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ABSTRACT

Topic models are widely used in natural language processing (NLP). Ensuring that
their output is interpretable is an essential area of research with a wide range of
applications in several areas, such as the enhancement of exploratory search interfaces.
Conventionally, topics are represented by their most probable words. However, these
representations are often di cult for humans to interpret. Evaluating representations
also presents further challenges. Ideally, humans can gauge the quality of the topics,
but it is not always feasible in practical terms. This thesis addresses the limitations
related to the output of the topic model in three ways.

First, it proposes and explores a range of alternative representations of topics by
re-ranking topic words. Re-ranking adjusts the weights of the words and aims to
identify informative words in the topics. This approach is a straightforward remedy,
as topics tend to contain \noisy" words. Additionally, two approaches to evaluating
the topics are proposed: (1) an automatic approach based on a document retrieval
task; and (2) a crowdsourcing task. Both approaches demonstrate that re-ranking
words improves topic interpretability. In addition, two alternative visual forms of
the topic are explored, and a simple list of words representation shows to be more
useful than a word cloud.

Second, the thesis introduces a new approach to assigning topics with short
descriptive labels. Labelling topics is an important task that aims to improve access
to large document collections. Previous work on the automatic assignment of labels
to topics has relied on a two-stage approach: (1) retrieve candidate labels from a
large pool; and then (2) re-rank candidate labels. However, these approaches can only
assign candidate labels from a restricted set that may not include any suitable ones.
The new approach uses a sequence-to-sequence neural-based approach to generate
labels that do not have this limitation. In addition, two new synthetic datasets of
pairs of topics and labels are created to train the models.
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Third, this thesis conducts an empirical study on the proposed labelling ap-
proaches and performs quantitative and qualitative analyses of the generated labels.
The labels are evaluated with gold labels that were rated by humans, and the labels
are also evaluated with the topics themselves. The proposed approaches generate
appropriate labels that are coherent and relevant to the topics.



TABLE OF CONTENTS

Declarations

Acknowledgments

Abstract

List of Tables

List of Figures

Acronyms

Chapter 1 Introduction

11
1.2
1.3
1.4
15

Motivation . . . . . . .. ... ..
Thesis Aimand Scope . . .. .. ...........
Thesis Contributions . . . . . ... ... .......

ThesisOverview . . . . . . ... ... ... ......
Previously Published Materials . . . ... ... ...

Chapter 2 Background

2.1

2.2

Data Exploration . . . . . ... ... .. ........
2.1.1 Classic Topic Models . . . . ... .......
2.1.2 Probabilistic Topic Modelling . . . . ... ..
2.1.3 \Variations of Topic Models . . . . . ... ...
Evaluation of Topic Models . . . ... ... .. ...
2.21 Measure Model Fit . . ... ..........
2.2.2 Measure Topic Quality . . . . . ... ... ..
2.3 Visualisation of Topic Models

Xi

Xiii

XVii



viii CONTENTS
2.3.1 Visualisationofa Topic . ... ... ... .. ......... 32
2.3.2 Visualisation of Documents Collection . . .. .. ... .. .. 35
2.3.3 Evaluation of Topic Visualisation . . ... ... ... .. ... 40

2.4 Post-Processingof Topics. . . . . . . . . . . .. 40
241 Topic Terms Re-Ranking . . . . . . ... ... ... .. .... 41
2.4.2 Topic Labelling . ... ... ... ... .. ... ... 44

2.5 Articial Neural Networks . . . . . .. ... ... ... ... ..., 46
2.5.1 Convolutional Neural Networks (CNNs) . . . . ... ... .. 49
2.5.2 Recurrent Neural Networks (RNNs) . . . . . .. .. ... ... 54
2.5.3 Attention-based Neural Networks . . . . .. .. ... ..... 57

2.6 SUMMAry . . . . . e e e 60

Chapter 3 Re-Ranking Automatically Generated Topics 61

3.1 Introduction . . . . . . . . ... 61

3.2 TaskDenition . . ... ... . ... ... 62

3.3 Re-Ranking Using Corpus Statistics . . . . .. ... ... ....... 64

3.4 Re-Ranking Using Distributional Semantics . . ... ... ... ... 65
3.4.1 EmbeddingSpace . .. ... ... .. ... ... ... 65
3.4.2 Embedding-based Ranking Methods . . . . . . ... ... ... 67

3.5 Evaluation of Topic Interpretability via Document Retrieval . . . . . 69
3.5.1 Evaluation Process . . .. .. .. ... ... ... 70
3.5.2 Datasets . . . . . . .. 72
3.5.3 Experimental Settings . . . .. ... ... ... ... .. ... 74

3.6 Results. . . ... . . . 75
3.6.1 Corpus-based RankingResults . . . . .. ... ......... 75
3.6.2 Embedding-based Ranking Results . . . . .. ... ...... 76

3.7 DISCUSSION . . . . . . . e 77

3.8 Conclusion . . . . . .. 80

Chapter 4 Human Evaluation of Topic Interpretability 81

4.1 Introduction . . . . . . ... 81

4.2 Crowdsourcing Task . . . . ... ... . ... ... 83
4.2.1 Dataset and Pre-processing . . . . .. .. ... ........ 85
4.2.2 Topic Generation . . . . . . .. .. ... 85
4.2.3 Quality Measurements of Crowdsourcing Tasks. . . . . . ... 86

4.3 Results and Discussion . . . . . . . .. 88
4.3.1 Performance ACCUraCy . . . . . . . . o v v v v v v .. 88

4.3.2 Inter-annotator and Annotator-model Agreement . . . . . .. 91



CONTENTS IX

4.4 Evaluating Topic Representations . . . . . . ... ... ... ..... 93
45 Conclusion. . . . . . .. 93

Chapter 5 A Neural Approach to Automatically Labelling Topics 95

5.1 Introduction . . . . . . . . . ... 95
5.2 Proposed Approach . . . . . .. . ... .. 97
5.3 Topic Labellers . . . . . ... .. 98
5.3.1 Convolutional-based Model . . . . . ... ... ... ...... 98
53.2 RecurrentModels . . . .. ... ... .. .. .. ... ... 100
5.3.3 Combined model . .. ... ... ... ... ... . ..., 102
5.3.4 Transformer-based model . . . . . .. ... ... ... ..... 103
5.4 Candidate Search . . . .. ... .. ... .. .. ... 105
55 Conclusion . . . . . . . 106
Chapter 6 Evaluation of Neural Approaches 107
6.1 Introduction . . . . . . . . ... 107
6.2 Data . ... .. . . e 108
6.2.1 TrainingData . . . .. ... .. ... ... ... 108
6.2.2 TestData . ... ... .. . ... ... 110
6.3 Experimental Setup . . . . . . . . ... 112
6.3.1 Hardware and Software Specications . . . . .. ... .. ... 112
6.3.2 Model Hyperparameters . . . .. .. ... ... ... ..... 112
6.3.3 Baselines. . . .. ... ... ... 112
6.4 Topic Labels Quality Estimation. . . . . .. .. .. ... ....... 114
6.4.1 Comparison of Generated Labels with Gold Labels . . . . .. 114
6.4.2 Comparison of Generated Labels with Topics. . . . . . .. .. 116
6.5 Resultsand Discussion . . . . . .. ... .. ... .. .0 118
6.5.1 Evaluation using Gold Labels . . ... ... ... ....... 118
6.5.2 Label Relevance to Topics . . . .. ... .. ... ....... 119
6.5.3 Qualitative Analysis . . . ... .. ... .. ... .. ..., 120
6.6 Conclusion. . . . . . . . . 121
Chapter 7 Conclusions and Future Work 123
7.1 Summary of Thesis Contributions . . . . .. ... ... ........ 123
7.2 Future Work . . . . . . . 125

Bibliography 127



Appendix A Ethical Approval

A.1 Ethics Application . .. ... ... ......
A.2 Participant Information Sheet . . . . . .. ..

