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Evolution of Topics in the Psychology Domain

Abstract: Topic modeling is a set of statistical methods for modeling collections of
discrete data such as text corpora. It is used as a text-mining tool to discover the hidden
semantic structures in a text body. Latent Dirichlet Allocation, a particular method for
topic modeling is a generative probabilistic model that models texts as a mixture of
underlying topics. In this thesis, Latent Dirichlet Allocation is used on a large corpus
of texts from the domain of psychology. A model with 100 topics is generated, and the
resulting topics are labeled. The occurrence of the topics is analysed over a time span
of 40 years. The resulting model could be used for further psychology domain specific
research.
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Teemade Evolutsioon Psühholoogias

Lühikokkuvõte: Teemade mudeldamine on kogum statistilisi meetodeid diskreetsete
andmekogumite (näiteks tekstikorpuste) modelleerimiseks. Sellist mudeldamist kasuta-
takse tekstikaeves teksti varjatud semantiliste struktuuride leidmiseks. Varjatud Dirichlet
Jaotamine ( ing Latent Dirichlet Allocation) on generatiivne teemamudeldamise meetod,
mis modelleerib teksti kui mikstuuri teemadest. Käesolevas töös rakendatakse Varjatud
Dirichlet Jaotamist suurele psüholoogiaalaste tekstide korpusele. Töös genereeritakse
100 teemaga teemamudel, ning saadud teemad pealkirjastatakse. Teemade esinemist ana-
lüüsitakse 40-aastase perioodi vältel. Saadud mudelit on võimalik rakendata järgnevates
uurimustes.

Võtmesõnad:
Teemamudelid, psühholoogia, semantilised mudelid

CERCS: P175 Informaatika, süsteemiteooria
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1 Introduction

Since the inception of digital storage of information, the volume of the stored information
has been rapidly increasing. Digital storage has become the norm of how information is
preserved. Although this medium has significant advantages in terms of cost, flexibility
and scalability of preserving information, the rapid growth in the volume gives rise to
many problems in terms of handling the information. “As our collective knowledge
continues to be digitized and stored, . . . , it becomes more difficult to find and discover
what we are looking for. We need new computational tools to help organize, search, and
understand these vast amounts of information.”[5]

To illustrate this domain of problems, we might consider the manner by which we search
for information online. For a more concrete example, we can examine how an online
publication, such as a newspaper, can be interacted with. The primary medium for rapidly
conveying the contents of a newspaper article is the title. Some publications might also
provide keywords by which we can retrieve relevant articles. However, there is a lack
of tools and functionality for discovering the relations between articles, such as the
“common denominator” in terms of the themes of the articles. The labour of figuring out
how different documents fit into a larger context and relate to one another is offloaded to
the processing power of the consumer - the reader.

This set of problems has been addressed by researchers in fields such as natural language
processing and probabilistic machine learning. In the last few decades, novel methods
have arised for solving these problems, one of them being topic modeling.

The process of topic modeling can be described as employing statistical methods that
“analyze the words of the original texts to discover the themes that run through them, how
those themes are connected to each other, and how they change over time.”[5] Purposes
for this kind of processing are manifold: one might want to annotate a collection of
documents according to their contents, discover outlying works, emerging themes, or
other changes in trends. The topic model can also be used for recommending thematically
similar content to an item. It has been used to group behavioural user personas[20],
summarize meetings[12] and much more. Even modelling of chemical compounds has
been proven to yield utility with this method.[21]

1.1 The subject and goal of the thesis

The subject of this thesis is to apply topic modeling to investigate the topics in the
domain of psychology. Psychology is a field with a rich history. There exist a plethora
of subdisciplines inside this domain, and the field has undergone many paradigm shifts.
The forefront of the evolution of this field, as is the case for many, if not all practices,
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is reflected in the content of its academic literature. Employing topic modeling to
analyze this literature provides insights to the evolution of the contents of the field.
Previously, A. Bitermann and A. Fischer have identified hot topics - themes with the
highest increasing trend in a period of time - in psychological literature, using topic
modeling. In this research, the authors concluded that topic modeling is a feasible method
for an exploratory analysis of topics in psychological publications, stating that “The
identification of specific topics in a large corpus of publications offers new possibilities
of exploring research beyond predefined classifications.”[4]

In this thesis, topic modeling, more precisely Latent Dirichlet Allocation, is applied to
a large corpus of abstracts from academic literature in the domain of psychology. A
LDA topic model is generated from the corpus and the resulting topics are labeled and
analyzed.

The thesis is organized as follows. In chapter 2, an overview is given of topic modeling,
focusing primarily on Latent Dirichlet Allocation. In chapter 3, the assembly of a corpus
is discussed. Chapter 4 gives an overview of the preprocessing of the data. Chapter 5
focuses on the generation of the topic model. In chapter 6, the resulting model and topics
are analysed.
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2 Theoretical background

The overarching goal of modeling large collections of discrete data, such as text doc-
uments, is to find short descriptions of the individual items in the collection. The
descriptions should reduce the dimensionality of the original items while preserving
information about the semantic contents of the items and the statistical relations between
them. This enables efficient processing of the collection while preserving the ability to
do operations such as classification, novelty detection, summarization and so forth.[7]

One of the earlier notable solutions for this problem is the so-called term frequency-
inverse document frequency (tf-idf) method, which weighs the occurrence of terms in
a document offset by the terms occurrence in the whole corpus. While being a useful
method for applications such as ranking keyword search results, it does not result in
a major dimensionality reduction and provides little use for modeling the statistical
structure inside the documents, or the relations between them.[7]

A useful step forward, a method called latent semantic indexing (LSI) was put forth by
information retrieval researchers in 1990. LSI uses Singular Value Decomposition on the
tf-idf matrix to identify a linear subspace in the matrix that captures the most variance
between the documents. This results in a significant dimensionality reduction, while
preserving the majority of the information about variability.[8]

The probabilistic latent semantic indexing, or pLSI, was developed by Hoffmann in 1999
as an alternative to LSI. pLSI is a generative method that models each word in a document
as a sample from a mixture model. The components of the mixture model are multinomial
random variables that can be interpreted as topics.[11] According to this method, each
word in a document is generated from a single topic and a document can exhibit multiple
topics. This means that a document can be represented by a probability distribution
over the topics. pLSI has many advantages for modeling collections of discrete data
over the formerly mentioned ones, most notably the reduction in dimensionality, and the
ability for a document to exhibit multiple topics, which resembles how people generally
interpret topics. However, pLSi is incomplete in the sense that it provides no generative
model for the document topic proportions. This means that the number of variables
grows linearly with the increase in corpus size, and that there is no way to assign topic
probabilities to a document outside the corpus.[7]

