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Abstract 

 This research presents endeavors that seek to identify the emerging topics for 
researchers and pinpoint research intelligence via academic papers. It is intended to 
reveal the connection between topics investigated by conference papers and journal 
papers which can help the research decrease the plenty of time and effort to detect all 
the academic papers. In order to detect the emerging research topics the study uses the 
Bayesian estimation approach to estimate the impact of the authors and publications 
may have on a topic and to discover candidate emerging topics by the combination of 
the impact authors and publications. Finally the research also develops the 
measurement tools which could assess the research potential of these topics to find the 
emerging topics.  

 This research selected huge of papers in data mining and information retrieval 
from well-known databases and showed that the topics covered by conference papers 
in a year often leads to similar topics covered by journal papers in the subsequent year 
and vice versa. This study also uses some existing algorithms and combination of 
these algorithms to propose a new detective procedure for the researchers to detect the 
new trend and get the academic intelligence from conferences and journals. The 
research uses the Bayesian estimation approach and citation analysis methods to 
construct the prior distribution and likelihood function of the authors and publications 
in a topic. Because the topics published by these authors and publications will get 
more attention and valuable than others. Researchers can assess the potential of these 
candidate emerging topics. Although the topics we recommend decrease the range of 
the searching space, these topics may so popular that even all of the impact authors 
and publications discuss it. The measurement tools or indices are need. But the 
current methods only focus on the frequency of subjects, and ignore the novelty of 
subjects which is critical and beyond the frequency study or only focus one of them 
and without considering the potential of the topics. Some of them only use the curve 
of published frequency will make the index as a backward one. This research tackles 
the inadequacy to propose a set of new indices of novelty for emerging topic detection. 
They are the novelty index (NI) and the published volume index (PVI). These indices 
are then utilized to determine the detection point (DP) of emerging topics. The 
detection point (DP) is not the real time which the topic starts to be emerging, but it 
represents the topic have the highest potential no matter in novelty or hotness for 
research in its life cycle. Different from the absolute frequent method which can really 
find the exact emerging period of the topic, the PVI uses the accumulative relative 
frequency and tries to detect the research potential timing of its life cycle. Following 
the detection points, the intersection decides the worthiness of a new topic. Readers 
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ix 

following the algorithms presented this thesis will be able to decide the novelty and 
life span of an emerging topic in their field. The novel methods we proposed can 
improve the limitations of impact factor proposed by ISI. Besides, it uses the impact 
power of the authors and the publication in a topic to measure the impact power of a 
paper before it really has been an impact paper can solve the limitations of Google 
scholar’s approach. We suggest that the topic oriented thinking of our methods can 
really help the researchers to solve their problems of searching the valuable topics. 

Keywords: Topic discovery and tracking, data mining, information retrieval, 
Bayesian estimation, academic intelligence, novelty index, published volume index, 
citation analysis. 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

x 

中文摘要 

  偵測新興議題對於研究者而言是一個相當重要的問題，研究者如何在有限

的時間和資源下探討同一領域內的新興議題將比解決已經成熟的議題帶來較大

的貢獻和影響力。本研究將致力於協助研究者偵測新興且具有未來潛力的研究議

題，並且從學術論文中探究對於研究者在做研究中有幫助的學術智慧。在搜尋可

能具有研究潛力的議題時，我們假設具有研究潛力的議題將會由同一領域中較具

有影響力的作者和刊物發表出，因此本研究使用貝式估計的方法去推估同一領域

中相關的研究者和學術刊物對於該領域的影響力，進而藉由這些資訊可以找出未

來具有潛力的新興候選議題。此外就我們所知的議題偵測文獻中對於認定一個議

題是否已經趨於成熟或者是否新穎且具有研究的潛力仍然缺乏有效及普遍使用

的衡量工具，因此本研究試圖去發展有效的衡量工具以評估議題就本身的發展生

命週期是否仍然具有繼續投入的學術價值。 

 本研究從許多重要的資料庫中挑選了和資料探勘和資訊檢索相關的論文並

且驗證這些在會議論文中所涵蓋的議題將會領導後續幾年期刊論文相似的議

題。此外本研究也使用了一些已經存在的演算法並且結合這些演算法發展一個檢

測的流程幫助研究者去偵測學術論文中的領導趨勢並發掘學術智慧。本研究使用

貝式估計的方法試圖從已經發表的資訊和被引用的資訊來建構估計作者和刊物

的影響力的事前機率與概似函數，並且計算出同一領域重要的作者和刊物的影響

力，當這些作者和刊物的論文發表時將會相對的具有被觀察的價值，進而檢定這

些新興候選議題是否會成為新興議題。而找出的重要研究議題雖然已經縮小探索

的範圍，但是仍然有可能是發展成熟的議題使得具有影響力的作者和刊物都必須

討論，因此需要評估議題未來潛力的指標或工具。然而目前文獻中對於評估議題

成熟的方法僅著重在議題的出現頻率而忽視了議題的新穎度也是重要的指標，另

一方面也有只為了找出新議題並沒有顧及這個議題是否具有未來的潛力。更重要

的是單一的使用出現頻率的曲線只能在議題已經成熟之後才能確定這是一個重

要的議題，使得這種方法成為落後的指標。 

 本研究試圖提出解決這些困境的指標進而發展成衡量新興議題潛力的方

法。這些指標包含了新穎度指標、發表量指標和偵測點指標，藉由這些指標和曲

線可以在新興議題的偵測中提供更多前導性的資訊幫助研究者去建構各自領域

中新興議題的偵測標準。偵測點所代表的意義並非這個議題開始新興的正確日

期，它代表了這個議題在自己發展的生命週期上最具有研究的潛力和價值的時間

點，因此偵測點會根據後來的蓬勃發展而在時間上產生遞延的結果，這表示我們

的指標可以偵測出議題生命力的延續。相對於傳統的次數分配曲線可以看出議題

的崛起和衰退，本研究的發表量指標更能以生命週期的概念去看出議題在各個時

間點的發展潛力。本研究希望從這些過程中所發現的學術智慧可以幫助研究者建

構各自領域的議題偵測標準，節省大量人力與時間於探究新興議題。本研究所提
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出的新方法不僅可以解決影響因子這個指標的缺點，此外還可以使用作者和刊物

的影響力去針對一個尚未累積任何索引次數的論文進行潛力偵測，解決 Google 
學術搜尋目前總是在論文已經被很多檢索之後才能確定論文重要性的缺點，學者

總是希望能夠領先發現重要的議題或論文。然而，我們以議題為導向的檢索方法

相信可以更確實的滿足研究者在搜尋議題或論文上的需求。  

關鍵字:議題的發現與追蹤、資料探勘、資訊檢索、學術智慧、貝氏估計、新穎

度指標、發表量指標、引文分析。 
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Chapter 1 Introduction 

 The growing pervasiveness of information technologies and Internet indicates 
that research is increasingly focusing on discovering academic connections between 
investigations. Thelwall (2005) concluded that scientific web intelligence 
encompasses all technologies that obtain academic intelligence from the webs. In 
other words, the relationships among the papers can be discovered from the 
hyperlinks in the webs. This conclusion naturally follows from the basic principle of 
citation analysis that an article cited many times is more likely to have scientific value 
than an uncited article. Therefore, hyperlinks and citations form endorsements that 
increase the value of web pages and papers more valuable. These instruments will 
help researchers extract research intelligence behind the papers. 

 The research tries to find out the research intelligence involving information 
retrieval, especially the emerging topic of detection problem which is an important 
issue of information retrieval. Unlike the past works, the study also develops 
measurement tools which are indices that would determine whether the proposed 
topic is emerging or not. The study also investigates the relationships between 
conference papers and journal papers to find out the leading trend of the academic 
papers. If we are able to discern the leading trend behind academic papers, such a 
discovery will relieve researchers of significant effort and time in detecting emerging 
topics in the huge database. And then the publications and authors that possess the 
potential of the leading tread will be detected to find out the proposed topics. The 
proposed topics will be measured by the emerging topic indices to examine if the 
topic has excellent prospects or has already taken place. Finally, the study will help 
the researchers to decrease the survey domain but can find the potential emerging 
topic in their domain and save the time and resources by the academic intelligence we 
propose. 

 The research includes three major parts of the research intelligence involving 
information retrieval. The first part is to investigate the relationships between 
academic papers which are the journal papers and conference papers. The connection 
between the academic productions inspires this research to explore the connections 
between papers. The methodologies of information retrieval can be exploited to 
discover the relationships between the published papers throughout the topics of 
papers in the database. The connections between conference papers and journal papers 
can help researchers to discover the academic intelligence, and help them to the 
deeper research works. 

 The second part of the research is to detect the impact research topics of a 
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discipline based on the impact authors and publications may have in the same field. 
This discipline is called detecting emergent research topics via the Bayesian 
estimation of author-publication correlations. This part takes the academic position of 
the same field authors and publications into account. The topic with the powerful 
author and popular publications in the field will generate more attention than the other 
topics, that is to say, the proposed topic may become the hot and important one. The 
study will examine the proposed topic using the emerging topic detection indices 
which will introduce in the third part to detect its potential to be prominent. Finally 
the research will validate the precision and recall rate of proposed topics between 
conference papers and journal papers.  

 The third part is to track the evolution of a discipline which is called the 
developent of the emerging topic detection index. Tracking the evolution of a 
discipline is important to researchers and scholars (Lee et al., 1997). Many 
researchers accumulate their knowledge by experience or use state-of-the-art 
techniques to investigate trends and identify new research topics. However, before a 
new research topic was identified, years passed before researchers identified the topic. 
Relatively, it is always that when a topic is in great demand; in other words, over hot 
and it started to attract the attention of many researchers. It is always a backward 
index. As the number of papers discussing the same topic increases, their influence 
decreases. Consequently, this part of study develops a novel topic-detection index that 
uses automatic approaches to help researchers detect topics and make proper 
decisions before a topic becomes popular. 

 This study explores the connections between the academic publications. The 
methodologies of information retrieval and data mining can be exploited to discover 
the relationships between published papers among all topics. By discovering the 
connections between conference papers and journal papers, researchers can improve 
the effectiveness of their research by identifying academic intelligence. 

  This study discusses how conference papers and journal papers are related. The 
topics of conference papers are identified to determine whether they represent new 
trend discussed in journal papers. An automatic examination procedure based on 
information retrieval and data mining is also proposed to minimize the time and 
human resources required to predict further research developments. This study 
develops a new procedure and collects a dataset to verify those problems. Analytical 
results demonstrate that the conference papers submitted to journal papers are similar 
each year. Conference papers certainly affect the journal papers published over three 
years. About 87.23% of data points from papers published in 1991–2007 support our 
assumption. The research is intended to help researchers identify new trend in their 
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research fields, and focus on the urgent topics. This is particularly valuable for new 
researchers in their field, or those who wish to perform cross-domain studies. The 
research will help researchers to build their own domain emerging topic detecting 
indices, construct the procedure to examine leading trend in their field and find out 
the authors and publications with the impact to discover emerging topics in reduced 
but nonetheless sufficient databases. 

 The goal of this research is fourfold: First, the research investigates if the 
conference papers’ themes lead the journal papers’ and examines how the new 
research themes can be identified from the conference papers. Second, the work uses 
the Bayesian estimation to connect the powerful authors and publications in some 
field and find out the impact research topics which we also call the candidate 
emerging topics. Third, the research tries to propose the emerging topic indices for 
researchers to assess the potential of the research topics. Finally, the study combines 
the results of the leading trend of academic papers, the candidate emerging topics by 
impact authors and publications, and the emerging topics indices to help researchers 
identify the research intelligence in topic detection problems. 

1.1 Research Background 

 Citation analysis was initially proposed by sociologist Robert Merton, and stated 
that citations form cognitive links between cited and citing papers, (Thelwall, 2005). 
In other words, authors judge two papers to have important connections with each 
other. The principle of citation analysis has since been extended to many applications. 
Tho et al. (2007) combined ontology, data mining and information retrieval to search 
for professional techniques in the same filed from citations. Felix et al. (2005) 
adopted information visualization approaches to discover hidden connection between 
papers in different fields based on citation analysis, thus improving the depth of 
research. 

 Conversely, the citation analysis could extend to web applications with 
hyperlinks. Researchers can analyze hyperlinks to discover modern web intelligence. 
Thelwall (2004) discussed whether that universities who submit more papers to 
publications also publish more papers on the web. Such information is useful for 
determining whether citation analysis and hyperlink analysis are valuable in searching 
out academic intelligence in references to the papers or links between web pages, 
respectively. This academic intelligence establishes the criteria for measuring 
academic value. Additionally, these criteria also push the government, universities and 
researchers to measure the academic value of their work. 

 However, whether papers create academic intelligence through their relationships 
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is an interesting issue. This study explores the relationships between conference 
papers and journal papers. The value of topics of conference papers in predicting 
those of journal papers is investigated. An automatic detective procedure based on 
information retrieval is also proposed. Such research requires long academic 
experience, and taking time to study papers, in order to gain sufficient enough ability 
to predict the publishing trends in the same field. Unfortunately, insufficient time and 
people are available to perform this task. The procedure proposed by the research 
could help researchers avoid the complicated TDT (Topic Detection and Tracking) 
approaches, and to obtain the keywords of the trend of journal papers. These make the 
researches’ discussion fit in with academic trends.  

 TDT is an important filed which discusses the tracking evolution of a topic. It 
originated in 1996 when the DARPA (Defense Advanced Research Projects Agency) 
A pilot study in 1997 (Allan et al., 1998) laid down the essential ground work, 
generating a small corpus and establishing a durable system. TDT research flourished 
during 1998 and 1999 (Lee, Lee & Jang, 2007). But it is still stayed in the target of 
the news story.  

 Lee et al., (1997) started to discuss the evolution of the topics which discipline is 
management of information systems (MIS). They found journals and magazines 
focusing on different themes with the former focusing on conceptual and abstract 
models while the latter devoting attention to specific applications. Significantly, 
academic themes show more variance over time. Their work started to discuss about 
the trend of MIS topic but lacked the TDT techniques to help they deal with the 
time-consuming work.  

 Swan and Allen (2000) started to address the issue of how to automatically 
overview timelines of a set of news stories. They used the 2X -method to identify at 
each time a burst of feature terms that more frequently appear than at other times. 
Kleinberg (2002) proposed a method for analyzing document streams. Morinaga & 
Yamanishi (2004) improved the Kleinberg’s approach.  

 There are more relative works produced. We could roughly separate those 
methods into three groups: (1) text mining and data mining approaches such as 
(Hatzivassiloglou et al., 2000), (Franz & McCarley, 2001), (Kollios et al.,2003), 
(Clifton, et al., 2004), (Kuramochi & Karypis 2004), (Ozmutlu 2006), (Aurora et al., 
2007) and (Chou & Chen, 2008), (2) Time-line burst detection of feature terms and 
the measurement such as (Manmatha et al., 2002), (Yang et at., 2005), (Wang et al., 
2007), (Chen et al., 2007) and (3) Combined content analysis or link analysis such as 
(Stokes & Carthy, 2001), (Yang et al., 2002), (Wu, et al., 2004), (Ozmutlu & Cavdur 
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2005), (Jin et al., 2007), (Steyvers et al., 2007), (Jo et al., 2007), (Nallapati et al., 
2008), (Ontrup et al.,2008) and (Zhang et al., 2008).  

