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Abstract

Political debate has no longer been restricted to the traditional media. With the advent
of the World Wide Web, politicians have begun to disseminate their viewpoints online.
Micro-blogs, online social networks and digital press releases have become a medium
of political debate. �e interested reader is now faced with the challenge of �nding his
way through this �ood of information. Document clustering can help with this task,
but the question arises as to which algorithm should be used. �ere is also the question
of a suitable document representation that conveys the semantic information needed
to subdivide along thematic boundaries. �is work aims to provide an answer to these
questions. We created a dataset from a partially labeled corpus of political statements
provided by our industry partner. �is dataset was used to evaluate several document
representation approaches based on topic models and embeddings. Since our dataset
does not contain similarities or distances between statements, we evaluated document
representations based on their performance in a simple recommender system. Among
the document representations evaluated, the averaged Word2vec proved to be the most
useful approach for our dataset. �is document representation was then used as the basis
for evaluating several state-of-the-art clustering algorithms. �e partitions produced
by the clustering algorithms were compared to partitioning based on the expert labels.
Here, Spectral Clustering provided the best results, although none of the clusterings
found resembled well the clusters derived from human labeling. Finally, we implement
a prototype for topic label recommendations based on the best performing document
representation and similarity-based recommendations which was shown to outperform
our industry partners’ approach.
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1 Introduction

With the rise of micro-blogging and online social networking services political debate is
no longer limited to classical media channels like newspapers and television. Policymakers
share their standings and ideas on social media and even engage in political debate online.
A new and growing source of political information has emerged. In a representative
survey from 2017, already 20% of Germans said they use social media as a source of
political information [36]. �is development does not come without challenges. One
of these challenges is �nding one’s way through this �ood of information. �e vast
amount of political statements leaves the user with an unstructured and confusing mix
of statements. �is is especially true when the statements are aggregated from various
sources. Document clustering could aid the users in navigating the political debate by
unearthing hidden structure in the data.

Since there are many state-of-the-art clustering algorithms, the question arises which of
these algorithms produces a partitioning that makes sense to the user. �is depends not
only on the choice of algorithm, but also on the way the document is presented to the
algorithm. �e choice of an appropriate document representation therefore plays a central
role in the quality of results that can be achieved. If the goal is partitioning along semantic
properties, then the document representation should also be able to represent semantic
relationships. How should we represent short political statements, so that the document
representation may be useful in a topical clustering task? For this purpose, embeddings
and topic models come to mind, since — depending on the approach — they assign a point
in a semantic space to words, paragraphs, or even entire documents. But which one should
we choose to represent short political statements, so that the transformed document may
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1 Introduction

be useful in a topical clustering task? And once the document representation approach is
decided, which clustering algorithm will give us meaningful results?

In this work we strive to not only provide an answer to these questions, but we also aim
to build on our �ndings. Our industry partner plans to replace their topical statement
labeling algorithm with a superior one. To this end, we develop and present a prototype
topic label recommender whose design is directly inspired by our �ndings from the
experimental part of this work.

1.1 Problem statement

Our industry partner Interfact markets near real-time analyses of the political discourse
to political parties, NGOs, lobbyists and large enterprises. Interfact collected a data set
of more than one million statements from 5.200 Austrian and German politicians on
which they run an in-house developed natural language processing algorithm. �is highly
optimized algorithm assigns at least one of nine topic labels to a given statement.

Interfact strives to improve their topic matching method to a�ract private businesses
as customers. To satisfy the needs of this new customer group their topic matching
algorithm needs to be replaced with an improved version.

In this work we aim to develop an alternative approach that outperforms the algorithm
currently in use in terms of precision and recall. �e model should be able to learn from
the entire corpus, including the statements that have not been labeled. At the same time,
the model should be able to generalize well enough so that it does not require re-training
every time the debate shi�s to a novel topic.

1.2 Research questions

In order to solve the stated problem, we need a be�er understanding of the problem’s
nature. To gain the required insights needed to master the task at hand, we address the
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1.3 Structure

following two research questions.

RQ1: “Which method is most suitable to represent statements in similarity calculations?”

�is research question deals with the representation of topical statement similarity.
Di�erent document representation algorithms capture di�erent aspects of language.
Preprocessing is expected to have strong impact on the outcome and is therefore addressed
as well. �e question aims to identify a method of document representation which capture
the semantic similarity of statements referring to the same topic.

RQ2: “Which state-of-the-art clustering algorithm works best to categorize short political

statements?”
Once a similarity measures is chosen, a clustering algorithm can be used to partition the
data into clusters. If these clusters align with the partitions derived from human labeling
interactions, then topic labels can be recommended per cluster instead of per statement.
�is research question aims to identify the usefulness of several state-of-the-art clustering
algorithms to unearth the assumed underlying structure in the data.

1.3 Structure

�is work is structured as follows:

Chapter 2 gives an overview on the relevant research related to this work. We will
introduce the work who led to the document representations used, show the course of
recent developments in topical text clustering and highlight some similar, contemporary
research.

Chapter 3 explains how we address the stated research questions and also provides the
fundamental knowledge to understand the experiments. We begin with an explanation
how our dataset is assembled from the received database export in Section 3.1. In Section
3.2 we explain how the document representations are evaluated. For this we give a short
introduction into the used metrics. �en we explain our experiment design in detail, where
we also give a more detailed introduction into the evaluated document representations.

3



1 Introduction

Subsequently, we describe the evaluation of clustering algorithms in Section 3.3. Again
we describe the used metrics as well as the clustering algorithms under investigation.
A�er that, we close with the description of the experiment design.

In chapter 4 the results of the experiments are given and discussed.

Based on the insights we gained from our experiments we created a prototype described
in chapter 5. Besides the prototype we also describe the algorithm applied by our industry
partner so far. We also conduct an experiment to compare the performance of both
approaches.

In chapter 6, we summarize our �ndings, point out the limitations of this work and give
ideas for future research.
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2 Related Work

�is chapter gives a short overview over the body of related work. Document representa-
tions used in this work are introduced in chronological order. �is is followed by a very
short introduction in topical text clustering using document embeddings. To give a con-
text for this work, some contemporary research dealing with similar topics is highlighted
as well.

2.1 Document Representation

�anks to the work of Salton et. al [31, 32] TF-IDF weighted vector space model became
the predominant document representation for similarity calculations of text documents.
In this document representation the documents in a corpus are represented by a vector of
term weights. Every term in the vocabulary corresponds with one element in this vector.
�is leads to large and typically sparse document representations. If the document vectors
of a corpus are wri�en as rows of a matrix, this creates the document-term matrix.

Deerwester et al. [11] introduced Latent Semantic Indexing (LSI) in 1990. �ey used
singular-value-decomposition to decompose large term-document matrices into a pre-
de�ned number of orthogonal factors. �ese factors are used to construct a semantic
vector space and documents are approximated by points in this space. Typically only the
k largest factors are used to represent a document. �erefore Latent Semantic Indexing
(LSI) can be seen as a lossy compression of the documents resulting in a document vector
of prede�ned size k.
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2 Related Work

Later Blei et al. [6] introduced a probabilistic model for document representation called
Latent Dirichlet Allocation (LDA). Latent Dirichlet Allocation (LDA) is a three-level
hierarchical probabilistic mixture model. �e top level represents the document which is
modeled as a mixture of topic probabilities. �e second layer contains the topics which
are modeled as mixtures of word probabilities from the third layer. Documents can be
represented by vectors of their mixture coe�cients. Like for LSI the size k of these vector
is a model parameter.

�e elements of a document vector form LSI or LDA can be interpreted as cluster labels
membership scores but we do not follow this approach. Instead, we use these topic
modes solely for the creation of document vectors, which are serve as input to the cluster
algorithms we investigate.

It is also possible to concatenate documents to a longer document before using them
to generate a model. Mehrotra et al. [25] showed that clustering performance on LDA
representations of short documents can be signi�cantly increased by using document
pooling techniques. �eir dataset was composed of Twi�er messages pooled by their
hash tags. �is is particularly signi�cant for this work, since hash tags can be seen to a
degree as topic labels. While we do not user pooling techniques to compare the di�erent
models, the baseline approach in chapter 5 does.

Embeddings became popular in 2013 when Mikolov et al. introduced the Word2vec
embedding [26, 27]. Word2vec uses arti�cial neural networks to learn vector representa-
tions of words. Neural networks have been used before to create word embeddings but
Word2vec improved performance at lower computational cost. Document representations
can be created from the word vectors of the terms they contain. In this work we chose to
represent documents by the averaged word vectors of the terms they contain.

In 2014, Doc2vec was introduced under the name ”Paragraph Vector“ by Le and Mikolov
[21]. �e Doc2vec approach learns vector representations of sentences, paragraphs or
even complete documents. �is requires an additional step, which makes the model
slower in comparison to Word2vec but in many cases Doc2vec outperforms Word2vec.
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2.2 Similarity Measures

It achieved lower error rates in sentiment analysis and information retrieval [21] and
performed be�er in duplicate question detection [20].

