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Abstract

In this work we analyze user information crawled from Twit-
ter using an established machine learning algorithm, the Latent
Dirichlet Allocation (LDA) algorithm. This task was achieved in
four parts: web crawling of user Tweets from Twitter as training
data; training of the LDA algorithm using the crawled data; con-
struction of a model to predict interests of new user profiles; and
the building of a web interface for the direct application of my
model. Improvement of prediction results were also achieved via
connection of other text analysis tools (such as openCalais and
AlchemyAPI) into the main project both as a benchmark and inte-
gration with my results, and analysis of keywords extracted from
related topic articles from Wikipedia using LDA.





Contents vii

Contents

1 Introduction 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Research Question . . . . . . . . . . . . . . . . . . . 2
1.3 Goal . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2

2 Related Work 5

3 Conceptual Approach 13
3.1 Overview . . . . . . . . . . . . . . . . . . . . . . . . . 13
3.2 Technical Requirements . . . . . . . . . . . . . . . . 15

3.2.1 System Requirement . . . . . . . . . . . . . . 15
3.2.2 API Access . . . . . . . . . . . . . . . . . . . . 15

3.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . 17

4 Implementation 19
4.1 Background . . . . . . . . . . . . . . . . . . . . . . . 19

4.1.1 Latent Dirichlet Allocation . . . . . . . . . . 19
4.1.2 Programming Language . . . . . . . . . . . . 49

4.2 Training Set Creation . . . . . . . . . . . . . . . . . . 51
4.3 Latent Dirichlet Allocation Training Process . . . . . 51

4.3.1 Text Data Converting . . . . . . . . . . . . . . 52
4.3.2 Latent Dirichlet Allocation Training Process 54
4.3.3 Gibbs sampling for learning algorithm . . . 55
4.3.4 LDA hyperparameters . . . . . . . . . . . . . 55
4.3.5 LDA Training Result . . . . . . . . . . . . . . 57

4.4 Latent Dirichlet Allocation Prediction Process . . . . 58
4.4.1 Dynamic Crawling . . . . . . . . . . . . . . . 58
4.4.2 Pre-processing . . . . . . . . . . . . . . . . . 59
4.4.3 Implementation of Prediction . . . . . . . . . 59
4.4.4 Prediction Result . . . . . . . . . . . . . . . . 61

4.5 API Connection . . . . . . . . . . . . . . . . . . . . . 61
4.6 Clustering Keywords and phrase . . . . . . . . . . . 61

4.6.1 Wikipedia Connection . . . . . . . . . . . . . 63
4.6.2 Second use of LDA . . . . . . . . . . . . . . . 63

4.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . 65



viii Contents

5 Evaluation 67
5.1 Test for Popular users . . . . . . . . . . . . . . . . . . 67

5.1.1 @google . . . . . . . . . . . . . . . . . . . . . 67
5.1.2 @DailyHealthTips . . . . . . . . . . . . . . . 68
5.1.3 @RollingStone . . . . . . . . . . . . . . . . . . 68

5.2 Test for volunteers . . . . . . . . . . . . . . . . . . . 69
5.2.1 volunteer 1: @sadikshagautam . . . . . . . . 70
5.2.2 volunteer 2:@Xia41258659 . . . . . . . . . . . 71
5.2.3 volunteer 3:@LZYuan_1981 . . . . . . . . . . 72

5.3 Summary . . . . . . . . . . . . . . . . . . . . . . . . . 73

6 Conclusion & Future Work 75
6.1 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . 75
6.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . 76

6.2.1 Improvement of Latent Dirichlet Allocation . 77
6.2.2 Larger number of possible topics . . . . . . . 77
6.2.3 Larger training set . . . . . . . . . . . . . . . 78

7 Appendix 79

8 Bibliography 83

Learning Technologies
Research Group Informatik 9
RWTH Aachen University



1

Chapter 1 Introduction

The Internet has become an essential part of our daily routine.
Due to the varied requirements of users all over the world, it is
thus advantageous for World Wide Web systems to have the abil-
ity to adapt functionality to suit unique individual users. Such in-
dividual user profiles can be created based on the user’s activity
in the WWW, such as a user’s browsing history or cache, search
queries or visited web sites. Moreover, the distributed user data
traces from different sources such as social networking services
(Facebook, LinkedIn), social media services (Twitter) and others
(Google) should be able to provide different aspects of informa-
tion on the users. Such profiles describe users’ interests and are
the foundation for automated recommendation of products, web
sites or content users might be interested in. This information re-
mains on the Web and can be relatively easily collected via the
use of automated bots and web crawling techniques. In addition,
the various web services listed above also often provide a limited
subset of information which they collect to advertisers, search en-
gine optimizers and researchers.

1.1 Motivation

Due to the large amount of information collected in such a man-
ner, it is then important that there should be tools available with
which a researcher could easily and quickly analyze it. Such tools
are software implementations of powerful machine learning al-
gorithms, which have long been used to analyze large datasets.
In fact, due to the intrinsic massive inter-connectivity and logi-
cal structure of the Web many different topics could be related to
one another, and hence this presents different machine learning
algorithms with an ideal testing ground for their respective effec-
tiveness and abilities. In addition, the ability to analyze content
from social networks is also important for advertisers and other
Web entrepreneurs.
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Twitter is a unique platform for the testing of machine learning
algorithms as it presents researchers with the ability to check the
effectiveness of algorithms by using Tweets from well-known ac-
counts. Given that topic interests from such accounts should be
assumed to be known, results from running learning algorithms
on them could be used as benchmarks for future leraning of less
well-known accounts.

1.2 Research Question

Based on the ultimate goals of this work, we need to consider
the following research questions which will serve as breakpoints
along the way for further investigation:

1. How can we extract user profile data from Twitter?
2. What kind of machine learning algorithm is best for our

case?
3. How to extract user interests, which are the quantities we

are ultimately interested in, from the result?
4. How can we improve the result from basic learning algo-

rithm?

1.3 Goal

The aim of this work is to collect user profile information from
web services (Twitter) which gather information about their users
across multiple domains and apply machine learning techniques
to such data in order to enable analysis of users’ interests.

The specific working plan for my Masters thesis can be roughly
divided into five parts: crawling of user data from the popular
social networks, which in my specific case was Twitter; train-
ing of machine learning algorithms using crawled data; construc-
tion of a model to predict interests of new user profiles; connec-
tion and cross-checking of preliminary results with several well-
known text analysis tools and classify the extracted results us-
ing learning algorithm; and the building of a web interface for
the direct application of my model. The first part, involving the
crawling of user data, was implemented via a Twitter API in
Java. The API enabled a developer to harvest a set number of text
data which are then collected to form both the training and test
data. The main part of the work was done in the implementation
of machine learning algorithms for the construction of a predic-
tive model of user interests. For this part of the work the Latent
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Dirichlet Allocation (LDA)[4] algorithm was employed. The im-
plementation was realized in the Mahout ML library; work was
required in order to define the correspondence between LDA’s
latent topics and Twitter tags. After this was done I connected
the same set of Tweets to several established text analysis tools
(such as openCalais and AlchemyAPI) in order to obtain key-
words; these keywords were then inputted to Wikipedia in order
to find related topic, which are then in turn analyzed again with
LDA. In this way a higher level of prediction accuracy could be
achieved. For the final part of the work a web interface was setup
via JSP/Servlet in order to provide prediction of user interests
via their Tweets, and to connect other text analysis tools into my
project and both as a benchmark and integration with my results.

This thesis is structured into five chapters. Chapter 2 will intro-
duce some literature which did similar work as ours. We make a
comparison of each project and make a conclusion table for all re-
lated projects. Next we give a "big picture" overview of our work
in order to have a basic framework of our whole project in Chap-
ter 3, and introduced the possible technical requirements for our
project. Then we step to chapter 4, which is the core part in our
project. In this chapter we explain details of our algorithms and
steps of our implementation. The chapter 5 shows the results in
terms of performance, complexity and user evaluation. Finally in
chapter 6.1 and 6.2 an outlook to the future is given with a guide-
line of development and ideas of further improvements.





5

Chapter 2 Related Work

Our core work involves using the LDA algorithm sequentially in
order to analyze Twitter user profiles and extract user interests
from it. The first implementation is to analyze the original tweets
crawled from Twitter and obtain from this preliminary analysis
the general possible topic distributions and related keywords; the
second LDA implementation in this sequence involves the use
of text analysis tools to analyze the original tweets before fur-
ther processing using LDA; specifically, after getting the relevant
keywords and phrases from these tools, we send the results to
Wikipedia in order to find the related categories for each of them,
and the utilize LDA to analyze the categories in order to find the
best possible topics for the keywords or phrases. By using this
sequential implementation of LDA, we can obtain a better and
more complete result than from single LDA.

Extraction of possible topics from user information is a popu-
lar topic in modern applications of machine learning. The is a
substantial literature on similar work, which we will partially list
and compare with the approach summarized above. We will fo-
cus our review of this literature on 2 main aspects: we first re-
view early theoretical works which laid the foundations for the
approach which we use in this work, while in the second part
we discuss some previous implementations of this algorithm and
some results.

The Latent Dirichlet Allocation (LDA) algorithm, first created by
David M. Blei[4] in 2003, can be used for topic extraction on text
documents by implementing the variational inference method for
calculating the posterior distribution. Then Mark Steyvers im-
proved on this procedure by replacing variational inference with
Gibbs sampling methods, which simplified the algorithm subs-
tiantially. Later on, Ramage, D.[16] modified the traditional LDA
to include topic labels, an approach which he called Labeled-LDA
in 2009. We give a short comparison of the 2 approaches below.
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Figure 2.1: Comparison of L-LDA and LDA

The difference between LDA and Labeled-LDA is that basic LDA
is a kind of unsupervised learning algorithm in which only the to-
tal number of possible topics in the whole corpus needs to be
predetermined, and the algorithm will calculate both the pos-
sible topics which are related to each document in the corpus
(document-topic distribution) and the topic-word distribution it-
self; on the other hand, Labeled-LDA is a supervised approach
which constrains LDA by defining a one-to-one correspondence
between LDA’s latent topics and user tags, and allows to directly
learn word-tag correspondences.

The figure 2.1 shows comparison of 20 topics learned on
del.ico.us by Labeled LDA (left) and traditional LDA (right), with
representative words for each topic shown in the boxes.

Implementation-wise, most of the published research about Twit-
ter have focused on questions related to possible topics on Twit-
ter’s whole data set, or on specific users. Here we will detail some
other approaches to Twitter which is similar to ours in order to
make a comparison between each of them.

TweetLDA: Supervised Topic Classification and Link Prediction
in Twitter

Quercia, D.[7] used Labeled-LDA to extract possible topics from
Twitter profiles, and compared to the competitive baseline of
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Support Vector Machines (SVM). They determine the possible
topics in the training documents using some text analysis tools.

Quercia, D.[7] Our Research
Learning Algorithm Labeled-LDA LDA

Analysis Object Twitter User Profile
Twitter User Profile

Results from Wikipedia

Results Topical Keywords
Topical Keywords

Topical Keyphrases

Other Tools Text Analysis APIs
Text Analysis APIs

Wikipedia Category Analysis
No. of times Using

Learning Algorithm
1 2

In Quercia’s work, the hyperparameters are chosen with the val-
ues θ = 0.01 and α = 1.0 as initialization of the 2 Dirichlet distri-
butions: the document-topic and topic-word distributions. They
use Twitter data previously collected: Tweets were captured us-
ing Twitter’s Stream API between the dates of 27 September and
10 December 2010, collecting at most 200 Tweets for any one user
(200 is the limit set by the API) and ending up having 31.5M
tweets.

As a result, they conclude that L-LDA generally performs as well
as SVM, and it clearly outperforms SVM when training data is
limited, making it an ideal classification technique for infrequent
topics and for (short) profiles of moderately active users. L-LDA
can accurately classify a profile with topics for which it has seen
only small amounts of training data and greatly outperforms
SVMs at determining how similar a pair of profiles is, implying
that L-LDA’s techniques of inference are preferable to the linear
classification of each SVM when dealing with rich, mixed-topic
documents such as Twitter profiles.

