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Abstract—In text mining processes, temporal text mining have
attracted considerable attention as an one of the important
issues for finding remarkable terms with temporal patterns in
temporal set of documents. Although importance indices of the
technical terms play a key role in finding valuable patterns from
various documents, temporal changes of them are not explicitly
treated by conventional methods. Since those methods depend on
particular index in each method, they are not robust in changes of
terms. In order to detect remarkable temporal trends of technical
terms in given textual datasets robustly, we propose a method
based on temporal changes in several importance indices by
assuming the importance indices of the terms to be a dataset.
Our empirical study shows that two representative importance
indices are applied to the documents from a research area. After
detecting the temporal trends, we compared the emergent trend
of the technical phrases to some emergent phrases given by a
domain expert.

Index Terms—Text Mining, Trend Detection, TF-IDF, Jaccard
Coefficient, Linear Regression

I. INTRODUCTION

In recent years, the development of information systems in
every field such as business, academics, and medicine, and
the amount of stored data have increased year by year. Accu-
mulation is advanced to document data by not the exception
but various fields. Document data provides valuable findings
to not only domain experts in headquarter sections but also
novice users on particular domains such as day trading, news
readings and so on. Hence, the detection of new phrases and
words has become very important. In order to realize such
detection, emergent term detection (ETD) methods have been
developed [1], [2].

However, because the frequency of the word was used
in earlier methods, detection was difficult as long as the
word that became an object did not appear. In addition, most
conventional methods do not consider the nature of terms and
importance indices separately. This causes difficulties in text
mining applications, such as limitations on the extensionality
of time direction, time consuming post-processing, and gener-
ality expansions. After considering these problems, we focus
on temporal changes of importance indices of phrases and
their temporal patterns. Temporal change of the importance
indices of extracted phrases is paid attention so that a specialist
may recognize emergent terms and/or such fields. The detected

terms and their patterns lead to capture human recognition
behind the given documents.

In this paper, we propose a method for detecting trends
of phrases by combining term extraction methods, importance
indices of the terms, and trend analysis methods in Section
III. Then, by considering the titles and abstracts of the IEEE
Transaction of SMC 1 as an example, two kinds of temporal
trends of extracted phrases based on two importance indices are
presented in Section IV. With referring to the result, we discuss
about the feasibility of the proposed method by comparing
the phrases showing an emergent trend with the emergent
technical terms provided by a domain expert in Section V. In
this section, we also discuss the advantage of the computational
complexity of the proposed framework. Finally, in Section VI,
we summarize this paper.

II. RELATED WORK

There exist some conventional studies on the detection
of emergent terms/themes/topics in textual data. As the fist
step, Lent et. al [1] proposed a method for finding temporal
trends of words. Then, by applying various metrics such as
frequency [3], n-gram [4], and tf-idf [5], researchers developed
some emergent term detection (ETD) methods [2]. In [6]
and [7], they suggested a method for finding emergent theme
patterns on the basis of a finite state machine by using Hidden
Markov Model (HMM) as one of the advanced ETD method.
Topic modeling [8] is a related method from the viewpoint of
temporal text analysis. In these methods, researchers consider
the changes in each particular index of the terms rather than
considering the nature of the terms in each language model.

Further, in the field of natural language processing, there
are studies to find out meaningful terms in a document [9],
[10]. One method to do so is based on χ2 statistics of
co-occurrence of nouns. Nakagawa [10] proposes a method
of determining meaningful terms on the basis of adjacent
frequency of compound nouns. By focusing on the methods for
finding out meaningful terms consisting of two or more words
on the basis of co-occurrence, Matsuo et. al [11] suggested a
method for extracting technical terms consisting of co-existing
nouns by calculating χ2 statistics on a contingency matrix of
occurrences of each pair of nouns in a given corpus.

1http://www.ieeesmc.org/
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In conventional studies on the detection of emergent words
and/or phrases in documents such as Web pages and particular
electronic message boards, researchers did not explicitly treat
the trends of the calculated indices of words and/or phrases.
However, on the basis of two different techniques, we consider
a method for detecting temporal trends of phrases that consist
of from two to nine words. We have focused on short phrases
because a considerably long phrase may be a pattern including
grammatical structure and anonymous words, as shown in [7].

III. METHOD OF DETECTING TRENDS OF TECHNICAL

TERMS BASED ON IMPORTANCE INDICES

In this section, we describe a method for detecting various
temporal trends of technical terms by using multiple impor-
tance indices consisting of the following three subprocesses:

1) Technical term extraction in a corpus
2) Importance indices calculation
3) Trend detection

There are some conventional methods of extracting techni-
cal terms in a corpus on the basis of each particular importance
index [2]. Although these methods calculate each index in
order to extract technical terms, information about the impor-
tance of each term is lost by cutting off the information with
a threshold value. We suggest separating term determination
and temporal trend detection based on importance indices. By
separating these phases, we can calculate multiple types of
importance indices in order to obtain a dataset consisting of
the values of these indices for each term. Subsequently, we can
apply many types of temporal analysis methods to the dataset
based on statistical analysis, clustering, and machine learning
algorithms. An overview of the proposed method is illustrated
in Fig.1.
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Fig. 1. An overview of the proposed remarkable temporal trend detection
method.