 The developed emerging topic detection indices work is classified into the 
category of the time-line burst detection of feature terms and the measurement which 
major work is tracking the topic whether it emerges or not whereas others put more 
effort on topic detection while it burst to be a new one. Besides, while the degree of 
impact authors and publications may have are factored in, the academic position of 
each topic is also taken into account in the research. The study suggests that detecting 
results will hence be more precise. 

 (Steyvers, et al., 2004) started to discuss the relationships between the research 
topics and the authors. They used the Markov chain Monte Carlo algorithm and 
applied their methodology to a large corpus of 160,000 abstracts and 85,000 authors 
from the database and learned a model with 300 topics. But they just found out the 
connections between the topics and the authors. (Jo, et al., 2007) extended the 
research topics via the correlation between citation graphs and texts. The significant 
contribution of their work is the separation of the topical words and common words 
even though they all have high frequencies. In other words, high frequency of a term 
by itself cannot be seen as the deciding factor for the determination of topics. More 
tacit knowledge of the topics and citations should be considered. Although Chen’s 
study (Chen, et al., 2007) still concentrated on the new topics but the pervasiveness 
and topicality concepts of each topic based on the spread degree of the channel had 
begun to be considered. We extend those concepts and complement the lacks of their 
works to propose the emerging research topics detecting approaches. 

1.2 Research Issue 

 The research issues could be illustrated in three major parts: (1) identifying 
research intelligence between conferences and journals, (2) detecting candidate 
emerging research topics via the Bayesian estimation of author-publication 
correlations, (3) developing the emerging topic detection indices.  

1.2.1 Research Intelligence between Conferences and Journals 

 Academic papers are generally categorized as conference papers and journal 
papers. These two classifications have features, based on their diverse objectives and 
functions. The aim of this study of first part is to determine whether the conference 
papers are helpful for predicting the topics of journal papers. The research also 
intends to help researchers identify the transition of new trend in their fields. The 
topics of the papers are utilized as the index to identify their contents. The topics of 
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conference papers are then adopted to predict those of journal papers. The 
experimental results demonstrate that the conference papers are useful for predicting 
the topics of journal papers. The properties of conference papers and journal papers 
are discussed below. 

 Conferences are forums for scholars of specific fields of studies. A conference 
paper focuses on the core subject of conference. Many scholars publish their latest 
research in conference papers, which can then be discussed among renowned scholars 
in their particular field of study. Research topics acquired through this channel are 
then employed as the basis for papers later submitted to journals. 

 Given that conferences are held regularly, the research topics discussed in 
conference papers are subject to current times, making them volatile, but typically 
novel. Since conferences are reconvened regularly, conference papers are reviewed 
much more rapidly than journal papers. Therefore, the research topics of a particular 
field of study are likely to be published and deliberated within the year, making the 
topics in conference papers volatile and novel. 

 The acceptance of conference papers are accepted generally depending on the 
novelty of the topic, rather than the application of strict research methods. Since 
conference papers are published regularly, the number of articles collected over the 
period normally exceeds the number published in journals. Furthermore, the routine 
convention of conferences means that a certain number of conference papers are 
guaranteed to be published and accepted. The short span of time between publications 
means that there is little time to practice meticulous research methods. Therefore, the 
assessment of papers addresses the value of the topic itself more than the precision of 
research details during an assessment.  

 Journal papers are papers published in academic journals. In general, journal 
papers are subject to a far more meticulous set of assessing standards than conference 
papers. Journal papers do not have the pressure of regularly publishing deadlines 
based on routine conference dates, although all academic journals have copy 
deadlines for editions. Additionally, journal papers have differences in nuance from 
the regular reconvention and publication of conference papers.  

 Journal papers are academic papers that undergo strict assessment procedures. 
Many journal papers subject to extensive systems will undertake various procedures. 
Committee members in charge of assessing journal papers also input suggestions. 
Researchers must continually edit their work until it coincides with the suggestions of  
the committee members. Additionally, since the number of publications included in a 
single edition of an academic journal is less than the number of conferences held in a 
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year, academic journals can be regarded as the second stage of screening for 
conference papers.  

 Journal papers lack the volatility and novelty observed in conference papers. 
Although academic journals are released on set dates, journal papers are submitted 
according to the researchers’ schedule. The committee members only begin their 
assessment and review after the researcher has submitted the paper. The 
editor-in-chief first makes a preliminary assessment. The paper is then reviewed by an 
expert in the area of study, otherwise known as the advisory editor, for a second stage 
of assessment. Additionally, the time taken to review conference and journal papers 
varies. Resubmitting papers after editing is also time-consuming. Therefore, 
researchers are clearly likely to take longer to publish a journal paper, even though 
academic journals are released according to set dates. The amount of time invested in 
this lengthy process usually adds up to over a year, sometimes as much as two to three 
years. Research topics for journal papers are thus less novel or time-concurrent than 
conference papers.  

 Conference papers and journal papers are correlated. Many researchers first 
publish their research topics as a conference paper. The authors then edit the papers to 
the journal format and submit it after receiving remarks from fellow scholars in the 
same area of studies. The journal paper goes through a series of assessment 
procedures, and is further edited in accordance with committee members’ suggestions. 
Finally, the paper is accepted and published in an academic journal, helping fellow 
scholars to generate further knowledge in the future. It is a simple fact that researchers 
normally publish an early version of their research first in a conference proceeding 
and then a more complete version later in a journal. This pattern indicates that 
conference papers represent the beginning of any research process if this pattern was 
to be followed. However, whether the inspiration for research is inspired by the 
conference paper, with its capacity for creative topics, or by the journal paper, which 
is abided by strict and precise research methods, is an interesting question. The two 
types of paper seem to correlate. This relationship can be further broken down into 
four categories: 

 Conference papers published in advance create a new trend, affecting 
conference papers that follow. 

 Conference papers published in advance create a new trend, affecting 
journal papers that follow. 

 Journal papers published in advance create a new trend, affecting 
conference papers that follow. 

 Journal papers published in advance create a new trend, affecting journal 
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papers that follow. 

 Different disciplines may include varying correlations between conference 
papers and journal papers. Observation results of this study demonstrate that the 
above four types of correlation between conference papers and journal papers may 
follow different principles, depending on alternate disciplines and fields of studies, 
since each field of study has a different research culture. 

 For instance, scholars in accounting generally take prominent journal papers as 
the most important basis of references. In contrast, conference papers are usually 
publications of research results and topics that lack maturity. Therefore, the 
mainstream research discussions in the discipline of accounting rely heavily on 
significant journal papers, because documents built on meticulousness and precision 
are more likely than those based on innovative research topics to dominate the 
mainstream in this particular discipline.  

  The opposite is the case in computer science (computer science, computer 
science and information engineering, management of information systems), where the 
innovation in a topic is the most important factor in the acceptance of conference 
papers. Researchers in this particular area are fairly interested in new topics, since 
fresh issues symbolize the uncovering of new territory. Innovative research topics 
suggest many problems have yet to be discovered or solved, and such problems often 
generate heated deliberations in computer science. 

 The research question is to discuss whether conference papers represent the new 
trends among academic papers. Table 1-1 show the four descriptors of correlations 
between conference and journal papers are mentioned above. 

Table 1-1 The Four Categories of Correlations Between Conference Papers and Journal Papers. 

 
Conference papers Journal papers 

Conference papers  C→C J→C 

Journal papers C→J ˇ J→J 

 There are indeed some leading categories between the conference papers and 
journal papers.  

 The conference papers lead the conference papers which we called C→C. 
 The conference papers lead the journal papers which we called C→J. 
 The journal papers lead the conference papers which we called J→C. 
 The journal papers lead the journal papers which we called J→J. 

Leading 
 Following  
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The researchers most care about is which one could stand in the leading time and 
the leading trend position could be established firmly. The lack of C→C is researchers 
almost think the journal papers are more validating than conferences. The J→ C have 
the time lag since the turn around time of journal papers always longer than 
conference papers, which we call time lag. Also the J→J have the same problem with 
time lag. 

Based on the property of conferences and journals, the C→J without the time lag 
problems and the trend of journal could convince the scholars to establish the research 
position. If we could make sure the relation of C→J, it could help the researchers to 
detect the new trend in conference papers and verify in the journal papers. The 
conference papers could be the leading indicator. This study focuses on identifying 
academic papers that seed trends for a particular domain of study by exploring the 
relationship between conference papers and journal papers. A conference paper 
appears to mark the beginning of a research process. Therefore, we believe that 
conference papers represent trends in the overall focus of academic papers.  

Searching for research topics for the new trend is a significant issue. Searching 
and discovering research topics for the new trend is vital to many researchers. Each 
researcher must cite references of papers as the basic assumption in citation analysis. 
Hence, some interplay exists between conference and journal papers. Clearly, the 
issues that are most widely discussed are the ones that have the most impact in a field. 
The researchers attempt to solve the most urgent and popular issues first. The 
contribution and impact of this like of issues is bigger. In contrast to non-urgent issues, 
papers that explore current issues have high acceptance rates. The experiment data are 
presented by a matrix, with the columns representing features and rows representing 
papers. This matrix can describe the features of each paper with features, and 
therefore can be used to calculate the number of papers with each feature. Finally, the 
Cosine Similarity between annual conference papers and journal papers can be 
obtained using a unit of measurement in year. 

 The topics for the conference papers in the sequential year are investigated to 
identify any similarities. The research findings strongly support the assumption: 
87.23% of the data nodes in 1990–2007 demonstrate that the topic for one year 
influences topics in future years. These findings indicate that researchers can 
recognize new trends in research topics in conference papers. Furthermore, massive 
data can be efficiently processed automatically by computing the similarities between 
conference papers and journal papers, pinpointing the keywords and topics that would 
most often appear in future journals. 
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 The goal of this part is fourfold: First, the research investigates if the conference 
papers’ themes lead the journal papers’. Second, the research examines how the new 
research themes can be identified from the conference papers. Third, the research 
looks at a specific area such as information retrieval and data mining as an illustration. 
Fourth, the research studies any inconsistencies of the correlation between the 
conference papers and the journal papers.  

1.2.2 Detecting Candidate Emerging Research Topics via the Bayesian Estimation of 
Author-Publication Correlations. 

 Recently, topic detection has become a very active area of research due to its 
utility for information navigation, trend analysis, and high level description of data. 
The past approaches only considered the topic-author relation. The improved method 
could help researchers distinguish between the topical words and common words. But 
they had not taken the academic positions into account. This research tries to find out 
if an author or a publication published or has been cited by lots of papers would be a 
powerful one to direct future discussions of researchers. 

 This study aims to help researchers find out the impact an author may have by 
examining the frequency of published papers and the number of cited papers by the 
author on the same topic. It is suggested that the more impact an author may have, the 
more attention and more studies will be generated following the new work of this 
author. Similarly, the study also investigates the impact a publication may have. The 
current study of the relative work is to measure the impact factor of a journal, but 
since a publication will encompass lots of topics, some of them may be weighted 
heavier in specific fields. If only the impact factor of the journal is used to measure 
the influence of a publication, it would be unsuitable if only some topics of the 
publication were mentioned. For example: the MIS (management of information 
system) researchers may list the top 5 publications in the discipline. But if researchers 
of MIS discipline want to investigate the field of information retrieval they would not 
be able to find the top 5 information retrieval publications within the MIS discipline. 
The computer science discipline will be the more suitable domain for such an 
investigation even though information retrieval could be the sub field under both MIS 
and computer science. While impact could be computed in the unit of a topic, it would 
be more suitable if researchers resorted to searching engines of research paper 
databases as well. In addition, currently there is still no measure mechanism to gauge 
the impact conferences may garner. In the study, the impact each conference may 
have been based on specific topics. 

 The emerging topic should be new and important. We can understand that an 
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important topic should get high grades from authors with significant impact and 
publications. On the other hand, if we consider only the impact of the 
author-publication correlation in a topic but do not consider the novelty of the topics, 
and then this approach may find some topics that are so popular that impact authors or 
publications can not ignore it anymore and must discuss about it. We only can confirm 
the impact of the topics we propose but not the emerging potential and future 
development of the topics. Consequently, we need some tools or indices to help us to 
assess called emerging topic detection indices. 

1.2.3 Developing the Emerging Topic Detection Indices 

 Researchers typically hope their work will contribute to an emerging research 
topic. Therefore, researchers generally want to identify important and novel research 
topics, and conduct studies before the topic becomes hot and mature. This study 
develops novel indices for identifying emerging topics to help researchers to 
determine whether a topic has potential as a hot topic. This study uses the following 
case as an example. If there are ten papers discussing a topic, then the impact of a new 
paper on the same topic can be calculated as 1/11=0.0909. Comparatively, when 1000 
papers have discussed a topic, the impact of an addition paper can calculated as 
1/1001=0.000999. 

 The concept of novelty was applied in (Zheng et al., 2002) and aging theory was 
developed by applying a study in TDT (Chen et al., 2003). Those were used when 
constructing an index for detecting emerging topics. Chen et al. (Chen et al., 2007) 
used aging theory and term frequency to solve the problem of topic detection, and 
proved that aging theory was the best solution. Although they claimed that their work 
can detect a topic while it is emerging, it cannot detect a topic before it emerges. 

 Based on the proposed indices that determine whether a conference or journal 
paper is a leading trend in research topics, and how long will the leading trend get 
ahead to the following trend. Those help researchers make decisions about a topic 
before undertaking research. Conversely, not all new topics are valuable as not all 
topics become a focus of considerable research. Thus, this study develops a detection 
table to solve this problem. The study uses novelty, ageing theory, the curve of 
accumulative relative frequency to develop an appropriate set of index for detecting 
emerging topics. 

 To our best knowledge this is the first study only for detecting emerging topics. 
Inductive learning and deductive prediction methods of machine learning help in 
constructing predictable indices that are feasible. Whether a topic will become is 
based on discussions in papers during the same period. That is, the volume published 
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studies on a topic helps determine whether a topic is important. 

 Additionally, whether a topic has emerging potential is based on its novelty. 
Generally, as the number of times a topic increases, its potential value increases. 
Hence, a valuable topic attracts the attention of many researchers. Notably, novel 
topics have considerable content not yet discussed. No matter in empirical or 
theoretical studies, the novel topics have not completely developed. Applications in 
the real world are viewed as large space for topic expansion. Consequently, the 
novelty of and the volume of papers published on a topic are important indices for 
determining whether a topic has potential to become a hot and emerging topic. The 
novelty index (NI) and published volume index (PVI) are developed to identify the 
detection point (DP) of a topic. 

