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The development of the Web has, among its other direct influences, provided a vast amount of data
to researchers in several disciplines. While in the early stages of its growth the data often went
unseen and was secondary to the other products the Internet made available, in the past decade it
has quickly become a primary resource for a large number of online applications and has given
possibility to many analyses and studies. Text data in particular has been a cornerstone of these

works in an attempt to better understand human knowledge and behavior.

This work focuses on analysis of the process of writing documents and the abstract underlying
contexts driving this process. We propose a generative model for documents based on psychologi-
cal models of human memory search, and from there we define structures that can represent these

abstract contexts.

Recent works in psychology literature suggest the brain’s memory search can be modeled as a
random walk on a semantic network (Abbott et al., 2012). The vast body of research available on
random walks in different disciplines, and more recently for their use in analyzing the structure of
the web and developing search engines, makes this model particularly appealing for understanding
and simulating the brain’s process of vocabulary selection and document generation. It can also
be used to drive lexical applications and automated text analyses such as exploring the inherent
structures existing in a language and the relationship between words.

In this work, we present a network approach to describing document generation and discover-
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ing contexts. We form an associative network of words based on co-occurrence, with ties between
words weighted by the number of documents in the corpus they simultaneously appear in. By
inspecting the hierarchical modularity of this network and using the random walk model and com-
munity detection algorithms based on random walks, we can find communities of words that form
contextually homogeneous groups. Within a certain context defined by one of these groups, the
relative importance of every other word can be determined by creating a contextually biased word
association network and using the Google PageRank algorithm that magnifies nodes with higher
centrality. We use these context profiles to form a context-term matrix representative of semantic
traces in memory. We then study the hierarchical structure of contextually significant word clusters

in different layers of the network, through examining layer blocks of the context-term matrix.

Other similar studies include topic modeling, the unsupervised learning of patterns of words
and phrases that can represent "topics". The mainstream view in topic modeling regards a topic as
a distribution over known vocabulary. The famous Latent Dirichlet allocation (LDA) for instance
(Blei et al., 2003), finds a given number of topics within a text corpus, each topic represented by a
distribution over all words. LDA essentially fits a latent variable model of word combinations to a

set of observed documents.

We also extend our knowledge structure model to find vector representations of topics that pro-
vide summaries of the information contained in the corpus, similar to topic modeling frameworks.
These vector representations are calculated by factorization of the context-term matrix. The sum-
mary outcome of this method will also reveal important sub-structures of the large hierarchical
structure. For evaluation, we show that across a variety of datasets from online forums and tweets

to research articles, our summary topics cover, on the average, 94% of £ = 60 LDA topics.
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To my parents, who taught me to value knowledge.

To my siblings and my friends, for their support, be it emotional or material.

And to those who taught me music, without whom it would have been a silent journey ...

All that you touch
And all that you see
All that you taste
All you feel ...
And all you create
And all you destroy
And all that you do
And all that you say ...
And all that is now
And all that is gone
And all that’s to come
And everything under the sun is in tune

But the sun is eclipsed by the moon.

— "Eclipse" by Roger Waters
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CHAPTER 1

Introduction and Background

1.1 Motivation

Understanding the structure of human knowledge through modeling the process of writing doc-
uments has been of great interest in several disciplines. Models of document generation have
significant value in our understanding of the human brain and semantic memory [17]]. For decades,
computational psychologists have been designing experiments to analyze the human brain and how
we search our memory when using language [3]] [[6]. Most of these studies focus on memory recol-
lection and word association tasks, and devise models that describe experimental results from such
tasks [2]]. Meanwhile, computer scientists have taken a statistical approach to describe patterns of
text observed in documents [3]. There is still a need to close the gap between these two schools of
thought; to design models that statistically describe observed documents and also match models of

memory.

We base our model of document generation on models of human memory [2] [18]] and show
how we can leverage large text data collected from the Web to train this model. Our model will
be fairly intuitive and will use well-studied network analysis and matrix factorization tools to ob-
tain a sequential solution to the model structure estimation problem. This sequential optimization
approach to estimating the various layers of our model makes the final results more interpretable
and further analysis easier. Methods for joint estimations of the parameters of our model are left
as part of future research work. We perform a number of statistical evaluation tests to show that

the sequential optimization approach already gives superior results.



1.2 Psychology Background

There have been considerable research in Psychology and Cognitive Sciences in an effort to un-
derstand and model how human memory works. One of the prevalent experiments, that more
specifically investigates semantic memory, is the semantic fluency task. In a prominent case study,
Troyer et al. [5]] asked a group of subjects to retrieve examples of animals and then analyzed the
clustering of words in the recorded responses. Their observation was that when asked for related
words to a certain query, people recite different clusters of words in bursts. In the case of animals
these clusters reflect sub-categories of animals like "pets", "African animals", etc. They concluded
that semantic memory search can be decomposed into two separate "clustering" and "switching"

processes.

Hills et al. [6] conducted a similar experiment in which they asked respondents to name as
many animals as they could in 3 minutes and observed the Inter-item Response Time (IRT), which
they defined as the time between consecutive words in the sequence generated by each subject.
They compared the IRT with patches (clusters) found by Troyer et al. and found that there is a
jump in IRT for consecutive words that are in different patches, corresponding to the "switching"
process. In comparison, the "clustering" process implies relatively similar IRT for consecutive

words that are in the same patch.

(@ (b, 7o) ")

w
s

Item IRT / Average IRT

w
S

Average IRT
%
*
Number of words produced

=

0
0 1
=2 =1 1 2 3 0 2 4 6 8 10 12 0 1 2 3 4 5
Order of entry relative to patch switch Mean IRT for the entry prior to switch Abs(Last item IRT — Average IRT)

Figure 1.1: Experimental Inter-Response Time Recorded by Hills et al. [|§|]

Abbott et al. [2] later attempted to integrate "clustering” and "switching" into a single process
by modeling memory search as random walks on a semantic network. Random walk models had

also previously shown to reveal prominence of words in human memory [7]. In the model proposed
2



by Abbot et al., memory search is regarded as the position and movements of a random walker on
a semantic network, assuming the walker starts from a cue word like "animal". The random walker
will then randomly jump to one of the neighbor nodes. The probability of jumping to each neighbor

is proportional to the weight of the associative link to it from the current node.

P(Xp41|C ="animal”, X,, = ) = pP(Xp41| X5 = "animal”) + (1 — p) P(Xp41| Xpn = zn) (1.1)

>k Wik

The random walk equations essentially form a Markov chain with the constant teleportation

P(Xpy1 = 4| X, = 4) (1.2)

probabilty p of jumping back to the cue word "animal".

This model takes into account the two processes indicated by Troyer et al. and creates a more
well-defined mathematical framework for further analyses. Intuitively, observed clusters in pre-
vious studies would form dense sub-graphs in the semantic network where the random walker
will spend some time before jumping to another cluster. To test this claim Abbott et al. used a
weighted semantic association network generated by Nelson et al. [10] to simulate IRT for the

word sequences of previous studies. They defined IRT as:

IRT(k) = 7(k) — 7(k — 1) + L(X» ) (1.3)

where 7(k) is the step index where the ky, animal first appears. The last term accounts for
length of the next word, arguing that longer words take a longer time to remember. For instance,
in the following random walk sequence:
X1 ="animal”, X9 = "dog”, X3 = "house”, X4, = "dog”, X5 = "cat”
IRT("cat”) = 1("cat”) — 7("dog”) + L("cat”) =5 —-2+3=6
The simulated IRT was shown to have the same characteristics as the experimental results observed

by Hills et al. with jumps at cluster switches.

These studies inspire the idea that variations of random walk models can be used to model text

documents which are artifacts of the human brain’s semantic memory. In the next chapter, we go
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Figure 1.2: Simulated IRT using the random walk model by Abbott et al.

over statistical models of documents and later come back to the notion of random walks and how

they can be incorporated in our model.

1.3 Outline

In chapter 2, we give an overview of topic modeling methods for summarizing collections of
documents. We then create our associative network of words from a given text corpus, that is to be
used by random walk models similar to the memory search process. We will discuss shortcomings
of a simple random walk model on this network in modeling dynamics of document writing and
its highly contextual nature. We then take help from episodic models of memory to design a model
that addresses this contextual behavior. This results in a hierarchical structure representation of the

underlying knowledge base.

In chapter 3 we discuss computational methods for extracting the hierarchy described in chap-
ter 2. We start by designing a new random walk scheme whose movements do not lose contextual
focus. This modified random walk is used to extract principal core clusters of each context. These
cores help us estimate contextually biased associative networks of words and analyzing these con-
text networks leads us to forming a context-term matrix from which the hierarchical structure is
built. We will also use this context-term matrix to create summaries of the text corpus comparable

to topics of topic modeling methods such as LDA.

Chapter 4 contains evaluations of our summary topics for coverage. We show that our summary
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topics include most LDA topics and thus there is no significant loss of information in compressing
the corpus into a context-term matrix. We also evaluate our hierarchical structure by inspecting if

its layer clusters exhibit high modularity in the associative network.

Finally, in chapter 5 we discuss some sample results of this method and how they reveal addi-
tional insights from a document set. Chapter 6 will give a brief review of the tools used and time

complexity analysis of our methodology to ensure scalability of our computational framework.



CHAPTER 2

Modeling Document Generation and Underlying Knowledge

Structure

2.1 Problem Statement

Our goal is to devise a model for document generation and train it using large sets of documents.
We then want to use this model to create a representation for abstract contexts and extract the
contexts available in the document set. To this end, we would need to determine if understanding
contexts requires us to go deep into sentence structures and use methods like Part-of-Speech (POS)
tagging, or if the Bag-of-Words model [9] will be sufficient. We will also determine if we can

develop a network scheme for simplifying contextual information in the text corpus.

2.2 Related Work

2.2.1 Topic Modeling

Topic modeling is one of the areas of study that tries to find patterns of words in a text corpus and
model statistical behavior of documents. Topic models are usually generative models that try to
describe a corpus of text. There has been significant work in this area starting with simple models
that have evolved over time. We will briefly review some of these models and their evolution in

the following sections.



2.2.2 LSA (Latent Semantic Analysis)

LSA creates a lower-dimensional representation of document collections by decomposing the
term-document matrix [12]. If we form this matrix X such that entry X;; gives occurrence of
term 7 in document j, then using Singuler Value Decomposition (SVD), we can create a low-rank
approximation to this matrix as X V*M = [Vxkxkxky THM goh that k < V, M. In this repre-
sentation, row ¢ of U provides values that build a representation of word ¢ on the k-dimensional
concept space, and column j of V7T gives values that build a representation of document j on the
k-dimensional feature space. Therefore, LSA can help do tasks such as conceptual comparison

between words or between documents, or finding cluster of similar words.

2.2.3 Mixture of Unigrams

The Mixture-of-Unigrams models assumes there is only one topic for each document and that
words in the document are randomly generated from a distribution over words specific to the topic
[13]]. It also assumes words are selected independently from each other. In this paradigm, a topic is
defined as a multinomial distribution over the known vocabulary. The mixture of unigrams model
is possibly the simplest model attempting to create simplification of word distributions in a large
number of documents into a limited number of distributions regarded as topics. The limiting factor
in this model is the assumption that documents only have one topic which in general is not true

and over-simplifies the documents.

e
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Figure 2.1: Mixture of Unigrams model. Diagram from [J3]].
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2.2.4 pLSI (Probabilitstic Latent Semantic Indexing)

The pLSI model attempts to fix the lack of support for multiple topics in a document in the Mix-
ture of Unigrams model [14]. A document is assigned a unique distribution d over topics. For
each word, a topic is randomly picked according to this distribution and then the word is picked
randomly from topic’s dictionary. The inherent shortcoming of this model is that the document’s
topic distribution can only be estimated on documents in the training set and there is no way to as-
sign a distribution over topics for a new document. In this sense, pLSI does not present a complete

generative model.

o o

d z w N

M

Figure 2.2: pLSI (Probabilistic Latent Semantic Indexing) model. Diagram from [3]].

p(d, w,) = Zp wn|2)p 2.2)

2.2.5 LDA (Latent Dirichlet Allocation)

LDA [3]] is the most common algorithm currently used for topic modeling often with slight vari-
ations. LDA extends the Mixture of Unigrams model in the same way as pLSI by assigning a
distribution over topics to a document, with the key difference that this distribution is itself gen-
erated from a Dirichlet distribution with parameter ««. With this modification, LDA proposes a
complete generative model that can assign probabilities to previously unseen documents as well.
This generative model tries to statistically describe the observed document set and is essentially a

Bayesian framework for fitting a distribution to observed samples of document words.

/(HZ (wnzn; B) zn\e)) p(0; a)do (2.3)

n+1 z,=1
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Figure 2.3: LDA (Latent Dirichlet Allocation) model.

Thus after fitting the LDA model to a text corpus, the latent variables would give us parameters
of distribution over topics for the corpus, and distribution over words in vocabulary for each topic.

These topic dictionaries are stored in vectors that form the § matrix.
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Figure 2.4: LDA topic distribution samples

The LDA model statistically describes observed documents but it does not particularly model
the dynamics of writing documents. Another drawback of LDA is the heavy computational cost

for fitting the model.

2.3 Network Model

We create a weighted associative network of words from the corpus whose edge weights show

strength of ties between words. This network can then be used for random-walk-based models
9



described in section [I.2] The tie between two words in the network is weighted by the number of
documents they both appear in. This will give an empirical estimate of the relative step probabili-

ties in the random walk when going from one node to one of its neighbors.

w12

Figure 2.5: 3 nodes in the network with respective edge weights

wiz  Na(a Oma) 2.4)
wiz  Ng(nig Nng)

An appropriately designed random walker which behaves similar to a document generator
should spend considerable time in areas of the network related to only a few contexts. These
contexts cause dense clusters of words to form in the associative network. In order to understand
how contexts control the random walk process and to find a clear definition of contexts, we need

to first analyze the structure of the network. We will then design a respective random walk scheme

that corresponds to contextually coherent movements of a document generator.

2.4 Network Structure

To better understand the network structure, we first examine distribution of popularity among
words in the network. We need a centrality measure for calculating how frequently the random
walker passes a word, for which we use the Google PageRank algorithm [11]. PageRank on
co-occurrence network is shown to reveal important words of a text corpus better than simple mea-
sures like word frequency [15]. It is also found to provide prominent words in human memory

when applied to semantic networks [7].
10



2.4.1 Google PageRank

PageRank [/11]] calculates visit probability of a random walker for every node on the network. For
a random walker that at each step either jumps to one of the neighbors according to their ingoing
edge weight, or teleports to a random node on the network, the steady-state visit probabilities are
solutions to the equation:

PR(i) = 1%[ +d 'Z' A”%f)(]) (2.5)

JEM (3)

Where PR(i) is the PageRank of node i, A is the network incidence matrix, M (7) is the set of
outgoing neighbors of noide ¢, O(j) = ), Aj; is the outdegree of node j, NV is the number of

nodes in the network, and 1 — d is the teleportation probability. Defining matrix M as

Aii/O(7), ifO;; #£0
M, = i/0(J) i # 2.6)
0, otherwise

and naming the PageRank vector r the equation can be written as:

1—-d
=dMr+ ——1 2.7
r rt—5 2.7)

Then using Er = 1 where E is the all-ones matrix, we have

r= (dM L1 ;[dE) r (2.8)

which is a problem of finding the principal eigenvector as M is by construction a stochastic matrix.

A simple method to find the PageRank vector is using the power method [48]].