First, the system determines terms in a given corpus. There
are two reasons why we introduce term extraction methods
before calculating importance indices. One is that the cost

of building a dictionary for each particular domain is very
expensive task. The other is that new concepts need to be
detected in a given temporal corpus. Especially, a new concept
is often described in the document for which the character is
needed at the right time in using the combination of existing
words. Therefore, we apply a term extraction method that is
based on the adjacent frequency of compound nouns. This
method involves the detection of technical terms by using the
following values for each candidate CN :

FLR(CN) = f(CN) × (
L∏

i=1

(FL(Ni) + 1)(FR(Ni) + 1))
1
L

where f(CN) means frequency of the candidates CN , and
FL(Ni) and FR(Ni) indicate the frequencies of the right and
the left of each noun Ni. In order to determine terms in this part
of the process, we can also use other term extraction methods
and terms/keywords from users.

After determining terms in the given corpus, the system
calculates multiple importance indices of the terms for the
documents of each period. As for importance indices of words
and phrases in a corpus, there are some well-known indices.
Term frequency divided by inversed document frequency (tf-
idf) is one of the popular indices used for measuring the
importance of the terms. tf-idf for each term t can be defined
as follows:

TFIDF (t) = TF (t) × log
|Dperiod|
DF (t)

where TF (t) is the frequency of each term t in the corpus with
the documents included in each period as |Dperiod|. DF (t) is
the frequency of documents including t, which consists of the
L words as shown in wi. In the following experiments, we
set up the threshold for FLR as FLR > 1.0 to extract terms
from the whole set of documents.

As another importance index, we use Jaccard’s matching
coefficient [12] 2. Jaccard coefficient can be defined as follows:

Jaccard(t) =
DF (w1 ∩ w2 ∩ ... ∩ wL)
DF (w1 ∪ w2 ∪ ... ∪ wL)

where DF (wi) means the number of hit documents in the
corpus Dperiod for the word wi. Each value of Jaccard coef-
ficient shows strength of co-occurrence of multiple words as
an importance of the terms in the given corpus. Further, in the
proposed method, we can assume the degrees of co-occurrence
such as the χ2 statistics for terms consisting of multiple words
to be the importance indices in our method.

In the proposed method, we suggest treating these indices
explicitly as a temporal dataset. Fig.2 shows an example of the
dataset consisting of an importance index for each year.

Then, the method provides the choice of some adequate
trend extraction method to the datasets. In the following case
study, we apply the linear regression analysis technique in
order to detect the degree of existing trends based on the two

2Hereafter, we refer to this coefficient as “Jaccard coefficient”.
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Fig. 2. Example of a dataset consisting of an importance index.

importance indices. The degree of each term t is calculated as
the following:

Deg(t) =
∑M

i=1(yi − ȳ)(xi − x̄)
∑M

i=1(xi − x̄)2

where x̄ is the average of the M time points, and ȳ is the aver-
age of each importance index for the period. Simultaneously,
we calculate the intercept Int(t) of each term t as follows:

Int(t) = ȳ − Deg(t)x̄

IV. EXPERIMENT: DETECTING REMARKABLE TRENDS OF

TECHNICAL PHRASES IN TWO TEMPORAL SETS OF

DOCUMENTS

In this experiment, we show the results of detecting two
trends by using the method described in Section III. As the
input of temporal documents, annual sets of titles and abstracts
of TSMC from 1996 to 2006 are taken.

We determine technical terms by using the term extraction
method [10]3 for each entire set of documents.

Subsequently, the values of tf-idf and Jaccard coefficient
are calculated for each term in the annual documents on each
corpus. To the datasets consisting of temporal values of the
importance indices, we apply linear regression to detect the
following two temporal trends of the phrases: Emergent and
Subsiding.

A. Extracting technical terms

We use the titles and the abstracts of all parts (A, B, and C)
of the IEEE Transactions on SMC from 1996 to 2006 as the
corpus. The description of the corpus is shown in TABLEI.

TABLE I
DESCRIPTION OF THE NUMBERS OF THE TSMC CORPUS.

.

Year Abstract Title
# of documents # of words # of documents # of words

1996 165 22,271 165 1,510
1997 177 24,884 177 1,697
1998 233 32,633 233 2,290
1999 223 31,714 223 2,150
2000 226 32,083 226 2,231
2001 214 30,434 214 2,119
2002 201 30,366 201 2,231
2003 209 33,213 209 2,065
2004 370 58,876 370 3,773
2005 276 43,504 276 2,664
2006 139 22,975 139 1,410

TOTAL 2,433 362,953 2433 23,852

3The implementation of this term extraction method is distributed in http:
//gensen.dl.itc.u-tokyo.ac.jp/termextract.html (in Japanese).