Another challenge is how to handle terms for which no vector representation was created
because the word was not encountered during model training. �is typically happens
when a word is rare or misspelled. �is issue is addressed by the FastText model introduced
by Bojanowski et al. [7]. FastText learns vectors not only for complete words but also for
word fragments. When the model encounters a word that does not appear in the training
data, it can calculate a vector for that word by adding the vectors of its fragments. �is
use of sub-word information takes word morphology into account which is especially
helpful when the model is trained on a small corpus. Less frequent words may not be
present in a smaller corpus, but their fragments probably are. �erefore, FastText can
assign vectors to words in situations where Word2vec cannot.

2.2 Similarity Measures

A wide variety of similarity measures have been used in text document clustering [18].
�e notion of similarity and dissimilarity is in the core of every clustering problem. While
some clustering algorithms are �xed to a particular similarity metric, for others it is
interchangeable. In this work we will focus mostly on cosine similarity and Euclidean
distance.

2.3 Topical Clustering

Clustering is a technique for data analysis which is used in many �elds. De�nitions for
clustering developed over time from intuitive approaches to more formal ones. On page
7 of his book “Cluster Analysis” [15] Everi� notes the di�culty of a formal de�nition for
“cluster”.
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2 Related Work

Clustering divides data into groups (or partitions) of similar objects. �ese groups are
called clusters. Objects within one cluster should be similar to each other while dissimilar
to objects outside of their cluster. If clusters are disjoint then this is called a hard (or
crisp) clustering. If they overlap then we speak of so� clustering.

Using word or document embeddings for text clustering is a relatively new trend. Alnajran
et al. [2] reviewed 13 papers on cluster analysis of Twi�er data from 2011 to 2017. None
of them used embeddings as features.

Similarly, the “Brief Survey of Text Mining” from Allahyari et al. [1] from 2017 did not
even mention embeddings. It’s worth mentioning, that they stated tree challenges for
clustering text data:

• Text representations are sparse although the dimensionality, is high. �is is espe-
cially true for short documents like tweets.

• �e correlation of words with each other needs to be considered.
• �e need for normalization of document representations during the clustering

process.

All these challenges can and have been mitigated by the use of word or document
embeddings since then.

In their survey on topic detection from Twi�er streams, Ibrahim et al. [19] give a tax-
onomy of topic detection techniques. In their taxonomy topic detection techniques are
divided into �ve categories: clustering, frequent pa�ern mining, Exemplar-based, matrix
factorization, and probabilistic models. Except for “Frequent Pa�ern Mining”, we use
at least one technique from every main category in this work. Although we don’t use
LSI and LDA directly for clustering but instead as document representation before the
clustering process.

Dai et al. [10] proposed a text clustering method based on word embeddings for Twi�er
data. Following a pre-processing step, words are represented as word vectors. Cluster
analysis is performed on this vectors to create cluster of semantically similar words.
Every cluster is represented by a cluster vector, which is calculated by averaging all

8



2.3 Topical Clustering

contained word vectors. Further they choose a key word for a topic they are interested in
and represent this word by its embedding, called the topic vector. Clusters are considered
related to topics based on the similarity between topic vectors and cluster vectors. If a
tweet contains words from a cluster which is related to a topic, then the whole tweet is
considered related to a topic.

Fraj et al. [16] also represent Word2vec embeddings and cluster words in topical clusters.
Tweets are further represented as TF-IDF vectors, but here the word clusters serve as
terms instead of the words themselves. �is gives not only smaller vectors, but also
captures semantic similarities between the words. As �nal step, k-means is applied to the
tweet vectors to generate topical clusters.

Li et al. [23] tested Word2vec embeddings for sentiment analysis and topic classi�cation
on data sets comprised of Twi�er statements and general data. �ey found that their
best performing training data set for topic classi�cation of Twi�er statements was a
combination of Twi�er statements and general text data aggregated from news articles,
Wikipedia and two other published corpora.

Dorani et al. [13] investigated the performance of di�erent word embeddings in comment
clustering. �ey compared Word2vec, Glove and FastText embeddings with a traditional
TF-IDF representation on several data sets. Embeddings consistently outperformed TF-IDF
and Word2vec showed the best performance in terms of silhoue�e score.

Curiskis et al. [9] evaluated techniques for document clustering and topic modeling on on-
line social network data. �ey used several document representations including Doc2vec
embeddings, the mean of Word2vec embeddings and a Latent Dirichlet Allocation (LDA)
topic model. �e clustering algorithms used include k-means, hierarchical agglomerative
clustering and others. �is paper is especially noteworthy in the context of our work,
since Curiskis et al. have followed a very similar approach and there is also an overlap in
the investigated algorithms.

9
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2.4 Summary

Our work draws from a long tradition of document representations and clustering ap-
proaches. Following the vector space model [31, 32], we represent documents as vectors
in a semantic vector space. �is allows us to use measures such as cosine similarity and
Euclidean distance. �e vectors are generated either from one of the aforementioned topic
models [11, 6] or one of the mentioned embeddings [26, 27, 21, 7]. By using the vectors of
text documents as input to state-of-the-art clustering algorithms, we implicitly address
the three challenges described by Allahyari et al. [1] for clustering text documents: We
avoid sparse document representations, consider word correlation, and create normalized
document representations.

We highlight several recent publications in the area of text clustering using word or
document embeddings. Some, such as Dai et al. [10] and Fraj et al. [16] address the
challenge by presenting new clustering methods. We take a di�erent approach by evalu-
ating established standard clustering approaches with di�erent document representation
approaches and distance measures. Similar work was published by Dorani et al. [13] and
Curiskis et al. [9]. We add to the area by introducing additional document representation
and clustering approaches not considered in these works. By focusing on short policy
statements in German, we extend the focus to an additional language and domain.

10



3 Method

�is chapter explains how we answer the research questions.

�e �rst section describes the creation of the dataset. We begin with a description of
the database dumps we received from our industry partner, from which we assemble
our dataset. First we describe the database structure and give a short overview about
its contents. �en we explain how we select and clean the data to remove duplicate
statements. Our text preprocessing routine is explained as well. Finally, we explain
our approach to calculate topic scores and cluster labels from the expert labels in the
database.

We approach our research questions in sequential order, treating the second research
question as dependent on the answer to the �rst one. Otherwise, the parameters space to
explore for answering the second research question would be too large.

To answer research question RQ1 (“Which method is most suitable to represent statements

in similarity calculations?” ) we apply the document representation algorithms to the
collected statements. We calculate pairwise similarity between these vectors. To judge
the usefulness of the document representations for similarity calculations, we facilitate
the calculated statement similarities in a simple topic label recommender.

For research question RQ2 (“Which state of the art clustering algorithm works best to

categorize short political statements?”) we apply state of the art clustering algorithms
to the vectors created by the most promising document representation. �e resulting
clusters are then compared to the partitions derived from expert labels.

11



3 Method

3.1 Dataset

�e data we use in the course of this work is provided to us by our industry partner in form
of database exports from their deployed database. �eir database is constantly updated
in real time and therefore our dataset is based on a snapshot of their live system.

In this section we �rst describe the contents and structure of the database export. �en
we explain how we derive our dataset from the database.

3.1.1 Description of the database

Our partner provides us with a database export in MySQL format. �e database contains
statements of politicians made online as well as labeling interactions where experts
assigned topical labels to the statements. It also contains meta information about the
politicians who made the statements.

To prepare the data for analysis the SQL �le was imported into an instance of the
open source MariaDB database management system. As an initial step we analyzed and
documented the structure of the relational database.

Database structure

�e structure of the database export is shown in Figure 3.1. �e data base consists of 14
tables, which hold various information on politicians, political positions, and of course
the political statements collected from online sources.

Over the course of the project, we received two database exports. �e second export
extends the �rst export with additional labels and statements. We requested the second
export, because we suspected that additional labels would increase the performance of
label recommendation and the original dataset was too small to verify this hypothesis.
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3.1 Dataset

Figure 3.1: Database structure

�e �rst export contained a total of 1175680 statements, where 5724 statements were
labeled by human experts. With the second export the number of statements increased
to 1489267 and the number of labeled statements is now 7523.
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3 Method

Number of entries
1st export 2nd export

topics 9 9
political parties 123 124
politicians 5351 5646
labeling interactions 8505 10539
labeled statements 5724 7523
statements 1175680 1496790

Table 3.1: Entries in the 1st and 2nd database export.

A side by side comparison of the two exports is shown in Table 3.1.

Table 3.1 shows the number of entries for some key features in the �rst and second export.
�e number of collected statements increased by 321110 and the number of recorded
labeling interaction increased by 2034.

Most of the parties in the dataset are parties from Austria and Germany, followed by
pan-European political parties. Also governing parties from other European countries
and even some parties from non-European countries are listed.

Statement distribution

Figure 3.2 pictures the distribution of the topic labels in the dataset, which shows non-
uniform characteristics. Note that one statement can have several labels. �erefore the
sum of the labels is larger than the number of labeled statements.

As Figure 3.3 shows, all labeled statements originate from members of Austrian or
German parties. �e prevalence of statements from Austria originates in the company’s
market disposition. �e company is rooted in Austria and expands from there to other
countries.
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Figure 3.2: Distribution of topic labels

Figure 3.3: Origin countries of statements

�e distribution of labeled statements per party shows non-uniform characteristics as
well. �is is caused by di�erences in size and online activity of the parties.