 For the same topic, the period before emerging has the higher NI than the period 
after emerging. Conversely, the subsequent period has the higher PVI than the 
previous period. Hence, when a topic has a high published volume, it was an 
emerging topic. The curve of PVI increases the percentages of publication volume in 
the previous period and the DP forms in the former period. It represents a topic at an 
early age as an emerging topic. If delays in published volume are significant, the rise 
in the curve would be delayed until a subsequent period. Regardless of the time the 
PVI start increasing, it can be viewed as representation of the topic. Based on the DP 
of a topic at conferences and in journals, it can help in determining whether 
conferences or journals are the leading trend of the topic. 

1.3 Thesis Organization 

 The remaining parts of this research are described as follows. Chapter 2 
investigates the related work. Chapter 3 describes the research model of the leading 
relationship between conferences and journals. Chapter 4 illustrates the experimental 
results of the relationships between conferences and journals. Chapter 5 proposes the 
new approach to find out the proposed impact research topics via the Bayesian 
estimation combined with the impact power authors and publications may have. 
Chapter 6 shows the experiment and survey results of the Bayesian estimation model. 
Chapter 7 develops the indices for emerging topic detection. Chapter 8 conducts the 
research experiment of developing topic detection indices to validate the accuracy and 
effectiveness of the measurement tool. Chapter 9 gives the conclusion, limitation and 
future work.  
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Chapter 2 Literature Review 

 The growing development of information technologies and the Internet means 
that many studies now focus on discovering academic connections among researches. 
Thelwall (2005) concluded that scientific web intelligence encompasses all of the 
technologies which extract academic intelligence from the webs, and discussed 
methods applied in generating such intelligence. 

 Citation analysis was first proposed by Robert Merton, and states that citations 
represent a cognitive connection between cited and citing papers (Thelwall, 2005). 
Many investigations have since extended citation analysis to various applications. 
Those studies apply citation analysis methods to help the researchers to obtain 
academic intelligence from papers. This approach could help the researchers to deal 
with the deep research. Conversely, citation analysis could extend to the web 
applications with hyperlinks. Thelwall et al. (2003) and Thelwall (2004) concluded 
that links among web pages in universities can measure academic intelligence. 
Hyperlink analysis is widely performed by text mining or information retrieval 
approaches to analyze the framework of web pages, (Yang & Lee, 2004), (Yang & 
Lee, 2005). 

2.1 Topic Detection and Tracking 

 The availability of large linked document collections, such as the web, and 
specialized literature archives presents new opportunities for mining knowledge about 
community activities behind document collections. Topic discovery is an example of 
such knowledge mining that has recently attracted considerable research interest. 
Topics can be considered semantic units that function as the basic building blocks in 
knowledge discovery. Once discovered, topics can be utilized in various ways, 
including information navigation, trend analysis, and high-level data description (Jo et 
al., 2007). Topic trend analysis has the following three steps: (1) topic structure 
identification to identify the main topic types and their importance; (2) topic 
emergence detection to detect the emergence of a new topic and determine how it 
grows; and, (3) topic characterization to identify the characteristics of each main topic 
(Morinaga & Yamanishi, 2004). 

 The dissemination and exchange of documents have become commonplace with 
the recent growth of the Internet, thus raising the significance of content analysis 
techniques. Topic analysis of, say, e-mails and news articles is an important research 
task (Cui & Kitagawa, 2005). Many researchers have focused on techniques for topic 
discovery, topic tracking, topic-based text segmentation and related issues. In addition 
to TDT, Malone et al. utilized data mining to analyze trends (Malone et al., 2006). 
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Aurora et al. developed a topic discovery system that reveals the implicit knowledge 
in news streams (Aurora et al., 2007). 

 Notably, TDT is an information retrieval technology recently developed. It was 
developed in 1996 when the DARPA was searching for a technique without human 
intervention to detect topic structures in news streams. A pilot study in 1997 (Allen et 
al., 1998) laid down the essential groundwork, generating a small corpus and 
establishing a durable system. In 1998, TDT research flourished (Lee, Lee & Jang, 
2007). 

 Makkonen et al. described the techniques applied in TDT cover a large portion of 
the prevailing techniques in formation extraction, retrieval and filtering, text 
clustering and text categorization and natural language processing. Notably, TDT uses 
many common techniques such as in formation extraction, retrieval and filtering, text 
clustering and text categorization and natural language processing. A TDT system is 
implemented on-line does not have knowledge of unseen documents, which makes a 
case for clustering. Some investigations have utilized retrospective topic detection and 
tracking when a system shows all data simultaneously; however, these studies focus 
mainly on on-line environments (Makkonen et al., 2004). 

 Allan, Papka and Lavrenko described problems related to new event detection 
and event tracking within a stream of broadcasted news stories (Allan, Papka, & 
Lavrenko, 1998). They focused on an on-line setting, i.e., one in which the system 
makes decisions about one story before analyzing subsequent stories. They used a 
single-pass clustering algorithm and novel threshold model with event attributes as a 
major component. Their tracking approach is similar to typical information filtering 
methods. They determined the value of unique terms that had unusual occurrence 
characteristics, and applied on-line adaptive filtering to identify the evolution of 
events in the news. New event detection and event tracking are TDT initiatives. 

 Subsequent studies have improved TDT techniques. For instance, Walls et al. 
(Walls et al., 1999) developed a system for TDT detection tasks for unsupervised 
groups of stories in the news and on web pages based on topics. Their system used an 
incremental k-means algorithm to cluster stories. A probabilistic document similarity 
metric and conventional vector space model was adopted to compare stories (Salton et 
al., 1975).  

 Schultz and Liberman proposed approaches for detecting and tracking which is 
based on the well-known idf-weighted cosine coefficient similarity metric, and 
achieved excellent tracking results using a very simple term-selection method that did 
not involve word stemming or score normalization (Schultz & Liberman, 1999) 
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However, their detection task results were poor, probably due to the poor performance 
of the clustering algorithm rather than that of the underlying similarity metric. 

 Some investigations have found that while existing learning techniques must be 
adapted or improved to manage difficult situations in which each event has very few 
positive training instances, most training documents are unlabelled, and most events 
have short durations. Yang et al. combined several supervised text categorization 
methods, namely, several new variants of the k-Nearest Neighbor (KNN) algorithm 
and the Rocchio approach, to track events (Yang et al., 2000). Their approach, based 
on a traditional parameter optimization solution, significantly decreased variance in 
the performance of their event-tracking system for different data collections. 

 Kleinberg proposed a method for analyzing document streams (Kleinberg, 2002). 
Although the main objective was to detect bursts of topics, the method can be adopted 
for topic activation analysis. However, Kleinberg’s method only considers document 
arrival rates, and disregards document relevance. Furthermore, the Kleinberg method 
is a “batch-oriented” approach. Cui and Kitagawa presented a solution to these 
problems (Cui & Kitagawa, 2005). Although many studies have improved TDT 
techniques, these techniques are generally applied to time-sensitive documents (e.g., 
real-time news and e-mails) and have not been widely applied to identify new topics 
in academic papers. 

2.2 Emerging Topic Detection 

 An emerging trend is a topic area that is growing in interest and utility over time. 
For instance, Extensible Markup Language (XML) emerged as a trend in the 
mid-1990s. Knowledge of emerging trends is particularly important to individuals and 
companies that monitor developments in a particular field or industry. For example, a 
market analyst specializing in the biotech industry may want to review technical and 
news-related literature for recent trends that will impact biotech companies. Manual 
review of all available data is simply not feasible. Human experts who must identify 
emerging trends must rely on automated systems as the amount of information 
available in digital resources is considerable (Berry, 2004). 

 Zhang et al. extended an adaptive information filtering system to make decisions 
regarding the novelty and redundancy of documents (Zhang et al., 2002). They argued 
that relevance and redundancy should be modeled explicitly and separately. A set of 
five redundancy measures was developed and evaluated in experiments with and 
without redundancy thresholds. Experimental results demonstrated that the cosine 
similarity metric and a redundancy measure based on a mixture of language models 
effectively identified redundant documents. Their research focused on the novelty and 
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redundancy of documents, but did not address research topics.  

 Yang et al. proposed a novel two-stage approach that used (1) a supervised 
learning algorithm to classify on-line document streams into pre-defined broad topic 
categories and (2) performed topic-conditioned novelty detection for documents in 
each topic. They also exploited named entities for event-level novelty detection. Their 
study used the unit of a topic for novelty detection, but did not discuss when a topic is 
emerging (Yang et al., 2002).  

 Jo et al. generated unique approach that used correlation between the distribution 
of a term representing a topic and the link distribution in a citation graph in which 
nodes are limited to documents containing the term. This tight coupling between a 
term and graph analysis differed from other approaches such as those using language 
models. They applied a topic score to each item using the likelihood ratio of binary 
hypotheses based on a probabilistic description of graph connectivity. Their approach 
was based on the assumption that if a term is relevant to a topic, documents 
containing that term have a stronger connection than randomly selected documents. 
They applied the algorithm to detect a topic represented by a set of terms based on the 
assumption that if the co-occurrence of terms represents a new topic, the citation 
pattern should exhibit a synergy. They tested the algorithm on two electronic 
literature collections, arXiv and Citeseer. Their evaluation results showed that their 
approach was effective and revealed some novel aspects of topic detection. However, 
the curve which they only used term frequency to develop was still a backward index 
for detecting (Jo et al., 2007). 

2.3 Aging Theory 

 Capturing variations in a distribution of key terms on a time line is critical when 
extracting hot topics. Therefore, tracking terms to determine their lifecycle stage is 
essential. Previous studies have recognized that topics in a continuous document 
stream can be identified via a simultaneous temporal burst of related documents. 
There was a research applied Aging Theory to model the life span of a news event, 
and suggested that a news event can be considered a life form that goes through a 
lifecycle of birth, growth, decay, and death, reflecting its popularity over time. They 
utilized the concept of energy to track event lifecycles. The level of energy indicates 
the stage of a news event in its life span. The energy of an event increases when the 
event becomes popular and decreases as its popularity wanes. Hence, aging theory is 
suitable for tracking variations in term frequency, which we consider critical to 
successful hot topic extraction (Chen et al., 2007). 
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2.4 Information Retrieval Approach 

 The part of discussing the leading trend between the academic papers of this 
study considers similar issues to the TDT method, but solves them by a different 
approach. Information retrieval is applied to simplify sets of related problems. A 
“batch-oriented” scheme is employed to solve the research question. The information 
retrieval applied herein is discussed below. 

1. Constructing term vectors in document space 

Document representation and indexing for statistical purposes can be achieved by 
representing each textual document as a set of terms. The set of terms defines a space 
such that each distinct term indicates one dimension in that space. Because the space 
represents a document is represented as a set of terms, it can be regarded as a 
“document space” (Salton, 1983; Salton, 1989). 

2. Representing Text 

The representation of a problem has a strong impact on the accuracy of the 
generalization of a learning system. A document, which is a string of characters, needs 
to be transformed into a representation appropriate for the learning algorithm. 
Information retrieval suggests that word stems work well as representation units, and 
that their ordering in a document is insignificant for many tasks. The word stem is 
derived from the occurrence form of a word by removing case and inflection 
information (Porter, 1980). For example, “computes”, “computing”, and “computer” 
are all mapped to the same stem “comput”. The “word” and “word stem” are used 
synonymously in the following (Joachims, 1998). 

Information retrieval produces an attribute-value representation of text. Each 
distinct word iw  corresponds to a term, and ( )dwTF i ,  represents the number of 
times that word iw  occurs in document d. To avoid unnecessarily large term vectors, 
a word is treated as a term only if it appears in the training data at least three times, 
and is not a “stop-word” (e.g. “and”, “or”) (Joachims, 1998). 

The basic representation shows that scaling the dimensions of the term vector with 
their inverse document frequency )( iwIDF (Salton & Buckley, 1988) improves the 
performance. The value of )( iwIDF  can be derived from the document 
frequency )( iwDF , which is the number of documents in which the word iw . 









=

)(
log)(

i
i wDF

nwIDF                        (2-1) 
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Here, n denotes the total number of training documents. Intuitively, the inverse 
document frequency of a word is low if it occurs in many documents, and is highest if 
the word occurs in only one. To abstract from different document lengths, each 

document term vector id


 is normalized to unit length (Joachims, 1998). 

3. Term Selection 

Text in processing typically involves term spaces containing 10000 dimensions or 
more, often exceeding the number of available training examples. Term selection is 
often necessary to enable the use of conventional learning methods, improve 
generalization accuracy and avoid overfitting (Yang & Pedersen, 1997; Moulinier et 
al., 1996). 

The most popular approach to term selection is to select a subset of the available 
terms using methods such as DF-thresholding (Yang & Pedersen, 1997), the 2χ -test 
(Schutze et al., 1995) or the term strength criterion (Yang & Wilbur, 1996). 
Information gain is the most commonly adopted, and often the most effective (Yang 
& Pedersen, 1997), method for selecting termscriterion (Joachims, 1998). However, 
because this study adopts titles of the papers as descriptors, each candidate terms, 
obtained by filtering the word stems obtained from the TextAnalyst, must appear at 
least three times (Joachims, 1998). 253 single-word terms were thus selected.  

4. The measurement of the similarity between documents 

 Benchmarks are required to help measure of the similarity between documents. 
Some commonly-used benchmarks are discussed below. 

 Euclidean distance 

The Euclidean distance, d, between two points, x and y, in one-, two-, three-, or 
higher-dimensional space, is given by the following familiar Formula (2-2):  

∑
=

−=
n

k
kk yxyxd

1

2)(),(                       (2-2) 

where n denotes the number of dimensions, and kx  and ky  denote the kth terms of 
x and y, respectively. 

 Jaccard coefficient 

Similarity measures between objects that contain only binary attributes are 
called similarity coefficients, and always have values between 0 and 1. A value of 1 
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means that the two objects are completely similar; while a value of 0 means that the 
objects are not at all similar. 

Let x and y denote two objects consisting of n binary terms. The comparison of 
two such objects, i.e., two binary vectors, leads to the following four quantities 
(frequencies): 

00f =the number of terms where x is 0 and y is 0 

01f =the number of terms where x is 0 and y is 1 

10f =the number of terms where x is 1 and y is 0 

11f =the number of terms where x is 1 and y is 1 

The Jaccard coefficient, symbolized by J, is given by the following equation: 

111001

11

matches 00in  involvednot  attributes ofnumber 
presences matching ofnumber 

fff
fJ

++
==  (2-3) 

 

 Extended Jaccard coefficient 

The extended Jaccard coefficient can be employed for document data, and 
reduces to the Jaccard coefficient in the case of binary attributes. The extended 
Jaccard coefficient is also known as the Tanimoto coefficient. This coefficient, 
represented by EJ, is defined with the following equation: 

yxyx
yxyxEJ

⋅−+

⋅
= 22),(                     (2-4) 

 Cosine similarity 

Documents are often represented as vectors, where each term represents the 
frequency with which a particular term (word) occurs in the document. However, this 
is a simplification, since certain common words are ignored, and various processing 
techniques are utilized to take account of different forms of the same word, different 
document lengths and different word frequencies. 

