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ABSTRACT

Alot of digital ink has been spilled on “big data” over the past few years. Most of this surge owes its
origin to the various types of unstructured data in the wild, among which the proliferation of text-
heavy data is particularly overwhelming, attributed to the daily use of web documents, business
reviews, news, social posts, etc., by so many people worldwide. A core challenge presents itself:
How can one efficiently and effectively turn massive, unstructured text into structured represen-
tation so as to further lay the foundation for many other downstream text mining applications?

In this book, we investigated one promising paradigm for representing unstructured text,
that is, through automatically identifying high-quality phrases from innumerable documents. In
contrast to a list of frequent n-grams without proper filtering, users are often more interested
in results based on variable-length phrases with certain semantics such as scientific concepts,
organizations, slogans, and so on. We propose new principles and powerful methodologies to
achieve this goal, from the scenario where a user can provide meaningful guidance to a fully
automated setting through distant learning. This book also introduces applications enabled by
the mined phrases and points out some promising research directions.

KEYWORDS

phrase mining, phrase quality, phrasal segmentation, distant supervision, text min-
ing, real-world applications, efficient and scalable algorithms
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CHAPTER 1

Introduction

1.1 MOTIVATION

'The past decade has witnessed the surge of interest in data mining which is broadly construed to
discover knowledge from all kinds of data, be it in academia, industry, or daily life. The infor-
mation explosion brings the “big data” era to the light of the stage. This overwhelming tide of
information is largely composed of unstructured data such as images, speeches, and videos. It is
easy to distinguish them from typical structured data (e.g., relational data) in that the latter can be
readily stored in the fielded form in databases. Among the various unstructured data, a particu-
larly prominent category comes in the form of text. Examples include news articles, social media
messages, as well as web pages and query logs.

In the literature of text mining, during the process of analyzing text, one fundamental
problem is how to effectively represent text and model its topic, not only from the perspective of
algorithm performance, but also for analysts to better interpret and present the results. A common
approach is to use n-gram, i.e., a contiguous sequence of 7 unigrams, as the basic units. Figure 1.1
shows an example sequence with the corresponding 1-gram, 2-gram, 3-gram and consolidated
representation. However, such representation raises concerns of exponential growth of the dictio-
nary as well as the lack of interpretability. One can reasonably expect an intelligent method that
only uses a compact subset of n-grams but generates explainable representation given a document.

Bag of n-grams

data, mining, and, machine,
learning, data mining, mining
and, and machine, machine
learning, data mining and,

mining and machine, and

1—grams:‘ DataHMining‘ and HMachineHLearning‘

2-grams: ’Data |MiningHand‘ Machine| Learning| =

3-grams: Data Mining and/Machine| Learning|

machine learning

Figure 1.1: Example of n-gram representation.

Along this line of thought, in this book, we formulate such explainable n-gram subset as
quality phrases (e.g., scientific terms such as “data mining” and “machine learning” outlined in the
figure) and phrase mining as the corresponding knowledge discovery process.




2 1. INTRODUCTION

Phrase mining has been studied in different communities. The natural language processing
(NLP) community refers to it as “automatic term recognition” (i.e., extracting technical terms
with the use of computers). The information retrieval (IR) community studies this topic to select
main concepts in a corpus in an effort to improve search engine. Among existing works published
by these two communities, linguistic processors with heuristic rules are primarily used and the
most common approach is based on noun phrases. Supervised noun phrase chunking techniques
are particularly proposed to leverage annotated documents to learn these rules. Other methods
may utilize more sophisticated NLP features, such as dependency parser to further enhance the
precision. However, emerging textual data, such as social media messages, can deviate from rigor-
ous language rules. Using various kinds of heavily (pre-)trained linguistic processing makes these
approaches difficult to be generalized.

In this regard, we believe that the community would welcome and benefit from a set of data-
driven algorithms that work for /arge-scale datasets involving irregular textual data in a robust
way, while minimizing the human labeling cost. We are also convinced by various study and
experiments that our proposed methods embody enough novelty and contribution to add solid
building block for various text-related tasks including document indexing, keyphrase extraction,
topic modeling, knowledge base construction, and so on.

1.2 'WHAT IS PHRASE MINING?

Phrase mining is a text mining technique that discovers semantically meaningful phrases from
massive text. By considering the challenge of heterogeneity in the emerging textual data, the
principles and methods discussed in this book will not assume particular lexical rules and are
primarily compelled by data. Formally, we define the task as follows.