As for the sets of documents, we assume each title and
abstract of the articles to be one document. Note that we do
not use any stemming technique because we want to consider
the detailed differences in the terms.

By using the term extraction method with simple stop word
detection for English, we extract 52,235 terms from the TSMC
abstracts. Similarly, 5,511 terms are extracted from the TSMC
titles.

B. Results for automatically extracted terms

By using the degree and the intercept of each term, we
attempt to determine the following two trends:

• Emergent

– sorting the degree in ascending order
– sorting the intercept in descending order

• Subsiding

– sorting the degree in descending order
– sorting the intercept in ascending order

Fig.3 and Fig.4 shows the top phrases of the two trends
based on the two importance indices respectively.

�

��

��

��

��

��

��

	�

�
��
�
��
��
�	

�
��
�
��
��
�


�
��
�
��
��
��

�
��
�
��
��
��

�
��
�
��
�





�
��
�
��
�


�

�
��
�
��
�


�

�
��
�
��
�


�

�
��
�
��
�


�

�
��
�
��
�


�

�
��
�
��
�


	

Fig. 3. Example of the trends based on tf-idf values in the TSMC corpus.
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Fig. 4. Example of the trends based on Jaccard coefficient values in the
TSMC corpus.
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As shown in these charts, the trends of the extracted phrases
are represented by an importance index. According to the de-
grees and the interruptions of each importance index calculated
by using linear regression, we identify both emergent phrases
and subsiding phrases in each temporal set of documents.

TABLEII shows top ten terms extracted from the TSMC
abstracts, these tables show the two trends based on the two
importance indices. The top ten terms extracted from the
TSMC titles are shown in TABLEIII.

The phrases selected on the basis of the degree and the
averaged values of each importance index are very similar to
each other in the TSMC abstracts and the TSMC titles.

The difference between the two sets of documents is related
to the object of each article because of the difference between
the phrases detected by the two important indices. In the TSMC
abstracts and the TSMC titles, the two different importance
indices detected almost the same phrases for both the emergent
and the subsiding trends. Therefore, we should select an
appropriate importance index to the given temporal sets of
documents.

In order to extract the other remarkable trends in the tempo-
ral changes of the importance indices, we should consider their
statistical features such as average, minimum, and maximum
values.

V. DISCUSSION

A. Comparing the above results to the emergent terms given
by a domain expert

In order to compare the trends based on the importance in-
dices with a human criterion, we consulted emergent technical
terms/research areas provided by a domain expert. He provided
20 keywords related to his emergent research areas.

TABLEIV shows the result of the degrees and the inter-
cepts of the eleven years’ importance indices values for the
keywords.

As shown in TABLEIV, our method detected more than
a half of the keywords appeared in each set of documents
as ‘Emergent’. The trends detected by the two importance
indices represent the same trends in the same sets of documents
respectively. Comparing the degrees of each keyword on the
titles and the abstracts, the trend of ‘autonomous robotics’ is
different in each set of documents. The computation time for
these keywords is linearly decreased, because it only depends
on the number of input terms in this method.

However, the extracted technical terms do not cover every
term that is provided by the domain expert. We improve this
term extraction phrase by introducing other term extraction
criteria, such as χ2 statistics, Web based keyword expansion
[13], [14].

B. Comparison of time complexity for post-processing

Focusing on the post-process to interpret the output from
ETD methods, the proposed method reduces the time com-
plexity dramatically. The worst order of the post-processing of
ETD methods based on trends of words is O(2n), where n is
the number of words. Since a domain expert should interpret

each meaning of the combinations between emergent words
and the other words, the cost of the post-processing increases
exponentially. In contrast, by using the proposed method, a
domain expert can interpret the trends of m phrases, which
were determined by a term extraction method. The order of
time complexity is O(m). Usually, the number of extracted
terms m is very smaller than the number of combinations of the
n words. If there is no suitable phrase in the extracted phrases,
the user can get the trend of multiple importance indices of a
phrase O(1) by assuming the time complexity depends only
on the human interpretation procedure. Alternatively, the user
can find similar phrases in the candidates, and then the user
may revise the given corpus to another one.

VI. CONCLUSION

In this paper, we proposed the method to detect trends of
technical terms by focusing on the temporal changes of the
importance indices. We implemented the method by combin-
ing the technical term extraction method, the two important
indices, and linear regression analysis.

The case study shows that the temporal changes of the
importance indices can detect the trend of each term, according
to the degree of the values for each annual document. The
emergent terms, which detected by a domain expert, are ranked
as the terms with increasing degrees of the importance indices.
Regarding to the result, our method can support to find out
trends of terms in documents based on the temporal changes
of the importance indices.

In the future, we will apply other term extraction methods,
importance indices, and trend detection method. As for impor-
tance indices, we are planning to apply evaluation metrics of
information retrieval studies, probability of occurrence of the
terms, and statistics values of the terms. To extract the trends,
we will introduce temporal pattern recognition methods, such
as temporal clustering. Then, we will apply this framework to
other documents from various domains.
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