Although a document may have thousands or tens of thousands of terms, it is 
generally sparse since it has few non-zero terms. The normalization techniques 
utilized for documents do not create a non-zero entry where there was a zero entry; 
i.e., they preserve sparsely. Thus, as with transaction data, similarity should not 
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depend on the number of shared 0 values, because any two documents are likely to 
not contain many of the same words. Therefore, if 0-0 matches are counted, then most 
documents will be highly similar to most other documents. Therefore, a similarity 
measure for documents needs to ignore 0-0 matches like the Jaccard measure, but also 
must be able to handle non-binary vectors (Tan et al., 2006). 

The cosine similarity is one of the most common measure of document 
similarity. If x and y are two document vectors, then 

yx
yxyx

  
),cos( ⋅
=                        (2-5) 

where ·denotes the vector dot product,  

∑
=

=⋅
n

k
kk yxyx

1

                         (2-6) 

and x  denotes the length of vector x. 

xxxx
n

k
k ⋅== ∑

=1

2                       (2-7) 

2.5 Summary 

 The investigation of the leading trend between academic papers of this study 
extends the principle of citation analysis and hyperlink analysis. If two papers using 
the same terms of topic have high similarity, then they are considered to have a high 
connection. The research suggests that besides the citations between papers and 
hyperlinks between the web pages of universities, the academic intelligence between 
the topics of papers can also be discovered. The most common approach to content 
analysis in the literature is TDT. However, this study applies information retrieval 
techniques rather than TDT. This is because although TDT is the newest technique to 
solve the problem of new issue detection, it is not as straightforward as information 
retrieval. Moreover, conference papers and journal papers are analyzed with batch 
processing, which is not suitable for TDT, which typically processes an event at a 
single time point. 

  The development of the emerging topic detection indices and the proposal of 
the emerging topics by the publications and authors of the study extend the research 
result and investigate the second task of TDT works which is topic emergence 
detection described in section 2.2. We aim at detecting the emergence of a new topic 
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and recognizing how it grows. It is also found that there were still lots researches keep 
investigating on real-time news, e-mails and web pages. The research hopes for using 
these techniques in academic research topics and using the concept of aging theory to 
construct the novelty index. Besides it is different from the past work which only used 
the term frequency, we instead of the curve of accumulative relative frequency to 
form the published volume index for developing the emerging topic detection indices. 
The third part of the research focuses on the past and current research topic detection 
work. Emphasis is placed on the research position of each author and publication 
under the same topic that could help to discover the emerging topic and assist the 
researchers in observing the research trend within the same field.
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Chapter 3 The Leading Relationship between Conferences and 
Journals 

This chapter discusses whether conference papers can be adopted to predict the 
trends in journal papers based on article topics and title, and is organized as follows. 
Section 3.1 describes the steps of the experimental design. Section 3.2 illustrates the 
selection of datasets for our experiment. Section 3.3 lists the properties of the datasets. 
The 3.4 presents the application of information retrieval techniques. Finally, Section 
3.5 defines the similarity criteria and summarizes the experiment. 

3.1 Experimental Design 

 An experiment, as illustrated in Fig. 3-1, is designed to verify our assumption 
that “conference papers predict trends for journal papers”. The process contains the 
following steps. 

1.  Select the domain 

A main domain and sub-domains were selected as the focus of the 
assumption. 

2.  Use the keywords to represent the domain 

Keywords based on the main domain and sub-domains were selected. These 
keywords were used to help find the necessary data by identifying the domains. 

3.  Select databases and search engines  

Appropriate databases and search engines were selected to obtain the 
necessary data. 

4.  Select a descriptor of the paper  

The structure and content of a paper can be identified from many components, 
including the title, abstract, keywords and full text. Therefore, descriptors that 
are most appropriate for the data to be analyzed were selected. 

5.  Search conference papers 

The criteria for the searching of conference papers were specified based on 
the retrieval format of the databases and search engines. 

6.  Search journal papers  

The criteria for the searching of journal papers were specified based on the 
retrieval format of the databases and search engines.  
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7.  Feature selection to identify each document 

      Words were selected to identify each article’s features. 

8.  Calculate frequency of appearances of each feature in each document  

The frequency of every paper that appeared under all features was recorded. 
Each paper was represented with a matrix of data. The structured format of the 
data was useful for processing all the textual data.  

9.  Summarize the frequency of conference papers and journal papers each year 
separately  

The unit of measurement in this experiment is a year. Therefore, the 
frequency of the appearances of all conference papers was aggregated under each 
feature over the years. The same process was also applied for journal papers. 

10.  Compute similarity between conference papers and journal papers each year 
separately 

The similarity was determined from the selected features and the aggregated 
frequency of the appearances of conference papers and journal papers under each 
feature. The similarity between conference papers and journal papers was 
derived from the Cosine Similarity in terms of individual features.  

11.  Establish the criteria for examination of the relationship between conference 
papers and journal papers  

The criteria for examination were then established and then adopted to 
measure the similarity between conference papers and journal papers. This 
information was then used to determine the impact of conference papers on 
journal papers over several years.
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Fig. 3-1 The Research Experiment Process.

Select the domain 

Use the keywords to represent the domain 

Choose databases and search engines 

Search conference papers  Search journal papers 

Term selection to identify each document 

Calculate frequency of appearance of each term in each 
document 

Summarize the frequency of conference papers and journal 
papers each year separately 

Calculate similarity between conference papers and journal 
papers each year separately 

Establish the criteria for examination of the relationship 
between conference papers and journal papers 

Select the descriptor of the paper 
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3.2 Data Selection 

 The following paragraphs present the criteria for the data selection. The domain 
selected, and then described by keywords. The suitable database and search engine are 
then selected. A suitable descriptor for searching topics within a paper is then 
identified. Table 3-1, 3-2, 3-3 and Fig. 3-3 show the contents of the dataset. 

3.2.1 Select the Domain 

 A domain was selected to set the focus of the research discussion. As mentioned 
previously, researchers in this particular area are fairly interested in new titles, since 
fresh issues symbolize the discovery of new fields of research. Innovative research 
titles represent problems that are yet to be discovered or solved, and generally induce 
animated debate in the discipline of computer science. Computer science was chosen 
as the research domain, because it changes rapidly, and we use lots of techniques of it 
in this study. Additionally, this domain has an accepted common practice that “the 
issues discussed in conference papers usually lead the issues in journal papers.” 
However, this principle is not followed in all domains. Therefore, computer science 
was selected as the main domain.  

 Data mining and information retrieval were selected as sub-domains within the 
discipline of computer science. Many papers have been written in many topics in 
computer science. Therefore, sub-domains has to be chosen to help narrow the field of 
study. Data mining, document processing and document classifying are often 
associated with information retrieval. The two chosen sub-domains, namely data 
mining and information retrieval, are strongly relevant to document processing. 

3.2.2 Use the Keywords to Represent the Domain 

 Ten keywords commonly associated with the two sub-domains were selected as the 
basis for searching papers. The keywords are listed as follows. 

1. natural language processing 

2. machine learning 

3. data mining 

4. text mining 

5. web mining 

6. information retrieval 

7. text retrieval 

8. web search 

9. document mining 

10. document retrieval
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 These keywords were utilized to search papers that are related to the selected 
sub-domains. Fig. 3-2 shows the relationships among the domain, sub-domains and 
keywords. 

Fig. 3-2 The Relationship Between Domain, Sub-Domains and Keywords. 

3.2.3 Choose Databases and Search Engines 

The appropriate databases and search engines were then chosen to designate 
papers that are compatible with the criteria. Databases were selected in two ways. 

 Conference paper databases and search engines 

The ACM Digital Library and IEEE Computer Society were selected as 
databases for searching conference papers. These two databases are widely adopted 
by researchers in computer science. Their academic communities include seminars, 
journals of various domains and collections of resources from other databases. 

 The ACM (Association for Computing Machinery) Digital Library, called ACM 
hereafter, is a digital textual database with the following features. 

(1) 21 different ACM Journals & Magazines dated from the year 1991 to 
present. 

(2) ACM Conference Proceedings dated from the year 1991 to present. 

(3) ACM Bibliographic Citation dated from the year 1985 to present. 

(4) Special Interest Group Newsletter. 

ACM is also the largest and oldest academic community in the field of education 
and computer science. ACM has offered a platform to exchange information, 
innovation and discovery since 1947. Users of ACM include members of the 
computer science community such as professors, technicians, and students in 
industries, academia and public services in over 100 countries.  

Domain Sub-Domain Keywords 

Select Select 

Represent Represent 
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The IEEE Computer Society Digital Library, referred to as IEEE hereafter, is a 
database that is updated weekly, with a complete collection of 22 expert electronic 
journals dating from 1988. It also holds 1200 various conference records in full detail 
dating from 1995. Together, these resources contain over 100,000 academic articles 
related to computer information.  

 Journal paper databases and search engines 

Journal papers were searched from ScienceDirect Onsite and ProQuest 
Databases, as well as ACM and IEEE, which publish both conference papers and 
journal papers. ScienceDirect Onsite, called SDOS hereafter, holds electronic journals 
published by Elsevier in the Taiwan Region Edition. These journals cover various 
subjects including technology, medicine, economics and business administration. 
ProQuest Databases, hereafter called ProQuest, provides indices, abstracts and full 
text to journals, doctorate dissertations and news articles in all academic areas, 
ranging from accounting, business, psychology, education, biomedicine, theology and 
technology. The specific categories of journal papers in ProQuest are listed below.

1. ABI/INFORM Archive Complete 
2. ABI/INFORM Dateline 
3. ABI/INFORM GLOBAL 
4. ABI/INFORM Trade & Industry 
5. Academic Research Library 
6. Accounting & Tax 
7. Banking Information Source 
8. EIU Views Wire 
9. ERIC 
10. Hoover's Company Records 
11. ProQuest Asian Business and 

Reference 

12. ProQuest Biology Journals 
13. ProQuest Dissertations and Theses 
14. ProQuest Education Journals 
15. ProQuest European Business 
16. ProQuest Newspapers 
17. ProQuest Psychology Journals 
18. ProQuest Religion 
19. ProQuest Science Journals 
20. ProQuest Telecommunication U.S. 

National Newspaper Abstract 

The journals that were explored in this experiment are not merely limited to the 
publications of ACM and IEEE. The assumption should hold even if the study scope 
has expanded to other databases for journals. ScienceDirect Onsite and ProQuest 
Databases are two major databases for searching journal papers in computer science 
and Business. Therefore, these databases were included in the search space in order to 
expand generalize the experiment findings.  
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3.2.4 Pick the Descriptor of the Paper 

 The titles determine the search matches. We assume that researchers use words that 
are relevant to the content of papers in their titles. In other words, the title of a paper 
is strongly representative of the content of the document. Consequently, if paper’s title 
is irrelevant to the content, or contains words that do not fully portray the essence of 
the paper; the research findings would be jeopardized.  

 We believe that titles are the benchmarks for illustrating the new trend of 
research papers. The formatting of research papers helps express the content of papers 
from a few important sectors of the paper. Several benchmarks were run to compare 
four descriptors, namely the number of words used, the integrity of the paper topic, 
the precision of the vocabulary used that would best depict the concepts and the 
presence of obscured concepts representing new trends. The four descriptors are 
compared as follows.  

 Title: Researchers treat the title of a paper is the condensed description of the 
entire text. Researchers have to capture the essence of the paper concisely within 
a limited number of words. Words are sometimes defined by the researchers 
themselves, causing new trends to be concealed within titles.   

 Abstract: researchers and committee members reviewing a paper use its abstract 
to roughly grasp the content within a short period of time. Abstracts can illustrate 
the content of research papers far more explicitly than titles, but usually contain 
ten times as many words. Consequently, each unit of word used has to deliver the 
integrity of the paper is thus diluted by the number of words being used.  

 Keywords: Keywords in papers have the highest density in knowledge (the 
content that is delivered the number of words used), but cannot describe a new 
trend. Researchers must identify the keywords from finishing abstract of the 
paper. The research paper can then be searched according to its keywords. In 
other words, keywords are expressive words that are most widely adopted by 
researchers for a particular concept within the same domain. Therefore, 
researchers in a particular research domain take a long time and much effort to 
reach a consensus that enables concepts to be translated into keywords. This 
process is usually time-consuming. Therefore, keywords in research papers are 
understood to achieve a high density of knowledge, filtered and crystallized 
through various researchers to form a single accumulated consensus on a concept, 
enabling them to express the paper far more precisely than titles. However, 
keywords can rarely identify new trends. This is because keywords relate to 
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well-known concepts that have already reached consensus. A long period of time 
would be required for domain experts to reach a consensus about a concept. 
Therefore, this study concludes that keywords do not describe the content of a 
paper as well as its title does.  

 The Full Text: The full text includes every concept the researcher used 
concerning the subject, yet each word embodies very little substance. The full 
text obviously includes the integrity of the content, but it is a compilation of an 
immense load of information that far exceeds that of titles, abstracts and 
keywords. Therefore the degree to which each phrase can express the concepts of 
the paper is small. Using the full text to describe the content of a paper would 
waste resources and time.  

Therefore we conclude that only phrases with a high density of knowledge 
should be employed to represent to the full content of the paper. The titles, abstracts, 
and keywords of research papers all have this quality. In particular, titles and 
keywords are composed of short strings of words that express the concepts discussed 
in the research paper. This study aims to discover whether conference papers represent 
the new trend for academic papers, and therefore must identify concepts that represent 
these new trends. Keywords cannot fulfill this particular requirement, as explained 
previously. Therefore, the titles of research papers are adopted as descriptors to 
express the full content of a paper.  

3.3 Datasets Properties 

The datasets of the two categories of papers are described below. To reduce the 
effect of the different search algorithms, the research criteria were designed to 
minimize the differences among them.  

3.3.1 Search Conference Papers 

Relevant search criteria were input into the search engines to help search for 
papers. ACM and IEEE were adopted as the two main databases for searching 
conference papers. The papers be retrieved must contain the specified keywords in the 
article title. Although the ACM and IEEE databases included a lot of papers they 
collected and published by themselves, but there are some papers of them may be 
published by other organizations. In the research, we only use the conference papers 
published by ACM and IEEE. Papers from 1990 to the end of July 2007 were 
collected. Papers added into the database after the deadline of 31 July 2007 were not 
included in the analysis.  

Having completed the searching for conference papers, conferences were first 
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selected as the criteria in searching representative papers. Table 3-1 shows conference 
papers retrieved when searching only among conferences listed in. All the conference 
papers that came up as search results will be recorded in Table 3-2. A total of 632 
conference papers were collected for this research.  

Table 3-1 Names of Conferences Responsible for the Publishing of All Conference Papers Collected. 