Problem1.1 Phrase Mining Given alarge document corpus C—which can be any textual word
sequences with arbitrary lengths such as articles, titles, and queries—phrase mining tries to assign
a value between 0 and 1 to indicate the quality of each phrase mentioned in D and discovers a set
of quality phrases K = {Ky,--- , Ky} with their quality scores greater than 0.5. It also seeks to
provide a segmenter for locating quality phrase mentions in any unseen text snippet.

Definition 1.2 Quality Phrase. A quality phrase is a sequence of words that appear contigu-
ously in the corpus, and serves as a complete (non-composible) semantic unit in certain context
among given documents.

There is no universally accepted definition for phrase quality. However, it is useful to quan-
tify phrase quality based on certain criteria as outlined below:

* Popularity: Quality phrases should occur with sufficient frequency in the given document
collection.
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* Concordance: Concordance refers to the collocation of tokens in such a frequency that is
significantly higher than what is expected due to chance. A commonly used example of a
phraseological-concordance is the two phrases “strong tea” and “powerful tea.” One would
assume that the two phrases appear in similar frequency, yet in the English language the
phrase “strong tea” is considered more proper and appears with much higher frequency.
Because a concordant phrase’s frequency deviates from what is expected, we consider them
as belonging to a whole semantic unit.

* Informativeness: A phrase is informative if it is indicative of a specific topic or concept.
'The phrase “this paper” is popular and concordant, but is not considered to be informative

in the bibliographic corpus.

* Completeness: Long frequent phrases and their subsequences may both satisty the above
three criteria. But apparently not all of them are qualified. A quality phrase should be inter-
preted as a complete semantic unit in certain contexts. The phrase “vector machine” is not
considered to be complete as it mostly appears with prefix word “support.”

Because single-word phrases cannot be decomposed into multiple tokens, the concordance
criteria is no longer definable. As an alternative, we propose the independence criteria and will
introduce it in more detail in Chapter 3.

1.3 OUTLINE OF THE BOOK

'The remaining chapters of the book are outlined as follows.

* Chapter 2: Quality Phrase Mining with User Guidance In the literature of phrase mining,
earlier work focuses on efliciently retrieving recurring word sequences and ranking them
according to frequency-based statistics. However, the raw frequency from the data tends
to produce misleading quality assessment, and the outcome therefore is unsatisfactory. We
attempt to rectify the decisive raw frequency to help discover the true quality of a phrase by
examining the context of its mentions. With /imited labeling effort from the user, the model
is able to iteratively segment the corpus into non-overlapped words and phrase sequences
such that: (1) the phrase quality estimated in the previous iteration guides the segmentation
and (2) segmentation results rectify raw phrase frequency and improve the process of phrase
quality estimation. Such an integrated framework benefits from mutual enhancement, and

achieves both high quality and high efficiency.

* Chapter 3: Automated Quality Phrase Mining Almost all state-of-the-art methods in
NLP, IR, and text mining communities require human experts at certain levels. Such re-
liance on manual efforts from domain experts becomes an impediment for timely analysis of
massive, emerging text corpora. Besides this issue, an ideal automated phrase mining method
is supposed to work smoothly for multiple languages with high performance in terms of pre-
cision, recall, and efficiency. We attempt to make the phrase mining automated by utilizing
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external knowledge bases to remove human efforts and minimize the language dependency.
Modeling single-word phrases at the same time also improves the performance, especially
the recall.

Since phrase mining lays the foundation for many other downstream text mining applica-
tions, we opt to devote one chapter to discuss its applications during the latest research develop-
ment.

* Chapter 4: Phrase Mining Applications Particularly, we would like to introduce three rep-
resentative applications using phrase mining results.

* The first is a statistical inference algorithm for detecting latent quality phrases topically
relevant to a single document. Previously mentioned phrase mining methods are able to
locate any phrase mentions in a document, but they cannot provide the relatedness between
the document and the phrase.

* 'The second application utilizes phrase mining results to systematically analyze large num-
bers of textual documents from the perspective of topic exploration. We discuss how to
group phrases into clusters sharing the same topic, how to summarize commonalities
and differences given multiple document collections, and how to incorporate document-
associated metadata like authors and tags into the exploration process.

* 'The last application tries to construct semantically rich knowledge base out of unstructured
text. Identifying the phrases in text that constitute entity mentions and assigning types to
these spans as well as to the relations between entity mentions are the key to this process.