Appendix B Sample Topic Labels

Appendix C Order E ect on BERTScore

CONTENTS



LIST OF TABLES

2.1
2.2
2.3
2.4

3.1

3.2

3.3
3.4

3.5

4.1

4.2

4.3

Topic model notations used in section 2.1.2. . ... .. .. ... ... 17
Advantages and Disadvantages of CNNs. . . . . . ... .. ... ... 54
Advantages and Disadvantages of RNNs. . . . .. .. ... ... ... 57
Advantages and Disadvantages of Transformers. . . . . .. ... ... 59

Examples of topics represented by the 30 most probable words from

NYT. Less informative words are shown irbold. . . . ... ... .. 63
Examples of topic representations produced using various ranking
approaches. . . . . . . . ... 69
Datasets statistics. . . . . . . . . . ... . . e 75

Results of the experiment in which the top 5, 10 and 20 ranked words
were used to form a query. The words were ranked using the methods
described insection 3.3. . . . . .. ... oo 76
Results of the experiment in which the top 5, 10 and 20 ranked words
were used to form a query. The words were ranked using the methods
described insection 3.4. . . . . .. ... 77

Results of the experiment comparing re-ranking methods using crowd-
sourcing (section 4.2). Topics are represented by with their top 5, 10

or 20 probable words. The results are for both topics are represented
aslistsandwordclouds. . . ... ... .. ... ... ......... 89
Comparison of re-ranking methods using the crowdsourcing task (sec-
tion 4.2). Topics are represented with their top 5, 10 or 20 probable
words in lists or word clouds. The results were averaged across three

cardinalities. . . . . . . . .. 91
Agreement between workers and the model computed using Krippen-
dor'salpha. ... ... ... . .. ... 92



Xii

6.1
6.2
6.3
6.4

6.5

6.6

6.7

B.1
B.1

LIST OF TABLES

Sample topics from (Bhatia et al., 2016). . . . .. ... ... ... .. 108
Samples of topics and labels from the datasets described in section B12.
Statistics of the datasets described in section 6.2. . . . ... ... .. 111
The hyperparameters explored for training the proposed models in
Chapter 5. . . . . . . . e 113
BERTScore F1 measure between the generated labels and human-rated
labels. . . . . . . . 118
Metrics to assess the quality of the generated labels in relation to the
tOPICS. . . . e e 120
Labelling samples from the proposed models. . .. ... .. .. ... 122
Additional labelling samples to those presented in Table 6.7. . . . . . 149
(Continue) Additional labelling samples to those presented in Table

6.7, 150



LIST OF FIGURES

1.1 Topic model examines a collection of documents (e.g., hews articles)
and produces two outputs, topics and document classi cation, in the
set of latenttopics. . . . . . . . . ... 3

2.1 In LSA, the document-word co-occurrence matrix is decomposed into

three matrices using SVD. . . . . . . . . .. ... .. .. ... ... 15
2.2 Example inputs to a topic model and the generated outputs. . . . . . 17
2.3 Topic model transforms the document-word co-occurrence matrix into

two matrices and ... .. .. ... .. ... e 18
2.4 PLSA graphicalmodel . . ... ... ... ... ... ... ..., 19
2.5 LDA graphical model . . . . .. . ... ... .. 21
2.6 A selection of coherent and incoherent topics. . . . ... .. ... .. 29
2.7 Word intrusion and task intrusiontasks . . . . .. ... ... ... .. 31
2.8 Common visual representations of topics. . . . ... ... .. .. .. 33
29 Word cloud vs. Word storm . . . . . ... ... 35
2.10 Chaney tool layout . . . . . . .. ... ... .. ... 36
2.11 Termite tool layout . . . . . . . . . . .. ... ... 37
2.12 LDAvis tool layout . . . . . .. ... 38
2.13 TopicViz tool layout . . . . . ... .. ... ... 38
2.14 Topic model visualisation tool with interactive capabilites . . . . . . 39
2.15 A visual representation of a single neuron with multiple inputs, and

the associated weights. . . . . . . . . ... .. oL a7
2.16 A simple ANN using three neurons with three inputs. . . . ... .. 47
2.17 Line-plot for the commonly used non-linear activation functions. . . . 48
2.18 Steps in convolution operation between a 2D matrix and a 2D kernel

matrix with astrideof 1. . . . . . . . ... ... ... ... ... ... 51



Xiv LIST OF FIGURES

2.19 An example of a convolution operation performed between an image

andanedgekernel. . . . ... .. ... 52
2.20 CNN model architecture for image classication. . . . . .. ... ... 53
2.21 RNNs computational graph. . . . . . . ... ... .. ... ... 55
2.22 An example of the weights given to the words in a sentence in relation

to the word \it" using self-attention. . . . . . ... ... ....... 58
3.1 lllustration of the IR-based evaluation approach for topics. . . . . . . 71
3.2 Sample categories from Amazon. . .. .. ... ... ... ... 74

3.3 The MAP scores for the IR system when given di erent queries. The
MAP scores were averaged for topics with 5, 10 and 20 words. . . . . 78
3.4 The total number of out-of-vocabulary (OOV) words in the topics
for each of the embedding models under the three datasets. The
percentage of the OOV words to the total number of topics' words'
are shown above each bar. . . ... ... ... ... ... ....... 79

4.1 A topic represented in various ways by changing the number of words

and the visual form of representation. . .. ... ... ........ 83
4.2 Example of the crowdsourcing micro-task interface. . . . ... .. .. 84
4.3 Line plot showing the coherence scores for di erent choices of the

number of topics. . . . . . ... 86
4.4 Consent page for the study on MTurk. . . . .. ... ... ...... 88

4.5 Box plot showing human agreement with the model in each of the
ranking method when the topics were represented by lists of words or

word clouds. . . . . . . ... 92
5.1 Seqg2Seq topic labelling model using CNNs. . . . . ... .. ... ... 99
5.2 Seg2Seq topic labelling model using RNNs. . . . .. ... ... .... 101
5.3 Seg2Seq topic labelling model using a CNN-based encoder and an

RNN-based decoder. . . . .. .. .. ... .. ... . ... ..., 103
5.4 Seq2Seq topic labelling model using a transformers architecture. . . 104

6.1 Bar-plot showing the number of words distribution in Wikipedia titles
and the labels generated by Bhatia et al. (2016). . .. ... ... .. 109
6.2 The process of computing pair-wise similarity and matching words
between the reference sentengeand candidate sentencg in BERTScore
(Zhang et al., 2019). In this gure, two scores are computed, recall
(Rgert ) @and precision Peerr ).« « « « v v v v e e e e 115



LIST OF FIGURES XV

C.1 Bar-plots show the e ect of changing the topics' words order on
BERTScore, which is used in computing the relevance metric. The
relevance metric is described in section 6.4.2. . . . . . ... ... ... 152

C.2 Bar-plots show the e ect of changing the topics' words order on
BERTScore, which is used in computing the discrimination metric.

The discrimination metric is described in section 6.4.2. . . . ... .. 153



XVi LIST OF FIGURES



ACRONYMS

ANNSs Arti cial Neural Networks.
CNNs Convolutional Neural Networks.

EM Expectation-Maximization.

FCs Fully Connected Neural Networks.
GRU Gates Recurrent Unit.

IDF Inverse Document Frequency.

IR information retrieval.

LDA Latent Dirichlet Allocation.

LSA Latent Semantic Analysis.

LSTM Long Short-Term Memory.

MeSH Medical Subject Headings.

MTurk  Amazon Mechanical Turk.

NLP Natural Language Processing.

NYT New York Times.

PLSA Probabilistic Latent Semantic Analysis.
RNNs Recurrent Neural Networks.

Seg2Seq Sequence-to-Sequence.

SVvD Singular Value Decomposition.
TF-IDF  Term Frequency{lnverse Document Frequency.
VB Online Variational Bayes.