2.4.2 Word Generality and Network Structure

Examining the PageRank distribution of words in the associative network leads us to measuring
relative generality of words in the dataset. That is, are words relatively similar in their generality

or is there drastic variation among them. The PageRank distribution for two of our datasets are
shown in figure

The CCDF (Complementary CDF) of PageRank values in both networks shows near-power-law
distribution and reveals presence of central nodes with very high PageRank that disturb a random

walker’s localization.
11
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Figure 2.6: Complementary CDF in log scales for the NSF (left) and Cafemom (right) datasets.

Such scale-free networks typically show hierarchical modularity as put forth by Ravasz et
al. [16] who analyzed a synonymy network extracted from the Merriam Webster dictionary. There
are central cores in the network, words such as "research", "grant", and "study" in the NSF ab-
stracts dataset, that are connected to most other nodes in the network. Moreover, dense clusters in
the network can also have different levels of conceptual granularity. For instance, we may see Gen-
eral Physics as a concept, or Quantum Mechanics in particular, and in even further detail smaller
concepts such as Hadron Colliders or Semiconductors. The more general concepts are dense clus-
ters that are more central in the hierarchically modular network, or dense clusters whose words

have higher PageRank values.

The hierarchical structure of the network will have implications on how we devise the random
walk model. The simple random walk at this stage describes memory recollection and not doc-
ument generation. Therefore, "general" words that are strongly connected to most nodes of the
network create very frequent random jumps between clusters. This prevents the random walk from
staying in contexts and makes it switch to many contexts arbitrarily, which is not how documents
are written. Therefore, if we simply use common community finding algorithms, the ouctome
solution will be the undivided network showing up as one large community and clusters are not
distinguished. We would need aggressive filtering of main nodes or their incident edges to re-
veal these structures. This would bring in ad-hoc filtering based on keyword detection and edge
significance measures to fabricate the network. To avoid such practices we need to tailor our ran-

dom walk model to the process of writing documents that refrains from straying out of context.
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For a better understanding of document generation and contextual coherence of documents, in the
following section we continue by pointing out differences between document generation and the

memory recollection task, and also clarify our definition of contexts.

2.5 Modeling Document Generation

While the memory recollection experiments and models provide an insight on how the brain ac-
cesses stored information, they do not specifically describe the document generation process. A
few key differences between these two tasks include:

(1) In memory recollection, there are erratic jumps to other clusters, while document generation is
centered around certain clusters that relate to a "context”.

(i1) The memory recollection experiment is cued by a single core word, but in document generation
the random walk has a central "area" rather than one core word.

(iii) Another difference between memory recollection and document generation is regarding the
presence of general words, which may be limited in the first, but very frequent in the latter.

These differences make the regular random walk model insufficient to model document generation

and its heavily contextual nature.

Figure 2.7: A small sub-graph of the network showing a few general nodes that connect contexts
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2.5.1 Contextual Memory

A class of memory models that address challenges presented by contextual behavior of memory
access are retrieval-based models that put emphasis on memory’s episodic nature [[17]]. These mod-
els propose that episodic observations are, without compression and encoding, stored as traces in
memory. At the time of retrieval from memory, one makes a cue to these episodic traces and re-
trieves traces that are more related to the current context of retrieval whose information is contained

in the cue.

One of the most famous examples of retrieval-based models is Minerva 2 by Hintzman [|1§]]
[17]. This model essentially views each trace as a vector of values over a set of features. An
episodic experience creates one such trace and all traces collectively form a matrix 7" whose rows
correspond to these traces, so T;; is the value of trace ¢ on feature j. At the time of retrieval,
the context of retrieval imposes a similarly made feature vector and this probe vector p is used to
collect the closest traces from memory by a simple dot product. Therefore, the strength of inducing

trace ¢ by probe p is given by:
N
si= Y piTy (2.9)
j=1

Where N is the total number of features. The echo vector c returned from memory is then aggre-
gated from traces based on their activation level. In the original implementation of Minerva 2, an
activation vector a with a; = s is used to invoke traces, instead of directly using s as activation

signal. This boosts strong signals and reduces noise, but does not imply any theoretical changes.:

M
Cj = Zaiﬂj (210)
i=1

M here is the total number of traces in memory.

A working example of this system given again in [18] sheds light on how this approach can
model memory’s behaviors such as associative recall: Imagine the traces stored in memory contain
faces and their associated names. In this case one can set aside 10 features for faces indexed
7 = 1-10 and 10 features for names indexed 7 = 11-20. When a face is seen, the first 10 entries

pj=1-10 of the probe vector are filled with the face feature values and episodic memory traces are

14



invoked. The content of the echo signal in second 10 entries ¢j—;1_29 can be examined for the

associated name.

An application of this memory model in modeling text and document writing has been devised
by Kwantes [[19] [17]. The key idea is that each document provides one context where a combina-
tion of words is seen. Therefore, a row of the term-document matrix whose entry (7, j) is equal to
the frequency of word 7 appears in document j, can be regarded as the memory trace of word 7. In
this setting, by providing a vector p that is a cue word’s distribution across contexts, one can probe

the memory traces stored for words and retrieve those similar to the cue word.

To bring context into the picture, in addition to the probe word, Kwantes added a second word
to the equation to "prime" memory traces. For instance, if the word "bank" with two meanings
related to "river" and "finance" is to be probed, a prime word such as "boat" can be added with the

following scheme to disambiguate the meaning of "bank". A new echo vector is generated by:
M .
¢ = Z agrobeafnmeﬂj (21 1)
i=1

The prime word’s activation vector creates a contextual representation of each trace 7, by calculat-

ing a?™T},, which is then used by the probe vector’s activation signal as before. The contextually
adjusted traces in the example above would already have a bias towards "boat"-related words and

after being probed by "bank" they will return contextually relevant words like "river".

We base our contextual semantic memory model on the episodic memory model in Minerva
2, and borrow ideas from the Kwantes model but build a different setup of memory traces and
contextual retrieval. We regard each document as a memory episode that has a trace in memory as
a distribution over words. A context can be defined by a group of very similar documents that share
detailed topic of discussion so their traces are very similar. The actual traces stored in memory can
therefore consist of context traces instead of individual documents. In this model, each row of our
memory trace matrix 7' is a context’s trace, so entry 7;; is context ¢’s assigned value to word j. Itis
worth noting that in contrast to the Kwantes model, in our semantic model words are the features

and contexts are the stored traces described in Minerva 2.

To model contextual retrieval we make use of the structure in our hierarchically clustered co-
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occurrence network. Our conjecture is that clusters at the bottom level of the hierarchy (dense
clusters at the lowest PageRank level) each correspond to a group of very similar documents.
A cluster at the bottom layer consists of very detailed words of a very specific concept. The
documents that contain this group of words have to be very similar in topic and therefore the
higher-layer words and clusters that these documents incorporate should also be similar. This

claim is partially tested in chapter ]

The idea that bottom-layer clusters correspond to a group of similar documents helps us build
contexts —which we also think of as a group of similar documents— around these clusters. A
context made up of the group of similar documents corresponding to a bottom-layer cluster, can
be identified by words of this cluster. In other words, this cluster contains the set of unique words
for its related context and therefore having only this group of words as a "seed set" clarifies which
context is under discussion. We call this set C' containing the bottom-layer cluster words, the

"context core cluster".

To retrieve a context’s respective feature vector of words, the memory trace matrix is probed
with a probe vector p that contains high values in entries p; : j € C and zeros for other words. The
returned echo vector can then be examined to find its high values which point to other contextually

important words.

This representation of semantic memory can further be simplified by extracting clusters of
contextually correlated word groups in higher PageRank layers. We will see layers as PageRank
intervals and a layer’s words will be words with PageRank value inside the interval. For a layer
in a range of relatively high PageRank values, if L is the set of words in this layer, the matrix
representation of contexts stores 7. (number of contexts) vectors of length |L|. The hierarchical
modularity of our co-occurrence network implies that words of such a high PageRank layer rise
mostly as a group and there are certain grouped combinations of layer words that show up in many
contexts. By extracting these underlying word groups at each layer, we will be able to create a
simpler hierarchical representation of contextual memory that in each layer consists of the layer
clusters of words. Then a context’s trace over words can alternatively be described by a trace over

layer clusters at different layers.
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Finally, we have a hierarchical structure of concepts at different layers —provided by layer
clusters— and how these concepts relate across the layers. In this representation, a layer cluster is
viewed as a concept node in the respective layer, and edges between these nodes at different layers
show their correlation in contexts. Each context’s trace on this hierarchical structure will be in the

form of highlighted nodes and paths. A small example piece of one such structure is shown in

figure 2.8
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Figure 2.8: A sample piece of a hierarchical structure for one of our datasets containing forums of
parents discussing vaccination on a website named Mothering.com. This piece is about "exemption
from vaccination" for children. These concepts arise from parents’ determination to not vaccinate
their children, and searching for strategies to avoid required vaccination, such as religious exemp-

tion laws. Average PageRank of nodes in each layer cluster words is noted on side.
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CHAPTER 3

Methodology

Our strategy for extracting the hierarchical structure described in section [2.5|can be realized in the

following steps, drawn in figure

1. Finding contexts by extracting core context clusters at the bottom PageRank layer of the
co-occurrence network. We devise a modified random walk scheme to trap the walker in
these detailed context clusters, then use random-walk-based community detection tools to

find these clusters.

2. Finding "context profiles"; each context’s feature vector that provides significance of any
word in the context. Context profiles are calculated by creating a contextually biased version
of the co-occurrence network and comparing PageRank of words in the new network to their
prior PageRank in the original co-occurrence network. These context profile vectors together

form the context-term matrix.

3. Extracting clusters at different layers of the PageRank spectrum. We divide the PageRank
spectrum in overlapping windows (layers) and get the corresponding block of the context-
term matrix for words in this layer. Matrix factorization tools are then used to find recurring

clusters of words in the layer.

4. Building the hierarchical structure from layer clusters. Connections between these layer
clusters can be drawn by either inspecting cluster overlaps from one layer to next, or by
examining contextual co-occurrence of layer clusters and finding groups of clusters that tend
to come together in contexts. Note that layers are overlapping windows and clusters in two

consecutive layers can share words in the overlapping part of these two windows.
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Figure 3.1: Breakdown of steps to extract the hierarchical concept structure.

3.1 Random Walk with Reflection

To account for differences indicated in document generation from the memory recollection task,
we introduce a reflection probability function in the random walk process. This reflection scheme
is mainly driven by the notion that documents are consistent in bringing up lower-layer context
core clusters and the appearance of general words in the document does not make them stray to
another context. Therefore, when a random walker reaches a high-PageRank general word’s node,
it should most likely reflect back to the low-PageRank cluster where it came from. This reflection
scheme will keep the random walker in focused clusters of detailed words at the bottom PageRank

layer of the network and help us extract these cores.

A regular random walker has a jump probability to one of the neighbors of its current node
proportional to their corresponding link weight. The probability of going to a neighbor j of node ¢

at time step ¢ + 1 if the walker is in node ¢ at time ¢ 1s:
. . Wi
= prm— = =—-—— 3-1
p(St41 = jlse = 1) Zk; Wir (3.1
The reflection probability introduced after a step from i to j is:
(i —j) = a(c(PR(j) — PR(i)) — (PRy — h.PR(j))) (3.2)
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where o(t) is the sigmoid function
1

- 1+et

o(t)

and c,h, and PR, are scaling and shifting constants chosen according to the corpus PageRank

(3.3)

distribution. Changing the shape of this reflection function can control granularity of contexts for
the random walker, which given a certain function may only reflect from the very general words,
or it can alternately stay in more granular contexts by using a function that also reflects from

medium-PageRank nodes.

p?" 3 f"f

APR

Figure 3.2: Random walk reflection probability as a function of PageRank difference. The shift in

the sigmoid function is also a linear function of the destination PageRank.

The incorporation of the reflection function affects visit probabilities of nodes by the random

walker. The effective PageRank with such random walks for two of the datasets are shown in[3.3]

The modified PageRank distributions have a curved tail and high-PageRank nodes are sup-

pressed.

3.2 Hierarchical Clustering

Incorporating the reflection function helps the random walker focus on the bottom layer of the
network and get trapped in highly specific concept clusters. These are clusters of words that appear
in a small group of documents that are very similar in topic. These word clusters can thus represent
contexts available in our dataset. With a given parameter set of the reflection function, one can use
any random-walk-based community detection algorithm to find these bottom layer clusters. In this

work we use the InfoMap algorithm to find our granular word communities. Further discussion on
20
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Figure 3.3: Change in distribution of effective PageRank with modified random walk for the NSF

(left) and Cafemom(right) datasets

community detection tools and InfoMap can be found in chapter [6] Table [3.1] shows examples of

bottom layer clusters extracted with one set of reflection parameters.

The network’s cluster structure tends to be continuous on the PageRank spectrum and these
bottom clusters do not necessarily occur in similar PageRank values. Instead, the average PageR-
ank of cluster nodes for the set of bottom layer clusters falls in a range of values that is not easy
to retrieve from the network without prior knowledge of cluster compositions. The fact that av-
erage PageRank of the clusters are not exactly similar, along with difference in PageRank value
of words inside the cluster, makes their extraction somewhat sensitive to changes in the reflection
parameters. While many clusters appear in different combinations of the parameters that provide
a reflection function with its transient phase located somewhere in the middle of the PageRank
spectrum of the dataset, in some specific combinations some of the clusters do not appear. In
most cases the same cluster shows up slightly different across extractions that use different param-
eter combinations. This dissimilarity can be a few different words between the two extractions or
sometimes some dropped words. These differences are due to adjustments made by the reflection
function as well as different convergence points of the non-convex community detection problem.
Table [3.2] shows 4 sample observations of the same cluster extracted with different parameter sets

of the reflection function.
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Bottom-Layer Cluster Words

Cluster 1 redshift dwarf quasars faint luminosity photometric photometry extragalactic redshifts
milky dwarfs globular halo hubble bang nucleosynthesis luminous nebulae magellanic
keck spectrograph circumstellar near-infrared binaries spiral primordial envelopes

lensing cool sight colors elliptical mid-infrared interiors atmospheres big radial

Cluster 2 semiparametric bootstrap econometrics resampling estimator covariates censored non-
parametric estimators smoothing inferential asymptotically bayes bayesian covariance
econometric conditional regression markov distributional doubly inference multivari-

ate inferences parametric fitting likelihood restrictions confidence

Cluster 3 csems academically financially scholarships low-income csem tutoring bachelor bac-
calaureate counseling advising graduation disadvantaged majoring scholarship enroll

talented forty internships internship enrollment placement succeed

Cluster 4 pituitary estrogen gonadal hypothalamus neuroendocrine neuropeptide gland testos-
terone neuroanatomical steroids neuropeptides neurochemical anterior adrenal pro-
gesterone gnrh glands androgen ovarian endocrinology steroid releasing ovary hor-
mones hormone secrete pregnancy prolactin endocrine forebrain thyroid vasopressin
hormonal circulating dopamine posterior secretion aplysia transmitters ganglia se-

creted fetal exert

Cluster 5 macroeconomic macroeconomics monetary asset inflation assets fiscal volatility port-
folio trading pricing nominal microeconomic prices shocks returns money goods

economies economists stock finance consumer price derivative

Table 3.1: Five examples of bottom-layer clusters extracted from a dataset of NSF funding ab-
stracts. These clusters are related to relatively detailed contexts from "astronomy", "statistics",

"education", "biology", "economics".
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Bottom-Layer Cluster Words

1st redshift dwarf quasars faint luminosity photometric photometry extragalactic redshifts milky dwarfs glob-
Observation ular halo hubble bang nucleosynthesis luminous nebulae magellanic keck spectrograph circumstellar near-
infrared binaries spiral primordial envelopes lensing cool sight colors elliptical mid-infrared interiors atmo-

spheres big radial

2nd extragalactic ast galactic galaxy galaxies redshift telescopes dwarf stellar cosmology star telescope quasars
Observation cosmological photometry interstellar faint luminosity photometric milky astronomers astronomical sky halo
stars globular redshifts astrophysical astrophysics bang dark hubble gravitational dwarfs astronomy bright-
ness universe binaries magellanic nucleosynthesis spiral luminous ccd observatories keck observatory ob-
servational sun cool binary ionized primordial holes bright disk abundances distant observing colors masses

big camera massive nearby sight elliptical schmidt radial clues

3rd extragalactic dwarf galaxy redshift supernovae ast galactic photometry luminosity quasars faint galaxies as-
Observation tronomers supernova photometric stellar milky cosmological interstellar telescopes telescope sky redshifts
stars star cosmology hubble halo globular dwarfs brightness astronomical astrophysical bang nucleosynthe-
sis luminous nebulae magellanic circumstellar spiral observatories binaries astrophysics keck dark spectro-
graph explosions cool gravitational remnants planets bright ionized atmospheres near-infrared lensing ccd

primordial elliptical angular colors envelopes giant remnant interiors sight radial schmidt

4th redshift faint milky redshifts quasars photometry halo luminosity photometric globular hubble magellanic
Observation dwarfs dwarf binaries luminous extragalactic keck lensing spiral colors schmidt sight brightness bright

radial

Table 3.2: Four different observations of the same bottom-layer clusters extracted from the NSF
funding abstracts dataset. These clusters are observed in community detection outcome for four

different parameter settings.