2.1 Latent Dirichlet Allocation

To overcome these limitations, Latent Dirichlet Allocation (LDA) was described by
David M. Blei, Andrew Y. Ng and Michael I. Jordan in 2003. LDA aims to model all
hierarchical layers of the collection of documents. The resulting model is a three-level
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hierarchical Bayesian model, in which each item of a collection is modeled as a finite
mixture over an underlying set of topics. In Latent Dirichlet Allocation, a topic is formally
defined as a distribution over a fixed vocabulary. A document can exhibit multiple topics,
because a topic is sampled repeatedly for each word inside a document.[7]

2.1.1 The generative process of LDA

It is useful to describe LDA by its generative process - “the imaginary random process
by which the model assumes the documents arose.”[5] This process happens as follows.
Internally, LDA utilises two Dirichlet distributions (which are commonly used prior
distributions in Bayesian statistics), one for associating documents to topics and the other
for topics to words. For generating a document, a topic distribution is picked from the
first Dirichlet distribution. Then, for each of the words of the document, a topic is picked
from the selected distribution. As a third step, a topic-to-word multinomial distribution
is picked from the second Dirichlet distribution for each of the topics. As a final step,
a specific word is picked for each word in the document (the topic of which is already
decided at this point) from the corresponding multinomial distribution of words.

This process is described as a graphical model on Figure 1. More formally, the generation
of a document w in a corpus by this imaginary process happens by the following steps:

1. Choose N ∼ Poisson(ξ)

2. Choose θ ∼ Dir(α)

3. For each of the N words wn:

(a) Choose a topic zn ∼Multinomial(θ)

(b) Choose a word wn from p(wn | zn,β), a multinomial probability conditioned
on the topic zn

Where:

• N , a document, has a sequence of words denoted by w=(w1, w2, ..., wn)

• θ is a k-dimensional Dirichlet random variable

• α is the parameter of the Dirichlet prior on the per-document topic distribution

• β is s the parameter of the Dirichlet prior on the per-topic word distribution[7]
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Figure 1. Plate notation representing the LDA model. The rectangles represent replication.
The outer rectangle represents a document, and the inner rectangle represents the repeated
choice of topics and words from the topic, replicated N times (the amount of words in a
document)[7]

The process of generating a LDA model from a corpus is done by posterior inference.
Although the posterior distribution cannot be inferred exactly, different approximate
inference algorithms can be utilised for the inference, such as Laplace approximation,
variational approximation, and Markov chain Monte Carlo.[13] Commonly, Gibbs sam-
pling is utilised for sampling-based approaches.[5]

There have been many extensions of LDA developed by subsequent research, such
as Pachinko Allocation, which in addition models the relations between the topics
themselves;[14] and Dynamic Topic Modelling, which also models the change of topics
over time.[6]
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3 Assembling the corpus

For the task of assembling the corpus for this kind of modelling, the primary resources
evaluated for assembling the corpus were databases that aggregate many academic
publications.

3.1 Criteria for corpus resource selection

In order to add a temporal dimension to the resulting model, the corpus should cover
as extensive of a timespan as possible. A collection spanning multiple decades likely
provides a wide overview of the field which is suitable for this kind of modelling approach.
This was one of the main criteria for the corpus selection.

The amount of sub-resources (amount of journals and publications) and the total volume
of individual documents in the collection is a metric that is highly relevant, since a high
sample size provides a more accurate model. A collection that houses many sub-resources
is likely to have a more uniform coverage of the field, since the individual publications
might be highly specialized to a certain sub-domain. To capture the topic changes for
each year (as done in Chapter 6) it is especially important that each year has a high
volume of items in order to minimize the distortion.

Another metric for assessing the suitability of a resource is the relevance of its contents.
For a resource that assembles multiple journals, the Impact Factor (a metric that measures
the relevance of the publication by the amount of citations the publication receives[3]) of
the individual journals might indicate a good quality resource. However, a low impact
factor does not imply that the publication is not representative of the domain (and vice
versa), and thus should not be heavily discriminated against, although it does indicate
lower contribution to the domain overall.

A secondary criterion that was assessed but also not primarily discriminated against is
the ease of retrieving the contents of the collection. Some collections offer dedicated file
transfer protocol solutions for retrieving the files, which is convenient for handling large
volumes of data. For the resources assessed for this thesis, the relative ease of accessing
the contents did not vary significantly.

In the context of this thesis, it was also a criterion that the resource should provide unpaid
access to the contents.
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3.2 Assessed candidates for corpus resources

For this thesis, multiple resources were evaluated by the aforementioned criteria for
assembling the corpus. Among which, the ones evaluated more suitable will be briefly
described here.

3.2.1 APA PsycArticles® database

The American Psychology Association hosts the PsycArticles® database, that stores all
resources published by APA and affiliated journals.[18] The notable positive qualities
of this resource are the high impact factors of the contained publications and the long-
spanning history of the entries. The negative qualities are its near exclusivity to american
publications, which likely results in an offset between the themes of corpus’ contents
and those of the psychology field overall, and the fact that it is a paid resource.

3.2.2 Annual Reviews

The Annual Reviews is a publishing organization “dedicated to synthesizing and inte-
grating knowledge for the progress of science and the benefit of society.”[2] Among its
publications is the “Annual Review of Psychology”, which has been publishing major
advances in psychology since 1950.[1] The mission of this publication aligns nicely with
the goal of this thesis, and the journal does have a high impact factor. However, this
resource consists only of a single publication, and the overall volume of the contents is
too small for broad-based analysis by methods such as topic modelling.

3.2.3 PubMed

PubMed is a search engine maintained by the United States National Library of Medicine
and National Institutes of Health, that contains over 30 million article citations with
abstracts. It’s primary data source is the MEDLINE database, which includes literature
published from 1966 to present from more than 5000 journals. PubMed citations and
abstracts include the fields of biomedicine and health, and cover portions of the life
sciences, behavioral sciences, etc.[19]

This resource fits most of the criteria described above very well. A key distinction about
this resource is that the full text bodies of the individual articles are not present, only
abstracts are accessible.
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3.3 Generating the corpus

After consideration, PubMed was evaluated as the resource best fit for the corpus genera-
tion. The overall volume and coverage of journals in this resource is excellent compared
to alternatives. While the abstract form in general contains only a fraction of text com-
pared to a full article, it distills the crucial information about an article into a much more
compact format. There is evidently a lack of specificity when it comes to the information
that an abstract presents compared to a full-text article, but in the context of this resource
and the alternatives, the large total volume of texts makes up for the small dimensions
of individual texts. This factor also allows more documents to be processed with the
same amount of processing power in a given time period. Thus, the tradeoff was deemed
justified.