XVii



INTRODUCTION

The amount of textual information has increased rapidly because of the continuous
advancements made in computer science. Most digital information is created in an
unstructured form, such as in web pages, emails, and social media posts. Therefore,
ways are needed to index and organise the information into an accessible form (Boyd-
Graber et al., 2017). In making online data more accessible, manual annotation mainly
involves reading and understanding documents to produce a description of each,
which is a comprehensive process that requires many resources. Therefore, automatic
methods, such as topic models, are necessary to help annotate large amounts of
data. Annotated data have various uses, including building an exploratory interface
that allows the user to directly interact with the document collection (Chaney
and Blei, 2012). The output of topic models has also been used widely in various
applications of Natural Language Processing (NLP), such as part-of-speech (POS)
(Toutanova and Johnson, 2008), sentiment analysis (or opinion mining) (Ren et al.,
2016), and summarisation (Haghighi and Vanderwende, 2009). Therefore, processing
and improving the output of a topic model is vital in enhancing exploratory tools

and in cases where annotated data produced by the topic model are used in other
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tasks. This thesis focuses on the interpretability of the results produced by the topic
model.

The rest of this chapter is organised as follows. A brief background of the problem
of large data collection analysis and the motivation for needing automatic approaches
to the task is presented in section 1.1. In section 1.2, the scope and aim of the thesis
are stated, and the main contributions are de ned in section 1.3. Section 1.4 presents
the structure of the thesis, and the author's previously published materials are listed

in section 1.5.

1.1 Motivation

Several unsupervised methods are used to analyse unstructured data, such as those
that discover clusters and reduce dimensionality (Murphy, 2012). This thesis concerns
the management of large text data collections, where it is often useful to reduce the
dimensions and produce a lower representation of the data. Topic modelling is the
main statistical method used to analyse and summarise data collections (Blei et al.,
2003, Hofmann, 1999).

Topic modelling is based on a statistical algorithm that aims to discover patterns
in words by examining a set of documents and discovering key classes called \topics"
based on the statistics of each word. The algorithm also groups and arranges the
documents into the discovered topics. A document usually belongs to multiple topics
in di erent proportions. For example, Figure 1.1 shows latent topics discovered in
the sample documents by topic models. The gure also shows the occupations of
topics in the document; for example, the words shown in the document belong to
topics onaccidents transport, health and police These topic names (i.e., labels) are

manually created to facilitate references to the topics.



Figure 1.1: Topic model examines a collection of documents (e.g., news articles) and
produces two outputs, topics and document classi cation, in the set of latent topics.



In research on machine learning, topic modelling was developed to automatically
code the content of a collection of texts into a set of substantively meaningful topics.
During this process, human involvement is not required, so prior human annotation,
labelling, or hand-coding is not necessary to infer a model (Mohr and Bogdanov,

2013).

Classifying documents in this way is useful in many areas. For instance, the
common method used to search in general is via keywords or phrases. This approach
is useful when users know what they want to nd. However, in cases where a
large collection of documents is handed to a user who has no prior knowledge of
their contents, it is useful to have a system (i.e., topic modelling) for the higher
classi cation of these documents into topics. Topic models have been widely used
in NLP, and they have been utilised in a range of tasks, including query expansion
(Yi and Allan, 2009), sentiment analysis (He et al., 2011), document summarisation
(Nagwani, 2015), and information retrieval (Wei and Croft, 2006). Furthermore,
topic models have been used in various elds beyond text collection organisation.

Two applications of topic models are described below:

" Medical data application  Healthcare data can accumulate substantially, and
they can include diagnoses, prescribed medications, and patient demographics.
Topic models are used to discover the latent health status groups among
patients and their corresponding characteristics. The discovered latent groups
are used to develop a better clinical decision support system that provides the
following capabilities (Lu et al., 2016):

{ Evaluates the likelihood of data in records, which allows the identi cation
of outliers and therefore improves data quality.
{ Predicts diagnoses and medications based on a partial medical record.
{ Identi es pairings between diagnoses and medications.
Automatic methods of data analysis provide opportunities for researchers and

practitioners to create convenient and promising analytical tools that improve
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the quality, safety, and e ciency of healthcare services (Lu et al., 2016).
Scienti ¢ data application Expert- nding tasks, such as the peer review
process, can bene t from topic modelling. For example, conference chairs use
topic modelling to match expert reviewers to submitted papers. In such tasks,
several constraints are considered in making the nal recommendation, such as
the reviewer's expertise, con icts of interest, the number of reviewers per paper,
and the number of papers per reviewer. Because of these aspects, the process
can be intensive and time-consuming, so nding a means of accomplishing it
automatically would relieve the burden on the conference chair. Topic models
are used to discover the latent expertise of a person. Moreover, learned latent
topics are used to match reviewers to suitable research papers (Mimno and
Mccallum, 2007).

As shown in Figure 1.1, topics are usually represented using a set of words
that are not ideal, as they tend to rely on the user's interpretation and knowledge.
Alternative representations have been proposed, such as images or assigning topics
with textual labels, as shown in Figure 1.1. In addition, it is important to design
a useful representation of the entire document collection and its patterns. To
represent topics well, it is useful to know how the mind processes information, learns,
generalises, thinks, reasons, and makes decisions. Tufte and Schmieg (1985) stated
that graphical representations of data could be more precise and reveal more than
guantitative numbers. Moreover, representations should focus the user's attention
on the quantitative data and not the design. To gain the maximum usage of visual
representations, the principles of graphical excellence should be followed. To consider
a representation to be graphically excellent, it should present interesting data clearly,
precisely, and e ciently to the user. In other words, as described by (Tufte and

Schmieg, 1985):

Graphical excellence is that which gives to the viewer the greatest number

of ideas in the shortest time with the least ink in the smallest space.
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Evaluating the e ectiveness of a topic representation is considered a challenge.
One way to address this challenge is through the application of qualitative methods,
in which evaluating the representation involves humans by crowdsourcing the rep-
resentations and gathering ratings. Another way is to estimate the quality of the

representation according to its e ectiveness in aiding the user in performing a task.

1.2 Thesis Aim and Scope

The previous section brie y introduced topic models and discussed the wide range
of their applications. In the context of using topic models to summarise document
collections and present the output to users, it is essential to address the nal
representation of the topic model's output. Therefore, the main aim of this thesis is
to improve the interpretability of automatically generated topics.

Topic interpretability is an essential area of research because of its application
in enhancing exploratory search interfaces (Aletras et al., 2014, Chaney and Blei,
2012, Smith et al., 2017) and developing interpretable machine-learning models (Paul,
2016). Topic interpretability is especially important when users interact directly
with the topics, such as in exploratory search interfaces, which di ers from the case
where topics are integrated in another task (e.g., query expansion and word sense

disambiguation). To achieve the aim of this thesis, several challenges are addressed:

" Topics are probability distribution over the entire vocabulary of the document
collection; and therefore, only the top n words in the probability distribution
are selected to represent the topic. Identifying the terms that are the most
useful to appear within the top n is essential to produce interpretable topics

for the user. To demonstrate:

feven, plan, health, coverage, group, insurance, house, bill, government, refogn

In this topic, commonly used words and less informative words (e.gyenand
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group) appear before words such dsealth and insurance which distracts the
user from important information and reduces interpretability of the topic.
Another challenge is deciding the ideal cardinal number. Setting the value
of n to a small number risks missing useful words that are below this cut-
0. However, setting n as a large number a ects the topics' interpretability,
which requires longer reading time, in addition to taking up more space in
the visualisation tools. The same topic presented earlier is shown below after
informative words are brought forward. It is represented by 5, 10, and 15

words.

top 5: fhealth, care, coverage, clinton, proposal

top 10: f health, care, coverage, clinton, proposal, insurance, medicare, bill,
government, reformg

top 15: f health, care, coverage, clinton, proposal, insurance, medicare, bill,

government, reform, congress, house, president, plan, bilts

In the rst option of ve words, the topic is compact; however, compared with
the representation with 10 words, critical words, such asedicare and reform,
are omitted. Therefore, the topic subject is not re ected properly. Ten words
per topic seems to achieve a good balance between keeping the topic compact
and delivering the required information.