23



To reduce sensitivity to parameter settings, we run a sweep on different parameters of the re-
flection function and with each parameter set get the clusters extracted by the community detection
algorithm. The results of these different extractions need to be reconciled to create one set of clus-
ters. Multiple observations of the same cluster across different runs are merged together to form

one inclusive version of the cluster. These observations of the same cluster are detected by finding

‘C&ﬂ(b|

AvAL After similar clusters between dif-

clusters across different runs with high Jaccard index
ferent community detection results are merged, we take larger clusters, with 5 or more words, to
include in our set of contexts. The clusters of table[3.2] along with other observations of the same

clusters, are thus merged to result in the following:

extragalactic ast galaxy dwarf galactic redshift supernovae galaxies photometry
quasars faint stellar luminosity astronomers telescope interstellar photometric
telescopes supernova milky star cosmological cosmology stars sky redshifts hubble
halo astronomical globular dwarfs astrophysical brightness bang astrophysics
nucleosynthesis circumstellar luminous nebulae dark binaries astronomy observatories
gravitational magellanic keck spiral spectrograph planets universe cool explosions
remnants ccd ionized atmospheres dust near-infrared observatory bright lensing
observational primordial angular sun elliptical abundances planetary distant colors
wavelengths envelopes binary disk holes giant observing camera massive remnant sight

nearby big radial schmidt night illumination

3.3 Context Networks

The clusters extracted from the lowest layer are about a very detailed concept that do not occur
often throughout the dataset and almost always occur together as a group. The small group of
documents that contain one of these word clusters are about the very particular concept that the
word group defines. Such similarity helps us regard the document group defined by this word

cluster as a "context" described in section [2.3.1]

The importance of words, and their association strength, is different from one context to an-
other. In the global co-occurrence network, the co-occurrence recorded between two words in the
higher PageRank layers is the sum of the pair’s co-occurrence in all different contexts. In a given
context, the word pair’s co-occurrence would be only a fraction of this value. This information is

lost in the single co-occurrence value calculated for the pair from the entire dataset.
24



Ideally, one could create a context’s co-occurrence network by finding the co-occurrence net-
work generated from the set of documents that define the context. Now instead of the document
set and their complete wording, we have the word cluster containing these documents’ distinctive
set of words and we want to use this word set and the global co-occurrence network to create a
contextually biased association network that is an estimation to the contextual co-occurrence net-
work. The distinctive feature of words in bottom layer clusters, as opposed to higher layer words,
that lets us do such estimation is the assumption that these words are mostly "contextually pure"
and their global co-occurrence values are caused by only one context. The co-occurrence values
between this word set and the rest of the network contain contextual information that helps us

create a contextually biased network as described in the following.

First, we estimate the contextual occurrence count for words outside the core context cluster;
an estimate for their occurrence count in the context’s relative document set. Since the core group
of words mostly occur in this document set, the co-occurrence between pairs inside the group and
also the co-occurrence between one of these words and a word outside the cluster comes mostly
from the same document set. For a given word outside this core group, its co-occurrence with
a word inside is indicative of how many times the outside word appeared in documents where
the inside word was present. To estimate the number of times the outside word has appeared
in documents where most of this core are present, we take the median of co-occurrence values
between the outside word and all words inside the core cluster. In other words, for a set of core
words C and a node 7 outside of this set, as shown in[3.4] we estimate contextual occurrence count

N as:

7

NC¢ = median(w;g, Vk € C) (3.4)

(2
If two words (i, k) are not connected, we put w;; = 0 when calculating the median.

Once we have the contextual occurrence estimate for every word in our vocabulary, the next
step is to estimate contextual association between pairs of words. As mentioned above, we assume
the occurrence count and co-occurrence of words inside the core cluster and their co-occurrence

values with any other word are contextually pure. This assumption means that for word pairs
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core words

Figure 3.4: For a bottom-layer cluster of words and a given outside word, the co-occurrence values
between the outside word and words of the cluster carry information about how many times the

outside word appears in the document set containing the cluster words.

(i, k) where k € C, the contextual co-occurrence is similar to their global co-occurrence in the
corpus. For a word pair (i, j) outside the core cluster, we need an estimator function for contextual

association. Two simple examples of such estimator functions are:

.. NP+ Nf 35
f(i,j) = Wwi]’ (3.5)
. min(Nf,NY)

9(i,j) = ——————LLwy; (3.6)

min(N;, N;)

Where N, N jC are contextual occurrence estimates of (i, 7), and N;, N; are their respective
global occurrence counts in the corpus. The "min" function is more conservative in assigning
high association values and performs better around zero, while the "sum" function provides more
associative boost at the risk of large errors for low values. We use the "sum" function f(i, ) to

exploit this boosting behavior which makes it highlight contextually significant words clearer.

Now with contextual associative weights calculated, the context network is complete. It is
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core words

Figure 3.5: For a pair of words outside the core context cluster C' we estimate their contextual

c

association w; using the estimated contextual occurrence counts N, N

worth noting at this point that in a special case, the assumption that co-occurrence value between a
word inside the bottom layer core cluster and an outside word is all coming from the same context
does not hold true. That is at times when a word £’ belonging to two contexts C; and C5, or
sometimes a vague word with multiple meanings, appear in the bottom layer cluster. Because of
the hard clustering approach, these dual-context words get assigned to one of their relative context
clusters at the bottom layer. Let’s assume this £’ is assigned to the context cluster of C;. Now if
we are estimating co-occurrence values for context C1, for a word 4’ in the higher layer that relates
to the other context C5 but not 'y, the co-occurrence value w; is high but w?,i, should be low.
The high co-occurrence value between &’ and words related to context C can make them appear
slightly significant in the context network of C. In such cases, for other words k" € () that

k" # k' the co-occurrence value wj» is small.

In order to fix these corner cases, for any outside word, we examine it’s co-occurrence values
with words inside the context and remove outlier edges among them. In the case described above,
for context C'; the co-occurrence value w; would be an outlier compared to other co-occurrence

values w;,». The outliers are detected with simple chi-squared scores and thresholding. For an
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outside node 7 and cluster words k& € C' chi-squared scores x?, are calculated as:

Xop = (3.7)

2 .
Where m{ and o~ are sample mean and sample variance across co-occurrence values wy,

over k € C. In our context networks, we remove any edge w$, if x%, > 2.

3.4 Context Profiles

Each context network is a biased version of the associative network that puts more emphasis on
contextual importance of words and their contextual association. In a specific context, we can as-
sign importance to words by calculating their PageRank as in the global co-occurrence network.
The absolute value of PageRank would still be high for the original high-PageRank words of the
global co-occurrence network. These are more general words that appear very frequently in differ-
ent contexts. The new PageRank distribution of words, however, has a contextual bias that implies
a shift in each word’s PageRank when compared to the original PageRank value. The words with
higher significance in the current context will get a larger boost in their PageRank. In order to
find significant words in the context, we compare the contextual PageRank of words to their initial
PageRank by calculating ratio of the two for a word i: PRC(i)/PR(i). Figure [3.6/shows a plot
of the PageRank increase ratio of words for a given context; or what we refer to as the context’s
"PageRank profile". For each word, its position on the x-axis is the initial global co-occurrence
network PageRank value, and the y-axis position is the word’s ratio of context network PageRank

to initial PageRank.

For words in a specific range of PageRank values, one can measure the boost observed in
PageRank to find contextually important words in that range. We divide the PageRank spectrum
on the log scale into a number of bins and examine words in each bin to find outliers among them
in terms of PageRank ratio. The number of bins is set to 20 for all datasets studied here. Figure
is an example close-up of the PageRank profile in a few middle-layer bins, bin 10 through 12,

for a context in the NSF abstracts dataset. The context is one defined by the core cluster below:
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Figure 3.6: Context-to-global PageRank ratio plot (PageRank profile) of a context in NSF abstracts
(top) and a context in vaccination discussion forums of Mothering.com (bottom). Each point is a
word, with its position on the x-axis equal to the word’s global PageRank (PageRank in global
co-occurrence Network), and its position on the y-axis equal to the context-to-global PageRank
ratio. The core cluster that defines the context gets the highest boost and can be seen in the points

on the top left. Each context brings up some words at different PageRank ranges above its core.
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nanostructured dots nanostructure nanoparticles nanotechnology

nanofabrication nanostructures nanometer nanoscale

The core cluster sets the context to a very specific topic about nanostructures with core words
that in the PageRank spectrum mostly fall into bins 3 to 5. As evident from the PageRank profile, in
the middle layers of the PageRank spectrum more general words of the context such as "quantum”,
"microscopy", "electron", and "metal" come up very strongly. In higher bins 14 through 16, as
displayed in figure we can see even more general words that are related to the context come

nn mnon

up, such as "structures"”, "surface", "materials", and "properties".

Another example of such patterns can be seen in the profile of the following core cluster in the

vaccination discussion forums dataset from Mothering.com:

multi-dose thimerosal-containing thimerosal-free mercury-free
mcg formulations syringes thimersol neurodevelopmental epa
formulation vials thimerasol vial micrograms shelves

thimerisol thermisol syringe thimerosol 1990s ban ml

The core cluster contains words about vaccine ingredients that the online discussions society
mainly blames for the suggested connection of vaccines and autism, like "mercury” and the mer-
cury compound "thimerosal/thiomersal". The cluster itself has lower-PageRank words of the con-
cept, such as "thimerosal-containing" and "mercury-free" as well as different misspelled versions
of "thimerosal". In the context’s middle-layer bins 10 through 12 shown in figure 3.9 "thimerosal"
itself is a very significant word along with "amounts", "contained", "formaldehyde". Among the
outliers but a little less significant are words like "neurological”, "manufacturers”, "fda", and
"toxic" which are of other concepts discussed in the context of vaccine ingredients. These are
resulting from the ideas circulating in the forums that these ingredients cause neurological disor-
ders, or that manufacturers play a role in the scenario. The higher bins 14 through 16 displayed in

figure also include "mercury" that is of higher PageRank than "thimerosal" as it is mentioned

more in threads. They also show more general words coming up such as "dose" and "safe".

Another important observation in the context PageRank profiles is that in addition to contextu-

ally pure core clusters in the bottom layer, the words in higher layers tend to come up as clusters as
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Figure 3.7: Outliers in PageRank profile of a context in NSF abstracts on "nanostructures”. The
outliers are colored green, purple, and yellow, in decreasing order of significance. This crop shows

middle-layer bins 10,11,12 out of the 20 PageRank bins.

well. Figure[3.11]is an example of 3 related contexts and the close-up of each context’s PageRank
profile in bin 12. Even though each context has its own signature in the higher layers —both in the
combination of words it brings up and in their relative significance— one can clearly see a group
of words come up in all three: "communication, algorithms, implementation, efficient, power" and
some others are either clearly outliers in all three contexts or have relatively high contextual boost

values.

Similar patterns can be seen in different PageRank layers for different groups of related context
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Figure 3.8: Bins 14,15,16 out of the PageRank profile in figure 3.7

and throughout various datasets. Another example is shown in figure [3.12]for three contexts in the
forum discussions on Mothering.com in bins 15 and 16. All three contexts are related to medical

check-ups and doctor visits and so all of them bring up words such as "doc", "ped", "office", "visit",

"practice", and "pediatrician".

Numerous recurring examples of such group co-occurrences at higher layers of the context
PageRank profiles support the idea that there are significant groupings of words in the higher layers
which are the cause for hierarchical modularity of the co-occurrence network. Each context can
touch on multiple clusters of words in a higher layer and bring them up with different intensities,
but once a cluster in that layer is hit by the context, most of the cluster words will be brought up. For
example, the "medical check-up" contexts mentioned in figure [3.12]talk about two different topics
associated with doctor visits. One is the matter of office visits and scheduling the check-ups with a

doctor. The other is finding doctors who are understanding of the non-vaccinating parents and are
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Figure 3.9: PageRank profile of a context in Mothering.com forums discussing vaccination. This
crop shows middle-layer bins 10,11,12 out of the 20 PageRank bins for a context about vaccine

ingredients.

proponents of homeopathy. Each of these topics has its own clusters of words at different levels
of PageRank and each of the three contexts touches clusters of one or the other more strongly;
or sometimes only one. Their difference can be viewed as an example in their signature at bin 9
in figure [3.13] While all contexts bring up words related to challenges with doctors themselves
through words like "abuse", "naturopath”, and "respectful”, the first one also has a strong touch on

"scheduled", "yearly", "provider" which are only of secondary interest in the third context.

These similarities can also be observed by calculating the overlap at each bin between outliers
of pairs of contexts. A simple measure to quickly observe these patterns is the directional overlap

of significant outliers shown in green in the plots. If the set of these clear outliers for contexts C
C1~C2

|G, G, 2|
ES

A plot of these overlap values for the first and second context of figure[3.12] whose respective index

and C5 at bin b are Gbc1 and GfQ, the directional overlap from C'; to C5 can be defined as

in the dataset contexts are 66 and 30, can be seen in figure @ The numbers shown above each
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Figure 3.10: Bins 14,15,16 out of the PageRank profile in figure

overlap point indicate how many of the top ranked outliers of the first context exist in set Gbc2
outliers of the other context. The number below the point indicates how many top outliers in Gbc1
were checked for existence in GS°. This number is either 5 or the total number of outliers in
Gl()cl), whichever is smaller. For two similar context like 30 and 66 the overlap looks consistently
relatively large throughout the PageRank spectrum. Another case of such similar context pair

overlaps can be seen in figure [3.15| between a food-related context and two other contexts about

food and homeopathy.