The PubMed resource covers many domains in addition to psychology, but since it
features a search engine, a desired subset of the whole resource can be obtained. A
keyword search with the keyword “psychology”, along with the condition that an abstract
is present, was run on the resource, which yielded a result of 1159324 articles. Figure 2
displays the articles retrieved from the resource by publication year.

The PubMed search engine offers a variety of formats the results can be downloaded in.
The results were downloaded in an XML-format which includes all the metadata related
to the article. The link to the downloadable search results can be seen in Appendix B
readme file.

To better prepare the data for subsequent steps, the XML file was parsed and stored in
a local relational database (A MySQL database hosted inside a Docker container, see
Appendix B for source code) to conveniently access the abstracts’ metadata in later steps,
such as document ids and publication years. Since the result file was relatively large
(14 GB), the file was processed as a stream to avoid having to hold the entire file in
working memory. A minor proportion of the processed documents exhibited structural
inconsistencies (such as an abstract being missing although explicitly specified during
the search query) which required skipping of those documents. After parsing, 1128319
documents were stored in the relational database. The abstracts of the documents were
then exported from the database as a csv file for further steps such as preprocessing and
model generation.
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Figure 2. The assembled corpus - article count by year

4 Preprocessing

As a necessary step for model generation, a preprocessing pipeline was built to transform
the original texts into an appropriate format. The preprocessing script was written in
the python programming language using various natural language processing libraries.
The tools used for preprocessing and the sequential steps of the process will be briefly
described in this chapter. The produced script is included in the source code (see
Appendix B).

4.1 Used preprocessing tools and libraries

4.1.1 Gensim

Gensim is an open-source Python library designed for natural language processing tasks,
with the main focus on topic modelling. It includes implementations - usually parallelized
ones - of widely used natural language processing algorithms, including Latent Semantic
Analysis and Latent Dirichlet Allocation. It also provides wrappers to execute various
tools outside the Gensim and Python ecosystem, such as the Mallet LDA wrapper.[10]
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4.1.2 NLTK

The NLTK, short for Natural Language Toolkit, is a widely used open-source Python
library for natural language processing tasks. It provides a wide array of algorithms
and utility functions, as well as interfaces to lexical resources, such as WordNet, and
wrappers to other domain-related libraries.[17]

4.1.3 spaCy

spaCy is another open source Python library for language processing, with a strong em-
phasis on efficient implementation and suitability for usage in production environments.
As the name implies, the library is mainly written in Cython. Thinc, the backend of spaCy,
provides convolutional neural network implementations for tasks such as part-of-speech
tagging and named entity recognition, both of which were utilised in this thesis.[22]

4.2 Preprocessing steps

This chapter describes the various stages of the preprocessing pipeline, which is also
outlined in Figure 3.

Figure 3. The preprocessing pipeline

4.2.1 Tokenization and stopword elimination

As the first step, the documents in the corpus were split into tokens using the sim-
ple_preprocess function from the Gensim library. This step also included transforming
the words into lowercase. Simultaneously, the stopwords were eliminated using the
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standard set of stopwords from the NLTK package, along with the minimal word length
condition of 3 characters.

4.2.2 Multiword expression identification

Multiword expressions are expressions which are made up of at least 2 words, that act as
a single unit at some level of linguistic analysis.[16] As an example, expressions such as
“long term” and “body mass index” lose their semantic meaning if split into one word
tokens and interpreted separately. Hence, it is useful to join the sequential tokens splitted
in the previous step that could be considered multiword expressions.

There are different approaches to identifying these expressions in a corpus, two of which
were utilised in the process of this thesis. The first approach is relying on statistically
significant colocation, meaning that if two or more words occur sequentially in the corpus
regularly and the count of these occurrences is proportionally high to the individual
occurrences of the words, then this combination of words should probably be identified
as a multiword expression. In this thesis, the Phrases model provided by Gensim was
utilised for extracting multiword expressions in this manner, in a configuration that could
yield a maximum expression length of six words. The second approach that was used
for extracting multiword terms was matching all the multiword expressions from the
WordNet vocabulary. Since the WordNet features a controlled vocabulary, this kind
of matching will result in semantically accurate multiword expressions. At the time
of executing this matching, the wordnet corpus featured a total of ∼62 000 multiword
expressions. The found terms were joined into single tokens with underscores, as is
usually done, and examples of the found terms can be seen in the presented topics in
Appendix A.

4.2.3 Lemmatization, PoS-Tagging and Named Entity Recognition

As the next step of the preprocessing pipeline, the spaCy library was utilised to perform
a variety of sequential steps for each document. The spaCy model configuration used
was an English language pipeline with all the supported standard components except
dependency parsing and text categorization (these components were disabled to increase
efficiency). Each document was loaded into the spaCy model, which results in part-of-
speech tagging, named entity recognition and lemmatization of the tokens. The named
entities were joined in the same way as the multiword expressions in the previous step.
The lemmatized tokens were then filtered based on the selected part-of-speech tags.
Multiple configurations were experimented with for this, notably nouns-plus-verbs and
nouns-only part-of-speech filtering. The nouns-only configuration, more specifically
nouns and proper nouns only, was selected as the final configuration.
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4.2.4 Dictionary and bag-of-words representation

Before the model generation, the corpus needs to be converted into more efficient data
structures - a dictionary and a bag-of-words representation of the corpus. The dictionary
is essentially a mapping between words occurring in the corpus and integers. The bag-of-
words corpus is a representation of the corpus where each document is represented as an
array of integer pairs (m, n), where m is the id of a word in the dictionary and n the count
of this particular word in the document. To transform the corpus into these structures,
the corresponding Dictionary module from the Gensim library was used.
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5 Generating the topic model

There are multiple published libraries and software projects providing implementations of
topic modeling algorithms. The different implementations vary in different dimensions,
including efficiency. More sophisticated implementations make use of parallelised com-
putation, efficient internal data structures and other performance improving mechanics.
Also, the method and specific parameters for inference differ for various implementa-
tions. For this thesis, two different implementations of Latent Dirichlet Allocation were
evaluated: the native LDA implementation from the Gensim library and the version from
MALLET, a software project which will be briefly described next.

5.1 Introduction to MALLET

MALLET is a Java-based library, designed for statistical natural language processing,
that is developed primarily by Andrew McCallum in the University of Massachusetts,
and published under an open source license. In addition to other tools, it contains effi-
cient, sampling-based implementations of various topic modeling algorithms, including
LDA.[15] MALLET’s implementation of LDA is efficient, but requires O(corpus_words)
of memory.[9]

5.2 Comparison of Gensim and MALLET LDA implementations

The Gensim library provides a wrapper function for the MALLET implementation of
LDA, which was used in this thesis. Hence, both LDA implementations were invoked
through the same library. The method signatures for both implementations are roughly
similar, requiring parameters for the corpus and the dictionary as well as the number
of topics, and optional tweaking of hyperparameters used for the model generation, but
the Gensim implementation allows for a bit more flexibility in terms of configurable
low-level parameters. Both MALLET and Gensim offer a parallelised implementation of
the algorithm, although for Gensim, the LdaMultiCore class needs to be used instead of
generic LdaModel to allow parallel processing.