An Empirical Comparison of Topics in Twitter and Traditional
Media

Zhao, X.[19] uses text mining techniques to extract possible top-
ics on both Twitter and New York Times, comparing the results
and conclude that although Twitter and New York Times cover
similar categories and types of topics, the distribution of topic
categories and types are quite different when taking into consid-
eration of topic categories and types[11].
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Zhao, X.[19] Our Research
Learning Algorithm new LDA LDA

Analysis Object
Twitter User Profile

New York Times
Twitter User Profile

Results from Wikipedia

Results Topical Keywords
Topical Keywords

Topical Keyphrases

Other Tools None
Text Analysis APIs

Wikipedia Category Analysis
No. of times Using

Learning Algorithm
1 2

They pre-defined the hyperparameters as α = 50/K and β = 0.01
which are the default settings suggested in [16]. After running
1000 iterations of Gibbs sampling for the estimation depending
on the posterior distribution, the distribution tends to be conver-
gent. For the training set, they collect Twitter data from the Ed-
inburgh Twitter Corpus. The original corpus was collected from
November 11, 2009 until February 1, 2010 and contains 9 mil-
lion users and 96 million tweets. The data was collected through
Twitter’s streaming API and is thus a representative sample of the
content in the entire Twitter during that period; For the New York
Times data, they crawled 11, 924 articles also spanning November
11, 2009 until February 1, 2010 and treat each article as a single
document.

In this paper, they empirically compare the content of Twitter
with a typical traditional news medium, New York Times, focus-
ing on the differences between these two. They developed a new
Twitter-LDA model that is designed for short tweets and is ef-
fective compared with existing models. After experiment, they
find that Twitter can be a good source of entity-oriented topics
that have low coverage in traditional news media. And although
Twitter users show relatively low interests in world news, they
actively help spread news of important world events.

Discovering Users’ Topics of Interest on Twitter: A First Look

Michelson, M[13] works on discovering Twitter users’ topics of
interest by examining the entities they mention in their Tweets.
their approach leverages a knowledge base to disambiguate and
categorize the entities in the Tweets, then develop a "topic profile"
which characterizes users’ topics of interest, by discerning which
categories appear frequently and cover the entities.
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Michelson, M[13] Our Research
Learning Algorithm None LDA

Analysis Object Twitter User Profile
Twitter User Profile

Results from Wikipedia

Results Topical Keywords
Topical Keywords

Topical Keyphrases

Other Tools
Wikipedia Category

Analysis
Text Analysis APIs

Wikipedia Category Analysis
No. of times Using

Learning Algorithm
None 2

In this paper, the goal is to support clustering and searching of
Twitter users based on their topics of interest. Therefore, to sup-
port such searching and clustering at the topic level, and to deal
with issues of sparseness and noise, they described a knowledge-
based approach. The system discovers the entities within the
posts, and then determines the high-level categories defined by
these entities. By analyzing the resulting categories, it can then
generate a topic profile for the user.

Characterizing Microblogs with Topic Models

Ramage,D.[16] uses Labeled LDA which extends LDA by incor-
porating supervision in the form of implied Tweet-level labels
where available, enabling explicit models of text content associ-
ated with hashtags, replies, emotions, and the like. In this paper,
they characterize users and Tweets using this model, and present
results on two information consumption oriented tasks. How-
ever, instead of using Gibbs sampling method for the estimation
of posterior probability given observed word, they use the vari-
ational approximation to LDA, which create one label for each
hashtag.

Moreover, they show how the Labeled LDA can support rich
analysis of Twitter content at large scale and at the level of in-
dividual users with 4S analyses, mapping sets of posts into sub-
stance, status, social, and style dimensions. And how the topic
models’ lower dimensional feature representation can be used to
characterize users by the topics they most commonly use.
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Ramage, D.[16] Our Research
Learning Algorithm Labeled-LDA LDA

Analysis Object Twitter User Profile
Twitter User Profile

Results from Wikipedia
Posterior Estimation Variational Approximation Gibbs Sampling

Results Topical Keywords
Topical Keywords

Topical Keyphrases

Other Tools No
Text Analysis APIs

Wikipedia Category Analysis
No. of times Using

Learning Algorithm
1 2

Conclusion

From the comparison above, we can conclude that our research
combines both text mining and non-mining methods. Methods
such as LDA can give a term-level topic modeling, but this may
not be appropriate for clustering and searching users by high-
level topics. For instance, a user may want to discover all Twitter
users who write about English Football Clubs. However, this con-
cept is ill-defined at the term level without a knowledge base to
define it. The interested user may never find John Cross’s Tweets
if he only writes about Arsenal and its players specifically, with-
out mentioning the term "English football club" (which therefore
does not appear in an LDA topic). That is, because we leverage
an ontology, we are able to generalize our topics to a higher level
via the category results from Wikipedia. By inputting all cate-
gories for the specific keyword or keyphrase into LDA again, we
can assign a possible topic to the word or phrase to the highest
probability in the topic distribution.

The table 2 is a whole comparison of all related papers we men-
tioned above with our research.

Analysing Twitter user profile in order to extract the required
information is a problem which can be approached in vari-
ous ways by using different learning algorithms and variety of
methodologies[17][5][15]. Most of the work has been done by us-
ing topic modeling algorithms to build suitable models for pre-
diction based on user profiles and predict a new user depending
on it[1][12]. Our work combines learning and non-learning ap-
proaches in order to prevent the problem of overfitting and limi-
tations due to the size of the training set which plague the usual
learning algorithms and reduce the lack of intelligence problem

Learning Technologies
Research Group Informatik 9
RWTH Aachen University



11

Analysis
Object

Learning
Algorithm

Results
Other
Tools

Quercia, D.[7] Twitter L-LDA Topical Keywords X

Zhao, X.[19]
Twitter

New York Times
LDA Topical Keywords X

Michelson, M.[13] Twitter X Topical Keywords Wikipedia

Ramage, D.[16] Twitter L-LDA Topical Keywords X

Our Research
Twitter

Wikipedia Category
LDA

Topical Keywords
Topical Phrases

Text Analysis APIs
Wikipedia Category

Table 2.1: Conclusion of Features

from non-learning part[20][14], and obtain a better performance
than either of the two part of works.

Summary

In this chapter, we surveyed some previous work done in the
analysis of social media and news portals using machine learning
algorithms; specifically we elucidate the results and conclusions
gained from the use of different machine learning algorithms and
research methodology. In the next chapter we will outline a big
picture for our project through a flow diagram and explain the
technical requirements for our work as well.
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Chapter 3 Conceptual Ap-
proach

In this chapter, we will explain the technical details of our ap-
proach. We will do this with the help of a detailed flow diagram
and the corresponding explanations.

3.1 Overview

The numerical markings on the figure 3.1 should be read in con-
junction with their corresponding remarks, as listed below:

1. Collect and save Tweets from Twitter as training set . This
was done by crawling Tweets from popular user accounts
which are listed respectively under the major topic classi-
fications on Twitter. This training data set was then pre-
processed and indexed via the Lucene library;

2. Transform the text data to a vector representation and fi-
nally to a Mahout-readable matrix format. Implement the
Latent Dirichlet Allocation algorithm for training using Ma-
hout. From this process a "bag-of-words" collection of data
is obtained; this is then stored into SQL for inference;

3. Implement dynamic crawling methods for test users, in
which their crawled Tweets are used for prediction. Prun-
ing of the crawled Tweests was done, with the Lucene li-
brary as well;

4. Implement LDA prediction technology for each test user
depending on the "bag-of-words" result from the LDA
training process and predict possible topic distribution;

5. Connect several text analysis tools and obtain keywords
and keyphrases based on the test user profiles;

6. Send results from the respective APIs to Wikipedia in order
to obtain all the related categories of each specific keyword
or keyphrase;
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Figure 3.1: Whole view of project

7. Collect the analyzed categories from Wikipedia for the in-
put of each specific word or phrase which resulted from the
text analysis APIs;

8. Input these categories into LDA in order to determine the
possible topic distribution for each phrase analyzed from
the APIs;

9. Combine all results for each specific topic and making a
web page for dynamic searching by test users and result
visualization. When a new user tests, create a table for each
of test user and store his related Tweets crawled from twit-
ter into the table in SQL, and show all analyzed result after
calculating.
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3.2 Technical Requirements

In this section, we list all the required APIs and systems which
we used in our project and explain their functionality and use in
our case for each of them.

3.2.1 System Requirement

We implement the training of our Latent Dirichlet Allocation al-
gorithm under Linux due to the requirement of the Mahout ma-
chine learning library, and the presentation of the end results was
done under the Windows system.

For the initial parts of the project, we use Ubuntu 12.04 as our
main operating system. It is a Debian-based Linux, with Unity as
its default desktop environment. It is based on free software and
was composed of many software packages, the majority of which
are free software.

3.2.2 API Access

In order to utilize the available text analysis APIs, we need to
have relatively technical access to them, usually at the code level.
However, at the same time the authors of these APIs understand-
ably do not want their code to be modified with impunity. This
requirement for simultaneous access and restriction is usually
solved on the Web via the OAuth access standard. The concept of
OAuth can be explained via an analogy to systems of valet park-
ing. Cars that utilize the valet parking system have a valet key
for the parking attendant. The key restricts the access to the car in
the way that it only allows the driver to drive for short distances
and it is not possible to open the trunk with it. It gives a limited
access in time and in functionality. This idea is also needed for
accessing private resources on the web, for example for sharing
pictures, printers or interests with other parties. The OAuth pro-
cess was designed for such a scenario and is an open standard to
solve this exact problem.

In short, via OAuth we were able to connect other text analysis
tools into my project, both as a benchmark and integration with
our mining algorithm results. Here we roughly introduce these
tools which were used in our case.
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AlchemyAPI

AlchemyAPI1 is a natural language processing service. It pro-
vides advanced cloud-based and on-premise text analysis infras-
tructure that eliminates the expense and difflculty of integrating
natural language processing systems into any application, ser-
vice, or data processing pipeline.

openCalais

The OpenCalais2 Web Service automatically creates rich seman-
tic metadata for the submitted content. Using natural language
processing (NLP), machine learning and other methods, Calais
analyzes an arbitrary document and finds the entities within it.
In addition, Calais returns the facts and events hidden within the
text as well. The result of analysis via Calais are tags, which are
then delivered to the end user, who will be able then to incorpo-
rate them into other applications - for search, news aggregation,
blogs, catalogs.

Figure 3.2: Model for openCalais3

1 http://www.alchemyapi.com
2 http://www.opencalais.com
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MediaWiki

MediaWiki4 is the software that was originally designed for
Wikipedia. It defines itself as follows:

MediaWiki is free server-based software which is li-
censed under the GNU General Public License (GPL).
It’s designed to be run on a large server farm for
a website that gets millions of hits per day. Medi-
aWiki is an extremely powerful, scalable software and
a feature-rich wiki implementation, that uses PHP to
process and display data stored in a database, such as
MySQL.

It can be used to set up any wiki but more important for this work
is the possibility to import database dumps from other wikis (and
especially Wikipedia). MediaWiki also offers an API for accessing
the wiki itself. So instead of querying the live Wikipedia, which
takes about one second per query, it is possible to set up a local
MediaWiki, import (parts of) Wikipedia and query the local copy.
Querying Wikipedia this way is much more efficient.

MediaWiki offers the possibility to backup the entire database
into XML format. This also includes among others the english
and german Wikipedia, which create regular dumps of their
databases. The whole database of the german Wikipedia for ex-
ample has a volume of 10.1 GB5. Importing this large amount of
data takes weeks on a regular desktop computer, which is also
the drawback of the use of MediaWiki on the local machine. In
our case we do not need the whole Wikipedia, but mainly the
category tree along with the articles.

3.3 Summary

In this chapter, we first explained a top-down view, via a flow di-
agram, of the essential steps of our project. We then list all several
open-source text analysis tools which we will use to compare our
obtained results with. Finally we list the programming language
requirements for our project. The following chapter will give a
detailed explanation for both algorithms which we used in our
project and the implementation details for each of the steps.

4 http://www.mediawiki.org/wiki/MediaWiki
5 http://dumps.wikimedia.org/dewiki/20120413/, 13.04.2012
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Chapter 4 Implementation

In this section we explain the main part of our project. We will
detail the algorithms which we use and the specific steps in the
implementation process.

