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Abstract. This paper presents a method for the
automatic keyphrase extraction task using lexical
patterns. First, the patterns are obtained from a set of
data and converted into regular expression search
patterns, allowing to consider sequences of characters
that define a phrase without depending on its syntactic
or semantic characteristics and thus obtain a list of
possible candidates. Besides, to select the best, only
those that obtained a high weight will be considered, in
the following four weights: Boolean (B), Precision (P),
Recall (R), and F-Measure (F); which corresponds to the
result obtained from each evaluated pattern, therefore a
list is generating of the best 5,10 and 15 keyphrases for
each document. The evaluation of the method was
realized by length (L) and combination (C), where the
combination takes the best candidates for each length (1
to 4). The method was tested in corpus of scientific
articles using the SemEval-2010 data set for task 5.
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1 Introduction

At present, the number of digital documents has
exponentially grown due to the constant use of the
computer, resulting in the need for information,
which has become a primary activity for any aspect
of life. However, not all the information is important,
so it is necessary to identify it. This activity is
difficult for a user to perform, since in each search
for information an endless number of documents
appear that must be reviewed, hence the
importance of having a summarized form of
the document.

One way to solve this problem is through
keyphrases, words, or terms [4, 6, 19, 31], which
provide a brief way to describe the main content of
the document and thus help the user to decide if
that information is adequate for him [2, 3, 15, 24].
In this paper, we will refer to them as keyphrases.

Most of the contents of the web do not have
phrases that represent the web. However, it is
common to see them in scientific articles and news
pages, where authors are requested to provide a
list of phrases for representation [36]. The low use
of these is because it is a time-consuming activity;
in some cases, it is necessary to have experts with
knowledge in a specific domain. Therefore, efforts
have been made to find keyphrases that represent
the main content of a document [6, 29, 36]. This
activity is called keyphrase extraction, which is a
process related to human cognition, so that the
field of computational sciences has seen the need
to carry out investigations that can model this
process, through techniques thus creating the task
of automatic extraction of keyphrases. This task
generates phrases from a source document,
instead of using thesauri as a resource (keyphrase
assignment) [22, 29, 32].

Usually, the task is divided into two phases:
identification of phrases that can serve as
candidates and selection, where the importance of
the phrase is determined by scoring [22, 40].

The extracted phrases are not only used to
represent the content of a document [10].
Furthermore, they are useful for other tasks such
as indexing [21], grouping [4], classification [20],
abstract generation [33], and opinion mining [7].
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One of the characteristics that years ago was
considered relevant for the keyphrase extraction
task was frequency [29]. However, this criterion is
not the main one, since, in a text, there can be very
repetitive phrases, but it does not mean that they
are keys [37].

In [11], a method based on the generation of
lexical patterns is described, making use of
frequent maximal sequences [14] that allow
obtaining keyphrases from a text, regardless of
their frequency, resulting in a list of candidate
phrases, which will later be selected through a
ranking, considering the ones with the highest
weight as the best.

2 Related Works

Most of the papers that study the extraction of
keyphrases use data sets, mostly in English [3, 4,
22, 40], also in French [3, 9], Croatian [2] and
Chinese [41]. There are corpus for different
domains such as scientific [16, 18, 22, 40], emails
[17], social networks [1, 40], among others.

However, they are used to test and evaluate
supervised and unsupervised automatic
keyphrase extraction methods. One of the most
important supervised works within the keyphrase
extraction study is that carried out by Turney [35],
who implements a machine learning system
consisting of two sections; a genetic algorithm
called Genex and the extractor, which consists of
twelve parameters, which are adjusted by the
genetic algorithm, to later generate a list
of keyphrases.

In addition, other methods use external
resources that are dependent on the language,
such as the system called SEERLAB [34] that
integrates three components for the identification
of candidate phrases; parser, extractor, and
candidate classifier, where it trains a Random
Forestar classifier for keyphrase selection.

Phrases can be identified using sequential
patterns, which calculate the semantic relationship
between the words in a document [39].

On the other hand, there are unsupervised
methods; one of the most basic is TF [28], which is
used as a baseline to determine the acceptable
value that a system can have the task [16].
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It is considered a characteristic in some works,
where the task is considered as classification
problem [5, 17, 30].