Most of the labeled statements were collected from Twi�er and Facebook as shown in
Figure 3.4. A relatively small amount of labeled statements was collected from press
releases at the “Originaltext-Service” (OTS) of the Austrian press agency.
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Figure 3.4: Statements per provider name

Figures 3.5 and 3.6 show the number of labeled statements per topic of the �ve most
represented parties from Austria and Germany. We �nd that all major parties make state-
ments on every topic category. However, the emphasis on each issue di�ers, sometimes
signi�cantly, across parties.
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Figure 3.5: Statements per topic and party in Austria.
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Figure 3.6: Statements per topic and party in Germany.
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3.1.2 Creation of the dataset

�is subsection describes how we generate our dataset from the database. We explain
which data is selected and how it is pre-processed.

Since the goal of this work is to explore the topical clustering of the statements, we
focus on the statement text and the topic labels. �e unique statement-ID is kept and
the recorded labeling interactions are used to create topic-label-vectors and topic-score-
vectors later on.

Data cleaning and text preprocessing

We observed that some of the statements are highly similar or duplicates. �is usually
happens if the same statement is posted to two di�erent channels in parallel. Another
common source of duplicate statements is when a politician posted the same statement a
second time because a hash-tag or link was missing. When we perform a random split
into a training-set and a test-set, the same statement may appear in both sets. If this
happens, then the measured performance will be be�er than the actual performance
of the algorithm. �erefore, we consider statements where the �rst 100 characters are
exactly the same as duplicate statements and keep only the �rst one we encounter.

�e remaining statements are preprocessed as follows:

1. First we use regular expressions to remove URLs.
2. Words starting with an ‘@’ are removed as well.
3. All non-alphanumeric characters are replaced with a space character (Unicode

U+0020).
4. Remove OTS headers: Texts from Austrian Press Agency’s Originaltext-Service

(OTS) start with an OTS speci�c header. If such a header is present then this header
is removed.
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5. Split the text into tokens: At this point the text is split into tokens. Tokens shorter
than 2 characters or longer than 15 characters are dropped. Tokens containing only
numbers are dropped as well.

Topic labels and scores

�e database contains labeling interactions where human experts have assigned a topic
label to a statement.

We calculate a topic-score vector s for every statement where at least one label was
assigned by an expert.

In Equation 3.1, we de�ne s as a vector consisting of a topic scores for every of the T

topics.

s = [s1, . . . , sT ] (3.1)

Equation 3.2 shows how our topic score is calculated. �e topic score is a value between
zero and one. To calculate it, we count the number of times the statement has received a
particular topic label and divide this by the number of all topic labels assigned to this
statement.

st =
number of times the topic label t was assigned

total number of labels assigned (3.2)

�e statements topic-label vector l indicates, if a topic label has been assigned to the
statement at least once or not. If the topic-label was assigned to the statement, then the
corresponding entry is one — otherwise the entry is zero. �is means, that the topic-label
vector can be easily derived from the topic-score vector as shown in Equation 3.3.

l = [l1, . . . , lT ]

= [ds1e, . . . , dsT e]
(3.3)
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3.2 Evaluation of document representations

3.2 Evaluation of document representations

In this section we evaluate state-of-the-art document representation algorithms for their
usefulness in feature engineering. Our goal is to answer research question RQ1: (“Which

method is most suitable to represent statements in similarity calculations?”).

�e dataset does not contain statement similarity. �erefore, we can not use the straight
forward approach of calculating statement similarities and compare them to the ground
truth. Instead, we measure the achieved performance when the document representations
are used in a topic-label recommender. We argue that if the same documents are used
to train a simple recommender system and only the feature representation changes,
the observed performance changes are due to the document representation approach
chosen.

During this section we use the document representation algorithms to create document
vectors. �is document vectors serve as training data for a similarity based recommender.
We optimize the preprocessor se�ings and the recommender parameters to get the best
performance with every document representation algorithm. �en we use information
retrieval metrics to measure the performance of the optimized system.

We consider a document-representation useful if it leads to good results, when used in a
similarity based recommender.

3.2.1 Similarity metric

To create a similarity based recommender, a similarity metric is required. We use the
cosine similarity [4, chap. 3.2.6]. Equation 3.4 shows the cosine similarity between two
vectors d and q.

simcos (d, q) =
d · q

‖d‖2 · ‖q‖2
(3.4)

Here ‖·‖2 denotes the Euclidean vector norm.
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�e cosine similarity measure can take values between -1 and 1. A cosine similarity of
1 means that two vectors point exactly in the same direction, while a cosine similarity
of -1 means that the vectors are pointing in exactly opposite directions. An angle of 90°
gives a cosine similarity of 0.

3.2.2 Information retrieval metrics

We use Precision, Recall and F1-Measure to evaluate the performance of the label recom-
mendation and for also to determine the optimal parameter se�ings.

We denote the set of labels predicted for statement d as L̂d by the system under investiga-
tion. Ld is the set of Labels for statement d in the test-set. �ese labels were assigned to
the statement d by human experts beforehand. �ese labels are considered to be “relevant”
to the statement.

Precision P@k gives us the portion of the k recommended labels which are relevant to
the statement d:

P@k =
|Ld ∩ L̂d|
|L̂d|

=
Nr. correctly predicted labels

Nr. predicted labels (3.5)

Recall R@k gives us the portion of relevant labels which were assigned to statement d
by the system under investigation.

R@k =
|Ld ∩ L̂d|
|Ld|

=
Nr. correctly predicted labels

Nr. relevant labels (3.6)

�e F1 score is the harmonic mean of precision and recall.

F1@k =
2 · P@k ·R@k

P@k +R@k
(3.7)

When we report P@k, R@k and F1@k for the test-set, we always report the average
over all statements in the set.
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3.2.3 Training and test set

We select all German language statements from Austria which are longer than 51 charac-
ters from the data set. We decided for these conditions because the system currently in
use uses these se�ings as well. �is way, our experiment takes place under conditions
that resemble a production environment.

We randomly split our data set into a training and a test set, where the training set
contains 80% of the statements and the test set 20%. �e training set is used for training
and validation while the test set is used for performance measurements.

3.2.4 Preprocessing

Preprocessing has a strong impact on the performance of the di�erent algorithms. We
expected that some of the preprocessing steps would impact the di�erent document
representation approaches in a di�erent way. �is leads to an unfair comparison be-
tween the document representations. To tackle this issue, we also optimize some of the
preprocessing together with the recommender parameters. To do so, we add optional
preprocessing steps. �is allows us to optimize preprocessing together with the document
representation algorithms. �is way we aim to create stronger baselines and a fairer
comparison between the algorithms.

�e optimizable preprocessor parameters are:

• Stemming: yes / no
• Lemmatization: yes / no
• Stop word list:

– None
– common words
– politician names
– common words + politician names

• Filter for nouns: yes / no
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3.2.5 Creation of document vectors

A�er preprocessing, the statements should be represented as vectors. To do so, we
train di�erent language representation model on our data. �en we use these models to
represent the statements in a vector space.

We evaluate several state of the art document representation algorithms: LSI, LDA,
Word2vec, FastText, and Doc2vec.

Here we give an overview on the algorithms under investigation, explain how we use
them to create document vectors. We also de�ne for which parameters we optimize before
the algorithms performance is compared.

Vector size

For ease of comparison, we decided to choose the same vector size for all document
representation algorithms, taking into account the expected model quality and the com-
putational resources required. Vector size a�ects quality in that larger vectors tend to
produce be�er results, but the relationship is not linear. For a similar dataset, Li et al. [23]
observed that performance did not increase signi�cantly for word embeddings above a
size of 300. Smaller vector sizes lead to smaller models and faster similarity computations.
Our partner uses a LSI model with a vector space of size 200 in the existing system. For
our investigations, we choose a vector space dimension of size k = 200. We consider this
an acceptable trade-o� between computational e�ciency and predictive ability. �is also
gives us another advantage: since we use the same size as in the existing system, it is
also easier to make comparisons with the system later.

Latent Semantic Indexing

LSI [11] was introduced as a method for automatic indexing and retrieval in 1990.
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LSI is based on the singular value decomposition of a term-document matrix created
from a collection of documents. �is results in a set of orthogonal factors spanning a
semantic vector space. By only using the k largest singular values the resulting vector
space is reduced to dimension k. All documents which are part of the training set are
therefore approximated by a vector of dimension k within this space.

For our investigations we created a vector space of dimension k = 200. �e entries in
our term-document matrix are weighted with the “term frequency – inverse document
frequency” (TF-IDF) weighting scheme [31]. We used the cosine-similarity between the
vectors in the semantic space as document similarity metric. Since the documents we
want to represent are not part of the training set, we approximated their document vector
with the fold-in method described by Deerwester et al. [11].

Latent Dirichlet Allocation

LDA is a generative, probabilistic model of a corpus. Documents are modeled as mixture
distribution of latent topics. �e latent topics are also mixture distributions of word
probabilities. �ese explicit representations of documents can be viewed as vectors in a
semantic space spanned by the LDA topics. [6]

Important parameters are:

• the number of topics in the LDA model, which is also the size of the resulting vector
space.

• a parameter alpha, that controls the shape of the topic distribution
• and optional the a-priory word probabilities.