4.1 Background

We will first give some mathematical background which will be
useful to explain the Latent Dirichlet Allocation. After that, we
will discuss the different kinds of programming languages and
packages we use in our project.

4.1.1 Latent Dirichlet Allocation

The main algorithm which we usefor our work is the model of
Latent Dirichlet Allocation (LDA). We will go through this model
and a full derivation of an approximate inference algorithm based
on Gibbs sampling, including a discussion of Dirichlet hyperpa-
rameter estimation as well[2].

Introduction

LDA is short for two different models in machine learning: Lin-
ear Discriminant Analysis and Latent Dirichlet Allocation. The
method which we mean in our case is the latter. LDA was a one
of the most popular probabilistic models for text analysis which
was first proposed by Andrew Y.Ng in 2003. It is a three-level
hierarchical Bayesian model, in which each item of a collection
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is modeled as a finite mixture over an underlying set of top-
ics, which in this case is similar to Probabilistic Latent Seman-
tic Analysis (PLSA). The idea of LDA is based on various es-
tablished mathematical topics such as the Dirichlet distribution,
Dirichlet-multinomial conjugate, Gibbs sampling, variational in-
ference, Bayesian modeling, PLSA modelling and LDA text mod-
elling. In the following we give some brief explanations on each
of the basic required parts[10].

Beta/Dirichlet Distribution

Satan’s game - Beta Distribution Recognition Statistics is some-
thing like a game whose rules are to guess what the devil is think-
ing about. Suppose one day one were to be captured by Satan,
who laid out the following game: "I have a magic box, which has
a button on it. Each time you press the button, it will uniformly
output a random number in the range [0, 1]. Now I press the but-
ton 10 times and have 10 numbers in my hand, can you guess
what is the 7th biggest number in my hand? You win if your
guessed value does not deviate more than 0.01 from the correct
answer. Otherwise, your soul belongs to me!" How should one
guess?

If we look at this problem from the mathematical point of view,
we can describe the game as follows1:

Algorithm 4.1 Game 1

1: X1, X2, · · ·, Xn ∼ Uni f orm(0, 1),
2: sequence the n number of random values, then got X(1),
X(2) · ··, X(n),
3: What is the distribution of X(k)?

A uniform distribution is considered Pandora’s magic box in
statistics. Most important distributions could be generated from
the uniform distribution Uni f orm[0, 1].

Let’s go back and discuss the game mentioned before. In this
case, n = 10, k = 7. The best idea is to use optimization to cal-
culate the extremal value of the probability density, if we could
somehow obtain the probability density of X(7). How does the
distribution of X(k) look like in general? We can try to calcu-
late the probability that x(K) falls into interval [x, x + ∆x], which

1 This section is based on https : //en.wikipedia.org/wiki/Dirichletdistribution
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means to calculate the following:

P(x ≤ X(k) ≤ x + ∆x) =?

We divide the area [0, 1] into 3 parts: [0, x),[x, x + ∆x],(x + ∆x, 1].
Consider the simple condition: suppose only 1 number falls into
the interval [x, x + ∆x]. In this case, due to X(k) being the kth
biggest number in this interval, then it should have k − 1 num-
bers in the interval [0, x), and n− k numbers in the interval (x, 1].
We first consider the case E which conforms to the above require-
ments:

E = X1 ∈ [x, x + ∆x],
Xi ∈ [0, x)(i = 2, · · ·, k),
Xj ∈ (x + ∆x, 1](j = k + 1, · · ·, n)

Figure 4.1: case E

Hence,

P(E) =
n

∏
i=1

P(Xi)

= xk−1(1− x− ∆x)n−k∆x
= xk−1(1− x)n−k∆x + o(∆x)

where o(∆x) indicates the higher-order infinitesimals of ∆x. Ob-
viously, due to various permutations and combinations, for in-
stance, there are n ways which 1 number falls into the interval
[x, x + ∆] for a total of n numbers. And there are n(n−1

k−1) number
of ways for the rest n − 1 numbers to be arranged in the k − 1
"slots" which make up [0, x). So the number of cases that are the
equivalent of case E would be n(n−1

k−1)
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If we consider a more complex case, suppose there are 2 numbers
that fall into the interval [x, x + ∆x],

E
′

= X1, X2 ∈ [x, x + ∆x],
Xi ∈ [0, x)(i = 3, · · ·, k),
Xj ∈ (x + ∆x, 1](j = k + 1, · · ·, n)

Hence,

P(E
′
) = xk−2(1− x− ∆x)n−k(∆x)2 = o(∆x)

Figure 4.2: case E’

We can easily find, after all the analysis shown above, that the
probability of the corresponding case would be o(∆x) if the num-
ber of numbers that fall into the interval [x, x + ∆x] is more than
1. Hence

P(x ≤ X(k) ≤ x + ∆x) = n
(

n− 1
k− 1

)
P(E) + o(∆x)

= n
(

n− 1
k− 1

)
xk−1(1− x)n−k∆x + o(∆x)

From the above inference, we could write down the probability
density function of X(k):

f (x) = lim
∆x→0

P(x ≤ X(k) ≤ x + ∆x)
∆x

= n
(

n− 1
k− 1

)
xk−1(1− x)n−k

=
n!

(k− 1)!(n− k)!
xk−1(1− x)n−kx ∈ [0, 1]
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We could express f (x) in the following when making use of the
Gamma Function:

f (x) =
Γ(n + 1)

Γ(k)Γ(n− k + 1)
xk−1(1− x)n−k

We have mentioned in the previous chapter that the Gamma
function maps from the integers to the reals. When we define
α = k, β = n− k + 1, we obtain:

f (x) =
Γ(α + β)

Γ(α)Γ(β)
xα−1(1− x)β−1 (4.1)

This is a general Beta distribution!

Let’s go back to Satan’s game again. in this case, n = 10, k =
7. One can then guess the value which optimizes the following
density distribution:

f (x) =
10!

(6)!(3)!
x6(1− x)3x ∈ [0, 1]

Suppose that one weren’t able to guess the value the first time.
The Devil then smiled and said: "I will give you another chance;
now you need to press the button 5 times, getting 5 numbers from
the interval [0, 1], and comparing each of the 5 numbers to the 7th
biggest number in my hand, and you need to tell me which ones
were bigger in comparison." How should one guess in this case?

Dirichlet-Multinomial Conjugate Transfer the new rules to
mathematical form:

Algorithm 4.2 Game 2

1: X1, X2, · · ·, Xn ∼ Uni f orm(0, 1),
2: sort the n number of random values to obtain X(1), X(2) · ··,
X(n),
3: What is the joint distribution of (X(k1), X(k1+k2))?



24 Chapter 4. Implementation

The inference process is similar to that used in Game 1. We can
infer:

P
(

Xk1 ∈ (x1, x1 + ∆x), X(k1+k2) ∈ (x2, x2 + ∆x)
)

= n(n− 1)
(

n− 2
k1 − 1, k2 − 1

)
xk1−1

1 xk2−1
2 xn−k1−k2

3 (∆x)2

=
n!

(k1 − 1)!(k2 − 1)!(n− k1 − k2)!
xk1−1

1 xk2−1
2 xn−k1−k2

3 (∆X)2

Hence, we get the joint distribution of (X(k1), X(k1+k2))
2:

f (x1, x2, x3) =
n!

(k1 − 1)!(k2 − 1)!(n− k1 − k2)!
xk1−1

1 xk2−1
2 xn−k1−k2

3

=
Γ(n + 1)

Γ(k1)Γ(k2)Γ(n− k1 − k2 + 1)
xk1−1

1 xk2−1
2 xn−k1−k2

3

Figure 4.3: joint distribution inference of (X(k1)
, X(k1+k2)

)

The distribution above is actually a 3-Dimensional Dirichlet dis-
tribution Dir(x1, x2, x3|k1, k2, n− k1 − k2 + 1). Let us define α1 =
k1, α2 = k2, α3 = n− k1 − k2 + 1. Then the density distribution
could written as

f (x1, x2, x3) =
Γ(α1 + α2 + α3)

Γ(α1)Γ(α2)Γ(α3
xα1−1

1 xα2−1
2 xα3−1

3 (4.2)

The equation (4.2) is the general form of the 3-dimensional
Dirichlet distribution. Create m random variables from the magic
box Y1, Y2, · · ·, Ym ∼ Uni f orm(0, 1), and let the devil tell
us which one is bigger with the comparison between Yi and
(X(k1), X(k1+k2)). So we obtain the following Game 4 In order to
be more compact, we define the following vectors:

~m = (m1, m2, m3),~k = (k1, k2, n− k1 − k2 + 1) (4.3)

Depending on the information from the game, we could come
out that p1, p2 are the k1 + m1th and k2 + m2th biggest values

2 This section is based on https : //en.wikipedia.org/wiki/Beta −
binomialdistribution
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Figure 4.4: Dirichlet Probability density function3

Algorithm 4.3 Game 3

1: X1, X2, · · ·, Xn ∼ Uni f orm(0, 1), and its statistics after sort-
ing is X(1), X(2), · · ·, X(n)

2: let p1 = X(k1),p2 = X(k1+k2), p3 = 1− p1 − p2, what we will
guss is ~p = (p1, p2, p3);

3: Y1, Y2, · · ·, Ym ∼ Uni f orm(0, 1), the number of times that Yi
falls into each of the 3 interval [0, p1),[p1, p2),[p2, 1] are m1, m2,
m3, m = m1 + m2 + m3;

4: What is the posterior distribution of P(~p|Y1, Y2, · · ·, Ym) ?

in the (m + n) numbers of X1,X2, · · ·, Xn, Y1,Y2, · · ·, Ym ∼
Uni f orm(0, 1). So the posterior distribution P(~p|Y1, Y2, · · ·, Ym)
would be Dir(~p|k1 + m1, k1 + m2, n− k1 − k2 + 1 + m3), which is
Dir(~p|~k + ~m) using the definition from(3.22). We could arrange
the process above depends on Bayesian’s rule as well:

1. what we need to guess is the parameter ~p = (p1, p2, p3),
which the prior distribution is Dir(~p|~k);

2. the number of times that Yi falls into the 3 interval [0, p1),
[p1, p2), [p2, 1] are m1, m2, m2, so the vector ~m = (m1, m2, m3)

follows the multinomial distribution Mult(~m|~(p)).
3. Given the conditional distribution of ~m, the posteriao dis-

tribution of ~p would be Dir(~p|~k + ~m).
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the Bayesian’s analysis process can be simplify as

Dir(~p|~k) + MultCount(~m) = Dor(~p|~k + ~m)

Let~α = ~k, and extend~α from integer set to real number set. The
more general relationship could be written as

Dir(~p|~α) + MultCount(~m) = Dor(~p|~α + ~m) (4.4)

The formula above is Dirichlet-Multinomial Conjugate The gen-
eral definition of Dirichlet distribution is

Dir(~p|~α) = Γ(∑K
k=1 αk)

∏K
k=1 Γ(αk)

K

∏
k=1

pαk−1
k (4.5)

For the condition that had defined ~p and N, the definition of
multinomial distribution is

Mult(~n|~p, N) =

(
N
~n

) K

∏
k=1

pnk
k (4.6)

The relationship between Dir(~p|~α) and Mult(~n|~p, N) is conjuga-
tion.

MCMC and Gibbs Sampling

Sampling Introduction Sampling can usually be understood
from the way a sample is taken: a sample from a distribution P(x)
is a single realization x whose probability distribution is P(x).

The next step is trying to solve the big problem in statistics of
how to generate samples from a given probability distribution
P(x). It’s not that hard to generate from Uni f orm(0, 1). Other
distributions such as the Gamma distribution, t-distribution, Beta
distribution, Dirichlet distribution and so on can be generated by
the appropriate mathematical transformation.

But we are not always that lucky as the basic sampling methods
usually suffer from severe limitations, particularly when deal-
ing with spaces of high dimensionality, or when the complexity
of p(x) is great. Specifically, we want to address the following
issues[2]:

1. For p(x) = p̃(x)∫
p̃(x)x , we can calculate p̃(x), but it is hard to

estimate the integral;
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2. p(x, y) is a 2-dimensional distribution which is hard to esti-
mate. However, the conditional distributions p(x|y), p(y|x)
are tractable. This is a situation which is more severe if p(x)
is defined in a space of high dimensionality.