Such grouped movement of words lets us extract concepts, or groups of contextually correlated
words, at different levels of PageRank by examining context PageRank profiles. I.e. in different
layers we can find significant clusters of words that are correlated in their contextual rise, and then

build up a hierarchy of these concepts upward the PageRank layers.
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Figure 3.11: Bin 12 of different PageRank profiles for three related contexts in the NSF abstracts
dataset. The core cluster of contexts from left to right are:

1) qos congestion end-to-end ip packet tcp routers guarantees packets atm multicast node router admission
buffer delays guaranteed routing scalability nodes guarantee destination traffic topologies delay protocol
hoc

2) cmos interconnect on-chip interconnects ic layout vlsi chips mixed-signal low-power chip ics circuit ana-
log circuits

3) fading multipath decoding cdma equalization multiuser turbo trellis coded wideband dsp reception can-

cellation shannon isi

3.5 Concept Hierarchy

3.5.1 Extracting Concept Clusters In Different Layers

In order to extract concepts at middle layers using context PageRank profiles, one could find the
binned outliers in each context, that are contextually significant words, and then create a contextual
co-occurrence of words in the middle PageRank layers. In this network the association value

between words 7, 7 would be ng the number of contexts where the pair appear simultaneously as
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Figure 3.12: Bins 15 and 16 of different PageRank profiles in the Mothering.com forums datasets
for three related contexts about doctor visits. The core clusters of contexts from top to bottom are:

1) wbvs checkups check-ups wbc appts physicals neglectful cya practioner well-child receptionist harassed neglecting hassled ins referrals referral

hmo pedis harass emergencies fp harassment

2) check-up height well-baby checkup cancel appointments weighed gaining exam respects ups checks pressured lecture skipped measured trail

3) practitioners respects chiro prescribe gp pocket fp well-baby checkup exam weighed cancel appointments skipped ups checks

significant outliers.

In this network —restricted to contain only nodes in a specific PageRank range— any commu-

nity detection method can be performed to find dense clusters of contextually co-occurring words.

An immediate benefit of running community finding on this network, as opposed to running it on
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Figure 3.13: Bin 9 of three context PageRank profiles in the Mothering.com mentioned in figure
[3.12] All three are about doctor visits, but mostly about finding doctors that are not judgemental

of non-vaccinating parents. The first one also talks about scheduling office visits significantly.

a subgraph of the original co-occurrence network that only includes nodes in the same PageRank
range, is that now we are dealing with a much clearer vision of how words connect in contexts,
rather than any random co-occurrence. In other words, words are connected in the new network
only if there is a context that includes both of them as significant words, while the global co-

occurrence network may have recorded many noisy instances of word pairs coming together in
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Figure 3.14: Directional bin-wise overlap values for the first two Mothering.com contexts in figure
[3.12] The respective indices of the two in dataset contexts are 66 and 30. Other sample contexts

with no similarity to 30 are shown for comparison.
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Figure 3.15: Directional bin-wise overlap values between the food-related context 27 in Mother-
ing.com and two other contexts 29 and 35, about food and homeopathy. Other sample contexts
with no similarity to 27 are shown for comparison. The core clusters for these contexts are:

27 : supplements sugar oil vitamins drink organic store liver

29: lemon teaspoon capsules grams tastes tsp ascorbic olive tablets capsule gram hylands leaf flax emergen-
¢ baking tabs colloidal acidophilus coconut iodine omega spinach herb endotoxin na silica

35: herbs remedy herbal homeopath medicines allopathic traditional remedies homeopathy homeopathic
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documents without any contextual significance in the co-occurrence. This becomes more of an
issue as we go up the PageRank ladder and words become more general and frequent and naturally

co-occur more than lower words.

The drawback, however, is that in creating the contextual co-occurrence network we lose in-
formation about grouped association of words and only keep pairwise association information.
The implication of this information loss is that if word pairs (7, ), (j, k), (¢, k) co-occur in three
disjoint sets of contexts, all three will have high association and there is no way of making the
distinction between them. One strategy to tackle this issue is to only keep connections that im-
ply that one word almost always co-occurs with the other one in context profiles. This results in
a directional contextual co-occurrence network in which 7 is connected to j with weight ng if
wi;/n; > «. Where nj is the number of contexts word i appears in, and « is a preset threshold
around 0.8 ~ 0.9. Some clusters extracted with this approach, that have arised from contexts

mentioned about "doctor visits", are listed below:

1. parenting wbv measure respected ups gp respects
chiropractor respectful exam switch docs doc

supportive offices chiro switched friendly

2. establish yearly checks asks emergency lecture
supports waste pressure drs charts visit appointment

scheduled cancel appointments checkup

3. holistic pedi tribe finding

The sharp filtering of smaller association values makes it possible to extract strong conceptual
cores, at the cost of losing word combinations that might come together strongly as a group, but do
not have strong pairwise association meaning that one word would almost always come with the
other. Instead, this method only extracts the very clear groups of words that only co-occur together
in contexts and their pairwise contextual association is not vague, which means that it cannot be
related to any other possible word combination. The strong filtering of connections thus results

in missing some concepts at the middle PageRank layers, as many words tend to participate in
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different combinations that make up different concepts as a group. This is in contrast to words of

the bottom layer that mostly participate in one group and one context.

Another issue is the hard clustering approach taken in most popular community finding al-
gorithms that does not assign words to more than one cluster. The combination of the filtering
problem that loses some connections and the hard clustering issue can be seen in, for example,
the cluster above that contains the words "holistic, pedi, tribe, finding". This word group relates
to finding "holisitic doctors" and tribal medicine practices, but it misses many other words of the

concept such as "doctors".

To extract such patterns we need methods that go beyond pairwise association and take grouped
behavior of words into account. Matrix decomposition algorithms, and in particular Non-negative
Matrix Factorization (NMF), constitute one such class of methods. NMF algorithms have partic-
ularly gained traction recently, as they can be applied in various problems and the non-negativity
constraint makes their components easily interpretable. These algorithms decompose a matrix
X € R™ " into lower rank representations W € R™** and H € R**" such that X ~ W H, where
k < m,n. When applied directly on a text collection’s document-term matrix, NMF is shown to
be equivalent to pLSI described in section [20]. More discussion on the NMF framework and

methods can be found in chapter [0

In our case, the problem can be defined by creating a matrix R € R"*" that in each row
contains the PageRank profile of one context. n., n, are therefore the number of contexts and

number of words in our vocabulary respectively, and 12;; is the ratio of contextual PageRank to

PR (j)

global PageRank for word j calculated as: log — RG)

. We can then factorize this matrix, after
some modifications described below, using the NMF framework to get groups of words that mostly

rise together and define a concept.

In order to put more emphasis on words that are more representative of a context, we use
the idea of Term Frequency-Inverse Document Frequency (TF-IDF) to assign higher values to
significant words in a context that do not occur in many other contexts. TF-IDF measures seek
to find keywords of a document by evaluating each word’s frequency in the document and its

frequency in all documents of the corpus. For document set D, a word ¢, and a document d € D,
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if f; 4 1s the frequency of ¢ in d and n, p is the number of documents in D that contain ¢, a popular
pair of "term frequency" and "inverse document frequency" functions used to calculate TF-IDF are

defined as [42]:

TF,; = L (3.8)
’ maxgept,d
D
IDF, = log 12! (3.9)
N¢.D

Then T'F-1DF, ;4 is simply equal to the product T'F; 4.1 DF, 4. The "term frequency" measure
assigns higher value to words that are more frequent in the current document. The "inverse docu-
ment frequency" seeks to diminish the importance of common words that occur frequently in every
document. The result is that TF-IDF boosts significant words of a document by finding relatively
rare words that are frequent in the current document. These words carry the most information
about the document’s meaning. One may use any other pair of functions that imply the same idea.

For instance, another definition of TF and IDF can be written as:

TFt,d =1 + log ft,d (310)
D
IDF;, = log (1 + L) 3.11)
logn: p

Following this idea to find significant words of each context, we similarly implement a TF-
ICF (Term Frequency-Inverse Context Frequency) measure. First, we need to make the matrix R
described before non-negative, in order to make its values interpretable as context term intensities
and be able to fit it into the non-negative factorization framework. We create a matrix R, that is
a normalized non-negative version of R, by taking the difference between values of R and the
median line (drawn in blue in [3.6) and then keeping only non-negative values. In other words,
we fit a curve y = mi () to points (c;,, m§ ) where ¢, is the center point of bin ¢, and mj is the
median of context-to-global PageRank ratio values of words in bin ¢ for context C'. For the datasets
studied a simple second-order polynomial y = ayx? + a;x + ag offers a good enough fit, but one

could use splines for a more generalized solution [21]. Then for each entry 12;; we find }A%ij by:

Rij = fr (Rij - mi<10g PRU))) (3.12)
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The rectifier function f,.(x) = max(0, x) is used to filter out negative values after calculating

deviation from the median line.

Given our set of contexts C, and a context C' € C, the term frequency and inverse context

frequency measures we calculate using matrix R described before are:

TF,c = Ri.c (3.13)
ICF, = log (L) (3.14)
cecC Rio

Therefore, a TF-ICF matrix T' € R™*" that in each row contains TF-ICF value of words for
a context, is formed by calculating:

Zi:l:nc R

Where n. = |C| is the number of contexts. 7" is our context-term matrix containing the memory

trace of contexts in its rows as described in section

In order to find concepts at different PageRank layers, we slide a window of 3 consecutive
PageRank bins on words and then focus on the PageRank profile of contexts in this 3-bin layer
to find groups of correlated words that rise together. This is done by forming a matrix T* €
R"*™L that contains columns of 7" corresponding to subset L. € V' of words in vocabulary whose
PageRank values lie in the 3-bin layer under examination, with n;, = |L|. This matrix can then
be decomposed into two non-negative matrices W% € R"**z and HY € R¥:*"2 such that T ~
WEHE, In this decomposition, rows of HL become a basis that can reconstruct a context’s layer
TF-ICF vector (a row i in T'F) by a linear combination using coefficients stored in the respective
row i of WL, The low-rank compression forces groups of words that come up together to have
simultaneously high values in some row of H*. Therefore, finding high values in rows of H* can
give us word groups that represent available concepts in this layer. After extracting concepts at
each layer, the layer window is shifted one bin to the right and factorization is repeated. If the
PageRank spectrum is divided into 20 bins, we will then have 18 different decompositions in bin

windows (1,2,3), (2,3,4), ... , (18,19,20).
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The top words of each row in H*, sorted by the words’ value in the row, are given in tables
[3.31 3.4 3.5] for one of the middle layers in the Mothering.com dataset. The choice of number of
clusters £, in each layer can be a topic of further research. For this dataset, we have set k;, = 50 in
all layers, which provides a diverse set of clusters in most middle layers. Ideally, as we go up the
PageRank spectrum, the number £, could be decreased to account for smaller number of concepts
in higher layers of the hierarchy which contain more general and inclusive concepts that each may
relate to many lower layer clusters. The study of the effects of changing k7 as we go higher in the

PageRank spectrum is left for future work.

Some examples of the clusters related to previously discussed contexts are clusters 5 and 37
that relate to "doctor visits" and "finding alternative medicine doctors" respectively, bringing up
each concept’s words in the focus layer. Clusters 28, 34, and 43 are also examples of how NMF’s
analysis of group co-occurrence, as opposed to pairwise co-occurrence, can extract different com-
binations of words regarding vaccine ingredients thimerosal and aluminium that refer to different
concepts. Cluster 28 is about manufacturer vaccine products that contain thimerosal, 34 refers to
discussions on toxicity of thimerosal, and 43 is about the use of fetal cells in vaccines which can

become a religious issue.

3.5.2 Hierarchical Structuring

Once we have concepts of every layer window extracted, we would like to find how these concepts
are structured across the PageRank spectrum. To devise a strategy to build a hierarchical organi-
zation of these layer clusters, it is useful to point out how clusters across different layers relate to
each other. For any cluster extracted at a layer L; on bins (i,7 + 1,4 + 2), there are four possible

cases on how it relates to clusters of the previous layer L; ;:

1. The cluster is a continuation of a cluster previously extracted at the lower layer L; ; on
bins (i — 1,4,7 + 1). In this case most of the high-valued words of the given cluster and its

lower-layer counterpart are similar over the shared bins (7,7 + 1).

2. The cluster is formed by a merge happening on two or more clusters at the lower layer L; ;.
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Top 10 Words of Layer Cluster

Cluster 1 meningitis strains bacterial prevnar strain pneumonia viral ear types carry
Cluster 2 crying sleep bed hour minutes er morning tired seizures pain

Cluster 3 influenza strain media deadly strains spreading killed dead mass prevention
Cluster 4 military base force approved members member policy air opportunity writing
Cluster 5 visits appointment peds appt insurance supportive clinic pediatricians drs phone
Cluster 6 series ipv dtp booster diphtheria diptheria prevnar boosters skip efficacy
Cluster 7 belief court held practices religion explanation offered act beliefs member
Cluster 8 hot slightly throat bed straight circumstances stuck useless rid drink

Cluster 9 introduced smallpox mortality incidence outbreaks epidemic united statistics million decades
Cluster 10 girl watch whooping syndrome watching babe arm hurt newborn injection
Cluster 11 canada mandatory rights force grade forced move outbreak act entry

Cluster 12 scientific sides claims debate sources industry conclusion published pharmaceutical compare
Cluster 13 company pay cost paid pharma pharmaceutical industry market business fda
Cluster 14 nutrition environment bodies toxic humans nature modern genetic conditions factors
Cluster 15 guide spite raise pro inserts confident sides pages resources stats

Cluster 16 power reality man front society buy saved hit sit walk

Cluster 17 referring accurate surely reasonable percentage logical relevant statements individuals disagree
Cluster 18 rash red nose raised throat arm hot viral morning noticed

Cluster 19 vitamin liver organic drink vit foods milk store eating daily

Cluster 20 rotavirus market oral approved fda trials recommendation vaers events meeting

Table 3.3: Layer clusters 1 to 20 out of 50 clusters extracted using the NMF method on a window

over PageRank bins (11,12,13) of Mothering.com dataset.
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Top 10 Words of Layer Cluster

Cluster 21 germs touch clean colds playing stronger store air careful healthier

Cluster 22 tv watching watch media piece pharma um ridiculous stories hmmm

Cluster 23 breastmilk breast milk bf breastfed formula fed nursing feed gut

Cluster 24 journal clinical researchers incidence percent published primary trials development increased

Cluster 25 www sites dangers pm reference anti-vax print google suffered resources

Cluster 26 national meeting thimerosal review american published media hearing fda researchers
Cluster 27 edited vaxxing answered intended choosing anti-vax originally vpd pro-vax boards
Cluster 28 insert package thimerosal inserts influenza product amounts pediatric hepatitis listed
Cluster 29 department immunizations signed section services copy request stating dept apply
Cluster 30 seizures vaers syndrome reports events permanent loss pain crying reporting
Cluster 31 route initial persons inside efficacy preventing transmission treatments consequences infectious
Cluster 32 threads posting boards mothering mt mdc member message members reply

Cluster 33 court legal consent rights force action forced rules injury door

Cluster 34 aluminum amounts thimerosal injecting toxic tissue inject animal cells animals
Cluster 35 autistic disorder connection genetic neurological disorders diagnosis special damaged development
Cluster 36 cp chickenpox varicella wild younger naturally booster rash contagious sister
Cluster 37 homeopathic md alternative healing pediatricians meds treating wonderful treatments surgery

Cluster 38 transmission contracting infected wild protected contract contracted antibodies herd outbreaks

Cluster 39 pregnancy negative tests mothers girls positive antibodies affect hospitals routine
Cluster 40 mo mos youngest till boys oldest yr yrs younger partially

Table 3.4: Layer clusters 21 to 40 out of 50 clusters extracted using the NMF method on a window

over PageRank bins (11,12,13) of Mothering.com dataset.
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Top 10 Words of Layer Cluster

Cluster 41 throat nose pneumonia respiratory colds asthma whooping ear meds stomach
Cluster 42 allergy allergic skin milk asthma foods products meds eating autoimmune

Cluster 43 fetal tissue cell cells lines animal hepatitis inserts aluminum package

Cluster 44 travel places areas city clean america lived parts access oral

Cluster 45 parenting conversation respect listen shut ignorant educate educated convince anti-vax
Cluster 46 deep clean cut injury inside environment animal animals typically skin

Cluster 47 hospitals newborn eye vit nurses consent staff routine pregnancy refused

Cluster 48 copy letter fill forms signed stating grade preschool pm request

Cluster 49 schools grade preschool attend private class education requirements entry center
Cluster 50 philosophical religion laws private beliefs schools file forms attend fill

Table 3.5: Layer clusters 41 to 50 out of 50 clusters extracted using the NMF method on a window

over PageRank bins (11,12,13) of Mothering.com dataset.
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When a merge occurs, the current cluster will include words from its multiple lower-layer

corresponding clusters over the shared bins (7,7 + 1).

