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Abstract. This paper proposes an effective scoring scheme for feature selection
in Text Mining, using characteristics of Small-World Phenomenon on the se-
mantic networks of documents. Our focus is on the reservation of both syntactic
and statistical information of words, rather than solely simple frequency sum-
marization in prevailing scoring schemes, such as TFIDF. Experimental results
on TREC dataset show that our scoring scheme outperforms the prevailing
schemes.

1 Introduction

In text mining, a scoring scheme weights how much a word can represent the context.
Scoring schemes are used, for example, to select representative features (words) of
the context. These features can be utilized to extract keywords and summarize docu-
ments, or to measure text similarity.

Currently, most scoring schemes are based on statistical or specific structural in-
formation. One thing usually lost in these schemes is ordinal information, implying
syntactic and semantic information between words. These schemes have drawbacks
when applied to a huge number of less structured documents with millions of words,
as in a large book archive. Moreover, statistical information is usually set-related.
Even if a part of a document changes, the entire data set needs rescoring. In these
cases, results of similarity analysis and keyword extraction are far from satisfaction.

The same challenge emerges in our project', China-US Million Book Digital Li-
brary project [1], with roughly 400,000 digital books amounted to 44.6TB presently.
This is the first large international DL cooperation project, aiming at organizing one
million Chinese or English books online.

Towards this end, we propose a novel set-independent semantic scoring scheme.
This scheme is based on the Small-World Phenomenon (SWP) on complex networks,
using both statistical and syntactic information. Moreover, the scoring of each docu-
ment is independent. To attest the effectiveness of this scheme, we propose a Fully
Automatic Metadata-Extracting Algorithm (FAMEA). Experimental results indicate
that our scoring scheme returns results in up to 20% rank and set size as in TFIDF.
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Section 2 summarizes the current scoring schemes. Section 3 outlines our scoring
scheme. Section 4 applies this scheme in keyword extraction of documents. Section 5
describes an experiment on the effectiveness of this scheme.

2 Related Works

Prevailing scoring schemes can be divided into three kinds: freq-based, structural, and
information-theoretic. The first class is based on frequency information. Methods can
be Term Frequency (TF), TFIDF, or BM25. They are widely used document rele-
vance analysis [16] and ranking schemes in Information Retrieval (IR). Secondly,
some schemes involve specific structure information [17]. Ironically, this information
also limits the application of these algorithms. Rooted from Information Theory, the
last kind puts more emphasis on Information Gain, Mutual Information, or Odds
Ratio [16]. The key process is the estimation of priors. The most related work of scor-
ing scheme is the HAL model [18], where a fixed-length sliding window is proposed
to capture ordinal information.

Currently, a body of literatures is on the study of complex networks analysis, in-
cluding some on lexical analysis of words, such as Associative Network [2], WordNet
[3], but few use SWP to extract metadata. Zhu et al [4] use SWP to extract keywords
of Chinese news web pages, but they apply to a small dataset and lack of considera-
tion of unconnectedness, computational complexity of SWP.

Automatic extraction/assignment of metadata is a hot issue nowadays. Most litera-
tures extract information from tagged documents (HTML files [14, 15]), semi-
structured files (papers [17]), but few in extraction from more free text, such as text of
books, let alone large eBook archive. Some of them still use semi-automatic ap-
proach, called interactive training or annotation. Books possess biggest capacity but
least structural info, requiring a more effective extraction algorithm.

3 Semantic Network Model on Small-World Phenomenon (SWP)

Rather than simply as isolated points or linear sequence, we view the original text as a
semantic network — words as vertices and relationship between vertices as edges. We
can score the nodes in these networks by studying the structure of the networks. To
study the infrastructure of these networks, the SWP can be a powerful tool. The SWP,
also known as the Six Degree Separation Rule, is found to be a common phenomenon
in complex networks: networks with large amount of vertices still have small average
minimum path length L, and high clustering coefficient C [8]. Concluded from Table
1, SWP happens in our semantic network model.