CHAPTER 2

Quality Phrase Mining with

User Guidance

In large, dynamic collections of documents, analysts are often interested in variable-length
phrases, including scientific concepts, events, organizations, products, slogans, and so on. Ac-
curate estimation of phrase quality is critical for the extraction of quality phrases and will enable a
large body of applications to transform from word granularity to phrase granularity. In this chap-
ter, we study a segmentation-integrated framework to mine multi-word quality phrases with a
small set of user-provided binary labels.

2.1 OVERVIEW

Identifying quality phrases has gained increased attention due to its value of handling increasingly
massive text datasets. As the origin, the natural language processing (NLP) community has con-
ducted extensive studies mostly known as automatic term recognition [Frantzi et al., 2000, Park
et al., 2002, Zhang et al., 2008], referring to the task of extracting technical terms with the use
of computers. This topic also attracts attention in the information retrieval (IR) community since
appropriate indexing term selection is critical to the improvement of a search engine where the
ideal indexing units should represent the main concepts in a corpus, beyond the bag-of-words.
Linguistic processors are commonly used to filter out stop words and restrict candidate
terms to noun phrases. With pre-defined part-of-speech (POS) rules, one can generate noun
phrases as term candidates to each POS-tagged document. Supervised noun phrase chunking
techniques [Chen and Chen, 1994, Punyakanok and Roth, 2001, Xun et al., 2000] leverage an-
notated documents to automatically learn these rules. Other methods may utilize more sophisti-
cated NLP features such as dependency parser to further enhance the precision [Koo et al., 2008,
McDonald et al., 2005]. With candidate terms collected, the next step is to leverage certain sta-
tistical measures derived from the corpus to estimate phrase quality. Some methods further resort
to reference corpus for the calibration of “termhood” [Zhang et al., 2008]. The various kinds of
linguistic processing, domain-dependent language rules, and expensive human labeling make it
challenging to apply the phrase mining technique to emerging big and unrestricted corpora which
possibly encompass many different domains and topics such as query logs, social media messages,
and textual transaction records. Therefore, researchers have sought more general data-driven ap-
proaches, primarily based on the frequent pattern mining principle [Ahonen, 1999, Simitsis et al.,
2008]. Early work focuses on efficiently retrieving recurring word sequences, but many such se-
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quences do not form meaningful phrases. More recent work filters or ranks them according to
frequency-based statistics. However, the raw frequency from the data tends to produce mislead-
ing quality assessment, and the outcome is unsatisfactory, as the following example demonstrates.

Example 2.1 Raw Frequency-based Phrase Mining Consider a set of scientific publications
and the raw frequency counts of two phrases “relational database system” and “support vector
machine” and their subsequences in the frequency column of Table 2.1. The numbers are hy-
pothetical but manifest several key observations: (i) the frequency generally decreases with the
phrase length; (ii) both good and bad phrases can possess high frequency (e.g., “support vector”
and “vector machine”); and (iii) the frequency of one sequence (e.g., “relational database system”

and its subsequences can have a similar scale of another sequence (e.g., “support vector machine”)

and its counterparts.

Table 2.1: A hypothetical example of word sequence raw frequency

Sequence ‘ Raw Frequency ‘ Quality Phrase? ‘ Rectified Frequency

relational database system | 100 yes 70
relational database | 150 yes 40
database system | 160 yes 35
relational | 500 N/A 20
database | 1000 N/A 200
system | 10000 N/A 1000
Sequence | Raw Frequency | Quality Phrase? | Rectified Frequency
support vector machine | 100 yes 80
support vector | 160 yes 50
vector maching | 150 no 6
support | 500 N/A 150
vector | 1000 N/A 200
machine | 10000 N/A 50

Obviously, a method that ranks the word sequences solely according to the frequency will
output many false phrases such as “vector machine.” In order to address this problem, differ-
ent heuristics have been proposed based on comparison of a sequence’s frequency and its sub- (or
super-) sequences, assuming that a good phrase should have high enough (normalized) frequency
compared with its sub-sequences and/or super-sequences [ Danilevsky et al., 2014, Parameswaran
et al., 2010]. However, such heuristics can hardly differentiate the quality of, e.g., “support vec-
tor” and “vector machine” because their frequencies are so close. Finally, even if the heuristics can
indeed draw a line between “support vector” and “vector machine” by discriminating their fre-
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quencies (between 160 and 150), the same separation could fail for another case like “relational
database” and “database system.”

Using the frequency in Table 2.1, all heuristics will produce identical predictions for “re-
lational database” and “vector machine,” guaranteeing one of them to be wrong. This example
suggests the intrinsic limitations of using raw frequency counts, especially in judging whether a
sequence is too long (longer than a minimum semantic unit), too short (broken and not informa-
tive), or right in length. It is a critical bottleneck for all frequency-based quality assessment.