Although there are unsupervised methods such
as TF, there are also more robust ones, such as
SemCluster [4]. First, n-grams and named entities
are obtained to use knowledge bases and identify
semantic  relationships  with  other terms.
Additionally, it uses a grouping model to
systematically identify and filter unimportant
groups of phrases, allowing only those
representing the document to be scored as
candidate keyphrases.

In [25], two techniques are used to extract
keyphrases: maximal frequent sequences and
PageRank. These are used to obtain a limited
number of text fragments called n-grams (uni-
grams, bi-grams, and tri-grams). Subsequently, a
weight is assigned to the sequences using
PageRank, and the ones with the highest value are
chosen as candidates.

Maximal Frequent Sequences (MFS) are
essential in pattern mining, and these are not a
subsequence of any other frequent sequence but
rather a compact representation of the entire set of
frequent sequences [14]. They have been applied
to different works as in [11], where a method for
detecting text fragments as a candidate for
hyperlinking is presented. First, a set of lexical
patterns is obtained, called that way because they
work at the lexical level without considering
syntactic or semantic aspects. The text should be
normalized from examples of human-generated
candidate fragments (seeds). These are tagged as
<Link>. They must also contain right and left
context, limited to 20 words that help to delimit the
beginning and the end of a text fragment that
contains a hyperlink.

The text then serves as input to the MFS
algorithm that derives the lexical patterns.
Sequences are essential since the sequential
order of the word is essential to obtain a good
pattern. These patterns become search patterns
that are applied to a set of plain text to obtain
those candidates.

The patterns have been useful in this task, and
in [13], he applies this same technique and process
to answer definition questions.
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Table 1. Examples of special characters and
normalized elements

Character Name Normalization

( Parenthesis that @PaA
opens
Two points @DP

{ Braces that open @LLA

< greater-than @MAY

\ Right diagonal @DIAD
Apostrophe @APOS

1 One @UNO

2 Two @DOS

However, in [26], he also uses this technique for
the information extraction task. These three works
have been tested with the Spanish language.

In this paper, we propose an unsupervised
method for automatic keyphrase extraction, which
consists of two essential sections; the first is the
discovery of lexical patterns, and the second is the
selection of keyphrases through a series of
weighing derived from the evaluation of
each pattern.

Our method is compared to the following novel
unsupervised approaches: Yake [12], Topic Rank
[9], Single Rank [38], and Text Rank [23], which
are implemented using the PKE library [8].

Yake is a method based on the extraction of
statistical characteristics from the text, such as
term co-occurrence; an important aspect is that not
based on the frequency of terms, which means that
conditions are not established for the minimum of
frequency that a keyword must have to be a
candidate, as is the case with our proposed
method [12].

TopicRank [9] is a graph-based method based
on the grouping of sentences as topics, calculating
weights as a function of the distances between
positions. This method relies on identifying noun
phrases, while in our method this is not a
determiner. SingleRank [38] is graph-based, which
builds a local graph for each unique document.
Also, it calculates based on the co-occurrence
relationship between two words that express
cohesion relationships.

For our method, the co-occurrence in the MFS
and the generation of lexical patterns, is important.
Finally, TextRank [23] is a graph-based model,
where the units to be classified are sequences of
one or more lexical units extracted from the text,
and these represent the vertices added to the
graph. In this way, we can say that both this
method and the proposed one take words as
lexical units. The rest of the document is organized
as follows: Section 3 describes the proposed
method for obtaining the keyphrases. Section 4 is
dedicated to experimentation and the description
of obtained results. Finally, in section 5, we give
the conclusion of the work.

3 Proposed Method

In general, the proposed method is based on six
important phases for the Automatic Keyphrase
Extraction task, where MFSs are used for the
lexical pattern discovery process, which will assist
in generating a candidate keyphrase list.

3.1 Pre-Processing

The first phase of this method is cleaning,
restructuring, and coding of the data. This step is
carried out because the MFS module does not
accept special characters. Therefore, all symbols
other than punctuation marks and numbers are
eliminated since they do not provide
relevant information.