Even after improving the topics by showing informative words rst, it is not
guaranteed that these words will be known by all users. Some words may
require background knowledge, which reduces the interpretability of the topics.
It has been shown that associating topics with labels reduces the cognitive
load required to interpret them (Aletras et al., 2017). Labels can be used not
only to facilitate the perception of topics but also to replace or represent topic
terms. The topic shown above can be assigned or replaced by the labdinton
health care plamy or the label f health care plam.

" Evaluating the improved topic representations poses a challenge, as there is no



standard approach to follow. This thesis adopts the evaluation of each proposed
representation to accommodate the task and aim. In the rst representation,
which is improved topics with informative words shown rst, two evaluation
approaches are proposed: (1) automatic evaluation through an information
retrieval (IR) task; and (2) a human study evaluation approach through
crowdsourcing. In the second topic representation (i.e, textual labels), the
labels were evaluated through the combination of human rating and automatic
quality estimation.

This thesis is concerned with the outputs of topic models, and it explores ways to
improve them. In particular, this thesis aims to improve identi ed topics using topic
models as individual representations. Improvement in the overall representation of
the topic model is not included in the scope of this thesis, such as improving an
exploratory tool that incorporates many topics and represents documents organisation
within the topics.

The experiments conducted in this thesis perform topic modelling using Latent
Dirichlet Allocation (LDA) (Blei et al., 2003) and are applied to English corpora.
However, the proposed representation and metrics could be extended to other topic

model implementations as well as to languages other than English.

1.3 Thesis Contributions

This section lists the contributions of this thesis by chapters:
" Chapter 3
This chapter explores various ranking metrics for the topic's terms and
introduces a novel ranking metric that is competitive with the state of
the art. The chapter also introduces a novel approach to the task of
topic evaluation. This evaluation approach evaluates the re-ranked topics

automatically through an IR-based task.
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" Chapter 4
This chapter introduces an alternative evaluation approach to topic rep-
resentation through a human study formulated as a crowdsourcing task.
The study also explores the e ects of di erent visual representations of
topics on human performance.

" Chapter 5
This chapter introduces a novel approach to automatically generating
labels for topics. The approach follows a Sequence-to-Sequence (Seq2Seq)
neural model architecture, and various con gurations for the models are
explored.

" Chapter 6
This chapter includes an empirical study of various models in the task
of topic labelling, which were introduced in the previous chapter. It
also includes detailed descriptions of two synthetic datasets created to
train the labelling models. The chapter also introduces the novel usage
of contextual neural embeddings to evaluate the results of the proposed

models.

1.4 Thesis Overview

Each chapter is summarised as follows:

" Chapter 2: Background
This chapter provides background information about topic models in general
and the methods used to evaluate them. The chapter pays particular attention
to the visualisation of topic model outputs and includes approaches to improve
their representations. It also describes the techniques used to estimate the
interpretability of the representations. The chapter also provides background

information about neural networks.
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" Chapter 3: Re-Ranking Automatically Generated Topics

This chapter introduces ways to create alternative topic representations. The
proposed approach aims to improve the interpretability of a topic by re-ranking
its terms. The chapter also introduces an automatic approach to measuring

the quality of alternative topic representations.

Chapter 4: Human Evaluation of Topic Interpretability

This chapter introduces an alternative approach to further evaluating the topic
representations presented in the previous chapter from a human perspective.
The approach is formulated as a crowdsourcing task, in which the e ects of
interpretable topic representations on human performance are measured. The
study also examines the e ects of presenting the topic to the users in di erent

visual forms.

Chapter 5: A Neural Approach to Automatically Labelling Topics
This chapter presents another topic representation in which topics are assigned
labels. The labels are created through a novel approach using neural networks.

The chapter de nes the labelling task and various neural labelling models.

Chapter 6: Evaluation of Neural Approaches

Chapter 5 presents the implementation and experimental details of the label
generation models introduced in the previous chapter. This chapter describes
in detail the creation of two datasets that are used to train the models. The
testing datasets are also described in detail. The chapter discusses automatic
evaluation approaches to estimating the quality of generated labels. In addition,
a qualitative analysis is conducted to determine the coherence and relevance of

the generated labels.
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" Chapter 7: Conclusion and Future Work
The last chapter summarises this thesis and provides recommendations and

directions for future work.

1.5 Previously Published Materials

Some parts of this thesis were published in peer-reviewed conference publications:
" Areej Alokaili, Nikolaos Aletras, and Mark Stevenson. Re-ranking words to
improve interpretability of automatically generated topics. InProceedings of
the 13th International Conference on Computational Semantics - Long Papers

(IWCS '19), pages 43{54, Gothenburg, Sweden, 2019.

Areej Alokaili, Nikolaos Aletras, and Mark Stevenson. Automatic generation of
topic labels. In Proceedings of the 43rd International ACM SIGIR Conference
on Research and Development in Information Retrieval (SIGIR '2Q)pages

1965{1968, Virtual Event, China, 2020.

In addition, most of the data and codes used in this thesis were released publicly

and can be found athttps://github.com/areejokaili/
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BACKGROUND

Chapter 1 has brie y introduced topic models and has shown their ability to organise
and summarise large collections of unstructured data. It has also established some of
the challenges that accompany the application of topic models. Mainly, with focus
on the topic models' interpretability and bene cial usage. Therefore, this chapter
consists of formal and detailed descriptions of the topic modelling task and details
of various approaches to perform topic modelling. It also includes the various and
diverse forms of evaluating and assessing the quality of the topic model and its
outputs. The chapter also covers the alternative representations developed for the
topics and for the model as a whole.

This chapter begins by presenting an overview of topic models in section 2.1.
The section also describes the mathematical formulation of various approaches to
topic models and present di erent variations that stemmed from them. Next, several
works on estimating and improving the topic model's quality and its outputs are
presented in section 2.2. Section 2.3 shows various alternative representations for
the topics as a stand-alone element and as a part of an overall system. Section

2.4, describes recent research aimed at improving the output of topic models after
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training. Section 2.5 includes a brief description of neural networks since they are

used in later chapters. Finally, a summary of the chapter appears in section 2.6.

2.1 Data Exploration

Learning the semantics (meanings) of large collections of documents is a sophisticated
problem that has been widely investigated (Yang, 2012). Many data collections
are highly structured, but others are unstructured (or semi-structured), such as
data consisting of text. For example, a tremendous amount of data are created and
circulated on microblog sites like Twitter. Extracting information from microblogs
has become useful for discovering public opinion on di erent issues such as analysing
messages (i.e., tweets) over a timespan to give insight into what happened during
that time since people tend to tweet about matters in their life. Twitter has many
tweets and an enormous amount of tweets posted every second, making manual
inspection of such data an impossible task (Steinskog et al., 2017).

Topic models are a group of data mining techniques that explores a large collection
of data and can identify groups of co-occurring words that summarises the data
collection automatically. This section presents topic model techniques using the
following notation and terminology (Blei et al., 2003):

" w as aword, which is represented as a distinct token since topic models use

bag-of-words notation.

" w as adocument a sequence of N word&/ = wq; Wa; i Wy .

" D as acorpus a collection of documentd = wq;wy; Wy .

In addition to the above terminologies and notations, additional terminologies
are de ned that are commonly used in topic models and therefore will be used in
this thesis. It is important to explicitly de ne them as they can have other meanings

in di erent domains.

" Topic In a topic model, a topic refers speci cally to a subject derived from a
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document collection. It usually consists of a group of words that are related
semantically and that represent a common subject.

" Terms or words These are often used interchangeably in topic models.

" Topic representation The approach used to represent the topic to the user
in a human-readable form. The topics as a raw output of the topic model are

a low dimensional representation and therefore not easily understood by users.

