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Abstract: In this work, we present a comparative analysis of three algorithms
for automatic keyword extraction: The first algorithm consists on simple fre-
quency n-gram counts from the text; the second one uses Maximal Frequent
Sequences to find relevant words, and the third one is an algorithm based on the
complex network model: A complex network is built from bigrams in a text,
then the density coefficients of this network for each node (word) are calcu-
lated. The relevant words are considered those with a higher density coefficient
against a given threshold. The evaluation method used for comparing these al-
gorithms is coverage, as defined in the Document Understanding Conferences
(DUC). This coverage measure is determined by the number of overlapping
words between the words selected as relevant by each algorithm and a summary
model provided by humans (300 documents from DUC 2001). Our experiments
show that the algorithm with better performance was Maximal Frequent Se-
quences.

Keywords: Automatic keyword extraction, Complex Networks, Maximal Fre-
quent Sequences.

1 Introduction

Nowadays, the number of documents available electronically has grown considerably;
searching, retrieving or indexing information in such a huge amount of text becomes
then a complex task. The usage of keywords is an aid to make these tasks simple and
fast.

Keywords within a document are relevant words that provide information about the
content or the subject of such text. These words allow people to find in the pool of
documents the information they are searching for. Search engines benefit also from
the usage of keywords. When keywords are used, it is possible to obtain finer results
in shorter time. A keyword can be a unique word (bodies), a morphologic root or stem
(bodi), a lemma (body) or even a phrase (The human body, the network).

Extracting keywords manually might seem a trivial task if the number of docu-
ments is small, but for hundreds of documents, this task becomes tedious and costly.

* Work done under partial support of CONACYyT, IPN (PIFI, SIP, COFAA), and SNI. Mexico.

© A. Gelbukh, A. Kuri (Eds.) Received 20:0607
Advances in Artificial Intelligence and Applications Accepted 31 08:07
Research in Computer Science 32, 2007, pp. 297-304 Final version 21:10 07



298 Mayra A. Paredes-Farrera, Hiram Calvo

Because of this, it is convenient to create algorithms to allow the extraction of these

words automatically.
There are several techniques that implement the extraction of keywords in different

ways. Usually implemented techniques are based on frequencies—count of the num-
ber of repetitions of words [9] . In some cases the count of frequencies is enough to
fulfill some particular goal [8, 11, 17], but for certain task a more complex techniques
are needed [10, 15].

Most of the recent techniques for automatic keyword extraction such as [7, 6 and
14] preprocess the text before extracting the keywords. This pre-processing consists
of eliminating stop-words and phrases that begin or end with a stop-word; defining a
set of PoS tag sequences; extracting all the words or sequences of words that match
any of these; and even marking NP-chunks in the text. We are interested in perform-
ing automatic keyword extraction without the need of text pre-filtering, as this latter

task would require resources which are language dependent.
In this work, we make a comparison between three techniques for automatic key-

word extraction (extracting only one-word keywords). These techniques are based on
n-grams (NGs), Maximal Frequent Sequences (MFS) [5] and Complex Network

Models (CNM) [16].
Roughly, in NGs, all 2-grams 3-grams, up to 7-grams are extracted from the text.

The obtained n-grams are ordered according to its frequency, and subsequently a
threshold is used to decide which words are relevant.

For the algorithm based on MFS's, the algorithms first extract sequences from 2 to
7 n-grams from existing words in the text. To determine the relevant words, we define
a minimum frequency threshold o that each sequence in the document must surpass.

The CNM is based on concepts of complex networks following the notion that de-
spite of its complexity, the human language can be represented with the use of graphs
(networks). The words in human language interact in sentences and the co-ocurrence
of words in sentences reflects language organization in a subtle manner that can be
described in terms of a graph of word interactions [16]. CNM uses clustering coeffi-
cients of each word and extracts the relevant words that have a coefficient that ex-
ceeds a defined threshold.

The remaining of this paper is organized as follows: the next sections explain the
algorithms to be evaluated: sections 2 to 4 describe the NGs, MSF and the CMN algo-
rithms respectively, followed by the results of our experiments in Section 5. Finally,
conclusions and future work are presented in Section 6.

2  N-Grams Algorithm

An n-gram is a contiguous sub-sequence of n items or elements from a given se-
quence. The underlying idea of the N-grams model (NGs) applied to text is to obtain
all sequences of adjacent words (given a window size) which appear together within a
text. Punctuation is not considered. A frequent sequence of words contains mostly
relevant words for that particular text.