We do not make assumptions on the distribution of topics or the word probabilities.
�erefore, we do not set a value for the two associated parameters and let the algorithm
learn them from the supplied data. We choose the number of topics to be 200, which
gives a vector space with 200 dimensions.
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We train this model on our training set and then we use it to represent new statements
in the found vector space.

Word2vec

Word2vec uses neural networks to learn vector representations of words. �e words in a
de�ned proximity of a word are denoted as the word’s context. �e neural network is
trained using the words and their context. If the neural network is trained to predict a
word from its context then this is called a Continuous Bag-of-Words model (CBOW). If
the context is predicted from the word then this is called a Continuous Skip-gram model.
[26]

We train Word2vec CBOW model on the complete corpus of collected political statements.
�e dimensions of the resulting word vectors is determined by a model parameter which
we choose to be 200.
We derived the word vectors for all words in a statement and then used the average of
these vectors as document vector.

FastText

FastText aims to enrich Word2vec with sub-word information. It is based on the Word2vec
model but the words are represented as bag of character n-grams. [7]

We choose 200 for the vector size of the word vectors. �e document vectors are created
the same way as for the Word2vec model: by averaging the word vectors. �e FastText
model is trained on the complete corpus of collected statements.

Doc2Vec

Doc2vec or Paragraph Vector is an algorithm that builds on Word2vec. Doc2vec extends
the Word2vec model by adding a document vector which represents the particular para-
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graph or document. Document vectors for unseen documents are inferred at prediction
time [21].

We train a Doc2vec model with 200 dimensions on the complete corpus of collected
statements and use this model to create document vectors of new statements.

3.2.6 Label recommendation

We use a simple k-nearest-neighbor recommender. �e recommender holds instances of
labeled document vectors. �e k most similar statements are considered to be neighbors
of the statement under investigation. �e label which is most common for the neighbors
is recommended to the statement under investigation. Statements are considered similar
if the cosine similarity given in Equation 3.4 is large. �e neighborhood size k is the only
hyper-parameter for the recommender.

3.2.7 Optimization

For the optional preprocessing steps, we de�ne di�erent se�ings for our preprocessor
and then conduct grid search on them. We do this two times for our preprocessor: At �rst,
we search for the optimal strategy for word �ltering where we investigate three di�erent
stop word sets and the removal of words which are not nouns. �en we investigate the
impact of two normalization strategies: Stemming and lemmatization. For each of these
investigations we keep the other parameters �xed.

We combine the best preprocessing se�ings into one parameter set and use it to optimize
the label recommender parameter. We conduct grid search over the neighborhood size,
which is the only hyperparameter of our simple recommender. For this optimization step,
we optimize for the F1 score given in Equation 3.7.

�en we use the test set to measure and report the performance of the optimized system.
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3.3 Evaluation of clustering algorithms

In this section we tackle research question RQ2 (“Which state of the art clustering algorithm

works best to categorize short political statements?”).

We chose the most promising document representation algorithm and use it to create
vector representations of the labeled statements from our dataset. �en we apply several
state-of-the-art clustering algorithms to these vectors. We vary the algorithm parameters
and measure the clustering performance. Where possible, we use the cosine similarity as
similarity metric. If this is not the possible we use Euclidean distance instead.

3.3.1 Evaluation metrics for clustering

We decide to use two metrics for cluster evaluation: Silhoue�e score and Adjusted Mutual
Information (AMI). Silhoue�e score serves as an indicator for the cluster structure. We
use AMI to compare the clustering results with the clustered extracted from the expert
labels.

Silhoue�e score

�e silhoue�e score is calculated for every clustered item and can take a value from -1 to 1.
�e silhoue�es sore measures how well the item matches clustering at hand.

Cluster silhoue�es were mainly introduced as a graphical representation for cluster
evaluation: �e items of a cluster are sorted by their silhoue�e scores and then the scores
are plo�ed as a horizontal bar chart or histogram. Besides the graphical inspection of
the silhoue�e plot, the average silhoue�e scores are useful as well. Clusters with a large
average silhoue�e score are more pronounced. If the output of a clustering algorithm
leads to a very large overall silhoue�e score this can be taken as indication that the
algorithm discovered a very strong clustering structure. [30]
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We denote the average dissimilarity of an item i to all other items in the same cluster as
a (i) and the average dissimilarity to all items of the closest other cluster as b(i).

�e silhoue�e score s(i) for an item i is given by Equation 3.8.

s(i) =
b (i)− a(i)

max(a (i) , b (i))
(3.8)

Equation 3.8 requires a measure of dissimilarity on which the Silhoue�e score is based.
�e obvious choices are Euclidean distance and cosine distance.

Equation 3.9 shows how cosine distance between two vectors d and q is calculated.
Cosine distance is based on the cosine similarity we already covered in Equation 3.4.

distcos(d, q) = 1− simcos(d, q)

= 1− d · q
‖d‖2 · ‖q‖2

(3.9)

We calculate and report silhoue�e scores based on both dissimilarity metrics.

Adjusted Mutual Information (AMI)

AMI is an information theoretic measure introduced in 2009 by Vinh et al. [34]. AMI is
a measure for the similarity of two clusterings and is based on the mutual Information
measure (MI). AMI adjusts MI for chance to reduce MI’s bias towards a higher number
of clusters.

Given two clusterings U and V , we denote the entropy of the clustering U as H(U)

and the entropy of clustering V as H(V ). �e expectation for the mutual information
between U and V is denoted as E(MI(U, V ))

�e adjusted mutual information of U and V is given by Equation 3.10.

29



3 Method

AMI (U, V ) =
MI (U, V )− E(MI (U, V ))
H(U)+H(V )

2
− E(MI (U, V )

(3.10)

Note that there are alternative de�nitions of AMI which are also given in the original
paper [34].

3.3.2 Data selection and preprocessing

�e corpus contains over 1.2 million statements wri�en in German language. For the
evaluation of the clustering algorithms, the 2656 labeled, unique, German language
statements from Austria are used as data points. �e restriction to one country is done to
account for the fact that country context contributes to the experts’ labeling decision.
For example, a statement about an event in Berlin will be considered internal politics
from a German perspective, but international news from an Austrian one. �e restriction
to labeled statements is due to technical reasons, because some clustering algorithms
cannot cluster such large amounts of data in an acceptable amount of time with the
available resources. �is is a relevant limitation, as clustering all statements and not only
the labeled sample may lead to more meaningful results, since the clustering result would
not be a�ected by the sampling error.

Another issue arises with the AMI metric. �e expert labels do not lead to hard clusters
where every statement belongs only to one topic. AMI, on the other hand, only works for
data where every data point has exactly one label. �erefore, we preprocess the statement
labels and leave only the label with the highest score. �is new set of labels can be used
with AMI.

�e se�ings for statement preprocessing and document representation are given in
chapter Results and Discussion for consistency reasons.
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3.3.3 Clustering algorithms

In this section we describe the clustering algorithms under investigation. We selected
several state-of-the-art standard algorithms.

For our investigation we used the implementation of the open source machine learning
toolkit Scikit-learn [28].

K-Means

�e k-means algorithm was introduced as a quantization algorithm for pulse-code modu-
lation [24]. K-means partitions a data set into k non overlapping sets. �e sets are de�ned
by their centroids and form convex clusters. �e number of the clusters must be de�ned
as a parameter. K-means is a fast and relatively simple clustering algorithm that scales
well. It uses Euclidean distance as a distance measure. Since k-means e�ectively assigns
data points to the clusters with the closest cluster center. It works best on data of spherical
or hyper-spherical structure.

We vary the number of cluster and optimize for the highest AMI.

Spectral Clustering

Spectral clustering treats the data segmentation problem as a graph partitioning problem.
Data points are viewed as nodes in a graph. �e edges between the nodes are weighted by
their similarity. �en the eigenvalues (spectrum) of the graph’s Laplacian matrix are used
to partition the graph. Usually this is done by facilitating a standard clustering algorithm
like k-means but other approaches like the normalized cut criterion exist as well [33].

Spectral clustering takes the number of clusters as parameter. �e nodes in the graph can
be weighted by di�erent similarity measures. �e implementation that comes with Scikit-
learn [28] knows several similarity-measures out of the box but not cosine-similarity. It
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is however possible to calculate the pairwise cosine-similarities beforehand and use them
as an input parameter.

Due to its graph based approach, Spectral Clustering is able to �nd highly non-convex
clusters.

We optimize for AMI by varying the number of clusters. �is is done twice: During the
�rst run the graph is constructed based on the Euclidean nearest neighbors. In the second
run, the graph is based on the precomputed cosine similarity between the statements
instead.

In the further course of this work we distinguish these two runs by denominating the
la�er as “Spectral Clustering (cos)”.

Agglomerative Clustering

�e agglomerative clustering approach recursively merges the pair of clusters that mini-
mally increases a given linkage distance. We chose Ward’s minimum variance method
[35] as linkage distance. For comparison, we also cluster with the single-linkage method,
where always the two clusters are merged that contain the two closest points which are
not from the same cluster.

For the single-linkage clustering we use cosine-similarity as a�nity measure. Ward’s
method only works on Euclidean distances. We set the desired number of clusters as
stopping criterion for cluster merging. To �nd the optimal parameters we vary this
number and optimize for the largest AMI.