2.1.1 Classic Topic Models

Latent Semantic Analysis (LSA)

Latent Semantic Analysis (LSA) (Deerwester et al., 1990) was proposed to overcome
the problems (or shortcomings) of document retrieval using queries that perform
exact matches of words. LSA is a semantic approach that maps documents from
high dimensionality count vectors to a lower dimensional space called latent semantic
space using Singular Value Decomposition (SVD) which re ects the major associative
patterns in the data. LSA output provides information beyond the lexical level as it
provides semantic relation between documents vectors and words vectors. LSA takes
a large matrix of document-word associations where rows correspond to documents
and columns correspond to words, then LSA produces \semantic" space that places
terms and documents close to each other if they are related (i.e., if they belong to the
same concept). These new positions in the semantic space provide a new index for
the information retrieval process. For example, query terms are located in this space
and their concepts are identi ed, then documents that are nearby in the semantic
space (i.e., share the same concepts with the terms) are returned as a result of the
query.

The data collectionD is represented as a sparse documents/words co-occurrence

matrix A. A of sizeM V. The SVD theorem states that matrix A can be
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Figure 2.1: In LSA, the document-word co-occurrence matrix is decomposed into
three matrices using SVD. Figure adapted from (Steyvers and Gri ths, 2007).

decomposed into three matrices as follows:
A=U S V'; (2.1)

whereU columns are the eigenvectors AA', and S is a matrix with non-zero
entries only on the diagonal and these values are the square root of the eigenvalues of
AAT called singular values. Singular values i8 encode the strength of the concepts
and are sorted in a descending order which is useful for dimensionality reduction.
The original matrix A can be formed again by multiplying the three matricedJ, S,
and VT, Figure 2.1 shows the decomposition of matriA into three matricesU, S,
and VT using SVD.

Dimensionality reduction can be performed to represent the document collection
with fewer number of concepts by keeping th& singular values with the largest
scores. In another words, LSA approximated by truncating K entries from the
decomposition matrixS giving A2 The approximation aims to minimizejjA  AYjg,

P
wherejj::ijj is the Frobenius-norm  de ned asjjDjj := sqrt( ; Df). Therefore, A°

j
with the K largest singular values is given by:
A= Uy Sk W/ (2.2)

where Uy is a matrix of sizeM K with rows as document vectorsSx is a

diagonal matrix of the eigenvalues oA\, and V! is a matrix of sizeK V where
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each columns represent a word vector. LSA produces this new representation for
documents where each document by is represented as a linear combination of the
concepts (i.e., topics). Concepts vector§x are the product of the word vectorsv,]

and the diagonal matrix S as follows:

Ck = W Sk (2.3)

The new low-dimension vector representation of concepts can be used to identify
similar documents, such that documents with similar concepts tend to be close in
the latent semantic space. Also, similar documents are identi ed even when they do
not share terms with each other as long they share terms with another documents.

Although LSA has been shown to identify word synonyms, it has been less
successful in identifying polysemy and yields concepts that are either incoherent or

hard to interpret (Landauer and Dumais, 1997).

2.1.2 Probabilistic Topic Modelling

Probabilistic topic models discover the hidden semantic structure of a document
collection based on a hierarchical Bayesian analysis of the original unstructured texts.
They uncover patterns between words and documents to identify the latent structure
of the text collection (Blei and La erty, 2009a).

Before describing the process of analysing the document collection using a prob-
abilistic topic model, there are additional notations that are used in this section.
Table 2.1 shows the notations and their description.

For example, from Figure 2.2 consider the two documentsvg and w,) from a
collection of documentdD with V possible vocabulary words. Passing the documents
to a topic model will result in the generation of two distributions: document-topic ()
and topic-word () distributions. From the rst distribution (), we can identify

that the rst document (w;) has around 18% probability under topic 4 and from
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Table 2.1: Topic model notations used in section 2.1.2.

Notation | Description

the multinomial distribution of documents over topics, therefore ™ is
the distribution of topics for the m-th document.

the multinomial distribution of topics over words, therefore  is the
distribution over the words in the vocabularyV for topic t.

the Dirichlet prior for topics concentration in documents.

the Dirichlet prior for words concentration in topics.

z the topic assignments for words in a documemnw, thereforez,, ., is the
topic assignment for then-th word in documentw.

Figure 2.2: Example inputs to a topic model and the generated outputs.

the second distribution () we can identify the highest probability terms under
topic 4. So, given the two documents without any additional annotation we can get
an automatic summary of the document collection including the topics discussed
in the document collection (left output in Figure 1.1 from Chapter 1) and topic
proportion in each document (right output in Figure 1.1 from Chapter 1). Figure 2.3

shows the matrix decomposition of the probabilistic topic model.
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Figure 2.3: Topic model transforms the document-word co-occurrence matrix into
two matrices and . Figure adapted from (Steyvers and Gri ths, 2007).

The next two sections describe the common techniques for probabilistic topic
models, namely Probabilistic Latent Semantic Analysis (PLSA) and Latent Dirich-

let Allocation (LDA).

Probabilistic Latent Semantic Analysis (PLSA)

PLSA (Hofmann, 1999) is a probabilistic approach for analysing a document collection
that was derived from LSA. LSA performs linear transformation by aligning the
documents with the co-occurrence table. Then, SVD is performed to transform
documents from high-dimensional count vectors to a low dimensionality vectors.
LSA has been used in di erent problems and shown to be a useful data analysis
tool (Landauer, 2002). On the other hand, LSA is not a generative approach and
the alignment has to be recomputed every time additional documents are added
to the collection. It also optimises ad hoc variable and has di culty in identifying
polysemous words (Hofmann, 2001).

In contrast, PLSA is a statistical technique based on a mixture decomposition
derived from the aspect model (Hofmann, 1999). It transforms documents to a lower
vector representations and assumes that each document is a mixture of multiple
topics. The main idea is to nd a probabilistic model with the hidden topics that
can generate the original observed document collection. Each document is created by
rst picking a topic from the set of topics then generating document words based on

the topic's multinomial probability distribution. Therefore, the result from PLSA is
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Figure 2.4. PLSA graphical model

that every document is represented as mixture of topics. The plate notatiérshown
in Figure 2.4, provides a quick overview of the variable association in PLSA, in which
the topic latent variable z is associated with the observed variable. The generative
process of PLSA can be de ned in the following way:
1. Select a documentv with probability p(w):
(a) For each wordw,,;n 2 N in the documentw:
Select a topicz, with probability p(z,jw),
Generate a word with a probability p(wnjz,).
Similarly, the generation process in a joint probability model of a documemy

and a wordw is as follow:

P(w;w) = P(w)P(wjw)
X
=Pw) Pwjz)P(zjw)

z

P(wW)P(wj2z)P(zjw)

X

(2.4)

Z

X

P(w;z)P(wj 2z)

X

P(wjz)P(2)P(wj2z):

The unknown parameters to be estimated are the document distribution over topic

P(z j w) and the probability distribution of topics over words P(w j z). Parameters

In a plate notation, nodes represent random variables, shaded nodes represent observed variables,
directed lines show possible probabilistic dependence, rectangles show repetition, and the letter in
the bottom right of the rectangle shows the repetition frequency.

19



estimation are usually performed using Expectation-Maximization (EM)(Dempster
et al., 1977). EM performs estimation of parameters in two steps: the expectation
step (i.e., E-step) and maximization step (i.e., M-stop). At rst, EM initializes all
unknown parameters randomly, then it performs the E-step, which computes the
expected likelihood of the complete document collection given the current parameters
and the observed documents. Then, the M-step is performed where the model
re-estimates all the parameters by maximizing the likelihood of the collection. These

steps continue to alternate until the optimization function (i.e., likelihood) converges.

Two constraints are maintained through the estimation of the latent variables.

