 0.50 | 0.47
LG 0.42 | 0.57 | 0.48 | 0.39 | 0.53 | 0.45 | 0.49 | 0.58 | 0.53
NN - — - - — - 0.32 | 0.45 | 0.38

Table 1: Performance of classifiers with problem transformation approaches

Adapted Version
metric | R P F1
KNN | 0.34 | 0.70 | 0.46
DT 0.41 | 0.46 | 0.43
LG - - -
NN 0.49 | 0.61 | 0.54

Table 2: Performance of classifiers with the adapted algorithms approach

In general, the classifiers resulted in similar results using the different
approaches. There was no clear approach which resulted in remarkably
better results. The adapted version of the neural network alongside the
logistic regression classifier using the label powerset approach performed
the best. A possible explanation for this is the tendency for the logistic
regression classifier to predict the majority classes which are strongly present
also in the test data set.

Following I present the performances of the classifiers for each one of the
multi-label classification approaches:

Binary Relevance

This approach resulted in similar results among the three classifiers. How-
ever, logistic regression performed best achieving an f score of 48% and a
good precision score of 57%. A problem in binary relevance was predicting
minor classes as it uses the One Vs Rest method. Having only few samples
on some classes meant that the positive class samples for some of the clas-
sifiers represented only 1% of the data set which made them hard to predict.

Classifier Chain
The difference between classifier chains and binary relevance is that the

first uses the results of the first classifier in the chain as an extra feature
for the second classifier in the chain and so on. This advantage is good
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when correlations between the labels are present. In our case we can see
that the additional information resulted in slightly worse scores indicating
a weak correlation between the different labels. In this approach, the KNN
classifier performed the best with an f1 score of 47%.

Label Powerset

The label powerset approach performed well among all the classifiers ex-
cept for the NN. Having 71 unique classes with a lot of minor classes led
also to the difficulty of predicting samples of minor classes.

Adapted Algorithms

There was no adapted implementation for the logistic regression classifier,
so it was excluded from this approach. The KNN classifier had a relatively
high precision with a score of 71%, however the low recall score of 34% in-
dicates that there were a large number of samples that were not assigned
any label. This kind of problem might be solved with having more training
samples to increase the confidence of the classifier. The adapted version of
the NN presented the best performance among all the classifiers using the
different approaches with an fl score of 54%, which is a respectable result
considering the size of the data set and the large number of labels.

5.3.1 Experimental Analysis

An issue in the dataset besides the small size of it was the non-uniform
distribution of the labels. There are two ways to create some sort of balance
in the dataset, namely undersampling and oversampling.

The algorithm SMOTE was used for the oversampling and Near-miss for
the undersampling. Due to the fact that the implementation for both meth-
ods does not support multi-label datasets, the labels had to be transformed
to multi-class format like in the LabelPowerset approach. Each unique com-
bination of labels was considered a class, resulting in 71 classes.

Binary Relevance | Classifier Chain Label Powerset
metric | R P F1 R P F1 R P F1
KNN | 037033035 | 0.37]0.28|0.32 | 0.41|0.32 | 0.36
DT 0.49 | 0.43 | 0.45 | 0.47 | 0.43 | 0.46 | 0.41 | 0.44 | 0.42
LG 0.41 | 0.53 | 0.46 | 0.41 | 0.52 | 0.46 | 0.54 | 0.59 | 0.56
NN - - - - 0.33 | 0.44 | 0.39
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Adapted Version
metric | R P F1
KNN | 0.35 ] 0.34 | 0.34
DT 0.36 | 0.39 | 0.37
LG - - -
NN 0.53 | 0.61 | 0.57

Table 3: Performance of the classifiers after SMOTE oversampling

Binary Relevance | Classifier Chain Label Powerset
metric | R P F1 R P F1 R P F1
KNN | 043 | 0.52 | 0.47 | 0.40 | 0.47 | 0.43 | 0.45 | 0.48 | 0.46
DT 0.43 | 0.40 | 0.42 | 0.47 | 0.42 | 0.44 | 0.38 | 0.41 | 0.39
LG 0.39 | 0.53 | 0.45 | 0.34 | 0.47 | 0.40 | 0.47 | 0.52 | 0.49
NN - — - - — - 0.29 | 0.40 | 0.35

Adapted Version
metric | R P F1
KNN 0.31 | 0.66 | 0.42
DT 0.40 | 0.40 | 0.40
LG - - -
NN 0.46 | 0.57 | 0.51

Table 4: Performance of the classifiers after nearMiss undersampling

Table 3 and 4 show how the classifiers performed after applying over and
under sampling methods to the dataset.

We can see in Table 3 that most of the classifiers performed worse af-
ter oversampling, the reason for that is the fact that after transforming the
data from multi-label to multi-class, most minority classes in the dataset
consisted of a label that is rarely used and a label that is widely used. Over-
sampling those classes increased the data samples that contain widely used
labels which caused the classifier to bias towards the widely used labels and
predict them more often. However, the Logistic Regression classifier using
LabelPowerset approach and the Keras NN were able to perform better af-
ter oversampling, increasing the f1 score by 3% each. Undersampling, on
the other hand, removed samples from the majority classes. Removing data
samples from a small data set can be a problem because those removed
samples represent valuable information that are not considered in the train-
ing process, as a result all the trained classifiers after undersampling were
underfitted and preformed worse.
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6 Conclusion

The two main goals of this thesis were exploring the textual data from
the support tickets and checking the possibility of automating part of the
support processes at commercetools GmbH. For the first task, I used two
different approaches to vectorise the data, namely Doc2Vec and Tf-1df. Af-
ter clustering the results using the K-means algorithm, it was clear that the
Tf-Idf method resulted in noticeably better representation, the content of
the resulted clusters was clearly defined and distinguished from that of the
other clusters. Moreover, the clusters were even visible for the human eye
after visualizing the data using t-SNE. Doc2Vec resulted in mostly similar
vectors which was expected knowing that Doc2Vec needs to be trained on
large datasets in order to achieve good results. Analysing the clusters and
how they developed over the past two years gave a good insight about the
platform and showed the parts of the product that should be prioritized in
the developing process.

In the classification part, the results obtained using the different approaches
were relatively similar, but all the classifiers except the NN performed
slightly better using the Label Powerset approach. The adapted versions
of the algorithms performed also well, especially the adapted NN which
achieved the highest Micro-F1 score among all the classifiers. The techniques
I used to balance the dataset and get better results were partly successful.
The Micro-F1 score of the best and second-best classifier increased by 3% by
oversampling minority classes, but at the same time the performance of the
other classifiers was slightly worse using the same technique. The reason for
that, is that the over and undersampling techniques still require the problem
to be transformed to a multi-class classification problem and are still not
adapted to multi-label datasets. That means that the effect of such methods
is always going to be dependent on the distribution of the labels and the
unique combinations of labels that occurs within the dataset. The possibil-
ity of fully automating part of the support process is still questionable at
the current circumstances. A Micro-F1 score of 57% is promising, but is still
not high enough to fully automate such a process. A possibility would be to
semi-automate the process first by suggesting the labels for the new tickets
instead of directly assigning them to it and retrain the classifier when more
labelled data is available as this would clearly improve the results.

It was a very challenging task to work on this small and imbalanced
dataset, but it was very interesting at the same time and it provided me
with the opportunity to discover the real difficulties that can be faced in
multi-label classification problems. Multi-label datasets would most likely
suffer from label imbalance and this increases the need for the development of
techniques like oversampling and undersampling that are adapted to multi-
label datasets.
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