Publisher 
Conference 

Names 
Abbreviated  

Full Name of Conferences 

ACM CIKM Conference on Information and Knowledge Management 

IEEE COMPSAC Computer Software and Applications Conference 

IEEE DASFAA Database Systems for Advanced Applications 

IEEE DEXA Database and Expert Systems Applications 

ACM DMKD Data Mining and Knowledge Discovery 

IEEE HICSS Hawaii International Conference on System Sciences 

IEEE ICDE International Conference on Data Engineering 

ACM ICDM International Conference on Data Mining 

IEEE IDEAS International Database Engineering and Applications Symposium 

IEEE IPDPS International Parallel and Distributed Processing Symposium 

IEEE ISDA Intelligent Systems Design and Applications 

ACM SAC Symposium on Applied Computing 

ACM SIGIR Conference on Research and Development in Information Retrieval 

ACM SIGKDD Conference on Knowledge Discovery in Data 

ACM SIGMOD International Conference on Management of Data 

IEEE SSDBM Scientific and Statistical Database Management 

IEEE WI Web Intelligence 

ACM WIDM Workshop On Web Information And Data Management 

IEEE WIRI Web Information Retrieval and Integration 

IEEE WISE Web Information Systems Engineering 

Table 3-2 Number of Conferences Recorded in the Databases for Conference Papers and the Number of 

Papers Cited. 

Name of Database 
Number of Conference 
Recorded in Database 

Number of Papers Cited in 
this Research 

ACM 85 conferences 345 

IEEE Over 1700 conferences 287 
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3.3.23.3.2 Search Journal Papers 

Journal papers were collected from four databases. The collected papers were 
listed as SCIE (SCIENCE CITATION INDEX EXPANDED) or SSCI (SOCIAL 
SCIENCES CITATION INDEX). They were required to contain the specified 
keywords. Although the database of ACM and IEEE included many papers they 
collected which were published by the other organization, but the research only use 
the conference paper which published by ACM and IEEE. 

To use the database and search engine of SDOS, the “Expanded Search” button 
was clicked after logging onto SDOS front page. The selected data mining and 
information retrieval papers involved several fields, such as business, management, 
accounting, and strategy and computer science, indicating that the proposed technique 
may be applied to all of these domains. To verify this assumption, the following three 
groups of SDOS journals were selected in this analysis. 

Database and search engine of ProQuest: ProQuest provides a variety of 
databases. Papers from the ABI, Academic Research Library and ProQuest Science 
Journals were selected from this database. “Advanced Search” was selected to search 
the web database. Although all four different search engines function under their 
individual search formats, attempts were made to synchronize all of the search criteria. 
The above method was conducted to collect journal papers from 1990 to 2007 that 
matched the search criteria of the four databases, and had been submitted to SCIE and 
SSCI journals. Table 3-3 presents the total number of journals collected in the 
databases, and the number of papers included in this analysis. 

Table 3-3 The Data of Journals Collected in Databases and the Number of Papers Cited. 

Name of Database 
Number of Journals 

Collected 
Number of Papers Cited 

in this Research 
ACM 25 59 
IEEE 35 121 
SDOS 2161 642 

ProQuest 3942 231 

 The filtering rules are that we selected the papers which’s title contains the 
keywords involving information retrieval and data mining. The observe time is during 
1990 to 2007. The ACM and IEEE are two important societies when we mention to 
computer science. The quality of the published conference papers is trustable. The 
criteria of the journal papers also included the publication of the papers must be the 
list of SCI/SSCI proposed by ISI. After filtering, we selected 632 conference papers 
and 1053 journal papers in information retrieval and data mining. 
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3.4 Application of Information Retrieval 

 Suitable terms were specified to represent each paper. The frequency of each 
term in each paper was then calculated. The term frequency of each conference paper 
and journal paper was summarized by year. Finally, the cosine similarity was adopted 
to compute the similarity between conference paper and journal papers for each year. 

3.4.1 Identify Each Document 

Features to identify each paper among the large number collected. The most 
frequently used words in an article become the feature in text mining. The titles of 
conference papers and journal papers were first extracted. The TextAnalyst software 
was utilized to eliminate irrelevant stop words, such as “a”, “the” and “is”. Words 
appear in titles more than three times after filtering becomes features. Additionally, 
many stem words need to be eliminated. For instance OR example, since “processing” 
and “process” share the same root word, “process” is utilized instead of “processing” 
as the feature. All papers with the word “processing” are then recorded under the 
feature “process”. A total of 253 features were recorded in this analysis. Fig. 3-3 
shows the feature selection process. 

  
Fig. 3-3 The Process of Feature Selection. 

Topic of 
Conference Papers 

Use Text Analyst to analyze words that have appeared more than three 
times 

The terms that 
describe the paper 

Topic of Journal 
Papers 

Combine titles of conference 
papers and journal papers 

 

Eliminate all stem words, use root words in substitute of stem words 
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3.4.2 Calculate Frequency of Appearances  

The data format for calculating the frequency of appearances of each feature in 
each document was designed after the feature selection process was completed. A 
matrix was used to express the corresponding frequency between papers and features 
in a structured format, thus facilitating the processing of the textual data.  

Table 3-4 presents the features that are used to record the papers. The column 
“ID” denotes the index of a paper has its own index. In the index, the letter “C” 
represents a conference paper, and “J” denotes a journal paper. The column for “Year” 
denotes the year in which a paper was published. The “Title of Papers” column 
denotes the titles of a paper. The columns “Information”, “Language”, and “Method” 
denote the selected features. For instance, consider the paper indexed C510. The 
words “Language” and Information” appear in the title, and so the value 1 is recorded 
in these columns. Since the word “Method” does not appear in the title, the value 0 is 
recorded in the “Method” column. 

Table 3-4 How Papers Are Recorded Under Features. 

ID Year The title of papers information language method 

C509 2005 
Pseudo-Relevance Feedback in Web information Retrieval Using 

Segments Subjective Importance Values 
1 0 0 

C510 2005 
Query Expansion Using Term Relationships in Language Models for 

Information Retrieval 
1 1 0 

C511 2005 
Query Length Impact on Misuse Detection in Information Retrieval 

Systems 
1 0 0 

C512 2005 Relational Methodology for Data Mining and Knowledge Discovery 0 0 1 

C513 2005 Replica Selection in Grid Environment: A Data-mining Approach 0 0 0 

C514 2005 Smart Archive: a Component-based Data Mining Application Framework 0 0 0 

C515 2005 
The Effect of Named Entities on Effectiveness in Cross-Language 

Information Retrieval Evaluation 
1 1 0 

3.4.3 Summarize the Frequency of Conference Papers and Journal Papers 

The total values for each feature in each year were then calculated after 
completing the recording of features. However, since the unit of our research was 
based on the number of papers per year, all the papers, and their corresponding 
features, were aggregated within each year. Finally, a datasheet of these values was 
compiled, as presented in Table 3-5. 

Consider C2001 in Table 3-5 as an example. The value recorded under the 
corresponding column with the word “automate” is 1, which indicates the conference 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

34 

papers published in 2001 included one match for papers with the word “automate” in 
the title. Similarly, the value for the word “classify” in C2001 is 3, indicating three 
matches for papers with the word “classify” in the titles in 2001. The completed table 
from this method was then used as the unit of measurement to compute the similarity.  

Table 3-5 Features for Each Year (Part of the Experiment). 

Year automate classify dataset estimate markov 

C2001 1 3 0 0 1 

C2002 1 2 0 2 0 

C2003 3 4 0 0 1 

C2004 3 2 1 0 0 

C2005 4 3 1 1 0 

J2001 0 1 0 0 0 

J2002 2 2 0 1 0 

J2003 3 4 0 0 0 

J2004 3 1 0 1 0 

J2005 4 3 0 0 1 

3.4.4 Compute Similarity between Conference Papers and Journal Papers 

An algorithm was then selected to measure the similarity between conference 
papers and journal papers in each year. Several methods can be applied for this 
purpose, as shown below. 

1. Euclidean distance 

2. Correlation 

3. Consine similarity 

4. Jaccard  

5. extend Jaccard 

The similarity criteria to measure the similarity depend on the proximity measure, 
which vary according to the type of data. The Euclidean distance is applied to 
compare time series. If the magnitude of the time series is important (for example, 
each time series represents the total sales of the same organization for a different year), 
then the Euclidean distance is appropriate. Additionally, a built-in normalization 
factor to account for differences in magnitude and level is valuable.  

The data in this experiment can be represented by a vector matrix, but are 
scattered and asymmetric, thus creating a sparse matrix. The algorithm adopted in this 
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experiment aggregates the frequency of appearances of each feature in each document, 
and regards a word that appears three times or more in the title as features. Therefore, 
a very sparse matrix is produced, since each feature may only appear a few times in 
thousands of papers. 

Similarity measures that ignore 0-0 matches are often adopted for sparse data 
characterized by asymmetric attributes. Conceptually, this approach reflects the fact 
that, the similarity of a pair of complex objects depends on the number of features that 
they both share, rather than the number of feature they both lack. More specifically, 
for sparse, asymmetric data, most objects have only a few of the features described by 
the attributes, and thus are highly similar in terms of the features they do not have. 

The Cosine, Jaccard, and extend Jaccard measure are appropriate for such data. 
This study adopts Cosine rather than Jaccard or extends Jaccard due to the features of 
the experimental data. Jaccard is only applicable to binary data, but this study 
aggregats the number of the papers with the keywords in their titles within each year.  

Because the numbers of each feature and conference or journal paper are 
represented for each year, the Cosine similarity is applied to represent the proximity 
between conference and journal papers, with values in the range 0–1. 

3.5 Relationship between Conference Papers and Journal Papers 

 The measurement criteria are then devised after computing the similarity values. 
These criteria are used to determine whether conference papers affect the topics of 
papers published over several consecutive years. The followings variables are defined. 
  

 iC ＝conference papers published in year i, 0071990,...,2i = . 

 kJ ＝journal papers published in year k, 0071990,...,2k = . 

 =),JS(C ki Cosine Similarity between the conference papers published in year i 
and the journal papers published year k. 

 •iC ＝ the mean of the similarity between conference papers published in year i 
and journal papers published each year, 0071990,...,2i = . 

 •kJ ＝ the mean of similarity between journal papers published in year k and 
conference papers published each year, 0071990,...,2k = . 

 
2

•• + ki JC = the mean of the two variables •iC and •kJ . 
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 The calculation for determining whether the similarity between conference 
papers and journal papers is significant given as Algorithm 3-1. 
 

Algorithm 3-1: Determine the criteria of similarity 
Input: =),JS(C ki Cosine Similarity between the conference papers published in year 

   i and the journal papers published year k, 
2

•• + ki JC = the mean of the two   

    variables •iC and •kJ  
Output: Degree of relationship  

1 If 
2

•• +> ki
ki

JC),JS(C  Then  

2  The relationship between iC  and kJ  is significant. 
3  Return “1” 
4 Else 
5  Return “0” 
6 End If 

 This chapter describes how to apply the information retrieval methods to identify 
academic intelligence. Such likes data collection and examination criteria. The 
detailed procedure can be utilized to measure academic intelligence in different 
domains.
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Chapter 4 The Experimental Results of the Relationship between 
Conferences and Journals 

This chapter discusses the experimental results of whether conference papers can 
be adopted to predict the trends in journal papers based on article topics and title, and 
is organized as follows. Section 4.1 describes the experimental results. Section 4.2 
illustrates the discussion for our experiment. Section 4.3 discusses the conclusion of 
this part of research. 

4.1 Experimental Results 

 The similarity between conference papers and journal papers in each year was 
obtained from the above procedures. The four databases mentioned lacked files for 
journals from the year 1990, so data for J1990 was missing. Table 4-1 shows the 
similarity values between titles of papers in C1990–C2007 and J1991–J2007. The last 
column •iC  in Table 4-1 shows the mean similarity values between the conference 
papers published in year i and journal papers in each year. The last row •kJ  in Table 
4-1 shows the mean of the similarity between the journal papers published in year k 
and the conference papers each year.  

 Table 4-2 shows the Boolean similarity significance values corresponding to the 
values in Table 4-1. All the corresponding columns between C2007 and journal papers 
in each year were found to have the value 0, apparently because few conferences had 
convened before the deadline data collection, which was the end of July 2007, causing 
much data loss for that year. However, the database contained many journal papers 
under J2007. Therefore, data from J2007 were retained, but data from C2007 were 
disregarded. 

 The objective of this study was to determine whether conference papers 
represent pioneering issues for academic papers. Journal papers were utilized to 
represent academic papers. Since conference papers were collected only between 
1991 and 2007 for this research, each conference paper was passed through the 
designed experiment to measure its effect over the titles of the journal papers the same 
year and the next two year, data from J1990 are not within the perimeter of the 
research, and are not be included in discussions of the experiment. Tables 4-3 and 4-4 
show the ultimate findings within the perimeter of discussion. The adjustment does 
not affect the analytical results. 
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Table 4-1 Similarity Between C1991-C2007 and J1990-J2007. 

 J1990 J1991 J1992 J1993 J1994 J1995 J1996 J1997 J1998 J1999 J2000 J2001 J2002 J2003 J2004 J2005 J2006 J2007 •iC  

C1991 0.8116  0.7688  0.8278  0.2596  0.7049  0.8264  0.7167  0.5100  0.7534  0.7214  0.7985  0.5493  0.5874  0.4632  0.6605  0.6635  0.5161  0.4339  0.6429  

C1992 0.6781  0.4808  0.5143  0.4187  0.7360  0.6861  0.5965  0.4656  0.6101  0.5498  0.6363  0.4440  0.4516  0.3877  0.5291  0.5164  0.4124  0.3715  0.5269  

C1993 0.8628  0.8477  0.9008  0.3210  0.7005  0.8324  0.7259  0.5484  0.8117  0.7369  0.7939  0.6095  0.6515  0.5198  0.6884  0.7273  0.5442  0.4874  0.6839  

C1994 0.7879  0.7568  0.8367  0.2883  0.6502  0.7540  0.6727  0.4828  0.7081  0.6242  0.7502  0.5196  0.5568  0.4051  0.6076  0.6237  0.4662  0.4034  0.6052  

C1995 0.6475  0.5641  0.6236  0.3707  0.6848  0.7837  0.7176  0.5986  0.7447  0.7308  0.7506  0.6360  0.6305  0.5531  0.6593  0.6715  0.6016  0.5539  0.6401  

C1996 0.5413  0.4368  0.4575  0.2529  0.6402  0.6741  0.6981  0.5878  0.6035  0.6559  0.7015  0.5687  0.5547  0.4760  0.6135  0.5783  0.5426  0.5177  0.5612  

C1997 0.6747  0.5547  0.5901  0.2407  0.5788  0.6554  0.8053  0.8370  0.7952  0.8552  0.8446  0.8521  0.9044  0.8574  0.8449  0.8959  0.8269  0.8379  0.7473  

C1998 0.8176  0.7174  0.7637  0.3375  0.7723  0.8639  0.9232  0.8676  0.9368  0.9389  0.9538  0.9094  0.9134  0.8569  0.9389  0.9396  0.8863  0.8333  0.8428  

C1999 0.5221  0.3970  0.4051  0.1679  0.4671  0.5150  0.7286  0.7723  0.6846  0.7778  0.7532  0.7931  0.8435  0.8352  0.8313  0.8245  0.7986  0.7995  0.6620  