We therefore turn to MCMC(Markov Chain Monte Carlo) and
Gibbs sampling methods which aim to solve the above prob-
lems, in which they allow sampling from a large class of distribu-
tions and which scales well with the dimensionality of the sample
space.

Markov Chains Before discussing the two popular sampling
methods in more detail, it is useful to learn some general prop-
erties of Markov chain in more detail[6]. In particular, we ask,
under what circumstances will a Markov chain converge to the
desired distribution? A first-order Markov chain is defined to be
a series of random variables z(1), · · ·, z(M) such that the following
conditional independence property holds for m ∈ {1, · · ·, M −
1}[2]:

p(z(m+1)|z(1), · · ·, z(m)) = p(z(m+1)|z(m))

Which in turn means that the transformation probability only de-
pends on the previous state. We consider a sociological example
using Markov chains: A sociologist separates society into 3 clus-
ters based on the level of income which is received by members
of the respective clusters: lower-class, middle-class and upper-
class. We use the numbers 1, 2 and 3 to represent the 3 classes of
clusters. The sociologist finds that the most important factor for
the determination of the cluster one is likely to be classified in is
the cluster in which his parents were. For instance, for a mem-
ber of society classified as low-class, the probability that his kids
would be classified as low-class was 0.65, 0.28 for being classified
into middle-class and 0.07 for the upper-class cluster. These num-
bers are summarized in the following table, where the left column
are parental clusters, and the horizontal row denotes children:

State 1 2 3

1 0.65 0.28 0.07
2 0.15 0.67 0.18
3 0.12 0.36 0.52

Hence, the probability transition matrix would be:

P =

0.65 0.28 0.07
0.15 0.67 0.18
0.12 0.36 0.52
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Suppose that the probabilities that the current generation which
is classified as lower-, middle- and upper-class are denoted re-
spectively by π0 = [π0(1), π0(2), π0(3)]. Then the probability
distribution of their children would be π1 = π0P; the distribu-
tion of the 3rd generation would be π2 = π1P = π0P2, · · · · ·; and
the distribution of the nth generation would be πn = πn−1P =
π0Pn. Suppose that the initialized probability distribution is
π0 = [0.21, 0.68, 0.11]. We can calculate the distribution of the
next n generations:

nth generation lower-class middle-class upper-class

0 0.210 0.680 0.110
1 0.252 0.554 0.194
2 0.270 0.512 0.218
3 0.278 0.497 0.225
4 0.282 0.490 0.226
5 0.285 0.489 0.225
6 0.286 0.489 0.225
7 0.286 0.489 0.225
8 0.289 0.489 0.225
9 0.286 0.489 0.225
10 0.286 0.489 0.225
... ... ... ...

We find that the distributions tends to constant values after the
7th generation. Does this happened just simply by chance? Let’s
change the initialization to π0 = [0.75, 0.15, 0.1] and try again:
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nth generation lower-class middle-class upper-class

0 0.75 0.15 0.1
1 0.522 0.347 0.132
2 0.407 0.426 0.167
3 0.349 0.459 0.192
4 0.318 0.475 0.207
5 0.303 0.482 0.215
6 0.295 0.485 0.220
7 0.291 0.487 0.222
8 0.289 0.488 0.225
9 0.286 0.489 0.225

10 0.286 0.489 0.225
... ... ... ...

The distribution after the 9th generation tends to converge again
from the above table[18]. The most striking thing is the fact
that both the final converged probability distributions is given by
π = [0.286, 0.489, 0.225], even with different initializations. This
means that the convergency has no relationship with the initial
distribution π0. Hence, the convergence behavior is determined
by the transition matrix P. Let us calculate Pn

P20 = p21 = · · · = P100 · ·· =

0.286 0.489 0.225
0.286 0.489 0.225
0.286 0.489 0.225


Thereby, each raw of the matrix Pneventually converges to the
constant probability distribution π = [0.286, 0.489, 0.225] if n is
big enough. Obviously, this kind of convergence behavior is not
only for Markov chains, So we could conclude the standard theo-
rem for the convergency behavior of Markov chain: If there exists
a non-periodic Markov chain whose transition probability ma-
trix is P, and any two of its states are connected, then the limit
limn→∞ Pn

ij exists and has no relationship with i. Furthermore, let
limn→∞ Pn

ij = π(j), we can then conclude the following[2]:

1.

lim
n→∞

Pn =


π(1) π(2) · · · π(j)
π(1) π(2) · · · π(j)
· · · · · · · · · · · ·

π(1) π(2) · · · π(j)
· · · · · · · · · · · ·


2. π(j) = ∑∞

i=0 π(i)Pij
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3. π is the only non-negative solution for the equation πP =
π, where

π = [π(1), π(2), · · ·, π(j), · · ·],
∞

∑
i=0

πi = 1

where π is defined as the constant distribution of Markov
chain.

In the above we have stated some relevant details of Markov
chains, and they are important in order to understand the
Markov Chain Monte Carlo (MCMC) technique. In what follows
we give a detailed exposition of this technique. We assume a ran-
dom process defined by states and transitions, and we use Xi to
represent the state after the ith transition step. If the equation
π(j) = ∑∞

i=0 π(i)Pij exists, we could easily prove the 2rd conclu-
sion in the list above:

P(Xn+1 = j) =
∞

∑
i=0

P(Xn = i)P(Xn+1 = j|Xn = i)

=
∞

∑
i=0

P(Xn = i)Pij

Taking the appropriate limits of both sides of the above equation,
we could get π(j) = ∑∞

i=0 π(i)Pij

We start from the initial parameter π0 and let the transition oper-
ator act on this state. Let πi be the probability distribution of Xi,
then

X0 ∼ π0(x)

X0 ∼ πi(x), πi(x) = πi−1(x)P = π0(x)Pn

Based on the convergence attribute of Markov chains, the dis-
tribution πi(x) will converge to the constant distribution π(x).
Suppose that the chain starts to converge at the nth step[2]

X0 ∼ π0(x)

X1 ∼ π1(x)

· · ·

Xn ∼ πn(x) = π(x)

Xn+1 ∼ π(x)

Xn+2 ∼ π(x)

· · ·
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Since Xn, Xn+1, Xn+2, · · · ∼ π(x) are random variables with the
same distribution, they are not independent. If we start from an
initial state x0, and let the chain of states be generated via the tran-
sition operator, we get a sequence x0, x1, x2, · · ·xn, xn+1 · ··. The
states xn, xn+1, · · · belong to the set of samples of the stationary
distribution π(x), as can be concluded from the convergence at-
tribute of Markov chain.

Markov Chain Monte Carlo What we propose to do is to try to
find a convenient way of generating the corresponding samples
on a predefined probability distribution p(x). Due to the con-
vergence attribute of Markov chains, we can do the following: If
we could create a Markov chain with the transition matrix P and
which generated set of states converges to the stationary distribu-
tion p(x), then we could start from any initial state x0, and obtain
a transition sequence x0, x1, x2, · · ·πn, πn+1 · ··.

The question is how to create the transition matrix P which yields
the stationary distribution p(x)? This can be done with the help
of the following attribute of Markov chains:

If the transition matrix P of a non-periodic Markov chain satisfies
the condition

π(i)Pij = π(j)Pijfor all i,j

then π(x) is the stationary distribution of this Markov chain. This
attribute is called the detailed balance condition.

Detailed balance is actually easy to understand. To two states i, j,
if the conservation of probability is to hold, then the "amount" of
probability which is "lost" from the transition from i to j has to be
compensated by the reverse transition j to i. So probability "cur-
rent" π(i) on the state i is stationary. Mathematically speaking

∞

∑
i=1

π(i)Pij =
∞

∑
i=1

π(j)Pji = π(j)
∞

∑
i=1

Pji = π(j)

⇒ πP = π

where π is the stationary distribution resulting from the solution
of the equation πP = π is π

Suppose we have a Markov chain with the transfer matrix Q, and
q(i, j) is the transfer probability from state i to j. For a general
p(i) we expect that

p(i)q(i, j) 6= p(j)q(j, i)
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So p(x) would not be the stationary distribution for this chain.
Can we reformulate this Markov chain in order that detailed bal-
ance beestablished? For instance, we could define a variable
α(i, j), and require that

p(i)q(i, j)α(i, j) = p(j)q(j, i)α(j, i) (4.7)

For whatα(i, j) could detailed balance be established? On purely
symmetrical grounds, the simplest way would be to define

α(i, j) = p(j)q(j, i) α(j, i) = p(i)q(i, j)

for which 4.7 would be satisfied. Hence we can write

p(i) q(i, j)α(i, j)︸ ︷︷ ︸
Q′(i,j)

= p(j) q(j, i)α(j, i)︸ ︷︷ ︸
Q′(j,i)

and we have converted one common Markov chain with transfer
matrix Q to one with transfer matrix Q′ and in addition satisfies
detailed balance. We conclude that the stationary distribution of
the Markov chain with transition matrix Q′ is p(x)!

In order to implement this fact we define the new variable α(i, j)
as the acceptance probability, which means that at each step i a
transition with the transition matrix q(i, j) happens with the prob-
ability α(i, j). This enables us to write down a new Markov chain
with transition matrix Q′ given by q(i, j)α(i, j).

Figure 4.5: Markov transition and acceptance probability4

Assume we already have a transition matrix Q, collecting all the
processes above, we can write down an algorithm to sample the
probability distribution p(x)[2]:

Although the variables p(x), q(x|y) in the above situation are dis-
crete, the procedure works as well in the continuous. In this case
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Algorithm 4.4 MCMC Sampling

1: Initialize state x0 = X0 of Markov chain;
2: For t = 0, 1, 2, · · ·:
• State Xt = xt in tth time, sample y ∼ q(x|xt).

• sample µ ∼ Uni f orm[0, 1].

• accept transfer xt → y if µ < α(xt, y) = p(y)q(xt|y), which
means Xt+1 = y.

• Otherwise, reject transformation, as Xt+1 = xt.

we are able to obtain a method to generate the continuous proba-
bility distribution p(x), and now q(x|y) is a conditional distribu-
tion for a random continuous probability distribution.

Although MCMC can already do a good job of sampling distri-
butions, it has a small problem: the acceptance α(i, j) in the trans-
formation process of Markov chain Q might be too small, which
result in large probability of rejections at each transition step and
hence result in no transitions. How can we solve this problem?

Suppose α(i, j) = 0.1, α(j, i) = 0.2, and detailed balance demands
that

p(i)q(i, j)× 0.1 = p(j)q(j, i)× 0.2

Multiplying 5 times on both of 2 sides in the above equation:

p(i)q(i, j)× 0.5 = p(j)q(j, i)× 1

This shows that detailed balance is not violated if we improve the
acceptance probability. So we improve the maximum number to
1

α(i, j) = min
{ p(j)q(j, i)

p(i)q(i, j)
, 1
}

which is the criteria for the acceptance probability for the
Metropolis-Hastings algorithm[2], and this is the algorithm used
in the Mahout library to sample random distributions.
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Algorithm 4.5 Metropolis-Hastings algorithm

1: Initialize state x0 = X0 of Markov chain;
2: For t = 0, 1, 2, · · ·:
• State Xt = xt in tth time, sample y ∼ q(x|xt).

• sample µ ∼ Uni f orm[0, 1].

• accept transfer xt → y if µ < α(xt, y) =

min
{

p(y)q(xt|y)
p(xt)p(y|xt)

, 1
}
), which means Xt+1 = y.

• Otherwise, reject transformation, as Xt+1 = xt.