Gaussian Mixtures

We use the expectation-maximization algorithm [12] to �t a Gaussian-mixture-model
as described in chapters 2 and 9 of Bishop’s book on pa�ern recognition and machine
learning [5].
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We set the number of components to the desired number of clusters and optimize for the
largest AMI.

Birch

“Balanced Iterative Reducing and Clustering using Hierarchies” (BIRCH) is an algorithm
designed for large data-sets. First BIRCH scans the data and creates a tree structure. �e
leaf nodes of this tree structure represent local sub-clusters. �is tree structure can be
viewed as a compressed clustering problem. A global clustering algorithm is then applied
to this tree for clustering the sub-clusters [37].

BIRCH takes two parameters that control the creation of the tree structure: “threshold”
and “branching factor”. We set the threshold to 0.5, and the branching factor to 50.

�e global clustering algorithm accepts the number of clusters as parameter. Subsequently,
this number is varied to optimize for the largest AMI.

Mean-Shi�

Mean shi� is a kernel-based algorithm which iteratively shi�s the kernel towards high
density regions. A�er the algorithm converges, near-duplicates kernels are removed and
the remaining kernels are presented as cluster centroids [8].

�e implementation at hand uses a �at kernel on Euclidean space and takes the kernel
bandwidth as parameter.

DBSCAN

DBSCAN is a density-based clustering algorithm that can discover clusters of arbitrary
shape. It takes two input parameters: a distance “eps” and a number “MinPts”. DBSCAN
starts from an arbitrary point and determines if the point is a “core point” or a “border
point”. It is a core point if at least MinPts are within the distance eps, otherwise it’s a
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border point. If the point is core point all points within eps are added to the cluster of the
core point. If an added point is already part of a cluster, then the clusters are merged. If
the point is a border point no points are added to the cluster and DBSCAN picks the next
arbitrary point. [14]

In the Scikit-learn implementation [28] the MinPts parameter is named “min samples”.

We vary both parameters to optimize for the largest AMI. �is is done with euclidean
distance and cosine distance metric.

OPTICS

Ordering Points To Identify the Clustering Structure (OPTICS) does not produce a clus-
tering explicitly but an ordering of instances. �is ordering contains all necessary infor-
mation to extract density-based clusters from the data. Like DBSCAN, OPTICS uses a
distance “eps” and a number of “MinPts”, but eps is not a parameter here. Instead, OPTICS
determines the minimum eps for every point to reach MinPts neighbors. �e eps value for
each instance together with the distances between instances is used to create an ordered
set of instances. Clusters are then extracted from this ordered set. [3]

A�inity Propagation

A�nity propagation views every data point as a node in a network. Messages are passed
between nodes to determine which nodes are suited to represent a cluster (“exemplars”)
and which nodes are represented by which exemplar.

Two types of messages are sent between data points: responsibility messages and avail-
ability messages. Responsibility messages indicate how well a data point is suited to
represent a cluster center in the eye of the sender. Availability messages indicate how
appropriate it would be for the receiver to choose the sender as an exemplar. A�er re-
ceiving these messages, the nodes update their beliefs. A�nity Propagation then iterates

34



3.3 Evaluation of clustering algorithms

until the beliefs converge. Messages are sent between pairs of nodes and only simple,
local computation are required. [17]

�is design makes it a promising choice for self-organizing systems and parallel com-
puting, but in a classical se�ing the quadratic time and memory complexity is a serious
drawback, especially when de data sets are very large.

�e algorithm takes two parameters: a damping factor used to prohibit numerical oscilla-
tion and an optional preference list. �e preference list represents a-priory knowledge
on which data point are likely to be exemplars.

3.3.4 Clustering

Once we created the document vectors we use the clustering algorithms to cluster the
statements. We vary the parameters of the clustering algorithm and calculate the AMI
score with respect to the processed expert labels. Where possible, we also report the
silhoue�e score as given by Equation 3.8. �e silhoue�e score is calculated two times:
First we calculate the silhoue�e score based on cosine similarity and then a second time
with Euclidean distance.

3.3.5 Summary

We create our dataset from a database dump provided by our industry partner. �e
database dump contains over 1.4 million statements and 10539 labeling interactions, with
statements labeled from a set of 9 di�erent topic labels. �e majority of statements are
from Germany, followed by Austria, and are wri�en in German. �e statements were
collected via Twi�er, Facebook and the Austrian press release platform OTS.

�e �rst step is to remove duplicate statements based on the �rst 100 characters. �e
labeling interactions associated with the statements are then used to compute a topic
score vector for each labeled statement. A binary version of the topic score vector, the
topic label vector, is also computed.
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In order to �nd the most suitable method for document representation, we investigate
di�erent approaches to document representation. Two topic models (LSI and LDA) and
three embeddings (Word2vec, FastText, and Doc2vec) are considered. Cosine similarity
is used to calculate the similarity of the resulting document vectors. Since there is no
statement similarity in the database for comparison, the suitability of the document repre-
sentations is assessed based on the recommendation performance when used in a simple
k-nearest-neighbor recommender. To ensure a fair comparison between the di�erent
approaches, each recommender is optimized for the best F1 score. During this step, the
following things are optimized: the size of the neighborhood for the recommender, the
parameters of the document representation approach, and a parameterizable preprocessor.
All document vectors are created in the same size, which we choose based on e�ciency,
quality, and practical considerations. �e most promising document representation is
then used to assess the clustering algorithms.

�e performance of nine state-of-the-art clustering algorithms is investigated. �ese
are K-Means, Spectral Clustering, Agglomerative Clustering, Gaussian Mixtures, Birch,
Mean-Shi�, DBSCAN, OPTICS and A�nity Propagation. All labeled statements from
Austria serve as input to the clustering process. �e quality of the clustering is based on
the Adjusted Mutual Information (AMI) with the expert labels. Since AMI requires two
crisp sets of cluster labels as input, the expert labels are hardened �rst. �e clustering
parameters are optimized for the best AMI for all clustering algorithms before comparison.
In addition, the silhoue�e score is calculated to gain a be�er understanding of the cluster
structure.
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�is chapter aims to present the result of our experiments outlined in chapter 3 and
highlight the most signi�cant �ndings. We give the optimal parameters found for the
document representations based on the measured performance. �en we compare the
top performances for every document representation approach with each other. For the
clustering experiment we give silhoue�e scores and AMI scores for the calculated clusters.
For comparison, we also give the silhoue�e scores of the clusters derived from the expert
labels.

4.1 Evaluation of document representations

Following the approach presented in Section 3.2, the statements were preprocessed and
represented by di�erent types of document vectors. Subsequently, these vectors are used
in a simple similarity based label recommender. �e parameters for every document
representation approach are optimized together with the recommender parameters using
grid search.

4.1.1 Optimal parameters for document representation

We followed the approach outlined in Section 3.2 to �nd optimal parameters for the
document representation algorithm in respect to the topic label recommendation task. A
simple grid search was performed for the parameters of the algorithms and the neighbor-
hood size of the similarity-based recommender system. �e parameter set that gave the
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best F1 score was considered the optimal se�ing. Table 4.1 shows the optimal parameters
obtained for every document representation algorithm and also the optimal neighborhood
size for the similarity based recommender.

normalization stop words parts of speech
used

number of
neighbors k

LSI lemmatization common words +
names

nouns 9

LDA lemmatization common words +
names

nouns 2

Word2vec none common words all 22
FastText none common words +

names
all 30

Doc2vec none common words +
names

all 13

Table 4.1: Optimized parameters for di�erent document representations.

Unlike the two topic models LSI and LDA, none of the embeddings worked best with
one of the tested normalization strategies. �is is not surprising since the embeddings
were trained on the complete corpus without normalization. To train the embeddings
on a normalized corpus was not feasible since normalization takes too much computing
time. While this seems to be a disadvantage at �rst glance it is not: All three investigated
embeddings possess the capability to be trained on a vast amount of text compared to the
topic models. �is enables them to capture the semantic similarity between non-canonical
variants of a word. Beyond that, FastText even takes sub-word information into account,
which makes word normalization redundant altogether.

�e topic models worked best when only nouns were used as input data. Part of speech
(POS) tagging is required to �lter out words which are not nouns, which can be a resource
intensive task. �e embeddings did not require this step, which is another advantage
over the two topic models.
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4.1 Evaluation of document representations

�e use of a stop word list on the other hand was bene�cial to every single of the
investigated algorithms.

4.1.2 Performance with di�erent document representations

For performance comparison of the label recommendation with the di�erent document
representations, we chose a graphical representation. Figure 4.1 shows the resulting
precision-recall curve for top-N recommendation with the di�erent document represen-
tations used. �e number or recommended labels N were varied from one label to all
nine possible labels. We also add a random label recommendation for comparison.

�e topic label recommender based on Word2vec consistently outperformed the other
con�gurations. Word2vec is followed by FastText and Doc2vec, while the two topic
models gave the lowest performance. Within the two topic models LSI outperformed the
newer LDA.