C2000 0.4496  0.3077  0.3011  0.1917  0.3996  0.4580  0.7105  0.8523  0.6698  0.8094  0.7338  0.8591  0.8711  0.9128  0.8238  0.8302  0.8924  0.9059  0.6655  

C2001 0.3293  0.1574  0.1401  0.1229  0.3042  0.3121  0.6058  0.7958  0.5519  0.7050  0.6208  0.7984  0.8072  0.8841  0.7559  0.7556  0.8420  0.8730  0.5756  

C2002 0.5256  0.3678  0.3887  0.2182  0.4740  0.5027  0.7382  0.8719  0.7048  0.8384  0.7906  0.8795  0.8975  0.9152  0.8605  0.8673  0.8903  0.9111  0.7024  

C2003 0.5901  0.4620  0.4871  0.2172  0.5305  0.5914  0.7720  0.8567  0.7773  0.8911  0.8579  0.9085  0.9267  0.9432  0.9222  0.9218  0.9272  0.9188  0.7501  

C2004 0.5159  0.3646  0.3874  0.2265  0.4956  0.5517  0.7557  0.8682  0.7514  0.8472  0.8042  0.9006  0.9068  0.9406  0.8916  0.8829  0.9383  0.9201  0.7194  

C2005 0.5192  0.4276  0.4351  0.2178  0.5042  0.5556  0.7440  0.8497  0.7578  0.8733  0.8181  0.9129  0.9193  0.9526  0.9226  0.9087  0.9236  0.9181  0.7311  

C2006 0.4698  0.3228  0.3397  0.8162  0.4565  0.5031  0.6952  0.8066  0.6968  0.8149  0.7759  0.8520  0.8599  0.9101  0.8798  0.8448  0.9022  0.8639  0.7117  

C2007 0.3058  0.2727  0.3015  0.0091  0.3031  0.3494  0.4048  0.4350  0.4780  0.5465  0.5185  0.5462  0.5385  0.5995  0.6266  0.5741  0.5501  0.5029  0.4368  

•kJ  0.5915  0.4831  0.5121  0.2753  0.5534  0.6126  0.7065  0.7063  0.7080  0.7598  0.7590  0.7376  0.7542  0.7301  0.7680  0.7662  0.7330  0.7090   

Table 4-2 Similarity in Boolean Expression Between C1991-C2007 and J1990-J2007. 

 J1990 J1991 J1992 J1993 J1994 J1995 J1996 J1997 J1998 J1999 J2000 J2001 J2002 J2003 J2004 J2005 J2006 J2007 

C1991 1 1 1 0 1 1 1 0 1 1 1 0 0 0 0 0 0 0 

C1992 1 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 

C1993 1 1 1 0 1 1 1 0 1 1 1 0 0 0 0 1 0 0 

C1994 1 1 1 0 1 1 1 0 1 0 1 0 0 0 0 0 0 0 

C1995 1 1 1 0 1 1 1 0 1 1 1 0 0 0 0 0 0 0 

C1996 0 0 0 0 1 1 1 0 0 0 1 0 0 0 0 0 0 0 

C1997 1 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C1998 1 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

C1999 0 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2000 0 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2001 0 0 0 0 0 0 0 1 0 1 0 1 1 1 1 1 1 1 

C2002 0 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2003 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2004 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2005 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2006 0 0 0 1 0 0 0 1 0 1 1 1 1 1 1 1 1 1 

C2007 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 0 0 0 
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Table 4-3 Similarity Between C1991-C2006 and J1991-J2007. 

 J1991 J1992 J1993 J1994 J1995 J1996 J1997 J1998 J1999 J2000 J2001 J2002 J2003 J2004 J2005 J2006 J2007 •iC  

C1991 0.7688  0.8278  0.2596  0.7049  0.8228  0.7135  0.5078  0.7497  0.7182  0.7950  0.5469  0.5848  0.4612  0.6575  0.6606  0.5139  0.4320  0.6309  

C1992 0.4808  0.5143  0.4187  0.7360  0.6843  0.5949  0.4643  0.6081  0.5483  0.6346  0.4428  0.4504  0.3867  0.5275  0.5151  0.4113  0.3705  0.5170  

C1993 0.8477  0.9008  0.3210  0.7005  0.8317  0.7254  0.5480  0.8106  0.7363  0.7933  0.6091  0.6511  0.5194  0.6877  0.7268  0.5438  0.4871  0.6730  

C1994 0.7568  0.8367  0.2883  0.6502  0.7540  0.6727  0.4828  0.7081  0.6242  0.7502  0.5196  0.5568  0.4051  0.6076  0.6237  0.4662  0.4034  0.5945  

C1995 0.5641  0.6236  0.3707  0.6848  0.7837  0.7176  0.5986  0.7447  0.7308  0.7506  0.6360  0.6305  0.5531  0.6593  0.6715  0.6016  0.5539  0.6110  

C1996 0.4368  0.4575  0.2529  0.6402  0.6741  0.6981  0.5878  0.6035  0.6559  0.7015  0.5687  0.5547  0.4760  0.6133  0.5783  0.5426  0.5177  0.5623  

C1997 0.5547  0.5901  0.2407  0.5788  0.6554  0.8053  0.8370  0.7952  0.8552  0.8446  0.8521  0.9044  0.8574  0.8449  0.8959  0.8269  0.8379  0.7516  

C1998 0.2246  0.1655  0.0998  0.3426  0.3871  0.5868  0.6857  0.5025  0.6840  0.5977  0.6896  0.6988  0.7471  0.6806  0.6757  0.7012  0.7171  0.5404  

C1999 0.3970  0.4051  0.1679  0.4671  0.5150  0.7286  0.7723  0.6846  0.7778  0.7532  0.7931  0.8435  0.8352  0.8313  0.8245  0.7986  0.7995  0.6703  

C2000 0.3077  0.3011  0.1917  0.3996  0.4580  0.7105  0.8523  0.6698  0.8094  0.7338  0.8591  0.8711  0.9128  0.8238  0.8302  0.8924  0.9059  0.6782  

C2001 0.1574  0.1401  0.1229  0.3042  0.3121  0.6058  0.7958  0.5519  0.7050  0.6208  0.7984  0.8072  0.8841  0.7559  0.7556  0.8420  0.8730  0.5901  

C2002 0.3678  0.3887  0.2182  0.4740  0.5027  0.7382  0.8719  0.7048  0.8384  0.7906  0.8795  0.8975  0.9152  0.8605  0.8673  0.8903  0.9111  0.7127  

C2003 0.4620  0.4871  0.2172  0.5305  0.5914  0.7720  0.8567  0.7773  0.8911  0.8579  0.9085  0.9267  0.9432  0.9222  0.9218  0.9272  0.9188  0.7595  

C2004 0.3646  0.3874  0.2265  0.4956  0.5517  0.7557  0.8682  0.7514  0.8472  0.8042  0.9006  0.9068  0.9406  0.8916  0.8829  0.9383  0.9201  0.7314  

C2005 0.4276  0.4351  0.2178  0.5042  0.5556  0.7440  0.8497  0.7578  0.8733  0.8181  0.9129  0.9193  0.9526  0.9226  0.9087  0.9236  0.9181  0.7436  

C2006 0.3228  0.3397  0.8162  0.4565  0.5031  0.6952  0.8066  0.6968  0.8149  0.7759  0.8520  0.8599  0.9101  0.8798  0.8448  0.9022  0.8639  0.7259  

•kJ  0.4651  0.4875  0.2769  0.5419  0.5989  0.7040  0.7116  0.6948  0.7569  0.7514  0.7356  0.7540  0.7312  0.7604  0.7614  0.7326  0.7144   

Table 4-4 Similarity in Boolean Expression Between C1991-C2006 and J1991-J2007. 

 J1991 J1992 J1993 J1994 J1995 J1996 J1997 J1998 J1999 J2000 J2001 J2002 J2003 J2004 J2005 J2006 J2007 

C1991 1 1 0 1 1 1 0 1 1 1 0 0 0 0 0 0 0 

C1992 0 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 

C1993 1 1 0 1 1 1 0 1 1 1 0 0 0 0 1 0 0 

C1994 1 1 0 1 1 1 0 1 0 1 0 0 0 0 0 0 0 

C1995 0 1 0 1 1 1 0 1 1 1 0 0 0 0 0 0 0 

C1996 0 0 0 1 1 1 0 0 0 1 0 0 0 0 0 0 0 

C1997 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C1998 1 1 0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 

C1999 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2000 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2001 0 0 0 0 0 0 1 0 1 0 1 1 1 1 1 1 1 

C2002 0 0 0 0 0 1 1 0 1 1 1 1 1 1 1 1 1 

C2003 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2004 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2005 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1 1 1 

C2006 0 0 1 0 0 0 1 0 1 1 1 1 1 1 1 1 1 
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 To ensure that the results of the experiment are comprehensible, only the data for 
the similarity between conference papers and journal papers in the concurrent and two 
following years are shown. Table 4-5 shows the significance of these relationships, as 
given by the Boolean expression presented earlier.  

 Notably, only 6 of the 47 data nodes did not exceed the previously set criteria. 
Restated, 87.23% of data nodes among the data collected support our assumption that 
“conference papers published in advance will influence journal papers that follow”. 
This verifies that conference papers are the new trend for academic papers.  

Table 4-5 Similarity in Boolean Expression Between C1990-C2006 and J1991-J2007. 

 J1991 J1992 J1993 J1994 J1995 J1996 J1997 J1998 J1999 J2000 J2001 J2002 J2003 J2004 J2005 J2006 J2007 

C1991 1 1 0               

C1992  0 1 1              

C1993   0 1 1             

C1994    1 1 1            

C1995     1 1 0           

C1996      1 0 0          

C1997       1 1 1         

C1998        1 1 1        

C1999         1 1 1       

C2000          1 1 1      

C2001           1 1 1     

C2002            1 1 1    

C2003             1 1 1   

C2004              1 1 1  

C2005               1 1 1 

C2006                1 1 

4.2 Discussion  

 Analytical results demonstrate that the effects from C1995 to J1997 and from 
C1996 to J1997, from C1996 to J1998 are not significant. A review of the collected 
datasets reveals that these significance results are related to the history of information 
retrieval and data mining. Most papers early in the period under discussion, i.e. until 
1997 were about information retrieval. However, the number of papers on data mining 
rose from 1997 onwards, and became more numerous than the papers about 
information retrieval from 2001.  

 The rows from C1991 to C1996 and columns from J2001 to J2007 in Table 4-4 
formed a matrix consisting almost entirely of zeroes, revealing that the papers during 
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C1991 to C1996 had little significant influence on J2001 to J2007. We conclude from 
these data that the sub-domain of data mining began to attract the attention of 
researchers from 1997. Each year of conference papers from C1997 had values of “1” 
for each year of journal papers, representing a significant effect. 

 These results demonstrate that data mining became a new issue in 1997. Data 
mining was increasingly discussed after 1997, eventually becoming more prominent 
than the existing issue information retrieval, as shown by these analytical results. 

 In detail, the data points in Table 4-5 which are zeroes means insignificant. The 
three data points of C1991 to J1993, C1992 to C1992, and C1993 to J1993 may be 
caused by the outliers who were collected from J1991 to J1993. We only find 2 papers 
in J1992 and 3 papers in J1993 which meet the criteria. We found that from J1993 to 
each conference year, the data point is almost zero except C1992 and C2006. C2006 
obviously is not leading J1993. The other data points, from C1995 to J1997, C1996 to 
J1997, and C1996 to J1998. As we mention above that the C1997 is the year which 
data mining area emerged. It shows that the method we propose helps the researchers 
to identify the new trends. In the 252 terms, we select C1995 to J1997, C1996 to 
J1997, and C1996 to J1998 and find they are different. There are 132 terms illustrated 
in Table 4-6. 

Table 4-6 The Features of the C1995, C1996, J1997 and J1998. 

No. Terms C1995 C1996 J1997 J1998 No. Terms C1995 C1996 J1997 J1998 

1 retrieval 5 6 12 32 67 nature 0 0 1 1 

2 information 2 0 11 31 68 metadata 0 0 0 1 

3 mining 1 1 15 16 69 matrix 0 0 0 1 

4 learning 1 1 8 15 70 markov 0 0 0 1 

5 data  1 2 19 14 71 management 0 0 1 1 

6 machine 1 1 7 12 72 library 0 0 0 1 

7 system 2 1 5 10 73 introduction 0 0 0 1 

8 web 0 0 3 6 74 induction 0 0 1 1 

9 relevance 0 0 2 5 75 hypertext 0 0 1 1 

10 document 1 4 5 4 76 genre 0 0 0 1 

11 text 2 3 2 4 77 fuzzy 0 0 2 1 

12 language 0 1 4 4 78 extension 0 0 0 1 

13 database 0 1 2 4 79 exploration 0 0 0 1 

14 theory 0 0 0 4 80 example 0 0 1 1 

15 search 0 0 1 4 81 engine 0 0 1 1 

16 method 0 0 0 4 82 decomposition 0 0 0 1 

17 integration 1 0 2 4 83 context 0 0 1 1 

18 computational 1 0 1 4 84 conference 0 0 0 1 

19 media 1 1 1 3 85 composition 0 0 0 1 
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No. Terms C1995 C1996 J1997 J1998 No. Terms C1995 C1996 J1997 J1998 

20 development 0 1 0 3 86 collaborative 0 0 0 1 

21 processing 1 0 3 3 87 citation 0 0 0 1 

22 logic 0 0 0 3 88 behavior 0 0 0 1 

23 IR 0 0 1 3 89 Bayesian 0 0 1 1 

24 interactive 0 0 0 3 90 Australian 0 0 0 1 

25 feedback 0 0 0 3 91 statistics 0 1 3 0 

26 expansion 0 0 0 3 92 optimization 0 1 0 0 

27 efficiency 1 0 0 3 93 n-gram 0 1 0 0 

28 application 0 1 4 2 94 multilingual 0 1 0 0 

29 algorithm 1 1 2 2 95 Korean 0 1 0 0 

30 user 0 0 1 2 96 environment 0 1 0 0 

31 technique 1 0 1 2 97 comparison 0 1 0 0 

32 relation 1 0 1 2 98 Chinese 0 1 0 0 

33 probabilistic 0 0 1 2 99 thesaurus 1 0 1 0 

34 person 0 0 0 2 100 theme 0 0 1 0 

35 knowledge 0 0 2 2 101 summary 0 0 1 0 

36 improvement 0 0 0 2 102 SQL 0 0 1 0 

37 genetic 0 0 0 2 103 spatial 1 0 0 0 

38 generalization 0 0 0 2 104 recognition 0 0 2 0 

39 framework 0 0 0 2 105 production 0 0 1 0 

40 evaluation 0 0 2 2 106 product 0 0 1 0 

41 distribution 1 0 0 2 107 problem 0 0 1 0 

42 discovery  0 0 2 2 108 parameter 0 0 1 0 

43 concept 1 0 0 2 109 operation 0 0 0 0 

44 analysis 0 0 2 2 110 online 0 0 2 0 

45 visualization 1 1 0 1 111 nonlinear 0 0 2 0 

46 source 0 1 0 1 112 massively 1 0 0 0 

47 association 0 1 0 1 113 keyword 0 0 1 0 

48 uncertainty 0 0 1 1 114 kernel 0 0 1 0 

49 topology 0 0 0 1 115 interface 1 0 0 0 

50 stochastic 0 0 1 1 116 implication 0 0 1 0 

51 speech 0 0 1 1 117 implementation 0 0 0 0 

52 similarity 0 0 0 1 118 heuristic 1 0 0 0 

53 semiconductor 0 0 0 1 119 error 0 0 1 0 

54 semantic 0 0 1 1 120 dynamic 1 0 0 0 

55 selection 0 0 1 1 121 description 0 0 1 0 

56 science 0 0 1 1 122 dependency 0 0 1 0 

57 region 0 0 0 1 123 decision 0 0 1 0 

58 refinement 0 0 0 1 124 datasets 1 0 0 0 

59 prototype 0 0 0 1 125 corpus 0 0 1 0 

60 prediction 0 0 3 1 126 construction 0 0 1 0 
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No. Terms C1995 C1996 J1997 J1998 No. Terms C1995 C1996 J1997 J1998 

61 precision 0 0 0 1 127 collection 1 0 0 0 

62 performance 1 0 1 1 128 category 0 0 0 0 

63 path 0 0 0 1 129 automate 0 0 1 0 

64 overview 0 0 1 1 130 area 0 0 1 0 

65 organization 0 0 0 1 131 aggregation 1 0 0 0 

66 navigation 0 0 0 1       

4.3 Summery 

 The literature review reveals that citations analysis is valuable for mining 
academic intelligence. Relational paper clusters can be detected from the citations 
between papers. Additionally, much invisible information is embedded between the 
cited and citing papers. 