Afterward, the accepted symbols are
normalized, transforming them into labels using
regular  expressions, which  allow their
identification; URLs, emails, and dates were
labeled. Finally, the sentences' lemmatization is
applied using Porter's stemming algorithm [27] for
each data set document.

Table 1 shows some examples of the
normalization of special characters.

3.2 Data Construction and Preparation

In this phase, from a set of data D=
{dy,d,,d; ...d;}, three more are created. The first
set Dforma IS Obtained from having applied phase
3.1in D and will be used in 3.3.
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Table 2. Example of normalization of keyphrases by length (1-3)

Long ! Keyphrase Normalization
IS ...on uddi author... ...on<KP> author...
12 ...the scalabl issu of... ...the<KP><KP>of...
13 ...Ani grid servic discoveri mechan... ...Ani<KP><KP><KP> mechan...
Table 3. Examples of lexical patterns according to their length
l Lexical Patterns
I’ Of <KP >.
12 Of <KP ><KP >,
B3 The < KP >< KP >< KP >.
1+ A< KP >< KP >< KP >< KP >,
Table 4. Example of converting lexical patterns to search patterns by length
Longl Lexical patterns Search pattern
I Of <KP> . \s+Of\s+(\w+)\s+\.\s+
I? The <KP> <KP> of the \s+The\s+(\w+)\s+(\w+)\s+of\s+the\s+
B3 A <KP> <KP> <KP> ( \s+A\s+(\w+)\s+(\w+)\s+(\w+)\s+\(\s+

Dgearen Y Deontexe bEQIN from D and a set of

keyphrases generated by an expert KPo.per¢.

These are divided by length I, in such a way that:
KP !

expertdj-
KPexpertfij must be transformed into search

keyphrases KPsearchfi_, using regular expressions,
]

which will later be identified in each D document.
D .orcnS Obtained by generating a list of

keyphrases extracted with KPsearchfi]_.

Whereas for D gniext: the keyphrases identified

with KPse,mhfij are  normalized  KPgeeqh ”

according to a tag “<KP>", which is assigned to
each word that constitutes a keyphrase.
Furthermore, for each kpmdf‘d, sequence of
/)
characters must be considered, which we name
right and left "context" consisting of 20 words each;

these will be placed in a list according to the
sentence's length [11, 13, 25].
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This set will be required for the lexical pattern

discovery phase Pj.

Table 2 shows some examples of the
normalization of KPseedfi_, which have already
/)
been pre-processed according to phase 3.1.

3.3 Lexical Pattern Discovery

In this phase, the extraction of MFS [14] is applied
iN Dyoneexe, 10 Obtain P!, of which only those that
meet the following structure are chosen:

contexty,q/ < KP >/contextge,.

From this phase, a series of patterns is
obtained, whose discovery depends on a threshold
B, where the percentage of this depends on the

amount of KPseedfi,that have been identified.
]

For example, if the amount of KPseedfii, B at1%
would be 13.5=14, this threshold represents the
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number of occurrences that an MFS must present
to consider it as a lexical pattern; this parameter is
assigned to the MFS algorithm. The following table
shows some examples of lexical patterns found
by length.

3.4 Identification of Candidate Keyphrases

The P, is converted to P, by regular
expressions; then, we can say that P,' =
Ps.aren b but the latter are transformed and applied
to the Df,pmq. to identify keyphrases KP,-dem"” a

It is important to note that ps.qrch iv , can identify
kpidem"” 4 more than once because the lexical

information can be repeated. For example, the
lexical pattern “As+Of\s+(\w+)\s+\.\s+” can find the
word "DHT" more than once in the text since the
lexical structure that identifies it is the form “OF
{DHT}.” and the word can be presented that way
more than once. However, the method is not based
on the frequency of the word, it is simply
considered as an identified phrase once pseqrcn ‘l”
finds it. Table 4 shows examples of the
transformation from a lexical pattern to a
search pattern.

3.5 Lexical Pattern Evaluation

To evaluate the performance of Psogych ', it is
necessary Dg..-.n,» Which is considered a gold
standard set, and KPident"” 4 which is the set of

phrases identified by the system. The evaluation
is carried out for each psemhév using Precision
measures (P), Recall (R), and F-Measure (F-
M) [11].