3. The cluster is formed by a division occurring on a cluster in lower layer L; ; or a re-
arrangement of grouping on some of the lower layer clusters. In such cases, the mentioned

cluster only partly overlaps with some clusters on layer L;_;.

4. This is a new cluster appearing at this layer which has not shown up in lower layers.

This means that concepts emerge at some range of the PageRank spectrum, evolve when going
up the PageRank ladder by either continuing, merging with other clusters, and dividing into differ-
ent clusters, and then possibly vanish at some point. We can build up a hierarchy of concepts by
studying the evolution of clusters throughout the PageRank spectrum. One approach to building

up such a hierarchical structure is examining the overlap of clusters from one layer to the next.

In order to find how a cluster u at layer L; evolves in the next layer L, |, we first retrieve its
respective row vector Hig. Assuming B; ;49 is the set of words in PageRank bins b;;; and b, o,

let hLicverlar be a vector composed of elements of Hsz that correspond to words in the overlap

*

set B;i1,i+2. Similarly, for any cluster v at layer L;;, on bins (i + 1,7 + 2,7 + 3), we form a

vector hy """ that is created of elements of H,."* that correspond to words in the overlap set

) . _ : Lig1,0verl

Bi 1,42 with the same order as in hZivertar  Therefore, hZioverlap and b, """ are vectors of

the same length that contain, with similar ordering, the values assigned to word set 3;, ;2 by u and

v respectively. We then try to create a linear reconstruction of the normalized version of hLi-overiap
. . Lit1,0verl

by normalized versions of vectors hy ™" for v = 1...k;, such that:

. hLi,overlap
hﬁi,overlap — u (3 16)

H hﬁi,overlap
1

hLi_;,_l,m)erlap

ﬁ£i+1,overlap _ v (3 17)

‘ hLi+1 ,overlap
v

kr,
hﬁi,overlap ~ 2 avhgprl,overlap (318)

v=1

1
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The mapping from hlioveriar 1o vectors hLioverlar jg thus stored in coefficients cv,,. The linear

reconstruction problem can be solved by the regression problem of minimizing L2-norm between

P ~ k L;41,0verla
JLvoveriap and Loovertap — Yok _ ¢ plivroverior,
kL 2
. BLi,overlap o ilLi-o-hOve?"laP (3 19)
min u Ay Iy, )
a€R L v=1

We are more interested in sparse versions of o € R¥ that can map similar topics with high co-
efficients and are robust to slight differences in distribution of values between 35“"“6”‘”’ and
hyi+°v¢r - This can be achieved by solving an L1-regularized regression problem that mini-

mizes [24]:
kr 2
3 7, Li,overlap 7 Lit1,0verlap
min | [|h, — Y wh, + ||| (3.20)

a€RFL
v=1

Adding the L1-norm of coefficient vector « to the cost function is a well-known technique to help

find sparse representations of the linear reconstruction model [23]].

Figure [3.16|shows a distant plot of the hierarchical structure built using regression mapping on
overlapping bins of layered NMF clusters. Each node represents an NMF cluster and an edge is
placed between cluster u of layer L; and cluster v of layer L,;,; with weight equal to «, calculated
above. The horizontal level of a node shows its layer in the hierarchy, so nodes at the same level
correspond to various NMF clusters extracted in one layer. It is noticeable how concepts form
connected chains of layer clusters across PageRank layers. These chains mostly have a tendency to
merge as we go up the PageRank scale, nevertheless they may also divide and connect to various
clusters in the higher layers, which means the connected components of our hierarchy do not
necessarily have a tree structure. This is in contrast with models like the hierarchical variation of

LDA [22] that assume a tree of topics as the backbone of generative model of documents.

An important observation can be made, for instance, from the close-up of a piece of the hi-
erarchy in figure which exhibits the role of vaccine ingredients and their presumed link to
autism. The lowest layer cluster shown here on "thimerosal", extracted from layer L, on bins
(12,13, 14), can be seen connecting to two different chains in the higher layer, one about "doses"

of these ingredients, and the other one about "autism and brain damage".
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Our other example concepts mentioned before can be viewed in the hierarchy cut in figure[3.18|
that again shows a piece of the hierarchy in layers L5 to Ly5. One can see how "scheduling doctor
appointments" has its own chain in the hierarchy, along with another chain that relates to finding
"alternative medicine doctors". These two chains merge at layer L4 and beyond, where they share

most words on "doctor visits".

.....

Figure 3.16: Hierarchical structure of the layered NMF clusters extracted from forums of Mother-

ing.com. Very small values of edge weights below 0.3 are filtered out for better visualization.

diagnosed
diagnosis
tests amounts
testing removed
late aluminum

boost
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efficacy

Figure 3.17: A crop of the hierarchical structure of NMF clusters showing some clusters on
"vaccine ingredients" and "autism" in the four layers ranging from L;5 (bottom nodes) on bins
(12,13,14) up to L5 (top nodes) on bins (15,16, 17). Top 5 words of each cluster are shown on

its respective node.
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Figure 3.18: A crop of the hierarchical structure of NMF clusters showing some clusters on
"scheduling doctor appointments" and "homeopathy and alternative medicine" in the four layers

ranging from L5 (bottom node) on bins (12, 13, 14) up to L;5 (top node) on bins (15, 16, 17).

3.6 Summarization

3.6.1 Summary Topics

An attractive property of LDA is the fact that one can use it on a large corpus of text to get a quick
summary of topics available in the text collection. By doing so, a dataset of tens of thousands of
documents are reduced to perhaps 20 topics, and the top 10-20 words of each topic can be glanced

over for a sense of what are the major ideas being discussed in the documents.

As indicated earlier, our set of bottom clusters are representative of document groups that
are very similar in context and thus very similar in their overall composition of words. These
bottom clusters contain all topical information of the corpus compressed in their PageRank profiles.
Therefore, we can use their PageRank profiles to create a summary of the corpus comparable

to LDA topics. This is done by factorizing the context-term matrix 7' € R™*™ described in

51



previous sections, which in each row contains significance of terms in one context. Using the

NMF framework, we find matrices W and H such that:
TheXnu oy WnCXk:Hanv (321)

A row of H can now be regarded as a topic, with high-value words of the row being more significant
words of the the topic it contains. The set of rows in H thus provide k topics that summarize the

corpus.

We use a weighted version of the NMF problem that, given a weight matrix M & R"*",
minimizes weighted Frobenius norm of the difference between 7" and its reconstruction W H with

the following cost function:

Ne Ny

1 (T, — )2
WeRncglvl};]leRanv Z Z {MZ] (T’U (WH)Z]) } (322)

i=1 j=1

One can use different weighting strategies to bias the reconstruction problem towards certain
contexts or certain words. For instance, it is possible to estimate the number of documents N ¢
related to each context and use this value on the respective row of 7. One estimate for N can be
the median of all co-occurrence values between pairs of words inside the core cluster of context C'.

A weight matrix Mp that incorporates estimated document counts of each context can be formed

as: ) )
NG ... NG
NG ... NG

Mgaxn” = . . (3.23)
Nc’ﬂc PSP Nc’n«c

Such weighting scheme implies that contexts with higher document count will have more influence
on output topics in rows of H. As a consequence, topics associated with these contexts are more

likely to be "picked up" in the summary.

Another weight matrix Mp that assigns higher weight to more frequent words can be created
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using PageRank value of words as a measure of their importance in the text corpus:

PR(1) --- PR(n,)
PR(1) --- PR(n,)

e | (3.24)
|PR(1) - PR(n,)

This weight matrix assures that higher-PageRank words, which are of central value in a topic, have
higher influence on the choice of topics. In other words, two medium-Pagerank clusters of words
will likely not be combined in a row of H if, in the context PageRank profiles, they appear with

non-similar high-PageRank clusters.

In addition, the more pronounced presence of high-PageRank words make output topics more
coherent by providing the more general context that other more detailed topic words have appeared
in. In fact, to accentuate the presence of higher-PageRank words and account for smaller PageRank
boost in higher layers of the PageRank profile, we also apply a transformation on the resulting
matrix . That is, we re-order words by applying a multiplicative factor, equal to PageRank of
words, to their respective entries in the H matrix, before sorting each row to get top words of the

topic. Therefore, the matrix whose sorted rows give us top topic words is:

(PR()Hy -~ PR(ny)Hin, |
PR(1)Hy -+ PR(n,)Han,

R — <.) 21 ("_) ? (3.25)
| PR(1)Hypy --+ PR(ny)Hgn, |

The results of this summarization method on Mothering.com forums for £ = 20 topics can be
viewed in table The topics that have formed around our sample contexts previously discussed
on "vaccine ingredents" are 2 and 16. Topic 2 is on the use of fetal cells in vaccines and 16 is
about the dialogue on the mercury-autism link. The discussions around "doctor appointments" and

"finding alternative doctors" have merged into one topic, numbered 11 in the table.

As one increases the number of topics, more detailed topics of discussion start to show up.
This is evident in table [3.7)that shows two different topics extracted on "doctor appointments" and

"alternative medicine" when we extract k = 60 topics.
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For comparison, LDA results for the same number of topics £ = 20 are shown in table
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Top 10 Words of Topic

Topic 1 books book guide thoughtful mendelsohn websites spite links cave reading

Topic 2 ingredients aluminum cells tissue formaldehyde fetal cell aborted mercury human
Topic 3 birth hospital midwife born newborn baby eye pregnancy ob delivery

Topic 4 force care pay medical court rights order legal forced call

Topic 5 school exemption religious form state exemptions required schools law letter

Topic 6 study studies results clinical response incidence journal data rate increase

Topic 7 travel countries country polio africa india traveling places areas water

Topic 8 immunity adults exposed adult measles childhood cases mumps virus disease
Topic 9 science argument scientific true evidence fact agree world point opinion

Topic 10 fever symptoms days pain hours vomiting cold sleep night infection

Topic 11 doc ped visits visit office pediatrician doctor docs appointment peds

Topic 12 decisions choices talk conversation decision parenting telling discuss respect choice
Topic 13 government national companies fda drug public pharma safety committee money
Topic 14 sick colds germs cold kid healthy home hands breastfed house

Topic 15 tetanus wound deep clean wounds nail cut puncture horse blood

Topic 16 autism autistic disorder problems spectrum brain damage diagnosed speech mercury
Topic 17 meningitis hib bacteria strains prevnar invasive pneumococcal replacement bacterial serotype

Topic 18 rash red allergy allergies reaction allergic worse fever skin started

Topic 19 foods diet food milk eat vitamin oil vitamins organic eating

Topic 20 flu news people pandemic bird swine hype media influenza strain

Table 3.6: Summary topics extracted for forums of Mothering.com using the weighted NMF method

on context PageRank profiles. The number of topics is set to & = 20.
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Top 30 Words of Topic

NMF60 ped visit visits doc office pediatrician appointment peds doctor docs insurance appt
Topic 33 practice wbv check asked vaxing checks cps call friendly pedi practitioner supportive

nurse pediatricians pressure fp told clinic

NMF60 homeopathic md alternative homeopathy remedies medicine chiropractor homeopath
Topic 45 chiro treat healing holistic treatment allopathic family naturopath herbs homeopaths
doctors dr area finding chiropractic chiropractors doc natural care practice naturopaths

heal

Table 3.7: Two topics related to interactions with doctors in £k = 60 NMF topics. These topics are

combined in topic 11 of tablewhen we extract k = 20 topics.
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Top 10 Words of Topic

Topic 1 hep baby hospital test birth blood tb shot pregnancy pregnant

Topic 2 measles pox chicken cp immunity rubella mumps shingles mmr immune

Topic 3 doctor ped doc dr doctors office insurance practice visit visits

Topic 4 tetanus wound rabies dog shot cat dogs cats wounds vet

Topic 5 pertussis cough sick kids whooping vaxed baby immune months unvaxed

Topic 6 people article thread read news lol love story post interesting

TOpiC 7 mercury aluminum vaccines thimerosal cells vaccine ingredients formaldehyde human aborted

Topic 8 vitamin milk diet food eat water immune foods system body

Topic 9 vax feel research decision dh family kids vaccinate vaxing vaxed

Topic 10 religious exemption religion beliefs state letter law philosophical school exemptions
Topic 11 hpv vaccine cancer cervical fda money drug bill gardasil companies

Topic 12 polio smallpox countries travel country water disease opv virus world

Topic 13 flu shot vaccine influenza swine year virus pregnant pandemic season

Topic 14 school form state exemption religious immunization law exemptions schools required
Topic 15 vaccine cases disease meningitis hib deaths reported infection risk pertussis

Topic 16 autism study children autistic studies vaccines mercury mmr disorders sids

Topic 17 fever reaction reactions rash days tylenol normal ear seizures pain

Topic 18 dtap hib months shots schedule vax mmr hep prevnar vaccines

Topic 19 book research read info information books vaccines vaccine links good

Topic 20 people vaccines disease doctors research vaccinate immune science evidence medical

Table 3.8: LDA topics extracted for Mothering.com forums with k& = 20 topics. The words of each topic
are ordered according to their z-score, instead of the actual probability values in multinomial distributions
stored in rows of 5. This ordering helps bring up more contextually important words of each topic, and

suppresses more general words that naturally have high values in topic distributions that are trying to

reconstruct distribution of words in documents.
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3.6.2 Summary Structures

The hierarchical network of concepts extracted in section provides a structural view of the
knowledge base one can learn from a text corpus. Any document touches on parts of this hierarchy
and follows some paths of mostly connected concepts in order to provide coherent information. For
any of our context cores, which represent a group of similar documents, we can find layer clusters
they incorporate at a layer L by examining their corresponding row in matrix W%, Let WL be the
row of W corresponding to bottom context cluster C'. This row contains the coefficients used for
a linear reconstruction of context C’s layer TF-ICF vector stored in Tf*, using layer clusters that

are rows of H~. In other words:

kr
Th ~ > WEH!, (3.26)
v=1

We can find layer clusters activated in the PageRank profile of C' by finding clusters v that
have a high coefficient WL. Given a high enough number of clusters k;, that would provide a
clear separation of concepts at layer L (so that layer clusters are not formed by a combination of
the underlying dense cores of this layer and each cluster is formed around only one core), most
document groups will be created by a very sparse combination of these layer concepts. Figure
contains a few examples of values in row vectors of W that show the distribution —or the
mapping— of a context over layer clusters. As seen in these examples, most contexts make use
of only very few of the layer clusters for creating their PageRank profile. Each row WZ can be
normalized by its sum of values, to find relative importance of each layer cluster in context C’s

composition: .
vE = % (3.27)
v=1 "V ev
When these mappings at each layer for a given context are superimposed on the hierarchical
structure, one can see the concepts at different layers that are invoked in a certain context. Figure
[3.20] is an instance of such a mapping onto the hierarchy for a context related to nutrition and

treatment of colds. Even though the mapping is done independently on each layer, it is evident

how the context mostly evokes continuous chains of concepts that would provide coherence.