Both of the implementations were run, and the comparison results for the same con-
figuration (100 topics) are as follows. The generation of a model took 13 min and 50
min, for Gensim and MALLET implementations respectively. The Mallet model genera-
tion includes some pre- and post-generation steps such as transforming the corpus to a
more optimised data structure, and this processing takes extra time, therefore resulting
in a longer training time. The coherence for these models, reported by the Gensim
CoherenceModel was 0.4072 and 0.5677 respectively.
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To decide on which model to proceed with, the coherence values were taken into account,
but equally importantly, the coherence of the topics was estimated empirically. The
MALLET model by manual investigation seemed to produce more higher-quality topics
– the clusters were more similar to how people would cluster words to topics compared
to the Gensim model output. Considering these factors, MALLET’s implementation was
selected for further work.

5.3 Topic count

An important parameter to decide for generating a topic model is the number of topics
to be generated. Multiple factors have to be taken into account, such as the scope of
the corpus, and the desired specificity of the individual topics. A low topic count can
introduce topics composed of themes that do not have close semantic similarity, but too
high of a topic count on the other hand introduces fragmentation of topics where it is not
desired. The goal is to minimise both of these deviations.

For this thesis, models were generated with 2, 5, 10, 20, 30, 50, 100 and 200 topics.
Figure 4 shows the coherences reported by Gensim’s coherence model for each of the
models, using the c_v coherence metric. The model picked for further analysis was a
model with 100 topics. The coherence value was higher than all the models with lower
topic counts and only marginally smaller than the 200 topic model coherence. Also,
the topics seemed to be of high quality by empirical investigation. 100 topics is also
suggested as a generally appropriate number of topics by the authors of this method.[7]
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Figure 4. The coherence of n-topic models reported by Gensim’s CoherenceModel

6 Analysis of the topics

The topics outputted by the model are words with probabilities belonging to that specific
topic. Table 1 shows three sample topics from the final model, with top 10 highest
probability words for both of these topics. The probability indicates the percentage of
choosing that particular word when choosing a word from that topic, or in other words,
how big of a proportion of the topic does that word occupy. We can see that for the first
two of these topics (topics 2 and 18) – and the same is true for the majority of the topics
– one word has a relatively high probability of being drawn from the topic, and with
subsequent words, the probability decreases rapidly.

Based on this, it is also quite easy to make sense of the topic - topic number 2 clearly
has words about substances that are prone to being abused, and words about substance
abuse in general, such as dependence and addiction. Same is true for topic number 18
- we see that the dominant word in the topic is memory, and the subsequent words are
either related to memory or experimentation, so it is reasonable to say that this topic is
about research related to memory.

Based on these factors, we could say that these are good quality topics. This is now true
for all topics though - there occur some, like topic 16 in Table 1, which do not have words
with distinctively high probabilities, and making sense of the semantic coherence of the
words is difficult. Fortunately, the number of such topics is a relatively small minority.
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Table 1. Three sample topics – top 10 words with the associated probabilities

Topic no. 2 Topic no. 18 Topic no. 16
word prob % word prob % word prob %
alcohol 18.059 memory 24.5233 body 8.3926
drug 11.49 recognition 4.0119 form 7.2845
substance 6.2274 test 3.5491 order 5.5624
user 4.5384 recall 2.8567 part 4.5107
dependence 3.989 retention 2.5932 representation 4.4806
drinking 3.4883 item 2.4305 integration 3.0521
addiction 2.4297 retrieval 2.422 reference 2.631
cannabis 2.1811 experiment 2.3545 result 2.4552
alcohol_consumption 1.9942 list 1.7655 space 2.3281
marijuana 1.6846 short_term 1.4908 place 2.3214

6.1 Labeling the topics

The model’s representation of a topic is in the form of a probability distribution over
the vocabulary. While this is useful in the computational process, this is not how people
generally represent abstract topics – a more human-like way is to label the topic with a
term that represents the topic as a whole. To label the topics generated by the model, two
approaches were employed, and both will be described as follows.

6.1.1 Labeling with WordNet hypernyms

The WordNet resource provides information about the semantic relations of words in the
form of hypernyms and hyponyms. Hypernym is a higher level term in a taxonomy of
labels (for example, child is a hypernym to boy and girl), meaning a common hypernym
of multiple words acts as an umbrella term for the words and can be used as a label.

For this process of finding the common hypernym, a small subset of words from the topic
have to be selected, since the addition of each new word rapidly decreases the specificity
of the label and the resulting common hypernym becomes a very general term (such
as entity). Multiple strategies were assessed for selecting the words from the topic for
this process. The configuration that yielded the best results was selecting two to three
words from the top 10 words of a topic, one of which is the top word. For each of such
combinations, the common hypernyms were found, which were evaluated by its’ depth
in the hypernym tree (ie how many hypernym levels it takes to reach the entity node,
which is the root node for nouns), picking the term with the biggest depth. The resulting
labels obtained with this method can be seen in Appendix A and the source code for
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generating these in Appendix B.

For assessing the suitability of this method for labelling in this context, it can be said that
it provides some utility, but is lacking in some key aspects. That being mainly because
of the fact that not all words – that do fit in one topic – have a semantically meaningful
hypernym. For example, in topic 2 in Table 1, the words alcohol and user have the lowest
common hypernyms causal_agent and physical_entity. These terms are too abstract
to provide a meaningful label, but to a human labeler it is clear that these two words
could be labeled under alcohol usage or something similar. This is because the closest
relation between semantically tied words is not always hypernymy, but another kind of
relation. It can be argued that a very detailed lexical database that models a larger variety
of relations could yield better results for this process. Nevertheless, this method provided
a useful alternative perspective compared to the labeling described next.

6.1.2 Human labeling

Since labeling the word-distribution topics is, as mentioned, a human way of dealing
with these abstract topics, it can be assumed that humans are capable of coming up with
good quality labels. Even more so, if the persons doing the labeling are acquainted to the
domain the topics are about.

For this thesis, three people labeled the topics manually, out of whom one person is
currently pursuing a Doctoral degree in psychology, the second has obtained a Master’s
degree in psychology and the third is a researcher in the field of natural language
processing and has a PhD in cognitive sciences. The labelers were presented with
individual sheets which showed the top 10 words for all the topics along with the
associated probabilities. The labelers were asked to come up with labels that would
describe the clusters of words as best as they could. The resulting labels can be seen in
Appendix A.