2.2 PHRASAL SEGMENTATION

In this chapter, we discuss how to address this bottleneck through rectifying the decisive raw
frequency that hinders discovering the true quality of a phrase. The goal of the rectification is to
estimate how many times each word sequence should be interpreted in whole as a phrase in its
occurrence context. The following example illustrates this idea.

Example2.2 Rectification Consider the following occurrences of the six multi-word sequences

listed in Table 2.1.
1. A [relational database system | for images...
2. [Database system| empowers everyone in your organization...
3. More formally, a [support vector machine| constructs a hyperplane...
4. 'The [support vector| method is a new general method of [function estimation]...
5. A standard [feature vector| [machine learning] setup is used to describe...

6. [Relevance vector machine| has an identical [functional form] to the [support vector
machine]...

7. 'The basic goal for [object-oriented relational database] is to [bridge the gap| between...

The first four instances should provide positive counts to these sequences, while the last three
instances should not provide positive counts to “vector machine” or “relational database” because
they should not be interpreted as a whole phrase (instead, sequences like “feature vector” and “rel-
evance vector machine” can). Suppose one can correctly count true occurrences of the sequences,
and collect rectified frequency as shown in the rectified column of Table 2.1. The rectified fre-
quency now clearly distinguishes “vector machine” from the other phrases, since “vector machine”
rarely occurs as a whole phrase.

The success of this approach relies on reasonably accurate rectification. Simple arithmetics
of the raw frequency, such as subtracting one sequence’s count with its quality super sequence,
are prone to error. First, which super sequences are quality phrases is a question in and of itself.
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Second, it is context-dependent to decide whether a sequence should be deemed a whole phrase.
For example, the fifth instance in Example 2.2 prefers “feature vector” and “machine learning” over
“vector machine,” even though neither “feature vector machine” nor “vector machine learning” is
a quality phrase. The context information is lost when we only collect the frequency counts.

In order to recover the true frequency with best effort, we ought to examine the context of
every occurrence of each word sequence and decide whether to count it as a phrase. The exami-
nation for one occurrence may involve enumeration of alternative possibilities, such as extending
the sequence or breaking the sequence, and comparison among them. The test for word sequence
occurrences could be expensive, losing the advantage in efficiency of the frequent pattern mining
approaches.

Facing the challenge of accuracy and efficiency, we propose a segmentation approach called
“phrasal segmentation,” and integrate it with the phrase quality assessment in a unified frame-
work with linear complexity (w.r.t the corpus size). First, the segmentation assigns every word
occurrence to only one phrase. In the first instance of Example 2.2, “relational database sys-
tem” are bundled as a single phrase. Therefore, it automatically avoids double counting “relational
database” and “database system” within this instance. Similarly, the segmentation of the fifth in-
stance contributes to the count of “feature vector” and “machine learning” instead of “feature,”
“vector machine,” and “learning.” This strategy condenses the individual tests for each word se-
quence and reduces the overall complexity while ensures correctness. Second, although there are
an exponential number of possible partitions of the documents, we are concerned with those rel-
evant to the phrase extraction task only. Therefore, we can integrate the segmentation with the
phrase quality assessment, such that: (i) only frequent phrases with reasonable quality are taken
into consideration when enumerating partitions; and (ii) the phrase quality guides the segmenta-
tion, and the segmentation rectifies the phrase quality estimation. Such an integrated framework
benefits from mutual enhancement, and achieves both high quality and high efficiency.

A phrasal segmentation defines a partition of a sequence into subsequences, such that every
subsequence corresponds to either a single word or a phrase. Example 2.2 shows instances of such
partitions, where all phrases with high quality are marked by brackets []. The phrasal segmenta-
tion is distinct from word, sentence or topic segmentation tasks in natural language processing. It
is also different from the syntactic or semantic parsing which relies on grammar to decompose the
sentences with rich structures like parse trees. Phrasal segmentation provides the necessary gran-
ularity we need to extract quality phrases. The total count for a phrase to appear in the segmented
corpus is called rectified frequency.

It is beneficial to acknowledge that a sequence’s segmentation may not be unique, for two
reasons. First, as we mentioned above, a word sequence may be regarded as a phrase or not,
depending on the adoption customs. Some phrases, like “bridge the gap” in the last instance of
Example 2.2, are subject to a user’s requirement. Therefore, we seek for segmentation that accom-
modates the phrase quality, which is learned from user-provided examples. Second, a sequence
could be ambiguous and have different interpretations. Nevertheless, in most cases, it does not
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require perfect segmentation, no matter if such a segmentation exists, to extract quality phrases.