A study by Curiskis et al. on document clustering [9] found that Doc2vec performed be�er
than Word2vec in many cases. �e authors pointed out that the most likely explanation
for this e�ect is a dataset with insu�cient size to accurately train the Doc2vec model.
While the same might be true in our case, more experiments would be needed to test this
hypothesis.
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Figure 4.1: Performance with di�erent document representations.

4.2 Evaluation of clustering algorithms

To give a be�er idea of the nature of the data, we �rst give the silhoue�e scores for
the clusters derived from the expert labels. We optimized the di�erent parameters of
the clustering algorithm for the best AMI score and give the best parameter sets found.
�ese results are divided into two subsections: One for the clustering algorithms that
use the cluster number as a parameter, and one for those that do not. We compare the
performance of all tested algorithms at the end of this section.
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4.2 Evaluation of clustering algorithms

4.2.1 Clusters from expert labels

Before we cluster the data, we take a short look at our ground truth and calculate the
overall silhoue�e score for the clusters derived from expert labels. �ese silhoue�e scores
are given in Table 4.2. Both scores are small and negative. �is suggests that the clusters
are either not convex, they overlap, or both.

distance used silhoue�e score
cosine -0.017

Euclidean -0.046

Table 4.2: Silhoue�e scores of expert labels.

4.2.2 Optimal clustering se�ings

Algorithms with the cluster number as parameter

Some clustering algorithms under investigation take the cluster number as parameter.
�ese clustering algorithms are KMeans, Spectral Clustering, Agglomerative Clustering,
clustering with Gaussian Mixtures, and Birch.

For these algorithms we varied the number of clusters to �nd the optimal se�ings with
respect to the largest resulting AMI. �e progression of AMI over the number of clusters
is shown in �gure 4.2. For the most clustering algorithms the AMI curve shows a steep
increase at the beginning but saturates soon. �e exception is Agglomerative Clustering
with single linkage, which does not provide usable results.

�e optimal se�ings found for clustering algorithms that take the cluster number as
parameter are given in Table 4.3. In this group Spectral Clustering performs best, but
not by a large margin. �is is true for Spectral Clustering based on Euclidean distance
calculation and for the one based on cosine similarity.
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Figure 4.2: AMI score vs cluster number.

Algorithm AMI parameters
AGM single 0.000 n clusters=15, a�nity=cosine, linkage=single
AGM ward 0.099 n clusters=17, a�nity=euclidean, linkage=ward
Birch 0.109 n clusters=18
GMM 0.119 n components=13
KMeans 0.118 n clusters=17, init=k-means++
Spectral 0.126 n clusters=14, a�nity=nearest neighbors
Spectral (cos) 0.123 n clusters=19, a�nity=precomputed

Table 4.3: Clustering with cluster number as parameter: optimal se�ings

Algorithms without the cluster number as parameter

In this section we present the results for the clustering algorithms which do not take the
cluster number as a parameter. �ese are Mean Shi�, DBSCAN, OPTICS, and A�nity
Propagation.

For Mean Shi� we varied the bandwidth parameter to optimize for the largest AMI. Figure
4.3 shows the AMI with varying bandwidth. Note that Mean Shi� is only de�ned on
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4.2 Evaluation of clustering algorithms

Euclidean space.

Figure 4.3: Mean Shi�: AMI vs bandwidth

DBSCAN works best with MinPts set to 2. �is could be an indication that the data set
is too small for DBSCAN. Since DBSCAN did not provide meaningful results with the
Euclidean distance metric, �gure 4.4 only shows the performance with cosine distance.
�e best achieved AMI score is below 0.08.

OPTICS, which is similar to DBSCAN, produces meaningful results for both distance
metrics, but the performance is well below DBSCAN´s. OPTICS also gives best results
for MinPts set to 2.

For A�nity Propagation, we could only �nd one working parameter set, which we report
as optimal parameter set. We also introduced an additional processing steps for this
clustering algorithm, because A�nity Propagation did not produce meaningful results
without them: We removed the mean and scaled our vectors to unit variance before we
applied A�nity Propagation.

�e found parameter set is listed in Table 4.4, together with the optimal parameters of
the other clustering algorithms from this subsection.
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Figure 4.4: DBSCAN: AMI vs eps (cosine distance used)

Figure 4.5: OPTICS: AMI vs min samples
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Algorithm AMI parameters
A�nity Propagation 0.075 scaled=True, metric=cosine
DBSCAN 0.077 min samples=2, metric=cosine, eps=0.29
Mean Shi� 0.025 bandwidth=7.0, bin seeding=False, cluster all=True
OPTICS 0.054 min samples=2, metric=cosine, max eps=inf

Table 4.4: Clustering without cluster number as parameter: optimal se�ings
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4.2.3 Clustering Performance

Table 4.5 shows the clustering performance of all investigated algorithms. Spectral Clus-
tering outperforms all other approaches in terms of AMI. �is is true for clustering with
Euclidean distance as well as for clustering with cosine distance. �e highest silhoue�e
scores are also produced by the both Spectral Clustering results. �is is noteworthy since
Spectral Clustering does not necessary give convex clusters. Agglomerative Clustering
with single linkage did not work at all. All density based clustering algorithms (DBSCAN,
OPTICS, and Mean Shi�) fall at the lower end in terms of AMI. �is is also true for
A�nity Propagation.

Algorithm AMI silhoue�e (cos) silhoue�e (euclidean)
Spectral 0.126 -0.043 0.028
Spectral (cos) 0.123 0.055 0.008
GMM 0.119 0.038 0.018
KMeans 0.118 0.029 0.007
Birch 0.109 -0.016 -0.004
AGM ward 0.099 -0.005 0.001
DBSCAN 0.077 -0.282 -0.205
A�nity Propagation 0.075 -0.049 -0.070
OPTICS 0.054 -0.230 -0.163
Mean Shi� 0.025 -0.286 -0.055
AGM single 0.000 -0.069 -0.273

Table 4.5: Clustering performances.

Figure 4.6 shows a visualization of the di�erent cluster algorithm outcomes as well as the
human labeling. �e di�erent clusters (or labels) are shown in di�erent colors. Although
this is just a non-linear two-dimensional projection, we can see that the clustering
algorithms produce very di�erent results compared to the human experts. �is conclusion
is supported by the AMI scores that we calculated from the outcomes of the cluster
algorithms.
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4.2 Evaluation of clustering algorithms

�e silhoue�e scores are o�en low and sometimes negative, which indicates overlapping
and/or non-convex clusters.

We were not able to produce a clustering, which resembles the labeling done by human
experts. None of the above clustering algorithms seem to unearth the same structure as
a human expert would. However, this conclusion is premature for two reasons. On the
one hand, the data set is very small and experts o�en disagree on which keywords apply.
On the other hand, the labels used by the experts were not derived from the data set,
but were given by the company’s knowledge engineer. �e la�er one might even be the
reason for the �rst one.
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Figure 4.6: Visualization of di�erent clusterings.
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5 Prototype

In this chapter we present our prototype for label recommendation, which we developed
based on the insights gained from our experiments. In Section 5.1 we also analyze and
describe the approach currently in use. �e current algorithm serves as the baseline for
our prototype’s performance. Section 5.2 describes our prototype in detail and highlights
how our �ndings impacted the prototype design. We compare both algorithms and present
the results in Section 5.3.

5.1 Baseline approach

�e currently implemented baseline algorithm is in house developed by our partner and is
tightly coupled with the rest of the system for be�er performance. So far no documents de-
scribing the baseline approach exists. �erefore, we analyzed the implemented algorithm.
�is enabled us to develop a standalone version, which we further used for performance
comparison. To the best of our knowledge, this section is the only documentation of the
currently implemented approach.

5.1.1 Design

In its core, the baseline algorithm uses an LSI model and extensive preprocessing. �e
LSI model is trained on the labeled statements only and not on the whole corpus. �e
algorithm uses the topic labels for document pooling. Tag based pooling schemes have
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been shown to signi�cantly increase the clustering performance of the LDA topic model
[25]. It is therefore likely, that this pooling strategy bene�ts the LSI model as well. �e
unlabeled part of the corpus does not contribute to the generation of the LSI model. Since
the creation of an LSI model is computationally expensive, it would not be feasible to
include these statements anyhow.

�e data �ow of the algorithm is depicted in Figure 5.1. �e diagram is divided into two
areas separated by a dashed line. �e area on the le� side shows the data �ow during
model training, while the right side depicts the �ow during label prediction. Intersections
with the doted line mark the information transfer from training to prediction. �is way
it is easy to see which data artifacts contain the learned information. For the baseline
algorithm these artifacts are the labeled document pool vectors and the LSI model.

5.1.2 Preprocessing

�e preprocessing steps are exactly the same for training and prediction:

1. Remove non alpha-numeric characters: First non-alphanumeric characters are
removed.

2. Remove OTS headers: Texts sourced from Austrian Original-Text-Service (OTS)
start with an OTS speci�c header. If such a header is present then this header is
removed.

3. Split into tokens: �e document is split into tokens along whitespace characters.
4. Capitalize hashtags: If any hashtags are present they are set to upper case.
5. Part-of-speech-tagging: At this point we have a list of string tokens, without

special characters. �e list of tokens is given to a part-of-speech tagging algorithm
to identify nouns in the text.