There are two ways to establish relationship between words: Structuralist Seman-
tics and Co-occurrences. Structuralist Semantics builds networks on the grounds that
neighboring words have syntactic or semantic relationship [5, 6], while Co-
occurrence presumes that co-occurrence in some linguistic units (chapter, discourse,
paragraph, and sentence) or in a fixed distance is semantically indicative [4, 7, 18].
Because of the huge size of our data set, we choose syntactical relationship, construct-
ing a more convincing and concise semantic network than co-occurrence.
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As described in [6], 70% of dependencies are between neighboring words, 17% at
a distance of 2. Cancho et al [5] summarize all syntactical relation within distance 2.
Interestingly, we find that after StopWord-filtering (most adverbs, articles, preposi-
tions, and modals are omitted), nearly all syntactical relation at a distance of 2 is
shortened to 1. Because of this, FAMEA considers only neighboring relationship in
the same sentence to establish relationship between words. This relationship holds
several properties: transitivity, undirected and uniformly weighted.

Table 1. Stats of dynamics 41100 semantic networks, sampled from 3707 eBook in our data
set, where m stands for the number of edges, n for vertices, and CC for Connected Components

X L C n m n*/m CcC
EX 4.240 0.653 565.3 1219.4 262.10 1.207
DX 1.164 0.067 625.4 1940.0 481.78 0.763

Our scoring scheme relies on several dynamics as defined bellow, with the help of
some traditional dynamics, such as TF, degree to filter (see in Section 4).

Characteristic Path Length (average shortest path length) L [8]. L(v) denotes the
average length of shortest paths started from vertex v, and L is the average of L(v)
among all vertices in the network. They are defined as:

2d0v)

L(v,):L,
n—1
> L)
L= vieV
—

Clustering Coefficient C [8]. C(v) depicts how fully connected vertex v and all its
neighbors behave, and C averages C(v) in the scope of all vertices. They are defined
as bellow, where R, is the number of pair-bonding links among v, and its / neighbors,
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Efficiency E [9]. E measures how efficiently information is exchanged over the
network: the longer L is, the lower E becomes. They are defined as:
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Traffic T(v) [10]( Betweeness Centrality B(v) [11]). T(v) sums the number of trajec-
tories passing through vertex v, and so identifying the most active hubs, while B(v)
measures the number of shortest path length passing through vertex v. Since shortest
paths contribute more to the tightness of networks than usual paths, B(v) defeats T(v).

To figure out a dynamic to weight vertices, Watts and Strogatz [8] define a key
vertex as a shortcut in a Growth Model (a network grows from a node to a graph):
shortcuts are vertices that decrease L drastically. Keywords in our model conduct
similarly, but are viewed in a Decadence Model, because we care the status quo more
than the evolving process of the network. If these key vertices are removed, L soars,
and even the network collapses. In consideration of unconnectedness of our semantic
network, we define L as a “harmonic mean” geodesic distance (a variation from [11]).
Note that distances of cycles are excluded to avoid infinity (while in [11] they are
included):

L=1/E

-1 1 4
—n(n—-1) =
5 ( )

Actually, L is a variant harmonic mean of L(v). According to our experiment re-
sults, this definition unexpectedly performs slightly better AL than L. Therefore, we

define AL, as

AL, =L'-L,, where L, denotes L' after removing nodev ,

and to measure the importance of words in different contexts, we f define this score
function S(v) of vertex v as:

AL
Sv)=——=.
(v) I

In a word, there are three main assumptions in our semantic network model on
SMP: (1) words in a document can characterize it; (2) neighboring in the same sen-
tence after filtering depicts syntactic relationship between words concisely and con-
vincingly; (3) the tighter a semantic network connects, the greater the SWP emerges,
indicating a more conspicuous topic. The likelihood of summarizing a text with a
word lies in the role it plays in the elasticity and cliquishness of the entire semantic
network.