Gibbs Sampling The Metropolis-Hastings algorithm suffers
from low efficiency in high dimensional situations, which
prompts us to consider if we could find a transition matrix Q
which enables the acceptance α = 1? Suppose we have a distri-
bution p(x, y) and consider 2 points with same value of on the
x-axis: A(x1, y1), B(x1, y2). Detailed balance yields

p(x1, y1)p(y2|x1) = p(x1)p(y1|x1)p(y2|x1)

and
p(x1, y2)p(y1|x1) = p(x1)p(y2|x1)p(y1|x1)

Hence
p(x1, y1)p(y2|x1) = p(x1, y2)p(y1|x1)

and finally
p(A)p(y2|x1) = p(B)p(y1|x1)

Based on the above, we see that transition between any 2 points
will fulfill detailed balance if we use the conditional distribution
p(y|x) as the transition probability between any 2 points in the
plane x = x1 which parallels the y-axis. This is the essence of the
2-dimensional Gibbs sampling method[16].

Algorithm 4.6 Two-dimensional Gibbs Sampling algorithm

1: Initialize state x0 = X0 , Y0 = y0;
2: For t = 0, 1, 2, · · ·:
• sample yt+1 ∼ p(y|xt).

• sample xt+1 ∼ p(x|yt+1).

The extension to higher dimensions is also possible, which results
in the n-dimensional Gibbs sampling algorithm. Again, detailed
balance will not change if we extend x1 to a n-dimensional space

p(x1, y1)p(y2|x1) = p(x1, y2)p(y1|x1)
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Figure 4.6: Markov chain transition in 2-dimensional Gibbs Sampling algo-
rithm

The transfer matrix Q is then defined in this case by the condi-
tional distribution p(y|x1)[16].

Algorithm 4.7 n-dimensional Gibbs Sampling algorithm

1: Initialize{xi : i = 1, · · ·, n}
2: For t = 0, 1, 2, · · ·:
• sample x(t+1)

1 ∼ p(x1|x(t)2 , x(t)3 , · · ·, x(t)n ).

• sample x(t+1)
2 ∼ p(x2|x(t+1)

1 , x(t)3 , · · ·, x(t)n ).

• · · ·
• sample x(t+1)

j ∼ p(xj|x(t+1)
1 , · · ·, x(t+1)

j−1 , x(t)j+1, · · ·, x(t)n ).

• · · ·
• sample x(t+1)

n ∼ p(xn|x(t+1)
1 , x(t)2 , · · ·, x(t+1)

n−1 ).

Text Modeling

We return to our original intention of implementing text analy-
sis, a task which requires the modelling of text and documents in
terms of mathematical quantities. This procedure is described in
the following.
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Suppose that we have a large amount of text which we want to
analyze. This is then our corpus. We further assume that our cor-
pus is organized into smaller subsets of text, which we term doc-
uments. For each document, the sequence of words in the docu-
ment will be denoteed d = (ω1, ω2, · · ·, ωn)

doc1 W11 W12 · · · W1n1

doc2 W21 W22 · · · W2n2

· · · · · · · · · · · · · · ·
docm Wm1 Wm2 · · · Wmnm

Table 4.1: a corpus which contains m documents

The goal of statistical text modeling is to make a detailed inquiry
into how the word sequence in a particular document, and even-
tually the whole corpus, is generated. To discuss this in concrete
terms we again fall back on our earlier analogy of the Devil and
his various games. In the case of text modelling, the entire cor-
pus could be considered as to have been generated by tossing of
a dice, and in these terms we can frame the problem of statistical
text modelling in terms of the following questions:

1. What kind of dice is being tossed, and;
2. How did the Devil cast the dice;

In mathematical terms, the first question corresponds to the con-
sideration of what kind of parameters need to be included in the
model, where the probability of a particular side of the dice show-
ing up after a toss corresponds to the possible parameters in the
model; the second problem corresponds to the determination of
the "rules" of this process. Hence, the Devil might have multiple
dices and this could correspond to, e.g., the generation of word
sequences depending on some specific rules.

Unigram Model Suppose we have V words υ1, υ2, · · ·, υV in our
dictionary. Then the simplest Unigram Model which can be gen-
erated by the Devil with his dice obeys the following rules:

Algorithm 4.8 Unigram Model

1: The Devil has only one dice, which has V sides correspond-
ing one word for each side, each with different probabilities;

2: He generates one word with each dice cast, the specific word
depending on the exposed side of the dice.

The probability vector of this sequence of dice casts can be writ-
ten ~p = (p1, p2, · · ·, pV). Each cast is a Bernoulli experiment,

Learning Technologies
Research Group Informatik 9
RWTH Aachen University



4.1. Background 37

with the difference that, in the case of an actual Bernoulli exper-
iment, the dice has only 2 sides. We define the experiment as
ω ∼ Mult(ω|~p).

Figure 4.7: sample dice which has V sides

We see that one document d can now be written as the vector
d = ~ω = (ω1, ω2, · · ·, ωn), and the corresponding probability that
the document was generated is therefore

p(~ω) = p(ω1, ω2, · · ·, ωn) = p(ω1)p(ω2) · · · p(ωm)

We can further assume that the documents are independent.
Therefore, if a corpus consists of more than one document W =
( ~ω1, ~ω2, · · ·, ~ωm), the probability that this corpus is generated is
given by

p(W) = p( ~ω1)p( ~ω2) · ·· ( ~ωm)

For simplicity, we also assume that the words in the document are
exchangeable as well. So one document is like a bag, which some
words included, and the sequence of the words is not important.
This kind of model is called the Bag-of-words.

Assuming that the total number of words in the corpus is N, if
the number of times a word υi occurs is ni, then it can be defined
as a multinomial distribution for~n = (n1, n2, · · ·, nV)

p(~n) = multi(~n|~p, N) =

(
N
~n

) V

∏
k=1

pnk
k

The probability of this corpus is now given by

p(W) = p( ~ω1)p( ~ω2) · ·· ( ~ωm) =
V

∏
k=1

pnk
k
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The core task for us is to estimate the parameter ~p of this model,
which contain the probabilities for each side of the Devil’s dice.
We can use the maximal likelihood method to estimate P(W),
which then gives us the parameter pi

p̂i =
ni

N

However, if there should be multiple occurrences of the same
kind of dice process, the solution ~p would not be stable, since it
should be a random variable as well. We overcome this problem
by an addition step of Bayesian analysis:

Algorithm 4.9 Unigram Model by Bayesian’s assumption

1: There is a box which contains an infinite number of dice,
each of which has V sides;
2: The Devil takes one dice from the box and generates all
words for the corpus based on the casting of the dice.

In the box of dice, the number of dice is infinite. In the lan-
guage of Bayesian probability distributions, the dices ~p follows
the probability distribution p(~p), which is called the prior distri-
bution of ~p.

Figure 4.8: Unigram Model under Bayesian’s view

The next problem is to determine the probability that the corpus
W is created under the assumptions which we mentioned above.
Since we don’t know which dice the Devil uses to generate this
corpus, we need to first determine this by resorting to the prior
distribution p(~p). The probability that the corpus was created by
the dice ~p would hence be p(W|~p), so the final probability for the
generation of the corpus W is the given by Bayes’ rule

p(W) =
∫

p(W|~p)p(~p)d~p
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The prior distribution p(~p) should be chosen from a multinomial
distribution

p(~n) = multi(~n|~p, N)

A better choice for our prior is actually the conjugate to the multi-
nomial distribution, which is the Dirichlet distribution[8]

Dir(~p|~α) = 1
∆(~α)

V

∏
k=1

pαk−1
k ~α = (α1, · · ·, αV)

where

∆(~α) =
∫ V

∏
k=1

pαk−1
k d~p

Figure 4.9: Unigram Model with Dirichlet prior distribution

The most important fact of Dirichlet distribution which is rele-
vant to our programme is

Prior Dirichlet Distribution + Multinomial Distribution→
Posterior Dirichlet Distribution

Dir(~p|~α) + MultiCount(~n) = Dir(~p|~α +~n)
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So for the prior distribution Dir(~p|~α) with given ~p, the word fre-
quency distribution is then modelled by the multinomial distri-
bution ~n ∼ Multi(~n|~p, N). In that case, we could directly infer
the posterior distribution

p(~p|W,~α) = Dir(~p|~n +~α) =
1

∆(~n +~α)

V

∏
k=1

pnk+αk−1
k d~p (4.8)

How can we estimate ~p? Since we have the posterior distribution
for this variable, the best way is to perform optimization of the
posterior distribution, or calculate the mean of the ~p distribution.
We take the mean as a simple estimate in this corpus. Knowing
the the posterior distribution Dir(~p|~n +~α) of ~p, we have

E(~p) =
( n1 + α1

∑V
i=1(n1 + αi)

,
n2 + α2

∑V
i=1(n1 + αi)

, · · ·, nV + αV

∑V
i=1(n1 + αi)

)

which gives us the following estimate for pi

p̂i =
ni + αi

∑V
i=1(ni + αi)

(4.9)

We can now calculate the probability for the corpus[16]

p(W|~α) =
∫

p(W|~p)p(~p|~α)d~p

=
∫ V

∏
k=1

pnk
k Dir(~p|~α)d~p

=
∫ V

∏
k=1

pnk
k

1
∆(~α)

αk−1

∏
k=1

d~p

=
1

∆(~α)

∫ αk−1

∏
k=1

d~p

=
∆(~n +~α)

∆(~α)

Topic Model and PLSA The Unigram model is a simple model
that might not fit that well under general conditions. We can
come up with a better model by following the general consid-
erations below.
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Let’s try to think about how documents are generated. We first
determine the general themes which will be included in the doc-
ument. For instance, if a document is on natural language pro-
cessing, 30% of the terms might be related to linguistics, 20%
on statistics, 40% on computer science, etc. Each of these ma-
jor themes can be thought of as a topic, and associated with each
topic is then a set of words. A document can now be described as
consisting of multiple topics, each topic being described by some
related words.

The idea first come from Hoffman in 1999; this framework
resulted in the PLSA (Probabilistic Latent Semantic Analysis)
model. In short, the PLSA assumes that each document consists
of a number of topics, and corresponding to each topic are prob-
ability distributions of words. The PLSA is then defined in the

Figure 4.10: word topic distribution sample

following manner; we again use the analogy of the Devil with his
dice: Mathematically, the PLSA is described as follows:

Algorithm 4.10 PLSA Topic Model[7]

1: We create 2 kind of dices A and B, dice A is for the deter-
mination of document-topic distribution which has K numbers
of sides corresponding to each topic. The dice B is for topic-
word distribution and has V number of sides which represent-
ing each word in one document.
2: We totally have K numbers of dices B which is used for the
determination of topic-word distribution, signed them from 1
to K;
3: before the generation of each document, we create one dice
A for this document and loop in the following process:

• casting the dice A, and get number z for topic;

• choose the dice B which was signed with z from the K
numbers of topic-word dices, and throwing this dice, then
got the word;
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Figure 4.11: PLSA Modeling process

Figure 4.12: PLSA Modeling process5

We could find that it could be changed between documents in the
game rules, so as the words in each of document. To one corpus
which collected M numbers of documents C = (d1, d2, · · ·, dM),
each document dm would has a specific document-topic distribu-
tion ~θm, which corresponds ~θ1, · · ·, ~θM. In the PLSA model, the
generation probability for the mth document dm is

p(ω|dm) =
K

∑
z=1

p(ω|z)p(z|dm) =
K

∑
z=1

ϕzωθmz

So the probability of generation for the whole document is

p(~ω|dm) =
n

∏
i=1

K

∑
z=1

p(ωi|z)p(z|dm) =
n

∏
i=1

K

∑
z=1

ϕzωi θmz

Latent Dirichlet Allocation

Game Principle Since the parameters ~θm for the document-topic
distribution and ~ϕk for the topic-word distribution are both ran-
dom variables, in the Bayesian analysis of the PLSA they must
be respectively defined via prior distributions. Due to the multi-
nomial distribution of ~ϕk and ~θm, the best choice for the priors
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is the Dirichlet distribution. We thus obtain the Latent Dirichlet
Allocation model:

Figure 4.13: LDA Model6

From the LDA model above, we can deduce the general idea be-
hind document generation in the LDA sense:

Algorithm 4.11 LDA Topic Model

1: We have 2 urns A and B with several dices, urn A includes
the dices which used to determine the topic-word distribution
and urn B is for the determination of doc-topic distribution.
2: then we randomly choose K dices from urn A, and signed
them with a number from 1 to K;
3: Before generating a new document, we first randomly
choose one dice b from the urn B, and iterating the following
process in order to generate the words in the document:

• Cast the dice b, and get label z for topic;

• Choose the dice with labeled z from the K numbers of
dices which we got in the 2nd step, and throwing this dice,
then got the word;

Suppose there are M documents in the corpus, the relationship
between word and topic would then be:

~w = ( ~ω1, · · ·, ~ωM)

~z = (~z1, · · ·, ~zM)

Physical Process Analysis In this section, we will analyze the
LDA algorithm mathematically. The process depicted in 4.13 can
be divided into 2 physical processes:
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1 ~α → ~θm → zm,n: this process represents the generation of
the mth document. This is done by first get the dice ~θm from
the document-topic distribution, then casting this dice in
order to generate the nth word for topic m zm,n;

2 ~β → ~ϕk → ωm,n|k = zm,n, this process represents the gener-
ation of the nth word in the mth document: choose the dice
~ϕk labelled by the number k = zm,n from the topic-word
distribution in order to generate word ωm,n;

The most important processes constituting LDA are the 2 pro-
cesses above. In simple terms, LDA is based on the pro-
cess of generating M document which depend on K topics.
Due to the "Bag-of-Words" model, some processes are inde-
pendently exchangeable. So in the generation of LDA, the
M documents correspond to the construction of M indepen-
dent Dirichlet-Multinomial conjugation; whereas the K topics are
correspondingly generated by K Dirichlet-Multinomial conjuga-
tions. So the main mathematical object for understanding LDA
is the Dirichlet-Multinomial conjugation procedure. We will go
into some detail on how LDA can be constructed from M + K
Dirichlet-Multinomial conjugation procedures.