3.6 Selection and Evaluation of Keyphrases

The selection is made from KP;gen.., ;.. in Which
f)

kpl-demf”dj is assigned as weight the value of
Precision, Recuerdo, and F-Measure of the
Dsearch ﬁn by which it was extracted, this value is

taken from phase 3.5. The formulas used to obtain
the value of each psearchi‘, are shown below:

Pattern 1 OHT -
= |Doc 1] DHT pur

DHT 1
Fattern 2

> CHT  pHT _
Patterns Doc Tl pur 1 F L=2

Pattern 3

— |Doc ¢ EHT_

Fig. 1. Boolean weighting assignment process

Pattern 1 i

P=21 DHT

—=23 IDoc 1| DHT pur

DHT 21

Pattern 2

Peloy DHT BT
Patterns Doc1) oyt 15 FEI=36
P, R.FM

Pattern 3

P=0.3 DHT
—— [Doc i) g |

Fig. 2. Precision weighing assignment process

Table 5. Combinations of n-grams

Combination (C) n-gramas

Combination 1 (C1) I sp 11107

Combination 2 (C2) 14 1Py 0p 1 21

Combination 3 (C3) I3y 1) TP 31

Combination 4 (C4) Iy ap WPy op 1By 27 13

Combination 5 (C5) sy 1107 1)

Combination 6 (C6) (PR PR P

Combination 7 (C7) I 23 1117 g

L A
KPidentW djnKPexpertW d _ED
J

/KPident‘l,V djED/

P (psearch -lm: dj) = y (1)

Computacion y Sistemas, Vol. 25, No. 1, 2021, pp. 153-163
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2000
1500
—=4
1000 ——L3
12
500 ——1
0 - —

0.030.050.080.10.129D.1®.2450.5

Fig. 2. Number of patterns extracted per threshold

Table 6. Performance of the proposed method for different thresholds, combinations, and weights

Proposed Method Top 15
Author Reader Combined
Threshold
P R F-M P R F-M P R F-M

B=01C28B 6.00% 23.26% 9.54% 14.67% 18.27% 16.27% 17.27% 17.67% 17.47%
£ =0.08C2B 6.07% 23.51% 9.65% 14.00% 17.44% 15.53% 16.73% 17.12% 16.92%
B =003C2P 6.07% 23.51% 9.65% 13.80% 17.19% 15.31% 16.60% 16.98% 16.79%
B =005C2P 6.00% 23.26% 9.54% 13.67% 17.03% 15.17% 16.47% 16.85% 16.66%
B =0.125C2P 5.80% 22.48% 9.22% 13.33% 16.61% 14.79% 16.00% 16.37% 16.18%
B =016C2P 5.47% 21.19% 8.70% 12.07% 15.03% 13.39% 14.60% 14.94% 14.77%
B =0.254C6 P 5.67% 21.96% 9.01% 11.80% 14.70% 13.09% 14.53% 14.87% 14.70%

L =05C4P 4.67% 18.09% 7.42% 11.20% 13.95% 12.42% 13.27% 13.57% 13.42%

1 . g . 1
KP,gens, .0 KParperd, €D kbigent,, ” is identified by itself pseqaycr ,,, More than

R (Psearch 'y d;) = , @ once, it will be considered as an occurrence.

/KPident‘l,,d./ . . .
J Figure 1 shows the process for assigning the
» Boolean weighing:
F-M (psearch f’n’ dj) = % . (3)
. . : B ta)y=SF Ld;
In addition to the previous weights, a Boolean (Psearch 1 4)) Zk (Psearch @) ). “)
weight was added, where the value of 1, always where:

l
corresponds to KDigent,, 4 extracts 0 Psearch by (d;) = ¢,

F(psearch in‘ dj ) = {1 psearchl (dj) % ¢
m .

psearchﬁnotherwise the value will ¢, such that if

Computacion y Sistemas, Vol. 25, No. 1, 2021, pp. 153-163
doi: 10.13053/CyS-25-1-3868
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Table 7. Patterns that appear in different § for the identification of keyphrases of 1"