6. Filter for nouns: All tokens who are not classi�ed as nouns are dropped.
7. Filter for Names: Our partner maintains a list of known politician names. If such a

name is found, then the token is dropped.
8. Lemmatize: All remaining tokens are lemmatized with a lemmatizing algorithm

for German language.
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5.1.3 Training

At the beginning of the training all labeled statements in the dataset are preprocessed as
described in Section 5.1.2.

�is is followed by the topical pooling: All documents belonging to a certain topic which is
given by their label are concatenated to form one large document we denote as document
pool. �is results in several pools, where each pool represents one topic.

�en an LSI model with 200 dimensions is trained on this corpus of document pools. �e
pools are transformed to the semantic space of the resulting LSI model and the document
vectors of the pools are stored.

5.1.4 Prediction

�e new statement is preprocessed as described in Section 5.1.2 which results in a list
of string tokens. �en the LSI model is used to transform the preprocessed statement in
the semantic LSI vector space. In the LSI vector space the cosine similarity between the
vector of the new statement and the vectors of all pools are calculated. In the live system
the similarity to the document pools is used in a threshold classi�er: If the similarity
exceeds 0.7, then the according label is assigned to the new statement. In our experiment
we use the similarity score for ranking: �e topic with the highest score is recommended
�rst, the others follow ordered by descending similarity.
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Figure 5.1: Data �ow of the baseline algorithm.
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5.2 Our prototype

We implemented a label recommendation prototype that outperforms the algorithm in
use, based on our �ndings presented in chapter 4. In this section we describe the prototype
design and explain the underlying design decisions.

5.2.1 Design

Our prototype is based on Word2vec document embeddings and a similarity-based label
recommender.

Figure 5.2 shows the data �ow during prediction and training of the recommender system.
�e le� side of the �gure shows the data �ow for recommender training and the right
side shows the data �ow for the topic label prediction.

On the le� side of Figure 5.2 we can see that the topic label recommender is created
from three data sources. �ese are a dump of the English Wikipedia, the corpus of
collected political statements, and topical labels elicited from domain experts. �e corpus
of collected statements and the Wikipedia dump serve together as the training corpus for
the creation of a Word2vec model, which is later used to calculate document vectors. A
sample of the collected statements was given to domain experts for labeling. Together
with document vectors calculated from the Word2vec embeddings these labels serve as
instances in the similarity based recommender.

For prediction a statement is preprocessed and transformed in the same way as the
statements labeled by the experts were. �e resulting document vector is processed by
the recommender to generate topic label recommendations.
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Figure 5.2: Data �ow of our prototype.

54



5.2 Our prototype

5.2.2 Statement labels

Our partner provided us with a set of statements labeled by human experts. �ese were
sampled from their corpus of collected statements and the resulting expert labels were
added to their database. �is means that the same labels were also used to create the
dataset for answering the research questions from Section 1.2.

�e labeling procedure was conducted as follows: Around 200 statements are sampled
from the corpus and compiled into a list. �is list takes the form of a CSV-Document
which contains statement IDs and text of these statements. �e �rst line of the document
shows the possible topic IDs and spaces where the experts may enter their age and gender.
�e document also contains a column for the topic IDs. �is document is handed to a
human expert who is asked to enter the topic IDs separated by a column. Optionally the
experts may give their age and gender. �e �rst lines of such a document are shown in
Figure 5.3.

Figure 5.3: Document handed to the experts for statement labeling.

A�er the experts have �nished their task the labels are added to the dataset. It is not
required to use this exact label set for recommender training. �e user may choose to
re-train the recommender with a completely di�erent set of labels at any time.
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5.2.3 Model generation

Section 4.1.2 shows that the best performing document representation for similarity
calculations is the document representation based on a Word2vec model.

Embeddings like Word2vec can be learned from a much larger corpus than topic models,
because they are computationally inexpensive in comparison. When the corpus is large
and diverse enough, re-training periods can be extended further. Learning Word2vec
embeddings from big data sets takes a signi�cant amount of time, however, this is only a
problem on the �rst glance. A large, non domain speci�c corpus can be used to create a
well generalizing word2model, which does not require re-training. In a second step this
model can be re�ned with a smaller but domain speci�c corpus on a regular basis within
just a short amount of time.

We decided against using a published Word2vec model for several reasons: To save disk
space, public available Word2vec models o�en omit data which is required for re�ning
the model. Some models are re-trainable, but they are published under licenses which do
not permit commercial use. Another disadvantage is that we can not control the model’s
parameter if we use a published model. �erefore, we decided to create a model from
scratch on a corpus published under a permissive license.

We trained our Word2vec model on a dump of the German Wikipedia from 1st January of
2020. �en we re�ned the model with our corpus of political statements.

By training the model on the Wikipedia corpus, we get a model which generalizes well
but is not well suited to our domain. In the second training step, we re�ne the model
with our own corpus which we compiled from collected political statements. �is �ts the
model to our domain, without loss of the model’s capacity to generalize. Training on the
Wikipedia corpus takes hours to days, dependent on the used hardware and the exact
se�ings.

For our prototype, we created a CBOW Word2vec model with a vector size of 200
dimensions. We set the training parameters to 15 passes with a window size of 5. �is
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was done on an Intel i7-4790K with 16 GiB of RAM overnight. �e resulting model is
persisted to disk and archived for later use.

Finally, we re�ne the model learned from Wikipedia with the newest version of our
corpus. For the prototype this took less than an hour on a laptop.

5.2.4 Preprocessing

Since we use the document representation based on the Word2vec model, we also use
the optimal preprocessing steps found in Section 4.1.1.

�us, the preprocessor steps are the following:

1. Remove URLs: A regular expression is used to remove all h�p, h�ps, �p, and �ps
URLs.

2. Remove words starting with an ‘@’ character.
3. Replace non-alphanumeric characters with a space character (Unicode U+0020).
4. Remove headers speci�c to texts from Austrian Press Agency’s OTS, if such a

header is present.
5. Tokenize: �e text is split into tokens along whitespace characters. All tokens

shorter than 2 or longer than 15 characters are dropped. Tokens containing only
numbers are dropped as well.

6. Tokens are converted to lower case.
7. Remove stop words: All tokens which appear in the given stopword list are dropped.

�e output of the preprocessor is the preprocessed statement: a list of string tokens which
represent the statement.

5.2.5 Document vectors

Once a statement is preprocessed it can be transformed into a document vector.
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As mentioned before, the document vectors are calculated from Word2vec embeddings
of the statement’s words. �e prototype follows the approach introduced in Section
3.2.5: First we use the Word2vec model to gather the document vector for all tokens of
the preprocessed statement. �en we calculate the average of these vectors and use the
resulting vector as document vector.

�e prototype uses the Word2vec model which was created before.

5.2.6 Label recommender

�e partitions found by the clustering algorithms under investigation did not resemble
the clusters derived from human labels as shown in Section 4.2. �erefore, an approach
based on statement clusters did not look promising. However, the similarity based topic
label recommender introduced in Section 3.2.6 produced reasonable results. So we decided
to improve on its design and implement a similarity based topic label recommender.

Again we use an instance based system, where new labels are recommended based on
the similarity between the new statement and the learned instances. For similarity, we
calculate the cosine similarity given in Equation 3.4 between document vectors. During
prediction the k most similar neighbors are considered for label recommendation.

�is approach leads to problems with unbalanced training data. As clearly shown in
Section 3.1.1, the dataset is indeed unbalanced. To mitigate this issue, the prototype
calculates a topic weight for every topic during training. Topics with fewer labels in the
training data, are weighted higher than these with more labels.

Training

�e recommender is trained with labeled document vectors. �ese document vectors
are created from the statements as described in Sections 5.2.4 and 5.2.5. �e Labels are
elicited from experts beforehand as described in Section 5.2.2. �ese labeled document
vectors are stored within the recommender and represent the gathered knowledge.
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�e topics are weighted to mitigate the negative e�ects caused by unbalanced data. High
frequent topic labels are weighted lower than those which appear in fewer examples. For
this a topic weight wt is calculated for every topic t.

We write the topic labels for every document d in form of a topic label vector ld as given
by Equation 5.1. �e dimension of the topic label vector is determined by the number of
topics T .

ld = [ld,1, · · · , ld,T ] (5.1)

If the topic label for topic t is assigned to statement d, then the corresponding vector
element is one. Otherwise, it is set to zero as shown in Equation 5.2.

ld,t =

1, if d has label t

0, otherwise
(5.2)

We use the topic label vectors to form a topic label matrix and sum up the columns. In
Equation 5.3 this is shown as a le� multiplication with a vector of ones. �is gives us the
number of labels for every topic.

[1 · · · 1] ·


l1
...
lD

 = [n1 · · · nT ] = n (5.3)

�e topic weight is then directly calculated from the number of labels for each topic as
given in Equation 5.4. �e multiplication with min(n) guarantees that the largest topic
weight equals one. �is is done for numerical stability.

w = min(n) ·
[
1

n1

· · · 1

nT

]
= [w1 · · · wT ]

(5.4)
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Prediction

For prediction the label recommender takes an unlabeled document vector and recom-
mends topic labels for it. �e document vector is created from a statement as described
in sections 5.2.4 and 5.2.5. �e recommender module calculates the cosine similarity
(as de�ned in Equation 3.4) between the input vector q and the labeled instances in its
memory.