In a large document collection, the popularly adopted phrases appear many times in a variety of

context. Even with a few mistakes or debatable partitions, a reasonably high quality segmentation

(e.g., yielding no partition like “support [vector machine|”) would retain sufficient support (i.e.,

rectified frequency) for these quality phrases, albeit not for false phrases with high raw frequency.
With the above discussions, we have the following formalization.

Definition 2.3 Phrasal Segmentation. Given a word sequence C = wjw, ... w, of length
n, a segmentation S = s152...5, for C is induced by a boundary index sequence B =
{b1,ba,....bpt1} satistying 1 = by <by <--- <byy1 =n-+1, where a segment s, =
Wp, Wh, 41 - - - Wh, +|s;|—1- Here |s;| refers to the number of words in segment s;. Since b; + [s;| =
bt +1, for clearness we use wyp, 5, ;) to denote word sequence wp, Wy, +1 *** W, +[s;|—1-

Example 2.4  Continuing our previous Example 2.2 and specifically for the first instance, the
word sequence and marked segmentation are

C = arelational database system for images
S =/ a/ relational database system / for / images /

with aboundary index sequence B = {1,2, 5, 6, 7} indicating the location of segmentation symbol

/.

— | Y
Frequeflt.Pattern - Closias Phrasal- > Phrases
Mining J Segmentation
Candidates > Feature Extraction > Features Phras.e Q.lahty
Estimation
A
Phrase

Labels > Classifier

Figure 2.1: The supervised phrase mining framework.

2.3 SUPERVISED PHRASE MINING FRAMEWORK

In this chapter, in addition to the input corpus originally mentioned in Definition 1.1, users are
required to provide a small set L of labeled quality phrases and L of inferior ones, which serves
as the training data to guide the phrasal segmentation. The supervised framework comprises the
following five steps and try to mine quality phrases following the quality criteria described in
Section 1.2.
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1. Generate frequent phrase candidates according to popularity criterion (Section 2.3.1).

2. Estimate phrase quality based on features design for concordance and informativeness cri-
teria (Section 2.3.2).

3. Estimate rectified frequency via phrasal segmentation (Section 2.3.3).

4. Add segmentation-based features derived from rectified frequency into the feature set of
phrase quality classifier (Section 2.3.4). Repeat steps 2 and 3.

5. Filter phrases with low rectified frequencies to satisfy the completeness criterion as post-
processing step.

An complexity analysis for this framework is given at Section 2.3.5 to show that both of its
computation time and required space grow linearly as the corpus size increases.

2.3.1 FREQUENT PHRASE DETECTION

The task of detecting frequent phrases can be defined as collecting aggregate counts for all phrases
in a corpus that satisfy a certain minimum support threshold 7, according to the popularity crite-
rion. In practice, one can also set a maximum phrase length w to restrict the phrase length. Even
if no explicit restriction is added, w is typically a small constant. For efficiently mining these
frequent phrases, we draw upon two properties.

1. Downward Closure property: If a phrase is not frequent, then any its super-phrase is guaran-
teed to be not frequent. Therefore, those longer phrases will be filtered and never expanded.

2. Prefix property: If a phrase is frequent, any of its prefix units should be frequent too. In this
way, all the frequent phrases can be generated by expanding their prefixes.

'The algorithm for detecting frequent phrases is given in Algorithm 1. We use C[-] to index
aword in the corpus string and |C| to denote the corpus size. The @ operator is for concatecating
two words or phrases. Algorithm 1 returns a key-value dictionary f. Its keys are vocabulary I/
containing all frequent phrases P, and words U \ P. Its values are their raw frequency.

2.3.2 PHRASE QUALITY ESTIMATION

Estimating phrase quality from only a few training labels is challenging since a huge number of
phrase candidates might be generated from the first step and they are messy. Instead of using one
or two statistical measures [El-Kishky et al., 2015, Frantzi et al., 2000, Park et al., 2002], we opt
to compute multiple features for each candidate in P. A classifier is trained on these features to
predict quality Q for all unlabeled phrases. For phrases not in P, their quality is simply 0.

We divide the features into two categories according to concordance and informativeness
criteria in the following two subsections. Only representative features are introduced for clearness.
We then discuss about the classifier in Section 14.