We leaned that the process ~α → ~θm → ~zm generates the topics
to which all words in the mth document corresponds. ~α → ~θm

is generated from a Dirichlet distribution, whereas ~θm → ~zm
coressponds to generation via a Multinomial distribution. The
whole structure can be represented by the Dirichlet-Multinomial
conjugation procedure[4]:

~α −−−−−−−−→︸ ︷︷ ︸
Dirichlet

~θm−−−−−−−−→︸ ︷︷ ︸
Multinomial

~zm

In the previous chapter 4.1.1 we explained the Dirichlet-
Multinomial conjugation in detail. Using the conclusion from
it here, we get

p(~zm|~α) =
∆( ~nm +~α)

∆(~α)

where ~nm = (n(1)
m , · · ·, n(K)

m ), and nk
m is the number of words

corresponding to the kth topic in the mth document. In addi-
tion, we can also obtain the posterior distribution of ~θm using the
Dirichlet-Multinomial conjugation procedure

Dir(~θm| ~nm +~α)
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Due to the independence of the topic generation process in the
M documents, we can get M independent Dirichlet-Multinomial
conjugation, which now gives us the probability for particular
topics in the corpus

p(~z|~α) = ∏M
m=1 p(~zm|~α)

= ∏M
m=1

∆( ~nm+~α)
∆(~α) (4.10)

Hence, the principle of the game 4.14 includes 2 steps: first gen-

Algorithm 4.12 LDA Topic Model 2

1: There are 2 urns which include dices; the dices in urn A is
used for the determination of doc-topic distribution, while the
urn B is for topic-word distribution;

2: We randomly choose K numbers of dices from urn B and
assign them with the numbers from 1 to K;

3: Each time before the generation of a new document, we first
choose one dice a from urn A and repeatedly casting a in order
to generate one topic z for each words; this step is then repeated
until all the document has been analyzed.

4: For all documents, choose the dice which assigned with z
from the K numbers of dices which we defined in 2nd step,
casting it for the generation of the corresponding word.

erate all topics for the words in the corpus; second step is to gen-
erate each word based on the previous defined topics. Each of
words could be exchanged in this situation. So we arranged the
words in the corpus a bit, putting the words together which were
generated by the same topic

~w′ = ( ~ω(1), · · ·, ~ω(K))

~z′ = ( ~z(1), · · ·, ~z(K))

Where ~ω(k) represents the words which generate by the kth topic,
while ~z(k) means the signed number of the topic for the words.

For the second physical process ~β → ~ϕk → ωm,n|k = zm,n, under
the limitation of k = zm,n, all the words from topic k are exchange-
able. Consider the process ~β → ~ϕk → vecωk, which ~β → ~ϕk
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is corresponding Dirichlet distribution, while ~ϕk → ~ω(k) is corre-
sponding Multinomial distribution. In that case, the whole struc-
ture is Dirichlet-Multinomial conjugate structure as well:

~β −−−−−−−−→︸ ︷︷ ︸
Dirichlet

~ϕk−−−−−−−−→︸ ︷︷ ︸
Multinomial

~wk

We can get the following equation using the conclusion from ??
as well

p( ~ωk|~β) =
∆(~nk + ~β)

∆(~β)

Where n(t)
k expresses the number of times for word t which gener-

ated from the kth topic in ~nk = (n(1)
k , · · ·, n(V)

k ). More detail, using
Dirichlet-Multiomial conjugate structure, we canget the posterio
distribution of ~ϕk

Dir(~ϕk|~nk + ~β)

The processing of generating words from K numbers of topics
in the corpus is independent, so we can get K numbers of inde-
pendent Dirichlet-Multinomial conjugate structure. Hence, the
generation probability for the whole corpus

p(~w|~z,~β) = p( ~w′|~z′,~β)

=
K

∏
k=1

p( ~ω(k)| ~z(k),~β)

=
K

∏
k=1

∆(~nk + ~β)

∆(~β)
(4.11)

We can get the probability related on all hyperparameters using
the equation above[16]

p(~w,~z|~α,~β) = p(~w|~z,~β)p(~z|~α)

=
K

∏
k=1

∆(~nk + ~β)

∆(~β)

M

∏
m=1

∆( ~nm +~α)

∆(~α)
(4.12)

Gibbs Sampling[7] Since we now have the joint distribution
p(~w,~z), we can use the MCMC algorithm which we mentioned
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before to perform sampling. Due to the observed ~w, we only
need the latent parameter~z, so the distribution which we need to
sample is p(~z|~w)

Depending on the results from above, we conclude that the cal-
culation of the required conditional probabilities is related to the
following Dirichlet-Multinomial conjugation structures

1 ~α→ ~θm → ~zm

2 ~θ → ~ϕk → ~ω(k)

where the posterior distribution of ~θm, ~ϕk are Dirichlet-
distributed as well:

p(~θm| ~z−i, ~w−i) = Dir(~θm| ~nm,−i +~α)

p(~ϕk| ~z−i, ~w−i) = Dir(~ϕk| ~nk,−i + ~β)

From 4.13, we derive the inference equation for sampling:

p(zi = k|~z−i, ~w) ∝ p(zi = k, wi = t|~z−i, ~w)

=
∫

p(zi = k, wi = t, ~θm, ~ϕk|~z−i, ~w)d~θmd~ϕk

=
∫

p(zi = k, ~θm|~z−i, ~w) · p(wi = t,~θm|~z−i, ~w)d~θmd~ϕk

=
∫

p(zi = k|~θm)p(~θm|~z−i, ~w−i) · p(wi = t|~ϕk)p(~ϕk|~z−i, ~w−i)d~θmd~ϕk

=
∫

p(zi = k|~θm)Dir(~θm|~nm,−i +~α)d~θm · p(ωi = t|~ϕk)Dir(~ϕk|~nk,−i + ~β)d~ϕk

=
∫

θmkDir(~θm|~nm,−i +~α)d~θm · ϕktDir(~ϕk|~nk,−i + ~β)d~ϕk

= E(θmk) ·E(ϕkt)

= θ̂mk · ϕ̂kt

where

θ̂mk =
n(k)

m,−i + αk

∑K
k=1(n

(t)
m,−i + αk)

(4.13)

and

ϕ̂kt =
n(t)

k,−i + βt

∑V
t=1(n

(t)
k,−i + βt)

(4.14)

Hence, the final Gibbs sampling equation for LDA is given by

p(zi = k|~z−i, ~w) ∝
n(k)

m,−i + αk

∑K
k=1(n

(t)
m,−i + αk)

·
n(t)

k,−i + βt

∑V
t=1(n

(t)
k,−i + βt)

(4.15)
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The right side of equation 4.15 is p(topic|doc) · p(word|topic),
which is the calculational path doc → topic → word. Since there
are K topics, the physical meaning of Gibbs sampling here is to
sample from the K different paths.

Figure 4.14: Path Probability of doc-topic-word

LDA Training and Inference There are 2 problems which need
to be solved when performing an LDA analysis:

• Estimating the parameters ~ϕ1, · · ·, ~ϕK and~θ1, · · ·,~θM;

• Inferencing the topic distribution~θnew with respect to a new
document docnew.

We can use LDA to train the corpus and then inference new doc-
uments via the Gibbs sampling algorithm. The training process
is to extract the sample (z, w) from the corpus using Gibbs sam-
pling, such that all the parameters could be estimated using this
procedure. The process is simple:

Algorithm 4.13 LDA Training

1: Random initialization: randomly assign a number corre-
sponding to the zth topic to each word ω in each document;

2: Re-sample the topics for each word using Gibbs sampling,
and update the result;

3: Repeat the process until the sampling procedure conver-
gences;

4: Count the frequency of each word, and build the topic-word
frequency matrix.
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When we have the matrix for topic-word frequency, how can it
be used to infer the new document docnew? The process itself is
similar[9]. For the inference, we define ϕ̂kt to be fixed, since it is
the result from the training process. So what we need to do is to
estimate the topic distribution ~θnew.

Algorithm 4.14 LDA Inference

1: Random initialization: randomly assign a number corre-
sponding to the zth topic to each word ω in each document;

2: Re-sample the topics for each word using Gibbs sampling,
but do not update the result;

3: Repeat the process until Gibbs sampling converges

4: Count the distribution of topics in the document, which is
~θnew. This is what we need.

4.1.2 Programming Language

In our project, we mainly use Java for implementation. Here we
introduce the libraries and APIs which we use, and other pro-
gramming languages which are partly used as well.

Java is a computer programming language that is concurrent,
class-based, object-oriented, and specifically designed to have as
few implementation dependencies as possible. Oracle Corpora-
tion is the current owner of the official implementation of the Java
SE platform.

Java EE Java Platform, Enterprise Edition (Java EE) is Oracle’s
enterprise Java computing platform. The platform provides an
API and runtime environment for developing and running en-
terprise software, including network and web services. Software
for Java EE is primarily developed in the Java programming lan-
guage.

OpenJDK OpenJDK (Open Java Development Kit) is a free open
source implementation of the Java Platform, Standard Edition
(Java SE).
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Servlet The servlet is a Java programming language class used
to extend the capabilities of a server. These kinds of servlets are
the Java counterpart to other dynamic Web content technologies
such as PHP and ASP.NET. Technically speaking, a "servlet" is a
Java class in Java EE that conforms to the Java Servlet API, a stan-
dard for implementing Java classes which respond to requests.

JSP JavaServer Pages (JSP) is a technology that helps software
developers create dynamically generated web pages based on
HTML, XML, or other document types. JSP is similar to PHP, but
it uses the Java programming languages. JSP allows Java code
and certain pre-defined actions to be interleaved with static web
markup content, with the resulting page being compiled and ex-
ecuted on the server to deliver a document.

Java Database Connectivity JDBC is a Java-based data access
technology (Java Standard Edition platform) from Oracle Corpo-
ration. This technology is an API for the Java programming lan-
guage that defines how a client may access a database. It provides
methods for querying and updating data in a database. JDBC is
oriented towards relational databases.

JavaScript JavaScript (JS) is a dynamic computer programming
language. It is most commonly used as part of web browsers.
It is a prototype-based scripting language with dynamic typ-
ing and has first-class functions. Its syntax was influenced
by C. JavaScript copies many names and naming conventions
from Java, but the two languages are otherwise unrelated and
have very different semantics. The key design principles within
JavaScript are taken from the Self and Scheme programming
languages. It is a multi-paradigm language, supporting object-
oriented, imperative, and functional programming styles.