4 Fully Automatic Metadata-Extraction Algorithm (FAMEA)

Based on this semantic network model, we can easily weight the importance of each
word in the context and select features. There are three usages of these features. First
in ranking schemes and the like, use them as property values to calculate the similar-
ity as in VSM model. Secondly, reduce the dimension of the context, generate a fea-
ture set, and categorize it. Finally, extract keywords to represent the context.

To implement this scheme, there are three main challenges. First, the computa-
tional complexity of calculating L is a NP-problem. In graph theory, the most famous
and efficient algorithm to summarize lengths of all shortest paths is Floyd Algorithm,
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which takes O(n’). It will be an intolerable experience for one to extract metadata
from a book comprising millions of words. Furthermore, we need to design an effec-
tive data structure to store millions of vertices and edges. Finally, unconnectedness is
an easily ignored issue in Complex Network Analysis, confining the use of L.
However, these networks possess several important features: (1) Sparsity. Given n
vertices, a graph can have maximum n” edges, but m, the number of edges in networks
with SWP is far less than n°, that is m<<n’. (2) Uniformly weighted and undirected.
FAMEA reduces the computational complexity effectively, using these features.

Chapter . Building B
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" . U art
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2.Filter StopWords —» 2,Add Edges mpeme.: [ 2.DeStem
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3.Score Vertex
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Fulltext
el ("]
DB
Fig. 1. Workflow of FAMEA. With inputs of contexts, FAMEA outputs extracted keywords.

FAMEA starts in splitting context into words. Before adding words into semantic
network, FAMEA omits the words in StopList, including letters, adverbs, preposi-
tions, auxiliary verbs, articles, pronouns. Caldeira et al [7] have proved that this filter-
ing treatment does not modify general behaviors of the network. Since most source
books are in English, FAMEA uses PorterStermmer [12] to map words to their stems.

Vertices Edges

=

Original Semantic Network

l=3 ol B--§ B
=

Fig. 2. Structure of Adjacent Multilist

After preprocessing, context becomes a sequence of filtered word, and neighboring
words in one sentence have syntactical relationship. FAMEA stores vertices and
edges in Adjacent Multilist, to reduce computational complexity of space. Since spar-
sity of SWP, m<<n’, the possibility of memory overflow plummets.

Then to avoid unconnectedness, FAMEA initializes each vertex as a connected
component. When an edge is introduced and this pair of vertices is in different com-
ponents, the component in smaller size will be merged into the other. Facts turn out
that most semantic networks in our project are really unconnected. To facilitate the
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summarization of L, some researchers [4] resort to weighted summary of all con-
nected components, but the tuning of weights will be state-of art. We observe that in
our data, most networks have a main connected component with more than 95% ver-
tices of it (shown in Table 1). Steyvers and Tenenbaum [13] have the same discovery
in WordNet and Roget’s thesaurus, up to even 99% of 22,000 and 29,000 vertices,
and conclude this as a main property of SWP. Note that in statistics in Table 1, only
11.5% has a CC more than 1, and 96.9% among which have m/n less than 2, that is,
they are approximately linear contexts. Henceforth, most of the semantic networks
can be pruned into a main branch. As a result, FAMEA prunes the branches with
vertices bellow 5%.

Though calculating L is an NP-problem, Semantic Network model here possesses
several important features: (1) Sparsity: m<<n’. (2) Unweighted and undirected.
Noticing these features, by breath-first searching through Adjacent Multilist, FAMEA
effectively reduces the computational complexity from O(n”) to O(mn), and the best

n(n+1)

time cost for summarizing L will be k , where k is the average time cost for a

distance. It is common that a context has a vocabulary of millions of words, yet not all
of them need a further investigation. Note that the chances are very minute that words
with very low TF or degree are keywords. We discover that most keywords have TF
ranking above 25% of all, obeying the 20-80 Rule in statistics, and FAMEA filters
vertices lower than this.