�e labeled document vectors are then sorted by similarity to the input vector in descend-
ing order from 1 to n, so that d1 is the most similar document vector and dn is the least
similar one. �e k most similar instances are taken into account for label recommenda-
tion, where k is set to 15. �is neighborhood size was based on numerical stability and
execution speed considerations.

A topic score is calculated with the scoring function given in Equation 5.5. Note that wt

is the topic weight for topic t as introduced in Equation 5.4 and li, t is the corresponding
element of the topic label vector as given in Equation 5.2.

scoret(q) = wt ·
k∑

i=1

sim (q,di) · li,t (5.5)

Topic labels are recommended based on the calculated topic score. �e topic label are
recommended according to the topic scores in descending order, so that the topic label with
the highest score is recommended �rst and the label with the lowest score is recommended
last.

5.3 Comparison

To compare our prototype to the baseline algorithm, we measure their performance on
our dataset from Section 3.1. Statements wri�en in German language which originated in
Austria were selected. An additional requirement was a statement length of 51 characters.
�ese particular se�ings were chosen, because the baseline algorithm was optimized
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for them. �e argument for this approach is the following: �e baseline algorithm was
optimized for use in the live system. Hence, these are the conditions under which the
prototype must outperform the baseline to provide real live performance bene�ts.

We perform a training/test set split with a ratio of 80/20. Both algorithms are trained on
the test set and then the performance is measured on the test set. Precision, Recall and
F1-Measure as presented in Section 3.2.2 are used as performance metrics. Precision and
Recall for top-N recommendation are calculated as given in Equation 3.5 and 3.6. �e
calculation of the F1 score follows Equation 3.7. �e number of recommended labels
were varied from only one to all nine.

�e measured performance for both algorithms is given in Table 5.1, which clearly shows
that our prototype outperforms the legacy algorithm under all tested conditions by a
signi�cant margin. A graphical representation of the performance comparison is shown
in �gure 5.4.

baseline algorithm prototype
k P@k R@k F1@k P@k R@k F1@k
1 0.453 0.374 0.399 0.539 0.458 0.483
2 0.372 0.599 0.444 0.398 0.649 0.478
3 0.301 0.714 0.410 0.318 0.769 0.436
4 0.251 0.792 0.370 0.267 0.847 0.393
5 0.219 0.854 0.338 0.231 0.904 0.357
6 0.193 0.900 0.309 0.203 0.950 0.325
7 0.174 0.945 0.286 0.179 0.973 0.294
8 0.157 0.973 0.264 0.159 0.987 0.267
9 0.144 1.000 0.246 0.144 1.000 0.246

Table 5.1: Top-N recommendation performance of the prototype and the baseline algorithm.

61



5 Prototype

Figure 5.4: Prediction performance of the baseline algorithm and the prototype for N = [1 . . . 9].

5.4 Summary

We have developed a prototype for label recommendations based on the Word2vec model
and a similarity-based recommendation system. Our Word2vec model is created in a
two-step process: First, a general model is created from a dump of the German Wikipedia,
which is then re�ned using the corpus of collected statements. To create the document
vector, the document is preprocessed and the Word2vec vectors of the words are averaged.
�e similarity based recommender service is trained using labeled document vectors.
�e topic labels are weighted based on the label frequency to compensate for label
imbalance.
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We analyzed the currently used algorithm and created a standalone version to serve as
a baseline for comparison. �e baseline algorithm is based on an LSI model, extensive
preprocessing, and a topic-pooling strategy. Labels are recommended based on their
similarity to topic pools in semantic LSI space.

Our prototype consistently outperformed the baseline algorithm in terms of precision,
recall, and F1-measure.

63





6 Conclusion

In this thesis we investigated topical clustering approaches for short text documents of
political statements.

We evaluated various document representation approaches for their usefulness in simi-
larity calculations of these political statements. In the absence of a similarity baseline, we
developed a simple similarity-based recommender to infer the usefulness of document
representations from recommendation performance. Document representations based on
averaged Word2vec embeddings showed the best performance on our dataset. It was
somewhat surprising that the averaged Word2vec representation turned out to be the
most suitable document representation for our data set. Intuitively, one would expect that
the additional use of sub-word information (FastText) or a paragraph vector (Doc2vec)
would perform be�er. Obviously, the added complexity does not always pay o�, and
one should not dismiss simpler approaches out of hand. �e conditions under which
Word2vec has an advantage over the other two embeddings are not yet entirely clear.
Curiskis et al. noted in their work that Word2vec may have an advantage over Doc2vec
when the number of documents in the training corpus is small [9]. Another in�uence
that can be easily overlooked is the number of words that make up a document. If the
document is very short, it o�en happens that it is connected to a particular topic by only
one or two words. In such cases, a paragraph vector may not contain any additional
information compared to the word vector. Similarly, if the author of a document uses no
or only a few words outside the vocabulary, then there is nothing to be gained by using
sub-word information, since this information is already encoded in the word vectors. If
the training corpus is su�ciently large and the authors use common language, this is
likely to be the case.
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We further evaluated various clustering algorithms for their consistency with topic labels
assigned by human experts. It turned out that the clustering algorithms behaved quite
di�erently from the human experts and produced clusterings which did not resemble the
one derived from the expert labels. On closer inspection, however, this is not surprising.
�e clustering algorithms only partitioned based on the available documents, while the
experts worked with a set of prede�ned topic labels. One could say that the experts
partitioned the data based on prede�ned cluster centers. Moreover, these labels were not
derived from the data itself, but were prede�ned. �us, the two processes do not compare
well which re�ects in the overall low AMI scores.

Based on the �ndings of the above research, we have developed a prototype for topic label
recommendation. Our prototype is based on a similarity-based recommender system
that uses the averaged Word2vec vectors as the document representation. �e Word2vec
model used by the prototype is �rst trained on a dump of the German Wikipedia and
then re-trained on our dataset. �e topic label recommendation algorithm developed
by our project partner was used as a baseline, which was consistently outperformed by
the prototype. Given the previously performed evaluation of document representations
(see Figure 4.1), one would expect the Word2vec based prototype to outperform the LSI
based baseline by a huge margin. Surprisingly, the gains of the prototype compared to
the baseline were lower than anticipated. We hypothesize that the good performance of
the baseline is due to the document pooling strategy used. Mehrotra ad al. showed that
document pooling strategies improve the performance of LDA in a labeling task on micro-
blog posts [25]. It is likely that LSI also bene�ts from document pooling. Considering
this, it is possible that a pooling strategy would also improve our prototype when applied
to the documents in the second training cycle, where the Word2vec model is adapted to
the target domain.

6.1 Limitations

As with all such studies there are limitations that o�er opportunities for further research.
�e work is based solely on one dataset, which also contains only a relatively small set
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6.2 Future work

of labeled statements. �erefore, it remains to be seen how the document representations
perform when trained on a larger corpus, and how a larger set of labeled statements
would a�ect the quality of the prototype’s recommendations. Due to the process the
human experts followed, the expert labels form a fuzzy set of labels. In the creation of our
dataset, this fuzzy set was converted into a crisp set of labels. However, this conversion is
lossy, which means that the information encoded in the expert labels could not be used
to its full extend. When statements are published on online social networks, images and
links o�en play a signi�cant role to express the conveyed message. �is information can
help in clustering statements, but was not considered since this work focuses on text
data. For the evaluation of clustering algorithms, only the labeled statements were used.
�is was done because some of the clustering algorithms would not be able to cluster
the entire corpus with the available computational resources and in an acceptable time.
Also, no user study was conducted to evaluate the topic recommendations due to time
and resource constraints.

6.2 Future work

For future work we propose to broaden the scope to include next-generation embeddings,
such as Glove [29], which could be a good alternative for feature representation.

Specialized document clustering algorithms have been developed in the past for speci�c
tasks, such as event detection from news sources [22] or for public health monitoring
from posts on online social networks [10]. �ese could be adapted for political state-
ments or serve as inspiration for a specialized statement clustering approach. Techniques
such as document pooling strategies [25] and topic vectors [10] may be useful to in-
crease clustering performance. We hypothesize that for certain events, some topics occur
more frequently than others. �erefore, the time at which a statement is made could
be an important feature for clustering statements and should be considered in future
evaluations.
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6 Conclusion

Another area that needs investigation includes the clusters found by the evaluated
algorithms. �ey may not resemble the expert labels from our dataset, but that does not
mean they are useless. As mentioned earlier in this section, the clustering procedure
performed by the experts does not compare well with the algorithmic approach used.
We would like to propose two approaches to address this problem in future work. �e
�rst approach is to use or develop algorithms that accept prede�ned topics in a manner
similar to how they are presented to experts. �e “topic vectors” used by Dai et al. [10]
are a good example of this approach. For the second approach, we propose a se�ing
without prede�ned topics. �e experts would not be asked to label from a prede�ned
set, but to divide the dataset into partitions that would be labeled later. In this case, the
work�ow of the experts is similar to the algorithmic approach of clustering documents
followed by a keyword extraction task.

Finally, a users study should be conducted to ultimately judge the quality of label recom-
mendations in a real life se�ing.
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