HTML HyperText Markup Language (HTML) is the main
markup language for creating web pages and other informa-
tion that can be displayed in a web browser. HTML defines the
structure and layout of a Web document by using a variety of
tags and attributes. The correct structure for an HTML docu-
ment starts with <HTML><HEAD>(enter here what document is
about)<BODY> and ends with </BODY></HTML>. All the in-
formation you’d like to include in your Web page fits in between
the <BODY> and </BODY> tags.

In what follows we go through each specific part of our work.
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4.2 Training Set Creation

We defined 9 abstract topics based on the popular topics aggre-
gated by Twitter. Twitter itself presents 12 topics and collects the
related Twitter accounts for each of the topics, which enable users
to find the corresponding Twitter accounts which are interesting
for them. From the available 12 we defined 9 standard topics for
our analysis:

1. Art & Literature
2. Business
3. Food & Drink
4. Government
5. Health
6. Science & Technology
7. Music
8. Sport
9. Travel

After definition of the possible topics, we crawled tweets from
about 4− 5 users from each topic category to form the training
set. Due to the hard-coded limitation of the crawling API from
Twitter, in which the maximum amount of tweets is the 20 latest
for each user, we manually crawled about 150− 200 additional
tweets for each user. The training result would be better if the
training set in each cluster is more related and focussed on the
respective topics. So we chose users for each topic based on the
recommended popular users in each topic provided by Twitter.
For instance, we chose @FinancailTimes, BBCBusiness, etc for the
topic "Business". Hence, we have about 800− 1000 tweets in each
topic for analysis.

4.3 Latent Dirichlet Allocation Training
Process

In order to use the Mahout library, we needed to convert text
data into vector form before learning. The following diagram de-
scribes the complete conversion and learning processes.
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4.3.1 Text Data Converting

To get good clusters, vectorization is an important step: the pro-
cess of representing objects as Vectors. A Vector is a very sim-
plified representation of data that can help clustering algorithms
understand the object and help compute its similarity with other
objects. This chapter explores various ways of converting differ-
ent kinds of objects into Vectors. In reality, clustering could be
applied to any kind of object, provided that similarities and dif-
ferences could be well established. For instance, images could be
clustered based on their colors, the shapes in the images, or any
other field you wish to.

Vectors

Most often in machine learning and Mahout, we use vectors in
a more abstract sense, one that doesn’t necessarily map to a geo-
metric interpretation. A vector can be merely a tuple, an ordered
list of numbers. It has a size, and at each index (position) from 0
to size −1 the vector has some numeric value. Vectors are usu-
ally written as a list of numbers like so : (2.3, 1.55,0.0). This is a
vector of size 3, whose value at index 1 is 1.55, for example. In
machine learning, we sometimes deal with vectors with sizes in
the millions.

Representing text documents as vectors

The vector space model (SVM) is the common way of vectorizing
text documents. First, imagine the set of all words that could be
encountered in a series of documents being vectorized. This set
might be all words that appear at least once in any of the docu-
ments. Imagine each word being assigned a number, which is the
dimension it will occupy in document vectors.

The value of the vector dimension for a word is usually the num-
ber of occurrences of the word in the document. This is known
as term frequency (TF) weighting. Note that values in a vector
are also referred to as weights in this field. The number of unique
words appearing in one document is typically small compared to
the number of unique words that appear in any document in a
collection being processed. As a result, these high-dimensional
document vectors are quite sparse.
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In clustering, we frequently try to find the similarity between
two documents based on a distance measure. In typical English-
language documents, the most frequent words will be a, an, the,
who, what, and so on. Such words are called stop-words. In this
condition, if we calculate the distance between two document
vectors using any distance measure, we will see that the distance
value is dominated by the weights of these frequent words.

Improving weighting with TF-IDF

In order to solve the high frequency of stop-word problem, we
here introduce Term frequency-inverse document frequency (TF-
IDF) weighting, which is a widely used improvement on simple
term-frequency weighting. The IDF part is the improvement; in-
stead of simply using term frequency as the value in the vector,
this value is multiplied by the inverse of the term’s document
frequency. That is, its value is reduced more for words used
frequently across all the documents in the dataset than for in-
frequently used words. To illustrate this, say that a document
has words ω1, ω2, · · ·, ωn with frequencies f1, f2, · · ·, fn. The term
frequency (TFi) of word wi is the frequency fi. To calculate the
inverse document frequency, the document frequency (DF) for
each word is first calculated. Document frequency is the number
of documents the word occurs in. The number of times a word
occurs in a document isn’t counted in document frequency. Then,
the inverse document frequency or IDFi for a word ωi is

IDFi =
1

DFi

If a word occurs frequently in a collection of documents, its DF
value is large and its IDF value is small; so small that it reduces
the weight when multiplied. In such cases, it’s best to normalize
the IDF score by multiplying it by a constant number. Usually
it’s multiplied by the document count(N), so the IDF equation
will look like this:

IDFi =
N

DFi

Therefore, the weight Wi of a word ωi in a document vector is

Wi = TFi · IDFi = TFi ·
N

DFi

The IDF value in the preceding form is still not ideal, because it
masks the effect of TF on the final term weight. To reduce this
problem, a usual practice is to use the logarithm of the IDF value
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instead:
IDFi = log

N
DFi

Thus, the TF-IDF weight Wi for a word ωi becomes:

Wi = TFi · log
N

DFi

That is, the document vector will have this value at the dimen-
sion of word i. This is the classic TF-IDF weighting. Stop words
get a small weight, and terms that occur infrequently get a large
weight. The important words, or the topic words, usually have
a high TF and a somewhat large IDF, so the product of the two
becomes a larger value, thereby giving more importance to these
words in the vector produced.

4.3.2 Latent Dirichlet Allocation Training Process

Given the conceptual explanation of the LDA algorithm in the
previous chapter, we construct our learning model in the follow-
ing manner:

Algorithm 4.15 Latent Dirichlet Allocation Generation Model

for all topics k ∈ [1, K] do

• sample mixture components ~ϕk ∼ Dir(~β)

end for
for all documents m ∼ [1, M] do

• sample mixture proportion ~ϑm ∼ Dir(~α)
◦ for all words n ∈ [1, Nm] in document m do
∗ sample topic index zm,n ∼ Mult(~ϑm)

∗ sample term for word ωm,n ∼ Mult(~ϕzm,n)

◦ end for

• end for
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4.3.3 Gibbs sampling for learning algorithm

The target of inference is the distribution p(~z|~ω). By using the
final inference result 4.13 and 4.14 we estimate the posterior dis-
tributions using Gibbs sampling via the process[8]

4.3.4 LDA hyperparameters

Dirichlet hyperparameters generally have a smoothing effect on
multinomial parameters. Reducing this smoothing effect in LDA
by lowering the values of α and β will result in more decisive
topic associations, thus Θ and Φ will become sparser. Sparsity of
Φ, controlled by β, means that the model prefers to assign few
terms to each topic, which again may influence the number of
topics that the model assumes to be inherent in the data. This
is related to how "similar" words need to be to find themselves
assigned to the same topic. That is, for sparse topics, the model
will fit better to the data if K is set higher because the model is re-
luctant to assign several topics to a given term. This is one reson
why in models that learn K, such as non-parametric Bayesian ap-
proaches, K strongly depends on the hyperparameters. Sparsity
of Θ, controlled by α, means that the model prefers to characterise
documents by few topics.

As the relationship between hyperparameters, topic number and
model behaviour is a mutual one, it can be used for synthesis of
models with specific properties, as well for analysis of features in-
herent in the data. Many paper mentioned the good model qual-
ity has been reported for α = 50/K and β = 0.01[3]. However,
due to several experiments by different definition of α and β, the
best performance is showing by α = 0.1 and β = 0.01. Here are
the results with different hyperparameter setting as comparison.

α = 50/K
β = 0.01

α = 0.1
β = 0.1

α = 0.2
β = 0.01

α = 0.1
β = 0.01

just just just healthy
my my channel care

president president show disease
her her did calories

music music karl risk

Table 4.2: comparison Top 5 words on Topic "Health" by different value of
hyperparameters
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Algorithm 4.16 Gibbs sampling algorithm for latent Dirichlet al-
location

zero all count variables, n(k)
m , nm, n(t)

k , nk
for all documents m ∈ [1, M]

• for all words n ∈ [1, Nm] in document m do
◦ sample topic index zm,n = k ∼ Mult( 1

K )

◦ increment document-topic count: n(k)
m + 1

◦ increment document topic sum: nm + 1

◦ increment topic-term count: n(t)
k + 1

◦ increment topic-term sum: nk + 1

• end for

end for
while not finished do

• for all document m ∈ [1, M] do
◦ for all words n ∈ [1, Nm] in document m do

* for the current assignment of k to a term t for word
ωm,n:

∗ decrement counts and sums: n(k)
m − 1, nm − 1,

n(t)
k − 1, nk − 1

* multinomial sampling (decrements from previ-
ous step):
∗ sample topic index k̃ ∼ p(zi| ~z−i, ~ω)

* use the new assignment of zm,n to the term t for
word ωm,n to:

∗ increment counts and sums: n(k)
m + 1, nm + 1,

n(t)
k + 1, nk + 1

◦ textbfend for

• end for

• if converged and L sampling iterations since last read out
then

* the different parameters read outs are averaged.
◦ read out parameter set Φ according to 4.13
◦ read out parameter set Θ according to 4.14

• end if

end while
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Figure 4.15: Whole view of project

4.3.5 LDA Training Result

We conclude the work flow process, including the preliminary
preprocessing of data and the implementation of learning algo-
rithms, by obtaining final results for the training process: this is
the so-called "bag of words": In our case, we stored the top 50
words for each cluster and input these into a SQL database to be
used in the prediction process which we will mention in the next
section.

Figure 4.16: training result stored in SQL
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Art & Literature Business Food & Drink Government

review percent restaurant president
books bank food obama
theater market recipe insurance
cartoon business dinner immigration

book trade recipes economy
novel prices dish care

art bills cooking leaders
library boss cheese government

museum opinion soup coverage
writer financial chefs enrollment

Music Sci & Tech Sport Travel Health

album google game travel healthy
music app NBA traveler insurance
rock search team destinations calories

songs apple sport city risk
rocking online league visiting care
sound android basketball hotel fats
hear startup soccer tips weight
jazz computer trade beach sleep

piano internet lakers passengers cancer
band update crazy weather help

Table 4.3: Top 10 words analyzed out in our LDA implementation

4.4 Latent Dirichlet Allocation
Prediction Process

After training our model using LDA with our training set, the
next step would be predicting the possible topic distribution for
test users depending on the resulting topic-word distribution.

4.4.1 Dynamic Crawling

In order to get new tweets from test users for analysis in a dy-
namic way, we need to connect to Twitter and crawl tweets from
each specific test user. Twitter provides an API for this connec-
tion. However, due to privacy limitations, the API which is pro-
vided by Twitter only allow developers to crawl the latest 20
tweets for each user at any one time. As we know, the more in-
formation the test user provides, the more correct the prediction
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result would be. The tweets are stored in the form of SQL tables
for each test user. Each time we crawl a test user, we first check if
we have already analyzed him before; if this is the case, we then
check the timestamps for each crawled tweet in the correspond-
ing table in SQL; if the tweets are new, then we store them into
the table. If the user is new, then the system create a new table for
him and stores the 20 tweets obtained from the API.

Figure 4.17: sample of tweets stored in SQL

4.4.2 Pre-processing

In order to get more focussed results, we did pre-processing of
the crawled tweets before prediction. The Lucene library is used
for the pruning process. Here we use the pageages from thie li-
brary and Filters StandardTokenizer with StandardFilter, Lower-
CaseFilter and StopFilter, using a list of English stop words.

Figure 4.18: sample for prune technology with Lucene

4.4.3 Implementation of Prediction

In this part, let’s take a look the difference between training and
prediction in LDA. As we mentioned before, in the training pro-
cess the topic-word distribution will be updated each time in the
Gibbs sampling process until the distributionconverges to a con-
stant. In the prediction part, we directly use the topic-word dis-
tribution for our results.
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Algorithm 4.17 LDA Prediction Process

for each word in test document

• sample latent variable z depends on p(ω|z) · p(z|doc);

• update doc− topic distribution;

end for

Here we give a small example to explain more clearly about each
step

Figure 4.19: sample of prediction technology

We look at figure 4.19. Suppose we already finished the training
process and obtained the topic-word distribution (bag-of-words)
as the table shown. It has 3 clusters with 5 related words in each
of them. The text in the bottom is the data from test user profile,
which we have collected into one document. In the prediction
part, we need to analyze each word in the document.