First, the sum of all words in one topic distribution should be 1, such that

X/
8i 2 [L,K]; P(wjz)=1: (2.5)
j=1

Second, all topics mixtures for one document should sum to 1:

X
8d2 [LM]; P(zijwg) =1: (2.6)

i=1

There are a few shortcomings of PLSA. PLSA models the document as a mixture
of the topics, however, the model only learns the topic mixtures for the documents
in the training set. Therefore, PLSA has the limitation of not being a generative
model for new documents because it learns the possible topic proportions from the
data it was trained on (Hofmann, 1999). Also, the number of parameters for the
model grows linearly with the number of training documents. Linear overgrowing
suggests the possibility of over tting. Although, over tting has been avoided by
the generalisation of a maximum likelihood model tting by Tempered Expectation

Maximization (TEM)(Hofmann, 2001).
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Figure 2.5: LDA graphical model

Latent Dirichlet Allocation (LDA)

LDA (Blei et al., 2003) is a generative extension of PLSA that has been developed
to address both of its shortcoming, namely its none generative capabilities and
over tting.

The graphical model representation for LDA in a plate representation is shown
in Figure 2.5. The representations shows that LDA has three levels. First, the latent
prior and are corpus-based parameters and are sampled once in the process of
generating a corpus. The variable is a topic-level variable and it is sampledK
times, while the variable is a document-level variable and it is sampled once per
document. The variablesz and w are word-level variables that are sampled once per
word per document.

Given the number of topics, the distribution over words , and distribution over
topics 2, the LDA's generative process is as follows:

1. For each topictx; k 2 K:
(a) Choose a distribution over words Dir( ),
2. For each documentv,,, m2 M:
(a) Choose Dir( ),
(b) For each wordw,, n 2 N:
a. Choose a topiz, Multinomial( ),

b. Choose a wordw, from p(wnjz,; ).

2for now, lets assume that and are available, more on inferring these distributions shown
shortly.
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Similar to the above generative process, the model's joint probability of the whole

corpusD is as follows:

- WI - \K - w . .
Pw;z;; j; )= P(aj ) P(«kj ) P(Zin] a)P (Wanj Zan)
d=1 k=1 n=1
(2.7)
The distributions , , and z in the above equation are the variables that need

to be estimated. Inferring the exact distributions is computationally challenging.
There are various algorithms to approximate the inference of these distributions:
expectation-maximisation (EM) (Hofmann, 1999); message passing (Zeng et al., 2013);
variational inference (Blei et al., 2003); Online Variational Bayes (VB) (Ho man

et al., 2010); and Gibbs sampling (Gri ths and Steyvers, 2004). VB is the algorithm
used to generate the topics in Chapter 3. VB is based on an online stochastic
optimization approach that does not require a full pass over the entire corpus, and
therefore can be applied to a large dataset. It can also accommodate cases where
new data streams arrive constantly. VB has been demonstrated to nd good topics

comparable to those found by variational inference in less time (Ho man et al., 2010).

There are a number of implementations of topic models such &ensim*® which
uses online VB,Stanford topic modelling toolbox (TMT)(Ramage et al., 2009) which
uses Gibbs sampling andMALLET * that also uses Gibbs sampling in addition to

some open source implementations for topic modelling by David Blei's fab

2.1.3 \Variations of Topic Models

Going forward, this thesis will focus on LDA as the topic model of choice. LDA is
the most popular topic modelling framework and has been used in diverse domains

beyond text, such as music analysis (Hu and Saul, 2009), health record analysis (Lu

3http://radimrehurek.com/gensim/
“http://mallet.cs.umass.edu/
Shitps://github.com/Blei-Lab
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et al., 2016), and image annotation (Lenou et al., 2010). Di erent variations to LDA
have been proposed to overcome some of its drawbacks, to address speci ¢ tasks or

to use labelled data.

Address a Drawback One of the limitations of LDA is that it lacks representa-
tion for correlation between documents. For example, a document that belongs to a
\sports" topic is more likely to be similar to documents in \health" compared to docu-
ments in \business" topic. Correlated Topic Models (CTM) (Blei and La erty, 2006)
form a topic relation graph via a covariance matrix of logistic normal distribution
rather than Dirichlet to model the topic's correlations, in another word to identify
correlation between documents that are related to similar topics. Similarly, the
Pachinko Allocation Model (PAM) (Li and Mccallum, 2006) captures the correlation
between topics and it models multiple topics correlations unlike CTM which only

models pairwise correlations in the topics.

Topic models methods depend upon the presumption that meanings are relational
(Saussure, 1959) which means topics are a constellation of words that tends to appear
together whenever the content is about those topics. Each document is treated as
a bag of words, and topic models capture co-occurrences regardless of these words'
syntax, narrative or location. These assumptions make sense from the point of view
of computational e ciency, but word order is essential in regards to meaning. For
example, the word \bank' can refer to a nancial institution or a blood repository in
hospitals. Each of these meanings of the bank is called w®rd sense. Certainly,
word location aids in the process of inferring to which topic or topics a word refers
(Jurafsky and Martin, 2014, Wallach, 2006). Bigram Topic Model (BTM) (Wallach,
2006) is an extension to LDA with N-gram language representation instead of bag of

words. Consequently, BTM only generates bi-gram words.

Griths et al. (2007) proposed an LDA Colocation Model (LDACOL), which
extends the bi-gram model and can generate both uni-gram and bi-gram words.

However, only the rst term in a bi-gram word has a topic assignment but not the
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second term. This limitation of LDACOL was resolved in the Topical N-gram Model
(TNG) (Wang et al., 2007). Jameel and Lam (2013) proposed an Unsupervised
Topic Segmentation (NTSeg) model that preserves the words' order and document
structure. Hence, it generates n-gram words and multi-level topics, speci cally,
document segment topics and word topics. We have presented a number of studies
where the word's location is integrated into topic models and has been shown to
be useful. However, it often produces a complicated model that needs intensive,
time-consuming computations (Yandex and Loukachevitch, 2015). Several attempts
have been proposed to speed up the computations (Porteous et al., 2008, Zhu et al.,

2013a,b).

Finally, the quality of the model depends on the hyper-parameter settings, namely

vocabulary size V), the number of topics K ), and Dirichlet parameters ( and

). and control the sparsity of the topic distributions. represents topic-word
proportion, and therefore high value results in topics that consist of most of
the words in the vocabulary and the other way around with smaller value. The
same goes for a higher value generates documents that are composed of more
topics than those generated with lower value. The number of topics can a ect the
topic's interpretability. The choice of inferring a small numbers of topics usually
results in very generic and broad topics whereas a large number of topics will result
in topics that are uninterpretable and in which the models combine uncommon
words (Sbalchiero and Eder, 2020, Stevens et al., 2012, Steyvers and Gri ths, 2007).
Choosing the right values for topic model parameters in uences the performance of
LDA models. In some cases, it is di cult to know the data structure (e.g., when
processing image data). Therefore, non-parametric Bayesian statistics have been
used to de ne the models and automatically nd the appropriate number of topics

(Gri ths et al., 2005, Teh et al., 2006, Zhang et al., 2013).

Address a Specic Task A number of topic models have been developed

to address various tasks other than data exploration, including social network
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analysis (SNA) (Cha and Cho, 2012) where follow relationships between users are
used to identify groups based in the user interests. Author-Recipient-Topic (ART)
(Mccallum et al., 2005) a model that discovers the discussed topics in email messages
conditioned on the sender-recipient relationships. People's roles are also identi ed
by measuring the similarity between their distributions. Classi cation tasks have
also been attempted using topic models. For example, a classi cation model that
distinguished between phishing and legitimate emails has been trained on semantic
features learned using topic models (Bergholz et al., 2008).

Use Labelled Data All the presented topic models so far are unsupervised
probabilistic topic models that do not require any manually annotated datasets.
They come with some drawbacks in certain applications such as not considering the
class label of the document during inference in text classi cation. Also, a lot of
datasets come paired with response variables such as text documents paired with
a category, user reviews paired with rating number and web pages paired with the
number of digg$. Supervised topic models are topic models of documents and
responses, conditioned to nd topics predictive of the response. Supervision of topic
models can be done in two approaches, namely, downstream supervised topic model
(DSTM) and upstream supervised topic model (USTM) (Zhang et al., 2013) .