All of the labelers reported difficulty labeling a minor proportion of the topics. 15%
topics were reported by one of the three labelers as hard to label, 6% by 2 out of 3
labelers and 3% by all three labelers. This was mainly due to loose semantic similarity
of the words of these topics. Overall, as can be seen in Appendix A, the labels assigned
by the labelers generally overlap or are semantically similar.

6.2 Topic popularities over time

The generated topic model enables extraction of topic proportions per each document.
Because the publication year of each document is known, the topic proportions can be
aggregated for each year. From this point, the topic’s relative occurrence can be plotted
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to visualize the change in a given topic’s popularity over time. An example of this
visualisation can be seen in Figure 5 . On the graph, the horizontal axis represents a year,
from 1979 to 2019, which gives us 40 years of changes. The vertical axis represents the
proportional occurrence of the topic relative to all topics. The numeric values on this
axis are less relevant themselves, but are primarily added to better capture the magnitude
of the changes.

Hereafter, the topic’s occurrences are ranked by a set of measures with the top ranking
topics illustrated and briefly commented on. The full set of graphs displaying the
proportion of each topic over time can be seen in Appendix A.

Figure 5. A sample topic’s occurrence over time

6.2.1 Biggest increases in topic occurrence over the timespan

Figure 6 shows the graphs, along with selected labels, for topics which proportional
increase has been the highest from 1979 to 2019. Topic 56, which features words related
to neuroscience and fMRI, experienced a 92% increase in its proportional occurrence.
Topic 28, that centers around interventions and the effectiveness of interventions, had a
81% increase over the course of this timespan. Topic number 8, which seems to signify
reviews as a methodology for research, increased 62% over the selected period.
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Figure 6. Topics with the biggest increase in occurrence from 1979 to 2019

6.2.2 Biggest decreases in the topic occurrence over the timespan

Figure 7 shows the changes in popularity for topics for which the popularity has decreased
the most. Topic 23’s proportional occurrence decreased 43% from 1979 to 2019, and
even more (63%) when considering the period from its peak in 1988 to 2019. The topic
features words about animal testing (rat, administration, injection) and drugs (cocaine,
ethanol). The other two topics that exhibited the biggest decline, topic 98 and topic
53, were both one of the few that the labelers reported difficulty labeling. Topic 98,
which received cognitive research as a label, had a 37% decrease over the timespan,
whereas topic 53, which the labelers failed to label, but featured the top words concept
and identity, exhibited a 34% decrease over the time period.

Figure 7. Topics with the biggest decrease in occurrence from 1979 to 2019
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6.2.3 Most variance in topic occurrence

Figure 8 shows the topics for which the occurrence varied the most over the selected
period of time. Topic number 23, discussed also in the previous subchapter, showed the
most variance in occurrence from all the topics. The second-ranking topic for the amount
of variance is topic number 5, which was labeled as studies related to neural activity.

Figure 8. Topics with the largest variance over time in terms of occurrence from 1979 to
2019

6.2.4 Most stable topic occurrences (least variance)

The topics that showed the least amount of variance from all the topics are displayed
in Figure 9. Topic 26, which showed the most stability by this metric, was labeled as
representing paper abstract and experiment design. It seems feasible that this kind of
topic is represented in most, if not all abstracts and its occurrence does not vary heavily
across time. Another topic that showed a very low level of variance is topic number 33,
which was labeled as representing visual perception studies. From the graph, a slow
decline can be seen but the overall change across the time period is very small.
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Figure 9. Topics with the least amount of variance over time in terms of occurrence from
1979 to 2019
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7 Conclusion

In this thesis, a topic model was generated on a large collection of abstracts from the
domain of psychology.

The goal of the thesis was to generate a topic model and analyse the resulting topics in
the temporal dimension. This goal was met, through the following stages. The corpus for
model generation was assembled from the PubMed resource and featured around 1.12
million abstracts. The texts were preprocessed for the model generation. The topic model
was generated with MALLET’s implementation of LDA, with 100 as the count of topics.
The resulting topics were labeled with two strategies: manual labeling by three people
well-aquainted to the domain, and by programmatic labeling using WordNet hypernyms.
The topic occurrences were plotted in a time period of 40 years, from 1979 to 2019. The
full set of resulting topics and corresponding graphs can be seen in Appendix A.

The occurrences of the topics were analysed from the statistical viewpoint, highlighting
the topics outlying by some measure. The resulting model would likely provide an
interesting model for analysis in some subsequent psychology research.
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A Topics

In this section, the resulting topics from the generated model are presented along with
the labels and the graphs describing the change in a topics occurrence over time. The
topics are described in the format shown in Table 2.

Words 1-10 are the top words of a given topic ranked by the corresponding probability.
The probability indicates the percentage of drawing that particular word then picking a
word from this topic (ie how big of a proprtion of the topic does this word make up).

Labels 1-3 are labels assigned by the human labelers. Label 4 is the label assigned by the
WordNet labeling.

On the right side of the topic’s table is the corresponding temporal ocurrence graph.

Table 2. The format of the topics shown in this section

Topic number
word 1 probability % label 1
word 2 probability % label 2
word 3 probability % label 3
word 4 probability % label 4
word 5 probability %
word 6 probability %
word 7 probability %
word 8 probability %
word 9 probability %
word 10 probability %
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GLDJQRVLV�� ���������
KHDGDFKH�� ���������
SURJUHVVLRQ�� ���������
PFL�� ���������
� � �
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UDW�� ��������DQLPDO���VWXGLHV��
DGPLQLVWUDWLRQ�� �������DQLPDO���H[SHULPHQWV��
HIIHFW�� ��������DQLPDO���H[SHULPHQWDWLRQ��
DQLPDO�� ��������DQLPDO��
FRFDLQH�� ���������
LQMHFWLRQ�� ���������
HWKDQRO�� ���������
GRVH�� ���������
H[SHULPHQW�� ���������
GUXJ�� ���������
� � �
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HPRWLRQ�� ���������DIIHFW���UHVHDUFK��
FDWHJRU\�� ��������DIIHFW���UHFRJQLWLRQ��
IDFH�� ��������HPRWLRQ���UHFRJQLWLRQ��
LPDJH�� ��������IHHOLQJ��
UHFRJQLWLRQ�� ���������
H[SUHVVLRQ�� ���������
SLFWXUH�� ���������
DIIHFW�� ���������
MXGJPHQW�� ���������
SDUWLFLSDQW�� ��������
� � �
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VXSSRUW�� ���������VRFLDO���VXSSRUW��
VRFLDO�� �������VRFLDO���VXSSRUW��
VWXG\�� �����������
UHVRXUFH�� ��������GHYLFH��
QHWZRUN�� ���������
FRQWDFW�� ���������
LPSDFW�� ���������
ILQGLQJ�� ���������
LVRODWLRQ�� ���������
GDWXP�� ���������
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GDWXP�� ���������SDSHU���DEVWUDFWV��
VWXG\�� ���������PHWKRGRORJ\�������WLPH��
PHWKRG�� ��������H[SHULPHQW���GHVLJQ��
DQDO\VLV�� ���������GDWXP��
GDWD�� ��������
GHVLJQ�� ���������
FROOHFWLRQ�� ���������
SXUSRVH�� ���������
FRQFOXVLRQ�� ���������
DLP�� ���������
� � �
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PRWKHU�� ���������SUHJQDQF\���DQG���ELUW��
LQIDQW�� ��������PDWHUQLW\���VWXG\��
SUHJQDQF\�� ��������JLYLQJ���ELUWK��
ELUWK�� ��������SDUHQW��
SRVWSDUWXP�� ���������
PDWHUQDO�� ���������
IDWKHU�� ���������
PRQWK�� ���������
GHOLYHU\�� ���������
GHYHORSPHQW�� ���������
� � �
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LQWHUYHQWLRQ�� ��������LQWHUYHQWLRQ���VWXGLHV��
HIILFDF\�� �������LQWHUYHQWLRQ���HIIHFWLYHQHVV��
WULDO�� ��������RXWFRPH���DVVHVVPHQW��
HIIHFWLYHQHVV�� ��������SURFHHGLQJ��
SURJUDPPH�� ���������
RXWFRPH�� ���������
PLQGIXOQHVV�� ���������
GHVLJQ�� ���������
UHGXFWLRQ�� ���������
SLORW�� ���������
� � �
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WLPH�� ���������UHVHDUFK���VWXG\���FKDUDFWHULVWLFV��

H[SRVXUH�� ��������
PHWKRGRORJ\������
WLPH�ORQJLWXGLQDO��

SRLQW�� ��������WLPH���DV���YDULDEOH��
VWXG\�� ��������GDWXP��
VWDELOLW\�� ���������
SHULRG�� ���������
LPSDFW�� ���������
GHQWLVW�� ���������
WLPLQJ�� ���������
GDWXP�� ���������
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DGXOW�� ���������FRQGLWLRQV���WKURXJK���OLIH��
FKLOGKRRG�� ��������OLIHVSDQ���RU���DJH��
VWXG\�� ��������DGROHVFHQW���GHYHORSPHQW��
RQVHW�� ��������RUJDQLVP��
DGKG�� ���������
DJH�� ��������
DGXOWKRRG�� ���������
DGROHVFHQFH�� ���������
VDPSOH�� ���������
ILQGLQJ�� ���������
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VXEMHFW�� ���������PRWRU�PRYHPHQW���VWXGLHV��
PRWRU�� �����������
SKDVH�� ��������GHYHORSPHQW���RI���PRYHPHQW��
PRYHPHQW�� ��������FRQWHQW��
KDQG�� ���������
EDODQFH�� ���������
PXVFOH�� ���������
IRUFH�� ���������
DUP�� ���������
OLPE�� ��������
� � �

����� �
VOHHS�� ���������VOHHS���GLVRUGHUV���VWXGLHV��
GXUDWLRQ�� ��������VOHHS���UHVHDUFK��
PRRG�� ��������VOHHS���VWXG\��
IDWLJXH�� ��������SK\VLFDO���FRQGLWLRQ��
LQVRPQLD�� ���������
FRPSODLQW�� ���������
VWXG\�� ��������
VKLIW�� ���������
QLJKW�� ���������
GLVWXUEDQFH�� ���������
� � �
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SHUFHSWLRQ�� ���������YLVXDO���SHUFHSWLRQ���VWXGLHV��
VWXG\�� ��������VHQVRU\�SHUFHSWLRQ��
UDWLQJ�� ��������SHUFHSWLRQ���VWXG\��
FODVV�� ��������DFWLYLW\��
UHVXOW�� ���������
RULHQWDWLRQ�� ���������
DJUHHPHQW�� ���������
ILQGLQJ�� ���������
YRLFH�� ��������
UHSRUW�� ��������
� � �
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EHKDYLRXU�� ���������GLHW���EHKDYLRXU���VWXGLHV��
IRRG�� ���������HDWLQJ���EHKDYLRXU��
GLHW�� ��������QXWULWLRQ���VWXG\��
FRQVXPSWLRQ�� ��������DFWLYLW\��
LQWDNH�� ���������
QXWULWLRQ�� ���������
PHDO�� ���������
HQHUJ\�� ���������
FRQVXPHU�� ���������
GHSULYDWLRQ�� ��������
� � �

����� �
SUDFWLFH�� ������������
FOLHQW�� ��������WUHDWPHQW���HQJDJHPHQW��
LPSOHPHQWDWLRQ�� �����������
JXLGHOLQH�� ��������DFWLYLW\��
HQJDJHPHQW�� ���������
UHFRPPHQGDWLRQ�� ���������
HYLGHQFH�� ���������
SURMHFW�� ���������
DSSURDFK�� ���������
H[SHUW�� ���������
� �
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IXQFWLRQ�� ���������VWUHQJWK���WUDLQLQJ���UHVHDUFK��
FRPSRQHQW�� ���������SUHGLFWLRQ��
VWXG\�� ��������UHFRYHU\���RI���IXQFWLRQ��
ORVV�� ��������IXQFWLRQ��
UHFRYHU\�� ���������
FDSDFLW\�� ���������
VWUHQJWK�� ���������
UHVXOW�� ���������
ILQGLQJ�� ���������
FRUH�� ���������
� � �
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UHVSRQVH�� ���������DXGLWRU\���SHUFHSWLRQ���VWXGLHV��
VWLPXOXV�� ���������H[SHULPHQWDO��
FXH�� ��������SV\FKRORJLFDO���H[SHULPHQW��
H[SHULPHQW�� ��������H[SHULPHQW��
WULDO�� ���������
DXGLWRU\�� ���������
VWLPXOL�� �������
SUHVHQWDWLRQ�� ���������
SURFHVVLQJ�� ���������
VHTXHQFH�� ���������
� � �
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DVVHVVPHQW�� ���������DVVHVVPHQW��
HYDOXDWLRQ�� ���������DVVHVVPHQW��
WRRO�� �������HYDOXDWLRQ���SURFHGXUH��
VFUHHQLQJ�� ��������DSSUDLVDO��
FULWHULRQ�� ���������
H[DPLQDWLRQ�� ���������
PHDVXUHPHQW�� ���������
LQGLFDWRU�� ���������
SURWRFRO�� ���������
VFUHHQ�� ���������
� � �
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GLVRUGHU�� ���������SV\FKRSDWKRORJ\���UHVHDUFK��
GLDJQRVLV�� ��������GLVRUGHU���DVVHVVPHQW��
SV\FKRVLV�� �������SV\FKRSDWKRORJ\��
GVP�� ��������GLVRUGHU��
RFG�� ���������
FRPRUELGLW\�� ��������
FULWHULRQ�� ���������
ELSRODUBGLVRUGHU�� ���������
SV\FKRSDWKRORJ\�� ���������
HSLVRGH�� ���������
� � �
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LQIRUPDWLRQ�� ������������
TXHVWLRQ�� ����������
VRXUFH�� ��������RQOLQH���SV\FKRORJLFDO���VWXG\��
H[SHFWDWLRQ�� ��������SOHDGLQJ��
FRQWHQW�� ���������
LQWHUQHW�� ���������
PDWHULDO�� ���������
FRPPXQLFDWLRQ�� ���������
IRUPDW�� ���������
DQVZHU�� ���������
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ZRUG�� ���������ODQJXDJH���SURFHVVLQJ���UHVHDUFK��
ODQJXDJH�� ��������ODQJXDJH���SURFHVVLQJ��
VSHHFK�� ��������ODQJXDJH��
SURFHVVLQJ�� ��������VSHHFK���DFW��
H[SHULPHQW�� ���������
UHDGLQJ�� ���������
OHWWHU�� ���������
VHQWHQFH�� ���������
FRPSUHKHQVLRQ�� ���������
UHVXOW�� ���������
� � �
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W\SH�� ���������DXWLVP���VSHFWUXP���UHVHDUFK��
SDWWHUQ�� ���������GLVRUGHU���VSHFLILFDWLRQ��
SURILOH�� ��������VWDWLVWLFDO���DQDO\VLV��
FKDUDFWHULVWLF�� ��������FRQFHSW��
DQDO\VLV�� ���������
VXEJURXS�� ���������
V\QGURPH�� ���������
FOXVWHU�� ���������
DXWLVP�� ���������
LQVLJKW�� ���������
� � �
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QXUVH�� ���������QXUVHV��
KRVSLWDO�� ���������QXUVLQJ��
FDUH�� ��������KHDOWK���FDUH��
VWDII�� ��������KHDOWK���SURIHVVLRQDO��
QXUVLQJ�� ���������
XQLW�� ���������
UHVLGHQW�� ���������
DGPLVVLRQ�� ���������
GLVFKDUJH�� ���������
LQSDWLHQW�� ���������
� � �
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SHUVRQDOLW\�� ��������
ERUGHUOLQH���SHUVRQDOLW\���GLVRUGHU��
UHVHDUFK��

GLPHQVLRQ�� ��������SHUVRQDOLW\��
WUDLW�� ��������SHUVRQDOLW\���GLVRUGHU��
DWWDFKPHQW�� ��������ZKROH��
VDPSOH�� ���������
DQJHU�� ���������
ESG�� ���������
LPSXOVLYLW\�� ��������
SV\FKRSDWKRORJ\�� ���������
UHODWLRQVKLS�� ���������
� � �
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H[SHULHQFH�� ���������TXDOLWDWLYH���UHVHDUFK��
LQWHUYLHZ�� ��������PHWKRGRORJ\�������TXDOLWDWLYH��
WKHPH�� ��������LQWHUYLHZ��
IRFXV�� ��������FRQWHQW��
XQGHUVWDQGLQJ�� ���������
QDUUDWLYH�� ���������
FKDOOHQJH�� ���������
H[SORUH�� ���������
DQDO\VLV�� ���������
FRQWHQW�� ���������
� �
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DJH�� ���������
FKDUDFWHULVWLFV���RI���VWXG\��
SDUWLFLSDQWV��

\HDU�� ���������VDPSOH���GHVFULSWLRQ��
FRKRUW�� ��������JURXS���FRPSDULVRQ���GHVLJQ��
HGXFDWLRQ�� ��������WLPH���SHULRG��
UDQJH�� ���������
GHFOLQH�� ���������
JHQGHU�� ���������
DJHBJURXS�� ���������
SRSXODWLRQ�� ���������
VH[�� ���������
� � �
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NQRZOHGJH�� ���������
VWXGLHV���RQ���NQRZOHGJH���DQG��
DWWLWXGHV��

DWWLWXGH�� �����������
EHOLHI�� �����������
DZDUHQHVV�� ��������FRJQLWLRQ��
LQWHQWLRQ�� ���������
HGXFDWLRQ�� ��������
QRUP�� ���������
PHVVDJH�� ���������
TXHVWLRQQDLUH�� ���������
PHGLXP�� ���������
� � �
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SURFHVV�� ���������WKHRU\��
DSSURDFK�� ���������WKHRUHWLFDO���SHUVSHFWLYH��
FRQWH[W�� �����������
WKHRU\�� ��������DFWLYLW\��
SHUVSHFWLYH�� ���������
IUDPHZRUN�� ���������
XQGHUVWDQGLQJ�� ��������
FRQWH[WV�� ���������
HOHPHQW�� ���������
FRPSOH[LW\�� ���������
� � �
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SDLQ�� ���������SDLQ���UHVHDUFK��
GLVDELOLW\�� ��������SDLQ��
LQWHQVLW\�� ��������SDLQ���PDQDJHPHQW��
FKURQLF�� ��������SDLQ��
VWXG\�� ���������
PDQDJHPHQW�� ��������
YDV�� ��������
UHOLHI�� ���������
GLVFRPIRUW�� ���������
WROHUDQFH�� ���������
� � �
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KHDOWK�� ���������
KHDOWK���VWDWXV���DQG���LWV��
GHWHUPLQDQWV��

VWDWXV�� �������KHDOWK���UHVHDUFK��
SRSXODWLRQ�� �����������
VXUYH\�� ��������FRQGLWLRQ��
HGXFDWLRQ�� ���������
SURPRWLRQ�� ���������
OLWHUDF\�� ���������
KRXVHKROG�� ���������
GHWHUPLQDQW�� ���������
SURIHVVLRQDO�� ��������
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IDFWRU�� ��������
FDUGLRYDVFXODU���GLVHDVH��
UHVHDUFK��

ULVN�� ������������
SUHYHQWLRQ�� ��������SUHYHQWLRQ���UHVHDUFK��
FYG�� ��������LQWHJHU��
YXOQHUDELOLW\�� ���������
FDUGLRYDVFXODUBGLVHDVH�� ���������
ORJLVWLFBUHJUHVVLRQ�� ���������
SRSXODWLRQ�� ���������
KLVWRU\�� ���������
P\RFDUGLDOBLQIDUFWLRQ�� ���������
� � �
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FKLOG�� ���������
VWXG\���SRSXODWLRQ���LQ��
GHYHORSPHQWDO���VWXGLHV��

SDUHQW�� ���������IDPLO\�SDUHQWLQJ���UHVHDUFK��
IDPLO\�� �������SDUHQWLQJ��
SDUHQWLQJ�� ��������RUJDQLVP��
\HDU�� ���������
FKLOGKRRG�� ���������
WRGGOHU�� ���������
PRWKHU�� ���������
SUHVFKRROHU�� ���������
IDWKHU�� ���������
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FRQFHSW�� �����������
LGHQWLW\�� �����������
SV\FKRORJ\�� �����������
DXWKRU�� �������FRQFHSW��
SDSHU�� ���������
DUWLFOH�� ���������
LGHD�� ��������
WKHRU\�� ���������
SV\FKLDWU\�� ���������
ZRUOG�� ���������
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HIIHFW�� ���������
ZRUGV���XVHG���LQ���GHVFULELQJ��
UHVXOWV��

UHVXOW�� ��������SUHGLFWLRQ�HIIHFW��
VLGH�� ��������SV\FKRORJLFDO���H[SHULPHQW��
LQIOXHQFH�� ��������HYLGHQFH��
LQWHUDFWLRQ�� ���������
HYLGHQFH�� ���������
DGGLWLRQ�� ���������
PHFKDQLVP�� ���������
HQKDQFHPHQW�� ���������
VL]H�� ���������
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DGROHVFHQW�� ���������
DGROHVFHQW�\RXWK���DV���VWXG\��
SRSXODWLRQ��

VFKRRO�� ��������VDPSOH�������DGROHVFHQW��
\RXWK�� ��������DGROHVFHQFH��
SHHU�� ��������RUJDQLVP��
JLUO�� ���������
WHDFKHU�� ���������
JUDGH�� ���������
ER\�� ���������
\HDU�� ���������
DGROHVFHQFH�� ���������
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EUDLQ�� ���������)05L���VWXGLHV��
UHJLRQ�� ��������QHXURORJLFDO���UHVHDUFK��
DFWLYDWLRQ�� ��������QHXURVFLHQFH��
QHWZRUN�� ��������QHXUDO���VWUXFWXUH��
DUHD�� ���������
YROXPH�� ���������
IPUL�� ���������
DP\JGDOD�� ���������
FRQQHFWLYLW\�� ���������
VWUXFWXUH�� ��������
� � �
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LVVXH�� ��������VRFLDO���SROLF\���VWXGLHV��
SROLF\�� ��������SUDFWLFDO���RXWFRPH�������SROLF\��
GLVFXVVLRQ�� ��������OHJLVODWLRQ��
YLHZ�� �������DFWLYLW\��
DXWRQRP\�� ���������
VRFLHW\�� ���������
UHVSRQVLELOLW\�� ���������
VWDWHPHQW�� ���������
FRQFHUQ�� ���������
ODZ�� ���������
� � �
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DFWLYLW\�� ���������
ZHLJKW���DQG���SK\VLFDO���DFWLYLW\��
UHVHDUFK��

ZHLJKW�� ��������KHDOWK�������SK\VLFDO���DFWLYLW\��
H[HUFLVH�� ��������REHVLW\��
REHVLW\�� ��������DFWLYLW\��
EPL�� ���������
OLIHVW\OH�� ���������
VWXG\�� ���������
ILWQHVV�� ���������
FDP�� ���������
ERG\BPDVVBLQGH[�� ���������
� � �
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OHYHO�� ���������ELRPDUNHU���OHYHOV���DV���D���YDULDEOH��
VWXG\�� ��������PHWKRGRORJ\�������PHGLFDO���WHVWLQJ��
FRQFHQWUDWLRQ�� ��������SK\VLRORJ\��
EORRG�� ��������GHYLFH��
SODVPD�� ���������
VHUXP�� ��������
UHVXOW�� ���������
WHVWRVWHURQH�� ���������
OHDG�� ���������
LQFUHDVH�� ���������
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SDWLHQW�� ���������SDWLHQW��
KHDOWK\BFRQWUROV�� ��������SDWLHQWV��
RXWSDWLHQW�� ��������KHDUW���GLVHDVH��
SDWLHQWV�� ��������DIIHFWHG���UROH��
GLVHDVH�� ���������
SURJQRVLV�� ���������
KHDUWBIDLOXUH�� ���������
P\RFDUGLDOBLQIDUFWLRQ�� ���������
DQJLQD�� ���������
SFL�� ���������
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SK\VLFLDQ�� ������������
FRPPXQLFDWLRQ�� �����������
FOLQLF�� ��������SULPDU\���FDUH��
GRFWRU�� ��������GRFWRU��
YLVLW�� ���������
SULPDU\BFDUH�� ���������
SHUFHQW�� ���������
FRQVXOWDWLRQ�� ��������
DVWKPD�� ���������
PHGLFLQH�� ���������
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ZRPDQ�� ������������
PDQ�� ���������VDPSOH�������JHQGHU��
VH[XDOLW\�� �������VH[XDO���EHKDYLRU��
DERUWLRQ�� ��������RUJDQLVP��
IHUWLOLW\�� ���������
LQIHUWLOLW\�� ���������
PHQRSDXVH�� ���������
VH[XDOBDFWLYLW\�� ���������
FRQWUDFHSWLRQ�� ���������
GHVLUH�� ���������
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VXUYH\�� ���������
VXUYH\�TXHVWLRQQDLUH���DV���D��
PHWKRG��

VDWLVIDFWLRQ�� ���������
PHWKRGRORJ\�������LQVWUXPHQW���DQG��
VDPSOH��

UHVSRQGHQW�� ��������VXUYH\��
TXHVWLRQQDLUH�� ��������DFW��
FRXQWU\�� ���������
FURVVBVHFWLRQDO�� ���������
SRSXODWLRQ�� ���������
PDMRULW\�� ��������
DUHD�� ���������
TXHVWLRQ�� ���������
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SUREOHP�� ���������PHQWDO���KHDOWK���UHVHDUFK��
PHQWDOBKHDOWK�� ���������PHQWDO���KHDOWK���UHVHDUFK��
DGMXVWPHQW�� �������DGMXVWPHQW��
VWXG\�� ��������GLIILFXOW\��
PHQWDOBLOOQHVV�� ���������
SRSXODWLRQ�� ���������
GLIILFXOW\�� ���������
VROXWLRQ�� ���������
VDPSOH�� ���������
FRQGXFW�� ���������
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FKDQJH�� ���������WUDXPDWLF���EUDLQ���LQMXU\���UHVHDUFK��
LQMXU\�� ��������SK\VLFDO���KHDOWK�������LQWHUYHQWLRQ��
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B Source code

The source code for the steps described in this thesis can be accessed from this address:
https://github.com/ottmartens/psy-topic-models
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