For the determination of possible topics, words like "learn",
"web", "technology" can be handled quite easily and quickly,
since they only appear in one cluster. The system will just as-
sign the unique topic to these words. But for words like "library"
which was included in more than one topic, the algorithm needs
to calculate the posterior probability for the topics with this ob-
served word. In the example, it would be p(Topicsci|library) and
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p(Topicart|library). The calculation process is:

P(Tsci|library) = p(library|Tsci) ∗ p(Tsci)

= 0.78 ∗ No.o f wordsinTopicsci
totalanalyzedword

= 0.78 ∗ 3
6

= 0.39

P(Tart|library) = p(library|Tart) ∗ p(Tart)

= 0.62 ∗ No.o f wordsinTopicart
totalanalyzedword

= 0.62 ∗ 1
6

= 0.13

After comparison with the 2 posterior results, we finally de-
termine that the topic for the word "library" in this case is
"Sci&Technology".

4.4.4 Prediction Result

Here we show a sample topic distribution for user account
@google from Twitter which comes from the LDA prediction using
training results:

4.5 API Connection

This process of training and prediction culminates in the results
which have been shown above for one user account; further test
results are shown in the appendix. This step completes the pro-
cess of text analysis with LDA. However, as a form of benchmark
of our algorithm, we also applied online text analysis tools to the
tweets submitted by our test users in parallel to analysis by our
learning algorithm. Here we use AlchemyAPI, OpenCalais to ex-
tract the possible keywords and phrases from the test data.

4.6 Clustering Keywords and phrase

At the conclusion of the prediction process with LDA and paral-
lel analysis with text analysis tools, we have the topic distribu-
tion of analyzed Twitter users and several keywords and phrases
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Figure 4.20: sample topic distribution for user "@google"

Figure 4.21: table of result list from analysis APIs for Twitter user
"@google"

from the APIs. We then considered improvements to the results
by combining these 2 kinds of results; concretely we add the
keyphrase and words from the APIs to the right topics obtained
from LDA. The work would be easy if these phrases contained
some words which existed in the LDA training results, but this
presents some problems if the words are totally new to LDA.
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4.6.1 Wikipedia Connection

We then used Wikipedia, which could provide all possible cat-
egories corresponding to a particular keyword via its API. The
problem now is whether we could determine the possible topic
into which to include the specific phrases or keywords using
LDA.

Figure 4.22: sample categories for searched word "football"

4.6.2 Second use of LDA

After crawling all possible categories based on the searched
phrase or word, we collected these categories and input them
into LDA as prediction. After analysis by LDA, we will obtain
the topic distribution for these specific phrases. Then we deter-
mine the appropriate topic for them by considering the highest
probability clusters.

Figure 4.23: sample clustering process for word "football"

The figure 4.24 is a sample result after second use of LDA; the
blue line is the topic distribution analyzed by LDA with origi-
nal crawled tweets for test user. The red line is the result with
the combination of Wikipedia category technology. The system
could extract and classify more words and also phrases after this
combination work, which did have a better performance than the
original learning algorithm.

The figure 4.25 is a sample result of the related words for topic
"Science & Technology" from user "@google". The standard LDA
algorithm could only analysis single word; here the result from
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Figure 4.24: Comparison results after combination work

Figure 4.25: Comparison results after combination work

original LDA is "coming", "google". Since the work of APIs, we
obtain some keywords and phrases like "System software" and
"PlayOnLinux" from openCalais and "google" from AlchemyAPI.
After wikipedia entity technology, we got all the possible cate-
gories for each extracted keywords and phrases and input into
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LDA again to determine the topic for each extracted data. Fi-
nally we could classify these words and phrases which actually
couldn’t directly be analyzed by learning technology to the re-
lated topics.

4.7 Summary

In this chapter we gave a detailed exposition of the LDA algo-
rithm, starting from basic concepts of the Dirichlet distribution
and Gibbs sampling methods. In between we also provided a
short summary of the methods of text modeling which we apply
in our work. In the next step, we will test our system using some
user accounts, and obtain feedback from volunteer test subjects
with Twitter accounts.
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As the core task of our project is to extract the possible topics/in-
terests for each test user, we selected several test users to evaluate
the result. We first selected some popular Twitter accounts which
should display specific interest topics in order to check if our
results fit these topics. For instance, the user "@google" should
focus more on science and technology; and "@DailyHealthTips"
might be focussed on health and fitness, etc. After the testing of
these specific users, we will check some volunteers and get the
feedback from them after these analysis results.

5.1 Test for Popular users

5.1.1 @google

User @google represents news and updates from Google. Using

Figure 5.1: Possible topic distribution for @google

LDA to analyze the keywords and phrases which were extracted
from the APIs and placing them into the related topics, we could
obtain the following partial results:
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Figure 5.2: Keywords and phrases extracted for @google

Figure 5.3: Keywords and phrases extracted for @google

5.1.2 @DailyHealthTips

The figure 5.5 shows the related words in the "health" cluster after
2 sequential learning analyses in addition to combination with
APIs and Wikipedia.

5.1.3 @RollingStone

The account @RollingStone belongs to a major entertainment in-
dustry news magazine; thus, it should be focussed on the latest
entertainment news and gossip from the Rolling Stone magazine,
and hence expected to feature heavily in "Music" topics. Figure
5.6 is the possible topics distribution for the 20th latest tweets
from this account:
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Figure 5.4: Possible topic distribution for @DailyHealthTips

Figure 5.5: Keywords and phrases extracted for @DailyHealthTips

Figure 5.6: Possible topic distribution for @RollingStone

5.2 Test for volunteers
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Figure 5.7: Keywords and phrases extracted for @RollingStone

5.2.1 volunteer 1: @sadikshagautam

• Name: Sadiksha Gautam

• Gender: Female

• Nationality: Nepal

• Education: Currently MSc. in Software Systems Engineer-
ing in RWTH

• Interests: computer

In the following we show result for this test user: Here are the

Figure 5.8: Possible topic distribution for Sadiksha

keywords and phrases extracted from our system for this user:
From the comparison via sequential LDA, we see that sequential
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Figure 5.9: Keywords and phrases extracted for Sadiksha

analysis via combination with Wikipedia categories did produce
better results than the single LDA.

5.2.2 volunteer 2:@Xia41258659

• Name: Xia Dong

• Gender: Female

• Nationality: China

• Education: Graduated MSc. in Media Informatics in RWTH

• Interests: food, traveling, listening music

And figure 5.10 shows the results for this user: Figure 5.11 shows
the keywords and phrases that extracted from our system for this
user: Here are some comments and suggestions about the system:

The result basically represent all my interests correctly. The
chart is very clear and understandable, reflects the distri-
bution of my interests, and I could know which topic is the
most popular one among all my tweets with one glance. the
program has extracted and classified the key words prop-
erly. I think overall the program is effective and accurate.
One suggestion could be that maybe add a new topic or cat-
alog like "leisure time" or "pets", because I believe I have
quite a few tweets on them.
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Figure 5.10: Possible topic distribution for Xia

Figure 5.11: Keywords and phrases extracted for Xia

5.2.3 volunteer 3:@LZYuan_1981

• Name: Zhong Yuan Lai

• Gender: Male

• Nationality: Malaysia

• Education: currently PhD student in Physics in Bonn

• Interests: reading , traveling, listening music

Figure 5.12 shows the results for this user: Figure 5.13 shows the
keywords and phrases extracted from our system for this user:
Here are the comments and suggestions about the system:
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Figure 5.12: Possible topic distribution for Zhong Yuan

Figure 5.13: Keywords and phrases extracted for Zhong Yuan

I am impressed by the accuracy of the systesm in classi-
fying my interests. The presentation of the classified data
and corresponding keywords is very clear and informative.
However, a good suggestion would be to increase the num-
ber of topics into which my Tweets could be categorized.

5.3 Summary

In this chapter, we listed test results from volunteers and the feed-
back from them as well. The next chapter will give a conclusion
on our project and possible improvements as future work.
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Chapter 6 Conclusion & Fu-
ture Work

6.1 Conclusion

In this work we implemented a system which extracts the possi-
ble topics or interests for users of Twitter using the Latent Dirich-
let Allocation algorithm. To increase predictive accuracy we also
input related keywords and phrases for each topic into several
open source text analysis APIs and analyzed their output based
on combined analysis using both outputs from Wikipedia and the
LDA algorithm. We create a user-friendly webpage interface for
the display of all results for each test user.

Our work actually combines machine learning with information
search and retrieval tasks. For the machine learning part, a possi-
ble mathematical model could be trained with a training data set
to learn classification of the data according to the related topics.
After learning, it can then be used to anlyze and classify Tweets
from test users into corrected topics and output possible topic dis-
tributions for each test user. However, there is an inherent prob-
lem with the limited range of the training set, since for machine
learning algorithms it is generally true that the larger the amount
of training data, the better predictive accuracy would become.

And for the non-learning tasks, we analyze user profile via
Wikipedia in parallel with using LDA, which enables us to dis-
cover categories for each word or phrase resulting from analysis
from the text analysis tools. Due to uncertainty in assigning these
words and phrases to possible topics, we expanded the range of
possible related topics by inputting the output from the text anal-
ysis tools into Wikipedia and then analyzed the output similarly
as in the machine learning part.
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We were able to mitigate the obvious limitation of the small size
of the training data set with the additional step of integration
with Wikipedia, and hence obtain a better performance of the
prediction algorithm.

Finally, let’s go back to the research question which we proposed
in the starting point and see if we had solved these problems:

1. How can we extract user profile data from Twitter?
2. What kind of machine learning algorithm is best for our

case?
3. How to extract user interests, which are the quantities we

are ultimately interested in, from the result?
4. How can we improve the result from basic learning algo-

rithm?

1: We used the streaming API which provide by Twitter itself for
the crawling technology. However, it has the limitation that we
could only crawled 20 latest tweets each time for the test user.

2: After learning different kind of text mining algorithms, we
choose the Latent Dirichlet Allocation algorithm for our case. It’s
a popular mixing modeling approach for text data clustering.

3: The LDA algorithm extracted the possible topics or interests
for the test profile under the limitation of 2 dirichlet distributions.
After iterations of the determination the possible topics depend-
ing on the posterior probability for each word using Gibbs sam-
plings, the topic distribution tend to be convergency.

4: The standard LDA algorithm itself could only analyze sin-
gle word in the document. We make a combination work of
wikipedia entities analysis and LDA in order to classify the key-
words and phrases which might not be directly analyzed by
learning algorithm. After the combination, the system now can
analyze phrases.

6.2 Future Work

From the responses obtained via user comments of our test users
we have come to the conclusion that the following aspects of the
work could be still yet improved to obtain better quality results
and more accurate predictions.
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Figure 6.1: Possible graphic model of HDP-LDA

6.2.1 Improvement of Latent Dirichlet Allocation

One technical limitation of LDA is the need to fix the possible
number of topics K before learning. To improve on this one can
consider the possibility of letting K to be infinity in LDA and de-
termine the number of topics through a separate learning pro-
cess. In that case, the Hierarchical Dirichlet Processes can be used
to define a BNP version of LDA, in which the number of topics
is open-ended and multiple infinite mixture models, linked via
shared topic distribution. So the HDP-LDA avoids the need for
model selection.

6.2.2 Larger number of possible topics

Due to feedback from test users, as presented in the evaluation
part, one could envisage improving the range of possible topics
for the whole project in order to classify more latent keywords.
For instance, one could add topic headings like "Entertainment"
and "Pets" for a more comprehensive inclusion of interests of
users.
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6.2.3 Larger training set

Due to limitation of time for our project, we have crawled Tweets
from 3− 4 user accounts from Twitter for each possible topic as
training set. However, each topic actually consists of various
parts and the prediction result will be relatively inadequate if the
area that the predictor mentioned is not covered in our training
set. A logical next step to improve the predictions of our model
is hence to consider enlarging our training set for each part in
future work.
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