In addition to maps of contexts onto the concept hierarchy, an interesting question would be:
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Figure 3.19: Row vectors of matrix W that contain a context’s mapping onto layer clusters. The
vectors for 6 different Mothering.com contexts are shown in middle layer L,y which spans over

bins (10,11, 12).

what are the most frequently used paths and combinations of concepts in this structure when writ-
ing documents? To rephrase, beyond the word combination summaries provided in section [3.6.1]

is it possible to show structural summaries of the text corpus?

This can be achieved with a mapping of topic summaries extracted by factorization of the

entire context-term matrix 7, which have most significant word combinations of the corpus, onto
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Figure 3.20: Mapped structure of a context onto the concept hierarchy. Normalized mapping values

sensitive
milk

Wcﬁ from context c to layer clusters v are encoded in node colors, with darker colors assigned to
higher values. A distant view of the mapped highlighted chain is shown on top, and on the bottom
a close-up of some mapped layer clusters. This context is about food and home remedies, built
around the following core cluster:

® lemon teaspoon ascorbic capsules grams tastes kefir tsp mgs gram omega emergen-c hylands leaf capsule absorption
flax olive coconut kg iu tablets b12 diarrhoea baking dosages acidophilus herb spinach iodine tabs copper migraines

cap cabinet folic

the hierarchy of concepts. An approach to finding such mappings is to inspect how words’ assigned
values in a topic, that is a row of H in the summary factorization problem, match with their
corresponding values in layer clustering matrices H*. To that end, for each layer, we would need
to find the subset of matrix /H that contains the layer words. Assuming word indices are ordered

by their PageRank value, this translates into a block of the matrix:

L
Hy --- Hy, --- Hy, - Hpg,
grioone — [t e e Mg o, (3.28)
\Hy - Huy - Huy, o His

Where [, through /|7 are the indices of the lowest-PageRank and highest-PageRank words of

layer L. Let’s call this block of the matrix 4%, which contains values assigned to layer L’s words
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in the summarization NMF output. For a summary topic u, we take the respective row h¢l = H f L
and use the sparse regression framework, similar to cross-layer mappings of layer clusters, in order
to find its closest matching row vectors hZ = HUL7* in layered NMF clusters. This is done by first

normalizing the vectors by their L 1-norm and then solving the regression problem as follows:

7GL th
n hL
e p— - 3.30
"= TR (30
kr
WSt x> aght (3.31)
v=1

The cost function of the regression problem would then be:

2

kr
min | |AS" =Y " ahl| + el (3.32)

a€RFL
v=1

Which after minimization would give us a mapping from topic « to its related layer clusters
v, provided in coefficients a,,. A similar mapping is calculated in every layer to retrieve topic u’s

trace in the concept hierarchy.

Analyzing each topic u as described above would yield to an overlay that highlights parts of
the hierarchy. The set of £ summary topics together then give us & such structures that are the most
significant hierarchical signatures in our dataset’s context PageRank profiles. As demonstrated in
figure[3.21]for an example summary topic, these structural summaries also mostly follow consistent

and well-connected paths upward the hierarchy.

The mapping approach used for finding each summary topic’s hierarchical signature is in fact
so generalized that any topic —extracted by any means— presented as a distribution of values
over words of the vocabulary can be mapped onto the hierarchy with a similar framwork. This
includes LDA topics contained in row vectors of the [ matrix as multinomial distributions of

words. Similarly, on any layer L, one can find the respective block of the 5 matrix:
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Figure 3.21: A distant view (left) and close-up (right) of the mapped structure of a summary
topic onto the concept hierarchy. Darker node colors depict higher mapping coefficients v, in the
solution of the sparse regression problem. The topic, extracted from Mothering.com by setting
k = 60 summary topics, is about the use of fetal cells in vaccine production and the top 10 words
of the topic are:

e aborted fetal cells tissue fetus ingredients lines cell cultured monkey

L
A

~

B - Bu o+ Buy o Bin]
Por wer Bay o 521\“ o P,

prxm = (3.33)

B -0 Bey v Bry o Bn

Then in the block 5% formed of 3 values for layer words, each topic u’s distribution values

over the layer words 3L = 5’* can be normalized and mapped onto layer clusters:
A ﬁL
By = o (3.34)
15211
. 2
& = argmin | ||BF — Zavhf + [lev| (3.35)
a€RFL v=1
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Which again is performed over all layers L; to find hierarchical representation of an LDA
topic u. Figure [3.22] displays the result of such mapping for one LDA topic. The continuity of

mapped structures for LDA topics also serves a validation for the extracted hierarchical structure

of concepts in the corpus.

formaldehyde
ingredient
metals
poison
contained
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formaldehyde
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ultdred

LY vial
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T vials varidax

Figure 3.22: A distant view (left) and close-up (right) of the mapped structure of an LDA topic
onto the concept hierarchy. Darker colors show higher mapping coefficients. This topic is again
on "fetal cells" extracted from Mothering.com forums, setting LDA number of topics £ = 20. The
top 10 words for this topic are:

e aborted fetal cells tissue cell dna human monkey abortion

3.7 Document Mapping

Another useful feature is to map given documents onto the concept hierarchy to find the document’s
structural composition of concepts. In the bag-of-words model, a document is essentially described
as a normalized frequency vector over vocabulary words (wq,ws, ...,wy, ), s.t. >, w; = 1, along

with the number of words in the document N,;. The frequency of each word in the document is

then given by N,w.
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The document’s distribution over the vocabulary can be mapped onto the hierarchical structure

with a similar strategy as LDA topic distributions. On each layer L the mapping on layer clusters

is given by:
2

kr
& = argmin | ||w” — Zavﬁf + ||| (3.36)
v=1

a€RFL
Where w” is formed from elements of w corresponding to words in layer L. A sample structural

mapping for a document is shown can be seen in figures [3.23and [3.24]

cough vit@’ré straight allergies
nose it cut allergic
whooping fgdods stress skin
asthma t fast milk
ear eat properly foods
1 throat hot allergy
L nose slightly allergic
pneumonia throat skin
£ respiratory bed milk
colds straight asthma
7
f
H coughing hot allergy
| winter managed allergic
H nose bed nuts
| calds larger sensitive
H pneumonia straight milk
1
“ coughing lungs allergy
pneumonia hot dairy
winter bottle eczema
vomiting manage eggs
lungs panic nuts

Figure 3.23: A distant view (left) and close-up (right) of the mapped structure of a document
onto the concept hierarchy. Darker colors show higher mapping coefficients. This document is a

Mothering.com thread on "food and supplements":
... Elimination diets and definately not Rotation Diets like she suggests, by themselves do not heal the gut. And then, you have to supplement to

replace all the food you are taking out (and supplements are not as effective as food based nutrients and also can be damaging to a leaky gut b/c

they are artificial.) My DS has been on minerals and special diet since Sept. ...
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Figure 3.24: A distant view (left) and close-up (right) of the mapped structure of a document
onto the concept hierarchy. Darker colors show higher mapping coefficients. This document is a
Mothering.com thread on "homeopathy":

... Lydall’s book is more about alternative treatments vs lots of specific vax info. I found this book to be so poorly done... While I'm not really into
homeopathy, her book is written from the perspective of someone who has actually treated these disease, so she’s able to breakdown what to expect

in a normal course of illness. ...
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CHAPTER 4

Experimental Results and Evaluation

4.1 Datasets

We have run experiments on seven different datasets that represent different sources of text data.
The first and second datasets contain threads from online forums in two public discussion websites
Mothering.com (1] and Cafemom [25] related to mothers’ issues, their Q&A and conversations
about vaccination. More specifically, this dataset follows the conversations on vaccination and
concerns of a group of the public over its adverse effects. The third dataset is a collection of NSF
funding abstracts in various research disciplines [26]. The fourth dataset is the famous collection
of Reuters news articles [28]]. The fifth dataset is a set of tweets related to Iran’s presidential
election [27]]. The sixth dataset is the /8th Century Collections Online, a set of transcribed texts
from publications in the 18th century, accessible through University of Michigan Library under the
name ECCO-TCP [29]]. The seventh dataset is a collection of children’s fiction assembled by Alan
Liu [30]. Tables[4.1]and [4.2]list some general statistics on these datasets.

The definition of "a document" varies from one dataset to another and is ultimately the user’s
choice. In the online forums datasets, for instance, we have taken each thread as one document.
One could also regard every single post in a thread as an individual document. Similarly, for
datasets of articles, such as the NSF abstracts datasets or the Reuters news articles, we use the
entire article as one document but a smaller piece like a paragraph could also be used. In the 18th
Century Collections we take a paragraph as a document and in the Children’s Fiction dataset we

use each sentence as one document.
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Mothering | Cafemom NSF Iran Tweets
Threads Threads Abstracts

Number of | 26,942 139,455 132,371 2,665,947
Documents

Size of 7524 24,389 11,829 11,304
Vocabulary

Number of | 25,983,317 | 521,888,703 | 15,267,732 | 19,693,219
Tokens

Table 4.1: Datasets Statistics: Mothering.com Threads, Cafemom Threads, NSF Abstracts, Iran

Election Tweets.

Reuters News 18th Century Children’s
Collections Fiction

Number of | 297,141 88,929 761,133
Documents
Size of 22,141 26,786 5,781
Vocabulary
Number of | 36,363,812 95,265,402 10,470,989
Tokens

Table 4.2: Datasets Statistics: Reuters News Articles, 18th Century Collections Online (ECCO-
TCP), Children’s Fiction.
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4.2 Evaluation of Summary Topics

Our compression of the document-level information about word combinations that appear in the
corpus happens in two stages. First, creating the co-occurrence network, that means we only
keep pair-wise co-occurrence of words, from which we would like to infer grouped co-occurrence
patterns. Second, regarding bottom-layer clusters as representative of a document group, which
further reduces our information into n. context PageRank profiles. n. is the number of bottom-

layer clusters or contexts.

For some perspective about these numbers, the online forums dataset from Mothering.com has
26,942 documents and nearly 26 million tokens (words in total). For this dataset we extract only
n. = 440 bottom-layer clusters further used to build the context-term matrix that contains context

profiles over 7524 words of the vocabulary.

As a means of showing topic information is preserved after these compressions, we compare
our summary topics extracted by factorizing the context-term matrix, to LDA topics extracted from
LDA’s generative model which seeks to statistically describe the observed documents. LDA is a
well-established method of summarizing a document set, whose results have been the subject of
many studies [31]] [32] [33]. Therefore, if the summarization method described in section [3.6.1]
finds topics that are similar to the topics LDA extracts, it suggests our set of PageRank profiles

contain the information necessary to find the most significant topics of the dataset.

The sparse regression method we have used to map topics can also be used to investigate if an

LDA topic has any equivalents in our topic.

For an LDA topic ¢’s distribution over the vocabulary stored in row (;, of the 8 matrix, we find
if it can be reconstructed by a linear combination of our summary NMF normalized topic vectors

given for a topic 7 by:
. H.
hj = —* 4.1)
T H,

Because of our topics’ contextual focus, we use the z-score vector of LDA topics 37 which also

boosts contextually important words compared to the actual probability values in ;. The z-score
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for entry [3;; using a binomial distribution null hypothesis for word appearances is calculated as [1]:

z_ Nr.p(z =1).0i4 — Nr.p(z =1).p
" \/NT.p(z =1).p:(1 — py)

Where N7 is the total number of tokens in the corpus, p(z = 1) is the probability topic i will be

4.2)

chosen for a single token, and p; is the global probability estimate of word ¢ given as:

Total number of appearances of word ¢ in corpus
Nt

pr = (4.3)

Now with the z-score values calculated, we find the equivalent of a normalized LDA z-score

vector 37 in our collection of h; vectors which are factorization results of the context-term matrix:

. z

B = (4N (4.4)

A k A

BE~ > ajhy (4.5)
j=1

Which as before is solved by minimizing the mean squared reconstruction error and an L1-norm
penalty term on coefficient o. A heatmap of the solved coefficients for every LDA topic is dis-
played in figure 4. 1| for similar £ topics from both LDA and summarizing NMF approaches. Most
LDA topics are mapped with a high coefficient to one of our summary topics, and some are divided

into different topics.

Both LDA and the factorization procedure are non-convex optimization problems prone to
reaching local minima, which means their results will be different from one run to the next, de-
pending on the starting seed of the algorithm. To minimize the effects of such randomness in
checking if an LDA topic has an equivalent in our summary topics, in the next step we run the
summarization NMF algorithm four times and take the maximum of the LDA topic’s mapping co-
efficients from each run, then the maximum of these four values is selected as the equivalent of the
LDA topic. The results of this selection can be seen in figure which shows more LDA topics

than before will have a close relative in one of the different runs of the summarization algorithm.

Another approach for comparing the two different outcomes is to check if LDA results for
k = 60 topics show up in summary NMF results for £ = 100 topics. Such a mapping is shown for

the Mothering.com dataset in figure 4.3 as an example. One can see after appropriate re-ordering
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(a) Mothering Threads, k£ = 60 in both methods (b) Cafemom Threads, £ = 60 in both methods

(c) NSF Abstracts, kK = 60 in both methods  (d) Iran Election Tweets, k& = 60 in both meth-

ods

Figure 4.1: Mapping coefficients from LDA topics and summary NMF topics for four datasets.

of topics, the main diagonal of this mapping has more "filled" entries on the main diagonal than

the result of similar mapping shown in figure

For instance, an LDA topic in Cafemom about "smoking" with the following top 10 words is

not matched when £ = 60 summary topics are extracted:

e smoke smoking striving alcohol sympathetic tender tolerant compassionate aged marijuana

70



LDA Topics Maximum Mapping Coefficient Mothering LDA Topics Maximum Mapping Coefficient Cafemom

08 —
06 -
2 0so H
2 3
] S
£ £
) L
g " §
= =
] 8
= =
02 o
02 o
00 — 00 o
T T T T T T T T T T T T T T
o 10 2 Y @ s0 60 3 10 2 0 w 0 &
LDA Topic Index LDA Topic Index
(a) Mothering Threads (b) Cafemom Threads
LDA Topics Maximum Mapping Coefficient NSF LDA Topics Maximum Mapping Coefficient Iran
08 —
08
06 —
= 2 os o
] 15}
S S
= =
8 8
o o
2 2
g 7 S o4
g g
= =
] 3
= =
02 02 o
00 00 -
T T T T T T T T T T T T T T
o 10 2 B @ 50 60 0 10 2 Y 0 0 )
LDA Topic Index LDA Topic Index
(c) NSF Abstracts (d) Iran Election Tweets

Figure 4.2: Maximum mapping coefficient from each LDA topic to summary NMF results of four

different runs on each of the four datasets. For all of the displayed plots k£ = 60 in both methods.
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Figure 4.3: Mapping coefficients from LDA with £ = 60 topics to summary NMF with £ = 100

topics for Mothering.com threads.