Patron ; § § % § § § §
Of <KP > . X X X X
The <KP > is X X X X
Of <KP >, X X X X
The < KP > of the X X X X
Of < KP > and X X X X X
(<KP>) X X X X X X
And <KP > . X X X X X
The < KP > of a X X X X X
Of <KP > is X X X X X X
The < KP > to X X X X X

Table 8. Performance of the proposed method, considering the 5 best keyphrases of the author, reader, and
combined sets

Proposed method Top 5
Author Reader Combined
Threshold
P R F-M P R F-M P R F-M
p=01C2B 8.00% 10.34%  9.02% 16.00% 6.64% 9.39% 19.60% 6.68% 9.96%
Yake [12] 9.40% 12.14% 10.60% 14.40% 5.98% 8.45% 19.00% 6.48% 9.66%
Topic Rank [9] 8.00% 10.34%  9.02% 560% 6.48% 9.16% 18.40% 6.28% 9.36%
Single Rank [38] 0.80%  1.03% 0.90% 200% 0.83% 1.17% 2.60% 0.89% 1.33%
Text Rank [23] 0.20%  0.26% 0.23% 0.80% 0.33% 0.47% 0.80% 0.27% 0.40%
After assigning the weights, if the kp;genc., , IS Figure 2 shows the process for assigning
J i i l ;
extracted by P,y ', then the sum of each of the precision weighing of kp;aent,, " with respect to the
weights must be performed, considering the value of each pseqren b, -

quantity of pseqren’, by which it was identified

K 1 As mentioned in the boolean weighting, if
Pidenty a;- KDigenty, 4. 1S Obtained by the same pyeqrcn!, more
J

) . C . than once, it will be considered as an occurrence.
Welght (kpidentw dj) = Z w (psearchmlkpidentw (5)
=1

£ : . :
€ Prorarl (@) In such a way that to identify the keyphrases, it

does not depend on the frequency that

Computacion y Sistemas, Vol. 25, No. 1, 2021, pp. 153-163
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Table 9. Performance of the proposed method, considering the 10 best keyphrases of the author, reader, and

combined sets

Proposed method Top 10
Author Reader Combined
Threshold
P R F-M P R F-M P R F-M

£=01C2B 8.00% 20.67% 11.54% 17.60% 14.62% 15.97% 20.90% 14.26% 16.95%
Yake [12] 7.40% 19.12% 10.67% 13.50% 11.21% 12.25% 17.00% 11.60% 13.79%
Topic Rank [9] 590% 15.25% 8.51% 1250% 10.38% 11.34% 14.70% 10.03% 11.92%
Single Rank [38] 0.80% 2.07% 1.15% 2.80% 2.33% 2.54% 0.20% 2.18% 2.59%
Text Rank [23] 0.70% 1.81% 1.01% 1.70% 1.41% 1.54% 2.00% 1.36% 1.62%

Table 10. Performance of the proposed method, considering the 15 best keyphrases of the author, reader, and

combined sets

Proposed method Top 15
Author Reader Combined
Threshold
P R F-M P R F-M P R F-M

p=01C2B 6.00% 23.26% 9.54% 14.67% 18.27% 16.27% 17.27% 17.67% 17.47%
Yake [12] 6.40% 24.81% 10.18% 11.47% 14.29% 12.73% 14.67% 15.01% 14.84%
Topic Rank [9] 5.20% 20.16% 8.27% 10.53% 13.12% 11.68% 12.80% 13.10% 12.95%
Single Rank [38] 1.07% 4.13% 1.70% 2.87% 357% 3.18% 3.47% 3.55% 3.51%
Text Rank [23] 0.73% 2.84% 1.16% 1.80% 2.24% 2.00% 2.20% 2.25% 2.22%

kpidentf,, 4 has in the document, but on the number

of patterns by which it is extracted.

4 Experimentation

4.1 Data

From this phase, we obtain KPngiate., .-
J

where the top 5, 10 and 15 with the best score for
each document are considered. In addition, seven
phrase combinations were created according to "
(1-4 grams) as shown in table 5.