 Based on the assumption and the growing development of search engine, many 
recent investigations have concluded that hyperlink analysis can also be used to mine 
academic intelligence. These two analysis methods both seek relationships between 
different research fields by identifying connections between them.  

Searching research topics for the new trend is an important issue. Citation 
analysis assumes that researchers cite the references from other works, and 
accordingly can identify the interplay between conference papers and journal papers. 
Additionally, issues that are discussed more widely are the issues that are most 
important. Researchers attempt to solve the most urgent and popular issues. 
Accordingly, simple information retrieval techniques can hopefully be applied to mine 
academic intelligence from article topics. Analytical results demonstrate that in the 
computer science field, the conference papers lead the issues discussed in journal 
papers. 

Although this study focuses on computer science, the proposed procedure can 
also be applied to various other domains, including such as business, management, 
accounting and strategy. Information technology can support all forms of applications, 
and benefits all domains. Therefore, changes in computer science trends lead to 
changes in other application domains. Our surrounding environments grow 
increasingly dependent on the application and assistance of information technology. 

The significance behind is that the findings of the research may be generalized to 
all applications. This study needs to minimize the differences between retrieval 
conditions. However, the criteria of classification and algorithms used for each 
database and search engine cannot be controlled. Nonetheless, the proposed procedure 
can surpass such limitations and achieves valuable results. 
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 This study concludes that the title is the most representative of the topic of a 
paper. As previously mentioned, information from papers can be extracted from four 
descriptors, namely title, abstract, key words and full text. These descriptors vary by 
the number of words used and the content presented. The aim of information 
extraction is to extract the most knowledge from the least information to encourage 
discussion on new topics. Experimental results demonstrate that although the titles of 
papers have very minimal description of the full content, the information that they 
contain is sufficient to verify the correlation between conference papers and journal 
papers. Restated, titles can describe the content of the paper with very few words, and 
also provide information for new issues. Therefore, this study shows that titles of 
papers are suitable benchmarks for the extraction of information when searching for 
new issues for discussion. 

 This investigation confirms that researchers can discover new trends for research 
topics from conference papers. The research findings strongly support our assumption. 
87.23% of the data nodes collected from 1990 to 2007 show that the topic of the 
conference paper that year has influenced the topic of the journal papers the same year 
and the following two years. In other words, researchers can mine new issues from 
conference papers.  

 This study also proposes an automatic detection approach based on information 
retrieval. The large amount of available research means that identifying the 
development trend in journal papers consumes many man-hours. The proposed 
procedure is intended to help researchers to detect the new issues in their research 
field automatic, and to focus on the most popular topics. It is especially valuable for 
new researchers in the field, or those engaged in cross-domain studies.  

Future research will determine whether the four descriptors generate different 
results in diverse domains based on the correlations between conference papers and 
journal papers. Further discussions can be made for each domain and what its new 
research trend is.  
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Chapter 5 The Detection of Impact Research Topics via Bayesian 
Estimation of Author-Publication Correlations 

 This part of the study tries to detect the impact research topics from authors and 
publications, that is, who have larger impact in the same research field. These topics 
are candidate emerging topics the pursuit of which would be very valuable for 
researchers, especially for new scholars or for researchers who want to combine their 
original field with other new domains but who may not have enough background 
knowledge about the new field.  

 The techniques for topic detection are different from those used in past work. 
Previous studies have used similarity methods or clustering techniques to detect a new 
topic from time series of texts (Allan, Papka & Lavrenko, 1998; Swan & Allan, 2000). 
The current work seeks to improve the past efforts and make the detection of hot 
topics work better (Aurora, Rafael & Jose, 2007; Ozmutlu, 2006; Clifton, Cooley & 
Rennie, 2004; Wu, Chen & Sun, 2004; Chen, Luesukprasert & Chou, 2007; and Jo, 
Lagoze & Giles, 2007). However, it is still time-consuming to search out all possible 
topics in databases or datasets. Even though a dataset’s period of time and field is 
limited, there is still a tremendous volume to detect. So, this study tries to start with 
some authors or publications which are known to possess a larger impact factor than 
others. 

 The impact power is defined as the posterior distribution of an author or a 
publication in the same research field or topic. It is used to measure how much impact 
an author or a publication possesses in their field. The posterior distribution is a 
concept that comes from Bayesian estimation. The prior distribution and the 
likelihood function can help to predict the posterior distribution in Bayesian 
estimation. Bayesian estimation uses subjective data as the prior distribution and 
objective data as the likelihood function to predict the posterior distribution of the 
target. In order to model the influence of an author or a publication in the same field 
or topic (which we call the impact power), we use the number of publications as the 
prior distribution and the number of citations as the likelihood function for prediction. 
The number of publications could be the subject of the impact power by the 
investigator and number of citations could be the object of the impact power made by 
other authors in the same field.  

 The study suggests that some authors and publications possess greater impact 
power than others and that their works may be more valuable than others. Since the 
impact power is decided by publications and citations, it makes sense that the higher 
number of publications and citations the higher the impact power. It is also assumed 
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that papers or topic proposed by author and publications with high impact power will 
gain more attention than others based on past reputations. Some papers or topics 
maybe stimulate more discussion than the others and have greater potential to become 
emerging topics, which we call candidate emerging topics. 

 While the suggestion makes sense, we can narrow down the dataset we need to 
survey. Consequently, we first try to model the impact power of authors and 
publications via Bayesian estimation. After finding the impact power of each paper or 
topic then filtering these papers and topics, we can find candidate emerging topics. A 
candidate emerging topic means that that topic might have the potential to become a 
hot new topic but has not yet been validated. But the topic we propose in this stage 
not really the emerging topic because the topic might mature to become one that every 
important author or publication discusses it. However, these topics are still valuable 
and hot for researchers and could decrease the size of the database they have to 
search. 

 Section 5.1 illustrates the idea behind detecting impact topics. Section 5.2 shows 
how to measure an author’s impact power. Section 5.3 discusses how to assess an 
author’s impact power. Section 5.4 gives an example to illustrate how to decide the 
impact power of a topic or a paper and find out impact topics. 

5.1 The Idea of Detecting Impact Research Topics 

 An impact topic is defined as a topic proposed by an author. Publications with 
higher impact power will generate more extensive discussion in the future. However, 
there may be two possibilities for these impact topics proposed by the impact authors 
and impact publications. The first is where new topics are discussed that may not have 
been discovered by many researchers, but these topics could be valuable and have the 
potential to be the emerging topics. The other possibility is that they may discuss 
already existing problems or topics that are so hot that they are being discussed by 
every author or every publication in that same field. We could not verify whether the 
proposed topics are emerging topics at this stage; however, what we can confirm is 
the topics that are more valuable and have significant impact. The topics proposed by 
our approach (either impact topics or candidate emerging topics) need to be examined 
by the emerging topic detection indices in order to identify their potential to be 
classified as emerging topics.  

 The original thought behind this work is that if a research topic is an impact topic, 
it must become a topic with significant impact. We can decide the degree of impact by 
judging how influential its authors and publication are. Consequently, the number of 
authors and publications the topic encompasses and how much impact they can garner 
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will determine how much impact the topic will have. Some related work is discussed 
below. Steyvers et al. (2004) discussed research topics and the author’s relationships. 
They used the Markov chain Monte Carlo algorithm and applied their methodology to 
a large corpus of 160,000 abstracts and 85000 authors from the database to develop a 
model with 300 topics. However they only discovered connections between the topics 
and the authors. Jo et al. (2007) extended the study of research topics via the 
correlation between citation graphs and texts. The contribution of their work was to 
separate topical words from common words even when they all had high frequencies. 
In other words, high frequency of a term by itself cannot be seen as the deciding 
factor for the determination of topics. These related works tell us that when 
considering how to find impact topics, more tacit knowledge of the topics and 
citations should be considered. Chen et al. (2007) used the pervasiveness and 
topicality concepts of each topic based on the degree of spread of the channel to 
determine whether a topic is hot or not. They concentrated on new topics in the 
domain of publishing. This study extends those concepts, tries to make up for the lack 
in their work and applies the academic method propose impact topics for researchers. 

 Since impact topics come from high impact authors and publications, the first 
thing we have to do is to measure the impact power of each author and publication. 
There are already some criteria to decide the impact power of publications such as 
impact factor proposed by Information Science Institution (ISI). However, those lists 
are only limited to the journal lists of the Science Citation Index (SCI)/Social Science 
Citation Index (SSCI). Some higher impact publications, such as journals or 
renowned conferences are not included. Besides, the impact factor is not domain 
specific. Even though medical publication A has a higher impact factor than computer 
science publication B, it does not mean that publication A has greater impact than 
publication B in the domain of computer science. Even though the category proposed 
by JCR could help to prevent the tremendous risk such as the example, it is still 
difficult to judge the impact of a publication from the impact factor alone unrelated to 
sub domains, domain specifics or topic specifics. On the other hand, finding out 
which author in a specific topic or domain specific has the most impact is very useful 
for researchers to detect impact topics and even emerging topics, although we still 
lack an approach to measure the impact of the authors or even the impact factor.  

 Since the specific topic is a critical view point in the study, whether referring to 
authors or publications, the definitions of authors and publications must be clarified 
first. Authors in the same topic community are those whose works use the same topic. 
For example, if author 1 (A1) uses the topic “data mining” in his document and author 
2 (A2) also uses “data mining”, A1 and A2 are thus viewed as authors in the same 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

48 

topic community. Publications are considered on the same topic by a similar 
definition. The impact power of two papers from different publications published on 
the same topic will be considered together for that topic. The title + abstract are used 
when defining the content of a paper. 

5.2 Measuring an Author’s Impact Power 

 After finding all the authors that write on a specific topic, we can then use the 
publication volume and citation frequency of each author to determine the respective 
impact power of these authors herein defined the impact power of the author (IPA). 
The study uses the Bayesian estimation approach to compute the IPA of each author in 
the same topic. The Formula (5-1) below is used to estimate each author’s IPA  

Prior (IPA)* LF (IPA)= Posterior(IPA) ,              (5-1) 

where  

 Prior (IPA) represents the prior distribution of the author’s degree of impact.  

 LF (IPA) represents the likelihood function of the author’s degree of impact. 

 Posterior (IPA) represents the post-distribution of the author’s degree of impact. 
It also means the current probability distribution of the author, in other words, 
the present impact power of the author. 

 In the following sections we describe how to model each part of the Bayesian 
estimation approach.    

5.2.1 Prior Impact Power of an Author 

 In Bayesian estimation, we use it as data subjective observations of the target to 
calculate the Prior distribution. The assumption is made in this study that the author’s 
impact may be decided by their publication rate in comparison with each other. It 
makes sense that we could claim subjectively that one who has published more in a 
topic would have more impact in that area. Formula (5-2) illustrates the degree of 
impact of the ith author in a topic which we have called topic A, where n represents 
the number of authors who have published their papers in the same topic. The prior 
distribution of the degree of impact of the ith author is )( iIPAPrior . An example 
describing how to compute each author’s )(IPAPrior  for topic A is shown in Table 
5-1.  

A in topic  volumepublished authors'  theall
A in topic  volumepublished sauthor'th  the)( iIPAPrior i =  i=1…n.     (5-2) 
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 For example, author A001 published 3 papers in topic A. All of the authors 
involved in topic A are A001, A002, A004, A005, A008 and the volume published by 
each author is illustrated in Table 5-1. If the total volume in topic A is 20, then author 
A001 will be assigned a degree of impact which is )( 001AIPAPrior =3/20=0.15. 

Table 5-1 Example of Calculating Each Author’s Prior IPA for Topic A. 

Authors Volume of Publications Prior(IPA) 
A001 3 3/20=0.15 
A002 5 5/20=0.25 
A004 1 1/20=0.05 
A005 7 7/20=0.35 
A008 4 4/20=0.20 

Total volume 20 1.00 

5.2.2 Likelihood Function of the Impact Power of an Author 

 In the Bayesian estimation, we use it as data objective observations of the target 
to calculate the likelihood function. We use the number of each author’s publications 
to represent the impact power as a subjective observation; the citation frequency could 
be viewed as the endorsement of the author’s impact factor which could be the 
objective observation of the Bayesian estimation model. Formula (5-3) describes the 
likelihood function of the ith author in a topic, where n authors (with published papers 
in the same topic area) are recorded along with the respective citation frequencies. 
The likelihood function of the ith author’s impact power is represented by )( iIPALF . 
An example of how to compute each author’s )( iIPALF in topic A is shown in Table 
5-2. 

A in topicfrequency citation   theall
A in topic  papers sauthor'th   theoffrequency citation  the)( iIPALF i =  i=1…n. (5-3) 

Table 5-2 Example of How to Compute Each Author’s LF (IPA) in Topic A. 

Authors Citation frequency LF(IPA) 
A001 2 2/15=0.133 
A002 4 4/15=0.267 
A004 1 1/15=0.067 
A005 5 5/15=0.333 
A008 3 3/15=0.200 
Total  15 1.000 

 For example, although A001 has published 3 papers in topic A, his/her citation 
frequency is 2. The total citation frequency is 15, )( 001AIPALF of topic A is computed 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

50 

as follows: 2/15=0.133. In other words, the higher the citation frequency of a paper, 
the higher the )( iIPALF  the author will get. This represents the strength of the 
author’s work. 