When we extract £ = 100 summary topics, however, a matching topic is found with a mapping

coefficient of 0.42 and the following top 10 words:
e alcohol smoking drugs smoke drinking drug addiction drink illegal cigarettes

By putting a chosen threshold on the maximum mapping coefficient of an LDA topic, we can
decide if the LDA topic is present in our set of NMF topics and then find the number of LDA topics
with a match in our results. In these plots a threshold of 0.2 is chosen, so LDA topics that map
to a summary NMF topic with a mapping coefficient larger than 0.2 are determined as matched.
Note that the z-score vector of LDA topics that we are mapping to summary NMF topic vectors
—components of the context-term matrix— are inherently different in their distribution of values.
Therefore, a mapping coefficient of even 0.3 ~ 0.4 usually signals a good conceptual overlap when
the actual word combinations of topics are judged. We can then increase k£ for summary NMF and
identify if more LDA topics find matches. Table summarizes number of matched £ = 60 LDA

topics as we increase k for summary NMF.
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Covered k=60 LDA topics for

different k settings in summary NMF

k = 60 k = 80 k =100
Mothering.com Threads 59 59 60
Cafemom Threads 51 54 55
NSF Abstracts 57 59 58
Iran Election Tweets 54 56 56
Children’s Fiction 51 52 55
18th Century Collections 48 49 52
Reuters News Articles 53 60 59

Table 4.3: Number of LDA topics covered in various £ summary NMF topics. For all datasets
k = 60 LDA topics are analyzed. In some cases, number of covered topics stays constant or even
decreases when going from k£ = 80 to £ = 100 summary NMF topics. This is because for larger
numbers topics are divided differently and thus some old topics are distributed across several new
topics. By taking the number of LDA topics covered in at least one of these three different NMF
summaries of each dataset, on average 94% of a dataset’s k& = 60 LDA topics are covered in the

summary.
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The set of summary topics extracted by our summary NMF method create a division of topics
that would not be exactly similar to what LDA extracts. Some of these slight differences arise from
the different mindset that goes into our contextual analysis of word co-occurrence patterns. For
instance, on the Mothering.com using LDA with £ = 60 topics, we observe a topic on "clinical

tests" with top 10 words:

e test tb blood tests testing titer titers ppd positive tested

Whereas in our set of summary topics the "clinical tests" concept is distributed across different
contexts it appears in, such as "pregnancy", "immigration", and "STDs". The top 30 words of
these summary topics are listed below (the numbers in parentheses denote the rank of a word that

appears later in the topic):

e pregnant pregnancy women woman ob pg birth rubella fetus pregnancies baby trimester
unborn test born delivery mother ttc blood midwife prenatal mothers labor babies fested

postpartum antibodies titers immunity future

e th immigration visa applying immigrants bcg citizen x-ray xray employer immigrant em-
ployment fee clinicals citizens hire ppd hired semester employee sputum application apply

college classes tuberculin rn pay students comply

e sex cancer hpv girls sexually women gardasil transmitted cervical std sexual pap active gen-
ital cancers woman routine warts strains infected smears partners condoms stds tested paps

screened merck men female ... testing(38) tests(45) test(49)

In the probabilistic generative model of LDA, it makes sense to create a topic solely on different
clinical tests, which will be partially present in documents (or contexts) that are mainly about
pregnancy or immigration. In contrast, our contextual factorization approach puts much higher
emphasis on simultaneous presence of the group in documents (or contexts). Therefore, a word like
"tb", which is short for "tuberculosis" and has an associated skin test performed for immigration

purposes, is very unlikely to be combined in the same topic with "blood" and "titers", which are
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here mostly mentioned for blood tests during pregnancy. This LDA topic is thus distributed among

its contextually relevant topics, simply because this combination does not occur in documents.

The word composition quality of summary topics can also be measured by comparing the top
LDA words to top words of their best-match summary topic from the selection method described
above. For an LDA topic we find how well its top words are covered by our summary topic. Word
coverage plots can be drawn by a curve on the following points: for an index r; what is the smallest
index 7, that at least 80% of the top r; words of the LDA topic are covered in the top r,, words of
its best-match summary NMF topic. The percentile condition is used so that single outliers do not

greatly disturb the coverage curve. These word coverage plots are shown for a sample set of LDA
topics in figure 4.4

Another measure to judge how well the top LDA words are covered is the z-score-weighted
coverage of top words. More specifically, one can find how many of the top 100 words of an LDA
topic are also in the top 100 words of the summary NMF topic, with weights to account for their
importance. The coverage score ¢;; from LDA topic 7 to summary NMF topic j is calculated as:

2 B ()

Cij = 2100 7 (46)
r=1 Mir

5 () 1 ' word of LDA topic i is in top 100 words of summary NMF topic j
i \I') =
0 otherwise

These values are plotted in a heatmap in figure[4.5]and show most of the important LDA topic

words are covered in the relevant summary topic.

4.3 Evaluation of Layered Clusters

We make use of the notion that bottom-layer clusters correspond to groups of similar documents.
The first implied claim to be tested here is that documents are in fact built on bottom-layer clusters
which set a context; they cannot be built on middle-layer concepts without any use of bottom

clusters. This can be shown by examining if all documents have words from bottom-layer clusters

>

. . . Na,c;
in them. For a document d we can find its share of bottom clusters by finding CN—ddC where Ny ¢,
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Figure 4.4: Word coverage curves for top words of 6 Mothering.com LDA topics in their best-
match summary NMF topic. Each point (i, ) drawn on a plot displays the smallest j for which

80% of top i words of the LDA topic are covered in the top j words of the summary NMF topic.
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(a) Mothering Threads, k£ = 60 in both methods (b) Cafemom Threads, £ = 60 in both methods

(c) NSF Abstracts, k£ = 60 in both methods (d) Iran Election Tweets, & = 60 in both meth-

ods

Figure 4.5: Z-score-weighted coverage of top 100 LDA topic words in top 100 words of NMF

topics. Topic numbers are permuted to reduce the matrix bandwidth such that higher values tend

to get closer the main diagonal [IEI]
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is the number of words in document d that are in bottom cluster C; and N, is the total number of
words in the document, so we are calculating the fraction of document words that are from bottom
clusters. Figure .6|shows a histogram of these values over all documents for two of our datasets as
examples. As observed in the plots, there are very few documents with no share from the relatively
rare words of bottom-layer clusters in them. For both datasets, an average document has about 0.1

of its words from bottom-layer clusters.

Histogram of Document Share from Bottom Clusters - Mothering Histogram of Document Share from Bottom Clusters - Cafemom
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Figure 4.6: Histogram of documents’ fraction of words from bottom-layer clusters for Mothering

(left) and Cafemom (right).

We also need to test validity of the higher layer clusters. Our layered clustering is based on
contextual co-occurrence of words. This means our criteria for putting some word groups of a
certain layer L together in one cluster is their simultaneous presence in contexts defined by core

clusters which are representative of document groups.

We evaluate our middle layer clusters by checking if they show high modularity in the co-
occurrence network. The modularity measure put forth by Newman [43] is a way of examining
quality of a given clustering on a network. Modularity of a cluster is calculated by comparing
observed edges between pairs of nodes in the cluster to the expected edges if node degrees were
kept intact but edges were made at random. For an undirected unweighted network with adjacency
matrix A, a cluster’s modularity is given by [44]:

1 kik;

v]
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Where k; = ), A, is the degree of node 4, m is the total number of edges, and s; is the
binary cluster membership indicator with s; = 1 if node ¢ is inside the given cluster and s; = —1
otherwise. The average value of modularity is very close to zero for randomly selected clusters,
and positive for a relatively dense cluster. The idea can be straightforwardly extended to weighted
networks by using the weighted adjacency matrix instead of the binary matrix A [45]]. It can
also be modified to evaluate a given clustering of the network into multiple communities as again
mentioned in [44]], but since we are not doing a hard clustering in our layers, we use the single-

community version to assess the quality of each cluster individually.

To evaluate each layer cluster, we take the subgraph of the co-occurrence network formed
by the cluster’s top 10 words and calculate the subgraph’s modularity by inserting in the above
equation s; = 1 if 7 is one of these 10 nodes and s; = —1 otherwise. We then compare this value
against the standard deviation of modularities given by random subgraphs created by 10 random
nodes in the same layer L. Figure 4.7| shows modularity values for layer clusters of a few different
layers of Mothering.com. A plot of the average modularity of layer clusters at each layer versus
the average modularity for random clusters of the same layer is shown in figures 4.8|and [4.9] It is
worth noting that in the Iran election tweets dataset and the NSF abstracts dataset, the top layers
have very few words and this kind of analysis based on top 10 cluster words cannot be carried out.
These very few words in top layers, such as "research", "project”, and "study" in the NSF abstracts

dataset, might as well be put in one single layer cluster that is used by most contexts.

Despite loss of contextual information in higher layers of the co-occurrence network as de-
scribed in section [3.5]—which would partly suppress modularity of contextually significant groups
of words— the modularity of layer clusters are consistently high. High modularity values of these

higher layer clusters supports two arguments:

1. These higher layer clusters extracted from our context PageRank profiles are in fact co-

occurring groups of words in documents, so the layer clusters are meaningful.

2. The bottom-layer clusters represent groups of similar documents. The higher layer words
that are strongly connected to a bottom-layer cluster of co-occurring words tend to also

co-occur in documents themselves. This means documents that involve the bottom-layer
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Figure 4.7: Modularity of layer clusters for layers 7, 10, 13, and 17 on Mothering.com inside the
layer’s subgraph of co-occurrence network. The red line indicates standard deviation of modularity
for 10 random nodes in the layer. The average value of modularity for randomly selected clusters

is relatively very small compared to the standard deviation.
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Figure 4.8: Average modularity of layer clusters (blue dots) and random clusters of same size in the
same layer (red dots). Boxes on points display 90% confidence intervals. These values are shown
for four datasets of Mothering.com threads (top left), Cafemom threads (top right), Iran Election

Tweets (bottom left), NSF abstracts (bottom right).
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cluster words also include similar words as each other in higher layers and so are similar
throughout the PageRank spectrum (These documents are the source of co-occurrence in
words of associated higher layer clusters). A more direct assessment of this notion can be
performed by mapping individual documents back onto the bottom clusters and comparing

their word distributions.
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CHAPTER 5

Discussion and Further Work

5.1 Discovering Structures from Data

The extracted hierarchical structure of concepts can be a powerful tool to gain insights about a text
dataset. To demonstrate one such instance, we look into the case of vaccination discussion forums
on Mothering.com and Cafemom. These datasets provide a great example of benefits of extracting

concept structures in application. Let us start by giving a short background on the story.

Recent outbreaks of measles, pertussis and other vaccine preventable diseases (VPDs) in the
United States have emerged as a serious public health crisis. These outbreaks have been attributed
to the increasing number of under- and unvaccinated children in various communities [S1] [S2]].
While it is broadly understood that this critical level of under vaccination can be attributed to the
exemption seeking behavior of parents, it is not entirely clear what is driving this behavior [53]].
Social media sites dedicated to parenting discussions likely play a role, with the frequent exchange
of persuasive personal opinions contributing to an accepted objective of exemption-seeking in the

community.

As discussed in [4], the resonant narrative in these anti-vaccination discussions is that vaccines
pose the real threat, not VPDs, and exemptions emanate as a strategy to avoid them. These strate-
gies can be observed as a part of the concept hierarchy extracted from Mothering.com. This piece
that is displayed in figure summarizes the exemption strategies and mechanisms and how they

all relate in the larger context of school enrollment.

Cafemom discussions are less biased than the well-known anti-vaccination theme of Mother-

ing.com. Nevertheless, smaller structures on exemption requirements can be observed from this
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Figure 5.1: A crop of the extracted hierarchical structure of Mothering.com that relates to "exemp-
tion". One can see different branches of concepts about "religious exemption" , "required forms",
"state laws", and "school regulations" merging at the higher layers to indicate their shared scope of

getting exemption from vaccines to enroll children in school.
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dataset as well as shown in figure [5.2]. The higher diversity of views on Cafemom can be seen
in the discussions on vaccine safety. While Mothering.com conversations imply a strong link be-
tween vaccine ingredients and autism as previously discussed in figure[3.17] these links are weaker
in Cafemom threads and mostly in the form of discussing vaccine safety research, such as the

example in figure[5.3]
\
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Figure 5.2: A crop of the extracted hierarchical structure of Cafemom showing chains related to

"exemption requirements” and "state laws".

The shape of the hierarchical structure depends very much on the dataset. Although there is
an overall tendency for clusters to merge when going towards the more general higher layers —
and it is more so for topically focused datasets such as Mothering.com threads about vaccination
or NSF abstracts containing research materials— in some cases the structure is mostly flat, with
many divided chains that independently go all the way from bottom layer to the top. One such case
is the dataset of 18th Century Collections whose hierarchical structure can be seen in figure [5.4].

This dataset contains various types of text published in the 18th century and the collection does
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Figure 5.3: A close-up of the hierarchical structure of Cafemom concepts relating to "vaccine
safety". The bottom plot shows a related chain in the middle layer and the top plot shows contin-
uation of the same chain at the top layers that mixes with concepts on "reading and research about

vaccines'.
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not have a specific scope. These texts naturally have very divided topic structure and much fewer
connections across different hierarchical chains, as evident in the distant plot. A close-up of two

chains in the hierarchy is shown in figure [5.5].

Figure 5.4: A distant view of the hierarchical structure extracted from 18th Century Collections.
The plot is broken into three parts due to size; the 3 figures from top to bottom display the left,
middle, and right parts of the hierarchy. The large variety in this collection and lack of a central

scope, creates a very divided hierarchy of mostly independent chains.

5.2 Actant Clustering

Another application of our contextual analysis is in actant-interaction models such as [4]]. These
models provide a method for story detection and aggregation on social media to identify key nar-
ratives. The story is presented in the form of a network of actants as nodes and their pairwise
interactions in a particular context as edges. The term "context" is overloaded here and for the

story model refers to a setting that implies a particular set of actions between actants.

An abstract form of the story model from [4] is shown in figure [5.6] For a story revolving
around a set of actants Ay, ..., A, the narratives can be divided into a set of story contexts. In each
story context, the story is summarized as a set of interactions (relationships) between actants as
shown in the figure. Therefore, an edge between actants A; and A, for example, carries a set of
relationships R1» = {R},, R%,, - , R},} that exist between the two actants, and the significance

of each relationship in this story context.
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Figure 5.5: A close-up of two hierarchical structure pieces from the 18th Century Collections

dataset. These pieces are related to "greek mythology" (left) and "writing" (right).

In the set of discussions around vaccination, some main actants of the story include parents,
children, doctors, schools, government, vaccines, VPDs (Vaccine-Preventable Diseases), and ex-
emptions. Pairwise relationships occur in the form of (actant, relationship, actant) tuples, for
instance (doctors, recommend, vaccines), (parents, protect, children), (children, contract, VPDs),
(schools, require, vaccines), and (parents, seek, exemption). Significant relationships are inferred
by finding recurring relationships in sentences throughout the dataset. The following sentence for

example:

State laws may require vaccination for children, even if

they are not attending public schools.

Implies the relationship (government, requires, vaccines). By parsing the sentences and finding
relevant interaction structures, like a (subject, verb, object) tuple for instance, one can directly

extract the relationship (state, require, vaccination) from this sentence. In order to aggregate all
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Figure 5.6: Contextual Network Model of Stories. Nodes represent actants Aq, ..., A,,, and edges
carry information about relationships and interactions that arise in a particular story context be-

tween pairs of actants.

relationship instances, we need to find terms in which an actant is realized. For example, in the
context of vaccination discussions, "state", "CDC", "the feds", and "officials" all refer to the same

actant under the umbrella term "government".

One strategy to find such groups of terms is the use of word embeddings that map words onto
points in a k-dimensional space. On this space, words with semantic similarities will be mapped to
relatively close points [54]]. One can then find clusters of close words to find semantically similar

nouns that likely refer to the same entity/actant.