Supervised Latent Dirichlet Allocation (sLDA) was the rst attempt to supervise
topic models (Mcauli e and Blei, 2008). The motivation behind sLDA is to solve
prediction problems such as predicting a movie rating from reviews or predicting an
essay's grade. A downstream supervised topic model is trained by maximising the
joint likelihood of the content data and the responses (Zhu et al., 2012). The model
is built upon a corpus of documents paired with responses from which the latent
topics predictive of the responses are inferred. When a new unlabelled document is
given, the response would be predicted based on the document's latent topic. SLDA

predictive ability outperformed regression and unsupervised LDA. Another supervised

6diggs indicates the popularity of a web page and consequently the web page gets featured in
the front page of the news aggregation platformDigg.com
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topic model for classi cation is a discriminative variation on LDA called DiscLDA.
DiscLDA is trained by maximising the conditional likelihood of the responses given

the contents (Lacoste-Julien et al., 2008).

Apart from employing two-stage heuristics such as DSTM and USTM, Zhu
et al. (2012) proposednaximum entropy discrimination latent Dirichlet allocation
(MedLDA) which integrates the approach behind maximum margin prediction model
(e.g., SVMs) with LDA. MedLDA adopts the discriminative max-margin principle into
the framework of supervised topic models to enhance the performance of classi cation
and to make more e cient use of the side information (i.e., ratings, labels associated
with documents, or images). MedLDA reported achieving state of the art performance

in latent topic discovery and prediction.

Jameel et al. (2015) presented a supervised topic model that was built upon their
previous unsupervised model (Jameel and Lam, 2013). The model preserves word

order and includes useful side-information such as class labels for text documents.

Another variation is for data that contains connected observations. For example,
a follow-graph connecting social networks accounts and hyperlinked networks of web
pages. Research has focused more on nding patterns and communities in this kind
of data. Relational topic models (Chang and Blei, 2009) are supervised topic models
that can build a model of hidden content and structure in standard and network
datasets. Supervised topic models have been successfully applied to di erent domains
such as image classi cation (Wang et al., 2009, Zhang et al., 2013). Based on sLDA,
multi-class supervised latent Dirichlet allocation (mcLDA) (Wang et al., 2009) was
proposed as a multiclass extension to sLDA that discovers the patterns in images

and predicts their class and annotations.
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2.2 Evaluation of Topic Models

In supervised tasks such as classi cation and regression, the predicted labels are
compared to expected labels to evaluate the quality of the classi er. Whereas in
unsupervised tasks such as topic modelling, evaluation can be challenging since we do
not have in advance the anticipated topics and there are multiple possible candidate
topics. In topic models there is a trade o between a model that represents that
data and models that generate interpretable topics. Therefore, evaluation should be
based on the intended usage of the model. For example, developing a model that
extracts topical features from the data will have a di erent objective to a model that
summarises a data collection in order to present the results to an end user. Therefore,
there are no explicitquantitative methods that t all intended applications of topic
models. The evaluation directions are categorised into (1) measuring model t, (2)

measuring topics quality.

2.2.1 Measure Model Fit

Held-out Likelihood (Intrinsic Metric) Topic models are unsupervised methods
that process a large volume of unstructured data (i.e., data without prior annotations)
and generate a lower dimension representation of observed data. Therefore, one can
measure how well the learned model represents that data through measuring the
predictive likelihood of held-out documents (i.e., perplexity). Perplexity is usually
used in language modelling, and it estimates the probability of words in held-out

documents that are not used in training (Wallach et al., 2009). Perplexity is computed

as the exponent of likelihood of unseen datd(est = W1; Wo;:::; Wy ) as follows:
XA -
L (Dtest) = logp(Waj ; );
d=1 ! (2.8)
PerpIeXity(Dtest) = exp #(|\/|Dt—es|\tl) ;
d=1 'Vd
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where Ny is the number of words in documenivy. Perplexity is a decreasing
function of L and the lower the perplexity the better. A number of previous work
have used perplexity as the evaluation metric of choice, including (Blei and La erty,
2006, Dieng et al., 2020).

Secondary Task (Extrinsic Metric) Model t was also measured by using
the topic model's outputs within secondary tasks, such as document classi cation
(Lu et al., 2011, Xie and Xing, 2013), sentiment summarisation (Titov and Mc-
donald, 2008), and information retrieval (Wei and Croft, 2006). However, these
evaluation tasks formulate the metric based on predicting the documents' ground
truth (e.g., classes in document classi cation) which is subjective. Therefore, the
next section presents evaluation methods for assessing the quality of the topics and

their interpretability.

2.2.2 Measure Topic Quality

Previous evaluation methods are useful for evaluating the predictive model but they
do not capture the interpretability of the topics for the user. It has been shown that
topic models with low perplexity (e.g., CTM) may infer less meaningful topics for
the users than other models with high perplexity (Chang et al., 2009). Therefore,

other approaches were introduced to capture the model's topics quality.

Topic Coherence

A topic is considered coherent when its terms have high semantic similarity and
together indicate a sole subject. Consider the topitstudent, college, summer,
program, degree, training, medical, career, students, degnAll terms are from the
same subject and one can easily infer that they are related to graduate education.
On the contrary, the topic f theatre, dates, user, show, prot, rm, digital, friend,
choice, tickeig consists of terms from di erent domains and it is hard to interpret,

therefore less useful to the user. An additional selection of coherent and incoherent
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topics is shown in Figure 2.6, where the terms in the coherent topics together refer to
a subject. Where the topics labelled as incoherent, there is less association between
the terms and therefore would be considered less useful in indicating the topic's

subject.

Figure 2.6: A selection of coherent and incoherent topics (Newman et al., 2010).

Automatic Coherence Metrics  The rst attempt to automate the evaluation
of topic coherence was to identify topics as insigni cant if their probability distribution
is distributed equally over all words (AlSumait et al., 2009). Newman et al. (2010)
presented another method that captures the model's coherence by looking at the
top 10 words in the topic and measure their relatedness using pointwise mutual
information (PMI). Mimno et al. (2011) replaced PMI with log conditional probability
to compute topic coherence. Concepts from hierarchical ontologies, such as WordNet,
were used to capture the conceptual relevance of a topic (Musat et al., 2011). However,
WordNet has been shown not to be useful in evaluating the topic's coherence (Newman
et al., 2010). Aletras and Stevenson (2013b) proposed computing topic coherence
by constructing a distributional semantic space which locates semantically similar
words near each other. Wikipedia articles were used as reference data to extract
features and compute word frequencies. Coherence was computed as the pair-wise

cosine similarity between the topic's terms vectors.
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Usually, the topic model is trained with optimisation on perplexity, and the
calculation of topic coherence is performed after training the topic model. However,
optimising the training of the topic model on perplexity has been shown to produce
sub-optimal topics (Chang et al., 2009). Therefore, several recent works have proposed
incorporating coherence in the topic model training and optimising coherence rather
than perplexity (Ding et al., 2018, Gui et al., 2019). Ding et al. (2018) proposed
word embedding based topic coherence (WETC), this coherence metric leverages
pre-trained word embeddings to compute coherence since word embedding carry
semantic information about words that is similar to PMI. WETC approach is highly
e cient since it does not involve extracting words' co-occurrence frequency from a

large corpus and therefore applicable to be incorporated in training the topic model.

Human-in-the-loop  Involving users in formal settings for evaluation is another
way to measure the coherence of the topic from the point view of the user. Chang
et al. (2009) proposed two tasks: (1yvord intrusion and (2) topic intrusion. In a
word intrusion task, users are shown topics as a list of words where imtruder word
is added to the topic and the topic is considered coherent if users are able to nd
the intruder word successfully. On the other hand, topic intrusion follows the same
idea of planting an intruder element to a set of elements but in this case it is a topic
rather than a word. For each document, a number of related topics are shown to
the user with an intruder topic and users are asked to identify the out of context
topic. Figure 2.7 shows the word intrusion task (left) and topic intrusion task (right).
Word intrusion measures the coherence of the topic's words while topic intrusion

measures how well the documents are decomposed as a mixture of topics.