Finally, KPcandidatefMj is evaluated using the

measures of Precision (P), Recall (R) and F-
Measure (FM).
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This article uses the SemEval-2010 dataset for
task # 5. It has 284 scientific articles, of which 100
are for tests, 144 for training, and 40 for validation.
It also contains a set of gold standard keyphrases,
assigned by author, reader, and combined
(assigned by author and reader) for each article.
The reader phrases were generated by 50 student
annotators from the University of Singapore, where
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the main objective was to obtain keyphrases from
any section of the document. However, the
indication was not fully considered, thus having
15% of keyphrases assigned by the reader and
19% assigned by author that do not appear in the
document; due to this, the maximum memory that
the participating systems could have reached it
was 81% and 85% [16].

4.2 Results

Our method was tested with eight thresholds, of
which n number of patterns were generated
according to a g threshold. Figure 2 shows the
number of patterns obtained per threshold.

As can be seen in the figure, the lower the
threshold, the greater the number of patterns that
can be obtained. However, these patterns are
already beginning to depend on the context and
domain of the documents, which is why it was
considered that the best threshold is not the one
with the greatest number of patterns, but the one
with the greatest number. The best was g = 0.1 for
the top 15. Table 6 shows the results obtained for
the keyphrases by author, reader, and combined,
referring to the best performance for each
threshold and combination, as well as weighing.

The results show that the best keyphrases are

obtained from weighing B with threshold g = 0.1
and C2. However, it can be observed that the
results have a variation concerning  due to the
amount and type of patterns discovered.
This is because the patterns are sequences of
characters with a percentage of the frequency with
respect to 3, as shown in section 3.3. That is why
in some f patterns can coincide, as shown in Table
7, where examples of patterns are given to identify
the sentences of [1. If a pattern is found in more
than one f as is the case in the examples “(<KP>)"
and “OF <KP> IS”, we can consider these patterns
to be relevant for the identification of keyphrases.

Table 8 shows the results obtained from our
method for the top 5 of the sets, author, reader, and
combined, and we compare them with four
unsupervised methods.

It can be seen that the proposed method has an
F-M value of 9.96% for the top 5 in the set of
combined phrases, which places us in the first
position of this ranking.

The methods with which we compare were
implemented from the PKE toolkit [8], which is
developed in Python for the automatic extraction of
keyphrases, each of the methods consists of
different parameters. For Yake, stoplist = ‘english’,
selection n = 3, window = 2, threshold = 0.8 and
extraction n = 15 were used. Topic Rank; pos =
{NOUN', 'PROPN', 'ADJ}, stoplist = ‘english’,
method = 'average’, threshold = 0.7 and extraction
n = 15. Single Rank; pos = {NOUN', 'PROPN',
'ADJ'}, window = 10, normalization = "stemming"
and extraction n = 15. Lastly, TextRank; pos =
{NOUN', 'PROPN' 'ADJ}, window = 2,
normalization = "stemming", top_percent = 0.33
and extraction n = 15.

Tables 9 and 10 show the top 10 and 15, where
our method continues to retain the first position.

5 Conclusions

This paper presents a method for extracting
keyphrases using lexical patterns. The results
prove that this proposed method and the weights
used to identify keyphrases are useful for the task.
We can also see that the best weighting was
boolean, which considers a positive or negative
value when the phrase is or is not detected by a
certain search pattern.

However, the importance of the threshold with
which the patterns are extracted must be
considered, since the lower S the patterns are
content dependent, while, being smaller, they are
more general and only consist of punctuation
marks and stopwords.

In addition, in the same way, it can be
considered that the keyphrases identified by our
proposed method do not depend on the frequency
of the word, but on the search pattern that identifies
it, therefore we can conclude that a keyphrase
should not only be a frequent word in the text, but
it can also appear only once and be considered
highly relevant.

Finally, through our method, we discover that a
pattern can appear in more than one threshold,
which we consider important since we can mention
that the pattern's lexical structure is constant, and
it is more likely that a keyword can be contained in
these contexts lexicons.
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As a future work, we test lexical functions [42]

and content-based characteristics [43].
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