In our framework, the contextual features extracted for words as a by-product of our analysis of
context profiles can be used as word embeddings. These feature vectors are stored in the columns
of our context-term matrix 7'. These features are, however, conceptually different from outputs of
algorithms such as the popular word2vec [54] that create embeddings from sentence-level semantic
roles of words. In this case, contextual activity of words drive their embeddings. In other words, a

word’s feature vector contains the document-level contexts it participates in.

These context-level word embedding vectors can also be used to find groups of words with
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similar context activity that likely refer to the same actant. A simple solution is to threshold these
term-context values and create a binary vector for each word that contains 1 for contexts the word
appears in and O elsewhere. A context co-occurrence matrix can then be formed on recurring nouns
of our dataset and finding dense communities on this network can give us the target groups. Two

examples of these noun clusters are listed in table [5.1](a).

Cluster 1 relationship weight doctors listens milestones wbvs pediatrician respects checks chi-

ropractors doc wbv visit retract visits pedi trail

Cluster 2 cytokine bile models pathogenic ... contrast colonization polio experts ... infection

poultry cases....

(a) Sample clusters extracted directly from context co-occurrence network of nouns.

Cluster 1 doc(0.544) pediatrician(0.461) doctors(0.400) pedi(0.332) visit(0.095) vis-

its(0.0911) chiropractors(0.015) respects(0) relationship(0) weight(0) trail(0)

Cluster 2 polio(4.01) infection(3.62) disease(3.32) dis(3.16) flu(3.00) adults(2.92) cases(2.80)

(b) Top words of each cluster based on weighted node degree in the relationship similarity

network of cluster words

Table 5.1: Actant name clusters extracted from context co-occurrence of recurring nouns in Moth-
ering.com. Cluster 1 contains different names that refer to "doctors" and cluster 2 mainly contains

"diseases". The second example cluster is quite large so only parts of it are shown here.

These clusters provide groups of contextually similar words. In addition to similarity in contex-
tual activity, different names that refer to the same actant must also engage in similar relationships.
For examples, we will have instances of both (doc, recommends, vaccine) and (pediatrician, rec-
ommends, vaccine). By adding this constraint and filtering the cluster to only contain words with

similar relationship pattern, we get main words of the cluster that refer to an actant. A quick real-
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ization of this constraint is done by forming a small network of a cluster’s words as nodes, where

|[RiNR;|

edge weights between two words (7, j) is the Jaccard index of their relationships ROR|

Getting
top words of this small network based on some centrality measure such as node degree or PageR-
ank will now give us main words of the cluster. The result of this filtering approach applied on the

example clusters is shown in table[5.1](b) that shows top cluster words referring to one actant.

The results in table stand as a proof of concept how grouping of different names for an
actant can be done in this framework. A more elegant joint optimization problem to find actant

name clusters may also be devised that simultaneously minimizes:

1. Variation of context feature vectors among words of a cluster.

2. Variety of relationships patterns the cluster words engage in.

This application of the embedded word-contexts feature vectors is to be further investigated in

future works.
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CHAPTER 6

Tools and Other Analyses

6.1 Community Detection

With the modified random walk model for document generation which includes a reflection prob-
ability from high-PageRank nodes, we can extract communities in the graph that represent "con-
texts" using any random-walk-based community detection algorithm. One such method is the
walk-trap algorithm proposed by Pons et al. [34]. The walk-trap algorithm defines a distance be-
tween pairs of vertices using the probability of going from one to another in a fixed number of
steps. A K-median clustering is then used to find communities using these distances. Another
more recent community detection algorithm based on random walks is the InfoMap algorithm by
Rosvall et al. [35]]. The InfoMap algorithm finds communities through minimization of description
length of a random walker’s movements with a two-level coding scheme. The grouping of nodes
in the higher level will correspond to dense communities. InfoMap is a better match with our

framework, as contexts are seen as abstract higher-level dynamics controlling the random walker.

6.1.1 InfoMap

In InfoMap, given a partitioning into communities, random walks are coded with a two-level cod-
ing scheme that assigns an enter code and an exit code to each communities, and as long as the
walker stays within a community it has entered, its position is coded by a dictionary of codewords
specific to nodes inside the community. Therefore, two nodes in two different communities can
have similar codewords, since the enter and exit codes make clear which community the walker is

in, and thus the position is known.
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The average number of bits needed to describe a random step is bounded below by the overall
weighted entropy according to Shannon’s source coding theorem [36]. Community division is

therefore chosen to minimize the entropy cost function:

L(M) = g~ H(Q)+ Y _pL,H(P') (6.1)

The first term accounts for entropy of movements between communities, while the second term

sums up weighted entropy values of within-community movements.

H(Q) =) " log (qu—m> (6.2)

P Zj:l i~ j+1 Qi

P =i+ Y Pa (6.3)

acl

6.2 Non-Negative Matrix Factorization

Matrix decomposition and low-rank representation is one of the most useful techniques in data sci-
ences to find co-occurrence patterns across observed samples of multivariate data. Non-negative
Matrix Factorization (NMF) techniques in particular have risen in popularity over the past decade
due to their performance, efficiency, and applicability to a wide range of problems. These al-
gorithms have become prevalent tools in different domains from collaborative filtering [37] to
genetics and molecular pattern discovery [39]]. A basic version of the NMF problem is posed as

follows:

Given matrix X € R"™*" with non-negative entries, we want to find non-negative matrices
W € R™k H ¢ R**" whose product approximately reconstructs X such that the Frobenius

norm of the error || X — W H||%, is minimized.

In order to solve this problem, matrices W and H can be initialized with arbitrary values that
retain full rank on both matrices, such as values drawn from a uniform distribution. Depending on

the cost function that is to be minimized, different update rules can be used to achieve local optima
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on W and H. For example, the squared Euclidean distance | X — WH|* = > (Xij — Wi Hy)?

is non-increasing under the following update rules [33]:

(W X) s
Hey 4 Hypoo e (6.4)
g “WTWH),,
(XHT);,
Wi = Warg iy - (6.5)

The immediate benefit of such a framework is its compression of data samples. Assume X is
composed of m row vectors of length n containing m observed samples of a multivariate group of n
random variables. The factorization above compresses this data into k& row vectors of n dimension
stored in H, while each of the m data points, i.e. each row of X, is stored in a row of IV as a linear
combination of these £ n-dimensional vectors. In other words, each data point is mapped onto a
k-dimensional feature space. In order to create such a compression, the factorization procedure
groups variables that often rise together in the samples, and assigns to them high values in the

same n-dimensional component of H.

As mentioned above, the cost function to minimize in a simple form of NMF is the Frobenius
norm of (X — X) where X = W H is the reconstructed target matrix. A weighted version of
NMF introduces the weight matrix M € R™*" that stores the importance of reconstruction for
each entry in X. The updated cost function for weighted NMF now is:

P= 30 {0 - %) ©66)

i=1 j=1

which will be equal to zero when X = X. The weighted NMF can be solved by simple modifica-

tions on the update rules. The new update rules to solve this problem are [40]:

Zi Wia Xivu

Hop = Hopy =2 6.7)
Zi Wia M,
Z j ij. Ha j

Wia = Wy =22 (6.8)
225 3, Hog
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The weights can be used to take into account "uncertainty of measurement" for each entry in
X as proposed in [40]]. For our purposes, we use this weight to apply importance of reconstruc-
tion on each word as a function of their PageRank. In general, we want more important words,
i.e. words with higher PageRank values, to assert higher penalty in the cost function for smaller
deviations in reconstruction. Each row in X stores one measurement of intensity of words in a
specific context and the columns represent different intensity values for one word over different
contexts. Therefore, we use a weight matrix M with column j equal to PageRank of j;;, word in

the vocabulary:

M =|PR(1).1 PR(2).1 --- PR(n).1 (6.9)

The reason for such weighting strategy is two-fold. First, it forces the NMF decomposition
to focus on more important words with higher PageRank and by doing so it reserves co-existence
of these words and assures coherence in extracted output word combinations. Second, as shown
in the context-specific PageRank deviation plots, higher-PageRank words show smaller response
to activation from a low-PageRank context and have lower PageRank deviation from their initial

state. The weighting matrix can compensate for this behavior and boost their significance.

6.3 Algorithm Complexity

In its original implementation, LDA’s time complexity is O (M Nk), where M is the total number
of documents, N is the number of words in each document, and % is the number of output topics
[3]. This is because the variational inference method, in every optimization step, updates topic
assignment multinomial (¢,,1, Ppa..., dni) for all terms n in a document. The LDA model has since
been a subject of various studies and other faster and more efficient optimization algorithms have

emerged to train the generative model [46] [47]].

Our framework can be decomposed in the following steps:

1. Creating the co-occurrence network from documents. We start with an empty network of

words with no edges and for every document, we go through all unique pairs of words (i, j).
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If there is no edge between (7, j) we add an edge with weight 1 and if an edge already exists
we increment its weight by 1. Generating the network is therefore done in O(M N'?) time,
where N’ is the number of unique words in a document. Depending on the definition of a
document, N’ is usually not very large and despite its quadratic term this step runs reasonably

fast.

. Finding the equivalent network for reflected random walk scheme. The reflection probability
added after each step of the random walk turns the walker’s first-order Markov chain into a
second-order version. To keep computational benefits of first-order random walk models, we
create a modified directed network on which the first-order random walk movements are an
approximation to the reflected random walk on original undirected co-occurrence network.

This modified network is constructed as follows:

(a) First, for each node 7 we add a "reflection node" mirror ¢’ that is to collect reflection

movements outgoing from .

(b) We modify each outgoing edge weight w;; to a new weight

wy; = ((1 —pe(i — j)).wij)

in the new network. If outgoing edge weights are normalized by their sum such that
> ;wi; = 1, this is the probability that the walker will go from 7 to j and does not

reflect back.

(c) The remaining portions of edge weights that correspond to reflecting back after the

following step are aggregated and added as an edge from i to i": wj;, = >, p.(i —

J)wis.
(d) We then either put a single edge back to i from ¢’, or connect i’ to the closest neighbors
of ¢ with equal weight (e.g. top 10 neighbors j of : whose PageRank is also very close

to 7: PR(j)—PR(i)<€ for given €).

On this new network, the walker will go from i to i’ if it were about to reflect back in its
next move. It then either goes back to ¢ or one of its closest neighbors to mimic reflection.
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It is worth noting the slight difference to the actual reflected random walk scheme, in that if
the walker was about to visit a high-PageRank node j and reflect back, now this visit never
occurs and the walker stays in the vicinity of ¢ instead. This difference has little to no effect
in our framework however, as we are extracting bottom-layer clusters after this modification

and thus low-PageRank nodes are the part of the network we are focusing on.

To create this network, we first need to calculate PageRank of nodes. Although PageR-
ank calculation via the classic power method [48], which finds the leading eigenvector of
the modified network adjacency matrix, takes |V'|? time, PageRank calculation is practi-
cally much faster for sparser networks and using more efficient algorithms [49]]. Calculating

PageRank is therefore one of the fast steps of our algorithm.

We are then adding |V/| reflection nodes with constant number of edges. In addition, each
edge in the co-occurrence network needs constant number of operations, so creating the new

network requires O(|V| + | E|) time and O(|V| + |E|) memory.

3. The next step is to find bottom-layer clusters. Infomap’s optimization problem is to find a
partitioning of the network that minimizes the entropy—based cost function described in sec-
tion It is impractical to check every partitioning in the network, so the implementation
takes a greedy search approach along with simulated annealing to attack the optimization
problem [35]]. This implementation runs in O(|£|) time [50]. In our experiments, finding
bottom-layer clusters is the computational bottleneck of the system and takes the longest

time among these steps.

4. Once we have the n. bottom-layer clusters, we need to generate the context network for each.
We estimate contextual occurrence count for every node by assessing its |C| connections
to cluster nodes, and update every edge to reflect contextual association. Since each edge
is assessed no more than once for estimating contextual occurrence count of all outside

words, creating a context network has time complexity O(|V| + |E|), so this step runs in

O(n.(|V] + |E|)) time.
5. The context-term matrix is formed by calculating the TF-ICF on terms for context profiles.
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Calculating the ICF of every word needs O(|V|n.) operations. Once these values are cal-
culated, finding TF-ICF of every term in every context also takes O(n.|V|) operations. In

most practical examples n. < M = |D|.

. The next step is factorizing layer blocks 7" € R™<*"~ of the context-term matrix. The layered
matrix factorization update rules described in section 6.2 take O(n.nkz) number of opera-
tions in one iteration. We slide a 3-bin layer window one bin at a time, so each word shows
up in a fixed number of three layers. It is easy to derive the time complexity of running all
layer factorization jobs is in the order of O(n.n,kr), where n, = |V| is the number of words

in vocabulary.

. Similar to the layered factorization, the iterations in summary NMF require O(n.n,k) in

each iteration.
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CHAPTER 7

Conclusion

In this dissertation we proposed a new framework for understanding and extracting insights from
large text corpora that aims to provide additional and more intuitive information to existing topic
modeling methods. Most state-of-the-art approaches in topic modeling view topics as multinomial
distributions over words. Our model, motivated by network models of semantic memory and
other cognitive science models of memory’s episodic nature, proposes a hierarchical structure of

concepts that drive the process of writing documents.

Chapter 1 introduces the aforementioned models of semantic memory as random walks on an
associative network of words. These studies which base their models on results of memory recol-
lection experiments on human subjects, provide the intuition that forms the foundation of our work.
The first challenge faced by directly applying the random walk memory model to our problem of
modeling documents was that although writing documents is a process driven by systematic prob-
ing of memory, it is not entirely similar to the memory recollection tasks described and modeled

in these studies, in the sense that document writing has more focused scope and context.

In Chapter 2 we analyzed the structure of an associative network of words built from word
co-occurrence in a text corpus. We pointed out key differences that make document writing dif-
ferent from free memory recollection tasks and studied structural properties of the co-occurrence
network to devise a suitable strategy for modeling document generation and finding a representa-
tion of the underlying knowledge structure. To address challenges proposed by contextual nature
of documents, we also made use of works in psychology that model episodic memory and are thus
able to describe contextual patterns in memory retrieval. The result was our new hierarchical view
of concepts that form the knowledge base —with concepts seen as word clusters— and the notion

that the very detailed and highly focused concepts define contexts. Writing a document in one of
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these contexts imposes a bias on the associative network, or a bias on relative significance of words

which we call the context profile, that affects memory retrieval.

Chapter 3 draws out the methodology to find the underlying hierarchical structure of concepts.
We introduced a modified random walk scheme that traps the walker in context-specific clusters
of words, in the presence of dominant general words in the associative network that disturb the
walker’s movement and make it randomly jump between contexts. We then used these context
cores to build up the hierarchy by finding contextually significant concepts at different layers and
the hierarchical connections among them. A key contribution of this method is the generalized
shape of the hierarchy beyond simple trees of concepts or topics. We also showed how the collec-

tion of context profiles can be factorized to create summary topics similar to LDA topics.

These extracted summary topics for different datasets were then compared with LDA topics in
chapter 4 to ensure conservation of topical information in our compressed representation of the text
corpus in a context-term matrix. Layered concept clusters extracted from context co-occurrence
patterns of higher layer words were also validated by examining their modularity in the document
co-occurrence word network. We further elaborated on sample experimental results and examples
of practical insights provided by the concept hierarchy in discussions of chapter 5. These test cases
show how the topic composition of a text corpus and the subjective definition of a document result

in diverse shapes of the hierarchy.
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