The window size of n-grams can be an arbitrary number ranging from 2 up to the
size of the text. For n=2 we have bigrams, which are sequences of two adjacent
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words; trigrams are sequences of three words and so on. In Figure 1 we show an ex-
ample of the extraction of n-grams corresponding for an example text.

Text:

A coalition offmembersiof Congress announced . . .

;‘:2 (?,ig,"’"‘s)i ™ [Aicoalition of members|ofiCongress announced . . .
co(;cl,i(ai (;tr:o(r:f n=3 (t(igrams): T O T e R b
of members A coalition of n=4 (four-grams):

coalition of members A coalition of members
. coalition of members of

n = window size
of members of Congress

Figure 1. Example of adjacent n-grams extraction

3 Maximal Frequent Sequences Algorithm

For our purposes, we consider a Maximal Frequent Sequence (MFS) as a chain of
words that appear often and are not contained in any other longer frequent sequence
in a document collection. A sequence is considered to be frequent if it appears in at
least o documents, when o is the frequency threshold given [2]. MFS are described by
the following definitions:

Assume § is a set of documents, and each document consists of a sequence of words.

Definition 1 4 sequence p= a, ... ay is a subsequence of a sequence q if all the items
a, 1<i<koccur in q and they occur in the same order as in p. If a sequence p is a
subsequence of a sequence q, we also say that poccurs ing.

Definition 2 4 sequence p is frequent in S if p is a subsequence of at least o docu-
ments of S, where o is a frequency threshold given.

Definition 3 4 sequence p is a maximal frequent (sub) sequence in S if there does not
exist any other sequence p’ in S such that p is a subsequence of p’ and p’ is frequent
inS.

The pseudocode of the Bottom-up algorithm [12] (taken from [1]) that we imple-
mented to obtain the MFS is shown in Figure 2.

Input: A set of sequences, a frequency threshold
Output: A set of maximal frequent sequences

1. Collect all items of the input sequences, count them
and select the frequent ones.
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2. Build candidates sequences of length k+1 from fre-
quent sequences of length k, where k is the number
of words.

3. Prune a candidate if some subsequence is infrequent.

4. Count the occurrences of the candidate sequences in
the input and select the sequences that are fre-
quent.

5. If any sequences are left, go to Step 2.

6. Choose the maximal frequent sequénces.

4 Complex Network Model Algorithm

The Complex Network Model (CNM) algorithm is based on concepts of complex
networks and small-worlds. A complex network is a network (graph) with a non-
trivial topological structure; the complex network built from a text presents small-
world’s (SW) characteristics The SW pattern can be detected from the analysis of
two basic statistical properties: the clustering coefficient C and the path length d [16].
Antiqueira et al. [3 and 4] have modeled the text as a complex network. They show
that it is possible to use this model to find solutions to diverse problems for natural
language processing tasks.

In particular, TextRank [14] uses graphs for keywords and sentence extraction. The
model we present here is similar to TextRank, but it is simpler in the sense that we do
not consider the damping factor which has the role of integrating into the model the
probability of jumping from a given vertex to another random vertex in the graph. In
addition, we are not preprocessing the text (stop-word filtering, PoS tagging) because
doing so would require language-dependent resources while we are searching for gen-
eral language algorithms,

The graph for the language in a text (Q.), can be defined by Qi = (W), E,), where
W,={w}, (i=1,..., N) is the set of Ni words, and E;={{ w;, w; }} is the set of edges
or connections between words. &; = {w;, w;}, (ij=1,..., N) indicates that there is an
edge between words w; and w;, where &;=1 if a link exists and 0 otherwise. An edge
is defined in this case as the existence of a bigram with frequency > 0 for the words w;
and w;. The number of links per word is k. The set of nearest neighbors of a word
w; € W[, as defined by l"i={/' ] éij =] }

For the purpose of finding relevant words we calculated the clustering coefficient
for each word. The clustering coefficient is defined as the number of connections be-
tween the words w; € W as defined in equations (1) and (2).

)

L =Z_Ifij Z‘f/k

kel j<k
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4.1  Details of Implementation

In order to build the network or graph for a text with the Complex Network Model
algorithm, first we extract all the bi-grams from the text with their corresponding
number of co-occurrences (frequencies). From the obtained data a non-directed graph
is constructed. Each node from this graph represents a word, whereas every link of the
node represents the adjacency of two words from each bigram. Each link is weighted
by the number of times that the corresponding bi-gram appears in the text.