Destemming is an ill-posed problem (one-to-many mapping). Currently FAMEA
destems words by searching words with the stem and picks up the word with highest
TF or is probable involved in a keyphrase, and partially stems it out of forms like
plural form of nouns and —ing, -ed tense forms of verbs. FAMEA ranks sequential
words on the basis of their harmonic mean of scores, and links some top percent of
them. We define the score of a word sequence with length n as:

"
n 1
= S(v, )
Humpheys [14] has proved this equation to be reasonable, yet there is one more ra-

tionale in our case. Note that in scoring result (Section 3), harmonic mean definition
of AL, outperforms algebraic mean one, as well as phrase linking. This might be more

Stv,...v,) =

than coincidence. After mapping the candidate phrases back to context, if it really has
PF (Phrase Freq.) higher than a threshold, it will be selected as a keyphrase.

5 Experiments

Since it is hard to attest the effectiveness of the scoring scheme directly, we carry out
experiments on FAMEA. Because of the absence of authoritative test set for keyword
extraction, we spilt the task into two: one to attest the result in a single book, and the
other in information retrieving of AQUAINT (a news document set included in
TREC).
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Experiment 1. Attest the individual result of feature extraction in eBooks.

Table 2 bellow is an example result of automatically extracted keyword of
FAMEA. The title of this book is “Price responsiveness of world grain market”, and
the authoritatively assigned subjects by the Library of Congress in USA are “Grain
trade”, “Intervention (Federal government)”, and “Elasticity (Economics)”. All key-
words bellow are top 7 in score of the entire book. We can witness the keywords
share some semantic similarity with the title and subject field of the book.

Table 2. Simplified Example Result of FAMEA. Figures in the first two columns are bookID.

country import | government price economy | variability | elasticity
0.06802 | 0.05995 0.04110 0.03257 | 0.03217 0.03194 0.02664

Experiment 2. Attest the overall performance when applied to retrieve in AQAINT.

Data Generation. Since the aim of TREC is to test the availability of information
rather than summarization, we choose the highest related topics and documents,
though it is still challenging to match poorly performed topics of the robust track. Our
test set includes 50 topics from TRECO5 Robust Track (having a matching score at 2
in the test set), and 2098 corresponding documents from AQAINT (including NYT,
APW, and XIE). As a baseline, we implement FAMEA with the most popular scoring
scheme TFIDF, and we denote SW as our scoring scheme.

Evaluation Measure. To evaluate the improvement, we retort to three measures:
the ranking of the query word in the feature set, the normalized weight of the query
word, and the size of this feature set. As for the queries that are missing from the
feature set, we grant them the size of the set as its ranking and a zero value weight.
We use the normalization factor as in vector space,

Stv;)

1/isz(vk)
=1

oSy iE} oS
LI Lty 0% BIFLL

Sw,)=

- 3 | | || ||| || | | | |||| |||I | i

P35S TOUMIBITHABBTBIBHITNLLEL
Qery

T3S T OIINI5IT 192123252729 30 33 3537 36 41 43
Query

(a) (b) ()

Fig. 3. Query-averaged results of Experiment 2. (a)Comparison of the size of feature set.
(b)Comparison of rankings of queries. (c)Comparison of weights of query words. The left and
lighter-colored column is SW, and the right and darker one is TFIDF.
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Results. Results are shown in the three figures above. We can witness great im-

provements in rankings (usually SW is 1/2 to 1/5 of TFIDF) and sizes of feature set
(TFIDF is usually 5 times of SW). In addition, in most cases, weights of SW are far
bigger. In a word, SW greatly improves the performance of the ranking and scoring.

6 Outlook

We are currently working on setting up benchmarks or testbeds for keyword extrac-
tion. We are also moving to applying this semantic scoring scheme and FAMEA to
other fields, such as text categorization and eBook retrieval systems.
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