Even though involving humans in the judgement process is e ective, it can be
time consuming and expensive. Therefore, an attempt to automate word intrusion
tasks was proposed by Lau et al. (2014). Their automated approach evaluated
interpretability at a near human level of accuracy. Later, Lau and Baldwin (2016)

suggested that topic coherence should be computed on several cardinality (e.g., using
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Figure 2.7: Word intrusion and task intrusion tasks to evaluate topic model quality
by adding an intrusion word or topic and then asking the user to nd the word/topic
that does not belong with the others (Chang et al., 2009)

topics with top 10, top 20,:::, top n words) settings and then aggregated over them.

Most of the work to evaluate topic models tends to focus on topic coherence and
does not assess the topic's e ectiveness in describing documents (i.e., document-level
evaluation). Bhatia et al. (2017) disagree with accepting that topic-level evaluation
as a reliable metric for the model's quality and proposed an analysis of the allocation
of topics to documents to predict the quality of the model. They have shown that
there is a discrepancy between topic-level (i.e., topic coherence) and document-level
evaluations. Also, they presented the rst automated approach ttopic intrusion
task, which is more suited for large-scale model evaluation than manual evaluation.
They rank the topics for a document based on their likelihood of being an intruder

topic using support vector regression (SVR)(Joachims, 2006) and the top topic is the
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system's predicted intruder. This approach has shown a high correlation with manual
evaluation. Later on, they also proposed an improved approach to the automatic
intruder topic identi cation through ranking the topics for a given document using

neural networks (Bhatia et al., 2018).

Topic Stability

Another study looked into measuring the quality of topics based on the volatility of
change in the topic distribution throughout the training. Variability of the topic's
word distribution during training can indicate the topic consistency and therefore
guality. Xing and Paul (2018) proposedopic stability, a metric that measures the
degree to which a topic's parameters change during training, and it showed higher

correlation with human judgements than coherence metrics.

2.3 Visualisation of Topic Models

Probabilistic topic models provide ways to index, summarise and analyse large
unlabelled documents by their hidden themes (topics). However, presenting the user
with the raw output of the topic model does not promote the user's understanding

of the document collection. Visual representations of topics are a common way to
show the results of the topic model, which aids in the understanding of the data.
The visualisation includes representing the individual topics themselves (i.e., the top

n terms) and representing the whole model (i.e., the topics and documents).

2.3.1 Visualisation of a Topic

The most common topic visual representation is a simple list of the top words of
the topic, ranked based on their probability (Figure 2.8). Di erent variations of the
list have been proposed: they can be represented vertically (Chaney and Blei, 2012,

Eisenstein et al., 2012) or horizontally (Gardner et al., 2010, Smith et al., 2015) or
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Figure 2.8: Common visual representations of topics.

using a set notation (Chaney and Blei, 2012) (Figure 2.8.f). The weighting assigned
to each term can be included in the representation through sizing the term according
to its probability for the topic (Nguyen et al., 2013)(Figure 2.8.b). Moreover, weight
has also been represented by a bar graph next to a word instead of resizing the
word (Figure 2.8.c). Using a list with the bar delivers two key pieces of information,
representing the words' ordering according to probability and the weight associated

with the words for a speci ¢ topic (Smith et al., 2015, 2017).

Information-dense representations have also been used to represent the topics,
such asword cloud (Figure 2.8.e) andnetwork graph(Figure 2.8.d). Word cloud (or
tag cloud is a graphical representation of text that is usually used to summarise
keywords in text. Keywords are usually uni-grams and the importance or probability

of each keyword is shown in the form of colour or size. There are many variations in
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the layout of word clouds’. Words can be placed randomly but sized based on their
probability (Rampage et al., 2010), the rank order of the word (Barth et al., 2014),

or based on a combination of both (Smith et al., 2017).

A network graph represents each topic as a collection of circular nodes where
each node represent a word. Links between words indicate high relevance based
on document-level co-occurrences (Smith et al., 2014b). Another variation to this
network graph is the one presented by Smith et al. (2017) where words are linked
and located close to each other, if they appear frequently together in the document
collection. The probability of the word is represented by the circle size around the
word. The network graph is created using a force-directed graph layout algorithm
that locates words closer to each other based on their co-occurrence (Fruchterman

and Reingold, 1991).

Word cloud has visual appeal, however it is di cult to make comparisons between
word clouds and they can be overwhelming and confusing. Word storms (Castella
and Sutton, 2014) were proposed to address these drawbacks. Word storms is
an approach to coordinating word clouds such that the same word appears in
approximately the same position and colour across multiple word clouds, which
should facilitate comparisons and hence increase the interpretability of topics in the
document collection. Figure 2.9 shows an example of independent word clouds (top

two) and coordinated word clouds (word storms)(bottom two).

So far, this section has surveyed various visual representations that have been
shown to be useful in aiding the interpretation of topics by users. However, choosing a
suitable representation (or set of representations) depends strongly on the application

and its potential users.

"https://github.com/amueller/word_cloud
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Figure 2.9: The top two word clouds are created independently from each other,
while the bottom two are word storms that are coordinated and show the same terms
in similar locations and colours (Castella and Sutton, 2014).

2.3.2 Visualisation of Documents Collection

All the representations shown so far in section 2.3.1 are concerned with nding e ective
and informative representations for the topic without taking into consideration the
representation of the whole document collection. This section presents systems and
tools to model, summarise, and visualise the entire corpus in a user-friendly interface.
Some tools take it further and allow users to interact with the modelled data.

A number of exploratory systems for topic models have been developed where users
can browse through documents, topics and terms (Chaney and Blei, 2012, Gardner
et al., 2010, Snyder et al., 2013). These systems usually use simple visualisation
to represent topics such as listing their tom words. Figure 2.10 shows a topic
model visualisation engine of Wikipedia articles where the topics are shown in a set
notation of the top 3 terms. Clicking on a topic shows its top 10 terms, documents,
and related topics.

Another visualising system compactly represents topic models to allow users to
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Figure 2.10: Chaney layout (Chaney and Blei, 2012).

easily understand the topics without the need to visualise documents too. Termite
(Chuang et al., 2012) is a compact tool that visualises the topics and terms in a matrix
layout, as shown in Figure 2.11. The tool usessaliency metric to quantify how much
information each term conveys about a topic. Saliency is computed as the product
of the term's probability under the topic and the term's distinctiveness. Terms that
occur under all topics are less informative, thus more highly discriminative terms are
preferred. the same authors have also proposseriation, an algorithm that identi es
clustering patterns amongst terms and therefore, allows for comparison between

topics. Terms are ordered eithealphabetically by frequency or usingseriation. Even
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Figure 2.11: Termite layout (Chuang et al., 2012).

though Termite provides a compact representation and helps the user glance into the
data, it only shows the top-ranked terms and does not show all the terms, making it

useful for a global view of the whole topic model and not for a deep exploration.

Similarly, Sievert and Shirley (2014) proposed a web-based visualisation tool
called LDAvis that provides a broad overview of the topics in the data. In addition
to that, the tool also provides a way to show how the topics di er from each other
while allowing the user to view the terms of which each topic is composed. They
have also proposed a novel method for measuring the relevance of the term to a topic
and it can be interactively adjusted which helps in inspecting the model. LDAVvis is

shown in Figure 2.12.

Smith et al. (2014b) have also proposed an interactive visualisation, Herarchie.
The visualisation consists of a hierarchical representation of the data collection in

the form of rings in a sunburst chart.

Engaging the user with the visualisation system makes it more useful as each
user can customise and seek di erent information as needed. TopicViz (Eisenstein
et al., 2012) is an interactive exploratory system that organises and summarises a
large collection of research papers. The system supports traditional keyword search

where the user query a word and related documents are returned (the left panel of
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