The clustering coefficient is calculated for each node (word) in the network and

sorted in reverse order as show in Figure 4. Words with a clustering coefficient
greater than 0 are considered relevant.

Input: “Opponents of
any sort of gun control

write . . ." Nodes: words
Edges: link adjacent word
Bigrams: Weights : frequency

of<>the<>10 27 46
the<>Second<>7 49 7
right<>to<>5 8 16
letter<>writer<>3 3 3
gun<>control<>3 7 4

Output:
Cc(authors): 596
Cc(Second): 522.66
Cc(Constitution): 480
Cc(National: 392

Ce(old) 6
Cc(public): 6

Complex Network Model

Fig. 2. Diagram of the CNM implementation. Darker links show a greater frequency of occur-
rence for particular bigrams in a text. Cc(word) is the clustering coefficient of word.

5 Experiments

We experimented with the available 300 documents from the Document Under.stand-
ing Conference 2001 (DUC). The DUC is a series of evaluations of automatic text
summarization systems organized by the National Institute of Standards and Technol-
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ogy (NIST). Each document (body) has a summary model (abstract) written by hu-
mans; the documents topics are varied, as well as the size of each document. The av-
erage length of the documents is 762 words, ranging from 4580 words to 138 words.

Evaluation measure: The evaluation method we used for comparing these algo-
rithms is coverage, as defined in DUC. This coverage measure is determined by the
number of overlapping words between the relevant words chosen by each algorithm,
and the abstract of each document. We rely on the idea that abstracts contain the most
relevant keywords for a text. Precision is defined as a measure of the proportion of

selected items that the system got right:
p (©))
p+fp

Recall is defined as the proportion of the target items that the system selected:

precision =

4

recall =
Ip

+ fn

F-measure is a single measure of overall performance, combine precision and re-
call and as defined by:

F =2-(precision-recall )/(precision+ recall ) ©)

We define our baseline as choosing all words from the document; that is, the inter-
section of the body document with its abstract.

The documents (body) were processed with the three algorithms and the results ob-
tained were compared with the abstracts for each document. Each word selected as
relevant by an algorithm and found in the abstract scored a positive point; whereas
each word selected as relevant and not found in the abstract scored a negative point.
This measured the precision of the relevant words selected. Additionally, we meas-
ured recall by comparing the words found in the abstract (as if it were a gold-standard
for keywords). If the algorithm finds a word that is in the abstract, it scored a positive
point. Otherwise, each word found in the abstract and not selected by the algorithm

scored a negative point.

Text: Techniques Output Evaluation
Opponents of any sort
of gun control write M S F
passionately,
but, judging from their
letters (*Smile When NGs A |
You Say Gun
Control," Jan. 14), they
don't read well. C N M

GRS

Figure 3. Experiment steps.
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In Table 1, we show the results of our experiments obtained applying each one of
the three algorithms to the DUC documents.

Table 1. Results of our experiments with the three algorithms.

Algorithm Precision Recall F-measure
Body (baseline) 38.08 74.31 49.92
MFS 60.34 24.85 34.16
CNM 62.92 13.09 20.48
NGs 43.09 25.01 317

6 Conclusions and Future Work

We have presented a comparison between three techniques for automatic keyword
extraction. Our results show that the algorithm with better performance considering
both precision and recall was MFS. The baseline has the highest f-measure. It might
seem that none of the algorithms was able to perform better than the baseline, how-
ever if we examine the precision column, we can see that the baseline has a very low
precision, It is expected for most of the keywords from the abstract to be present in
the body text. In this case, the coverage is high, but this also means that the keyword
set contains many non-relevant words.

The algorithm using CNM has a lower combined performance; however it has the
highest precision of all algorithms. This is because this algorithm obtains few but pre-
cise data. The results obtained by this algorithm are useful for certain applications
which rely more on data precision than quantity.

Our experiment considered up to 7-grams. We shall experiment with greater n-
gram sizes, as well greater window sizes to allow gaps in the n-grams.

As a future work we plan to evaluate directly with professional indexer keywords
instead of comparing against abstracts. Another improvement is to consider the
neighbors that are close to the each node, as well as the node itself for calculating the
clustering coefficient; this might yield a higher recall. In addition we might experi-

ment with finding paths between highly clustered nodes using algorithms based on
random walks.
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