5.2.3 Posterior Impact Power of an Author 

 An author’s prior impact power and the likelihood function of the impact power 
can contribute to computation of the posterior impact power of the author. According 
to the definition of the Bayesian estimation, the prior distribution multiplied by the 
likelihood function will produce the posterior distribution for the observed target. We 
can illustrate the distribution of each author’s prior impact power using the 
publication volume of each author as shown in Formula (5-4). 
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20.0)008(
35.0)005(
05.0)004(
25.0)002(
15.0)001(

    

Aauthorp
Aauthorp
Aauthorp
Aauthorp
Aauthorp

authorofpowerimpactPrior           (5-4) 

 If we define variant Y as representing whether the topic is cited or not, the 
likelihood function is the author’s citation frequency distribution in that condition. 
This can be represented with Formula (5-5). The ]|1[ p iAauthorY ==  in Formula 
(5-6) means the probability in the condition that the distribution of author iA and a 
paper on this topic which is cited. We use the citation frequency to model this. Finally 
we could get the posterior impact power of each author respectively with (5-7). 

 Y is the variant which represents whether the paper of the topic is cited or not. 





=
uncited is   topic theofpaper  a0
cited is   topic theofpaper  a1

Y                   (5-5) 
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]p[)p(]1|[ i ii A1|authorYAauthorYAauthorppower impact Posterior ==⋅=∝===

 (5-7) 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

51 

 Then, Formula (5-8) can be used to compute each author’s posterior impact 
power which is the really impact power of the author. 

 
∑
=

= n

i
ii

ii
i

)(IPA)*(IPA

)(IPA)*(IPA)(IPA

1
LFPrior

LFPriorPosterior  i=1…n          (5-8) 

Table 5-3 Example of How to Compute Each Author’s Posterior (IPA) in Topic A. 

Author Prior(IPA) LF(IPA) Prior(IPA)* LF(IPA) Posterior(IPA) 
A001 3/20=0.15 2/15=0.133 0.01995 0.08090 

A002 5/20=0.25 4/15=0.267 0.06675 0.27068 

A004 1/20=0.05 1/15=0.067 0.00335 0.01358 

A005 7/20=0.35 5/15=0.333 0.11655 0.47263 

A008 4/20=0.20 3/15=0.200 0.04000 0.16221 

Total  1.00 1.000 0.24660 1.00000 

 
 Bayesian estimation can be used to calculate each author’s impact power within 
the same topic area. In Table 5-3, we can see that author A005 has the greatest impact 
power, with a probability distribution of 0.47263. It is also reasonable that someone 
who has a higher impact power than others would be the one who publishes a lot of 
related works and is more frequently cited in the same topic. 

5.3 Measuring the Impact Power of a Publication 

 In this section we will discuss how to use Bayesian estimation to compute the 
degree of impact of a publication such as a journal or a conference, defined herein as 
the impact power of the publication (IPP). After finding all the publications within 
one topic area, we can use the number of publications and citation frequency to decide 
a specific publication’s IPP. Formula (5-9) is used to estimate a publication’s IPP.  

Prior (IPP)* LF (IPP)= Posterior(IPP)              (5-9) 

where 

 Prior (IPP) represents the prior distribution of the publication’s degree of 
impact.  

 LF (IPP) represents the likelihood function of the publication’s degree of impact. 

 Posterior (IPP) represents the posterior distribution of the publication’s degree 
of impact. It also means the current probability distribution of the publication 
which we call the impact power of the publication.  
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5.3.1 Prior Impact Power of a Publication 

 Formula (5-10) can be used to calculate the prior distribution (also called the 

prior impact power) of the jth publication within a topic, where the number of 

publications under the same topic is represented by m. The prior impact power of the 

jth publication is )( jIPPPrior . Table 5-4 shows an example of how to compute each 

publication’s )( jIPPPrior  in topic A.  

A in topic  volumepublished ns'publicatio  theall
A in topic  volumepublished sn'publicatioth  the)( jIPPPrior j =  j=1…m.   (5-10) 

Table 5-4 Example of How to Calculate Each Publication’s Prior (IPP) in Topic A. 

Publications Volume of Publications Prior(IPP) 
P002 5 5/20=0.250 
P005 2 2/20=0.100 
P006 9 9/20=0.450 
P009 1 1/20=0.050 
P011 3 3/20=0.150 
Total 20 1.000 

 For example, publication P002 published 5 papers on topic A. All of the 
publications related to topic A, which also means that topic A is selected and the 
papers are cited, are P002, P005, P006, P009, P011. The volume of publications of 
each author is illustrated in Table 5-4. The total volume in topic A is 20, therefore its 

)( 002PIPPPrior =5/20=0.25.  

5.3.2 Likelihood Function of the Impact Power of a Publication 

 The likelihood function of the jth publication under a topic such as topic A is 

calculated with Formula (5-11), where m publications under the same topic are 

recorded along with their respective citation frequencies. The likelihood function of 

the jth publication’s impact power is )( jIPPLF . Table 5-5 shows an example of how 

to compute each publication’s )( jIPPLF in topic A. 

A in topic papers ns'publicatio  theall of sfrequenciecitation   theall
A in topic  papers sn'publicatioth   theoffrequency citation  the)( jIPPLF j = , 

j=1…m.  (5-11) 
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Table 5-5 Example of How to Compute Each Author’s LF(IPP) for Topic A. 

Publications Citation frequency LF(IPP) 
P002 1 1/25=0.04 
P005 5 5/25=0.20 
P006 10 10/25=0.40 
P009 6 6/25=0.24 
P011 3 3/25=0.12 
Total 25 1.000 

 We also take Publication P002 as the example here. Although P002 has 
published 5 papers in topic A, the citation frequency of all papers published by P002 
is 1. With a total citation frequency of 15, the )( 002PIPPLF for topic A is computed to 
be 1/25=0.04. In other words, the higher the citation frequency of a publication, the 

higher the )( jIPPLF will be. Thus although P002 published several papers on topic A, 

these papers did not receive much attention in other papers under the same topic. In 
contrast, although P009 only published 1 paper under topic A, it was cited 6 times, 
therefore its )( 009PIPPLF =0.24, which is much higher than that of P002. It can thus 
be said that P009 exerts much more impact than P002 as indicated by the likelihood 
function of the impact power. 

5.3.3 Posterior Impact Power of a Publication 

 As mentioned above, the posterior distribution, which can be the present impact 
power of the observed target (in this case a publication), is computed from the prior 
distribution and likelihood function of a publication. The number of publications 
which composes the prior distribution and the citation frequency which composes the 
likelihood function may not be directly proportional to the impact power a publication 
may have, thus we should find the distribution that would measure the impact power. 
If the distribution of each publication’s prior impact power can be found using the 
volume published of each publication, then we use Formula (5-12). Formula (5-13) 
describes the definition of the variant Y, and Formula (5-14) is used to illustrate the 
likelihood function of these publications. Finally, the posterior impact power of a 
publication is calculated with Formula (5-15). 
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 Y is the variant which represents whether the papers related to a topic are cited or 
not. 





=
uncited is   topic theofpaper  a0
cited is   topic theofpaper  a1

Y               (5-13) 
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   (5-15) 

 Next, we can use Formula (5-16) to compute each author’s posterior impact 
power. The example illustrating how to calculate each publication’s posterior 
distribution is shown in Table 5-6.  

∑
=

= m

1j
jj

jj
j

))*LF(IPPPrior(IPP

))*LF(IPPPrior(IPP
)IPPPosterior(   j=1…m.       (5-16) 

Table 5-6 Example of How to Compute Each Publication’s Posterior (IPP) for Topic A. 

Publication Prior(IPP) LF(IPP) Prior(IPP)* LF(IPP) Posterior(IPP) 
P002 1/25=0.04 5/20=0.250 0.010 0.0417 

P005 5/25=0.200 2/20=0.100 0.020 0.0833 

P006 10/25=0.400 9/20=0.450 0.180 0.7500 

P009 6/25=0.240 1/20=0.050 0.012 0.0500 

P011 3/25=0.120 3/20=0.150 0.018 0.0750 

Total 1.000 1.000 0.240 1.0000 

 
 Based on the Bayesian estimation approaches, we compute each publication’s 
impact power for a topic. For example, P006 is the publication under topic A with the 
most impact, given it has higher Prior(IPP) and LF(IPP) and the highest 
Posterior(IPP), as seen in Table 5-6. 

5.4 Measuring the Impact Power of a Paper and a Topic 

 A paper’s IPA and IPP can be used to compute the impact power of each paper. 
These paper rankings can then help to calculate the impact power of each topic. This 
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information is very useful for researchers to determine which paper would be more 
valuable than others to study given limited time and resources, as well as which topics 
are hot or more important and may have the potential to be an emerging one. We will 
illustrate how to find the impact power of a paper and the impact power of a topic in 
sections 5.4.1 and 5.4.2, respectively. 

5.4.1 Impact Power of a Paper 

 The impact power of a paper is measured by taking into consideration both the 
authors’ and the publication’s impact factor. If both these impact power values are 
higher then the paper will be assigned a higher ranking with our approach. The 
implication is that the paper is recommended if its author and its publication power 
are both have higher in the same topic. After calculating the IPA and IPP for each 
author and each publication, we can calculate the degree of impact of each paper, 
which we call the impact power of a paper )( IDPaperIP  as in Formula (5-17).  

IDID PaperPaperID IPPIPA)IP(Paper ×=              (5-17) 

where 

 )( IDPaperIP represents the impact power of the paper whose identification 
number is ID.  

 
IDPaperIPA represents the IPA of the author of the paper whose identification 

number is ID. 

 
IDPaperIPP represents the IPP of the publication whose identification number is ID. 

 The proposed approach is summarized in Table 5-7. All papers which fall under 
topic A are listed, and data for each part of the impact power revealed. Information 
about 20 papers under topic A is given in Table 5-7, compiled based on information 
given in previous tables. Using the data, we can compute the impact power of each 
paper, as listed in Table 5-8.  

Table 5-7 Information about Papers Involved in Topic A. 

Paper ID Author ID IPA Publication ID IPP 
001 A001 0.08090 C006 0.7500  
002 A008 0.16221 C009 0.0500  
003 A005 0.47263 C002 0.0417  
004 A002 0.27068 C002 0.0417  
005 A008 0.16221 C005 0.0833  
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Paper ID Author ID IPA Publication ID IPP 
006 A004 0.01358 C006 0.7500  
007 A005 0.47263 C006 0.7500  
008 A001 0.08090 C006 0.7500  
009 A005 0.47263 C002 0.0417  
010 A002 0.27068 C006 0.7500  
011 A001 0.08090 C011 0.0750  
012 A005 0.47263 C002 0.0417  
013 A008 0.16221 C011 0.0750  
014 A005 0.47263 C006 0.7500  
015 A008 0.16221 C002 0.0417  
016 A002 0.27068 C006 0.7500  
017 A005 0.47263 C011 0.0750  
018 A005 0.47263 C006 0.7500  
019 A002 0.27068 C006 0.7500  
020 A002 0.27068 C005 0.0833  

 The value given in bold face indicates those papers with the greatest impact in 
topic A. Thus, papers ID 007, 014, 018 are have the most impact in topic A in this 
example, and we can also find that the author and publication both have the highest 
impact power. The other point that needs to be considered is that although papers ID 
003, 009, 012, 017 are written by author A005 who has the highest impact power of 
all the authors, publications C002 and C011 do not have a high impact power so these 
papers will not recommend by this approach. The same situation will occur for papers 
although where the publication gets the highest impact power but the author does not.  

Table 5-8 Impact Power of Each Paper in Topic A. 

Paper ID Author ID IPA Publication ID IPP )( IDPaperIP  
001 A001 0.08090 C006 0.7500  0.06068 

002 A008 0.16221 C009 0.0500  0.00811 

003 A005 0.47263 C002 0.0417  0.01971 

004 A002 0.27068 C002 0.0417  0.01129 

005 A008 0.16221 C005 0.0833  0.01351 

006 A004 0.01358 C006 0.7500  0.01019 

007 A005 0.47263 C006 0.7500  0.35447 

008 A001 0.08090 C006 0.7500  0.06068 

009 A005 0.47263 C002 0.0417  0.01971 

010 A002 0.27068 C006 0.7500  0.20301 
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Paper ID Author ID IPA Publication ID IPP )( IDPaperIP  
011 A001 0.08090 C011 0.0750  0.00607 

012 A005 0.47263 C002 0.0417  0.01971 

013 A008 0.16221 C011 0.0750  0.01217 

014 A005 0.47263 C006 0.7500  0.35447 

015 A008 0.16221 C002 0.0417  0.00676 

016 A002 0.27068 C006 0.7500  0.20301 

017 A005 0.47263 C011 0.0750  0.03545 

018 A005 0.47263 C006 0.7500  0.35447 

019 A002 0.27068 C006 0.7500  0.20301 

020 A002 0.27068 C005 0.0833  0.02255 

total  1  1 1.97901 

* The bold value indicates the paper with the most impact in topic A. 

5.4.2 Impact Power of a Topic 

 We can identify the impact power of a topic (IPT) by summarizing all the papers’ 
impact power grades for a topic. We can compare all the topics which we are 
interested in to all the others to determine which topic is a hot or important. Formula 
(5-18) illustrates how this is done. 

)()(
1

k

N

k
k IPCIPAtopicIPT ∑

=

×=                 (5-18) 

where 

 IPT(topic) represents the impact power of the topic.  
 N represents all papers on that topic during the observation time.  
 k represents the kth paper for the topic. 
 kIPA represents the IPA of the kth paper in the topic.  
 kIPP represents the IPP of the kth paper in the topic. 

 Ranking all the topic impact powers during the observation time we obtain the 
list of the most popular topics. By summarizing all the papers which are related to the 
topic, the impact power of this topic can thus be derived. Consequently, based on the 
respective IPAs and IPPs for the 20 papers selected under topic A, the prominence of 
topic A during the observation time can be determined. As can be seen in Table 5-8, 
the IPT(topic A)=1.97901. We can see that that the papers with the most impact are 
007, 014 and 018, where both author and publication demonstrate significant impact. 
Although this example presents a computation for a single topic, we can compute the 
rankings for all topics during the observation time. The unit of measurement can be 
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set on an annual basis, whereupon listing and calculating each topic in each year, we 
would be able to identify the most prominent topics. However, by using the work 
decoupled with a higher IPA and IPP would indicate that the paper or the topic is an 
important one, which we will refer to as candidate emerging topics. These problems 
need the indices which are illustrated in later chapters. 
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Chapter 6 Determination of Impact Research Topics via the Bayesian 
Estimation of Author-Publication Correlations 

 In this section we model the research approach and validate whether the authors 
and the publications found by our model really do have impact. We suggest the high 
impact research topics will come from author-publications that possess greater impact 
power than others. We should confirm that the authors and the publications proposed 
using our approach are really high impact authors and publications. Section 6.1 
describes the experiment of validating the author’s impact power. Section 6.2 
illustrates the experiment of validating the publication’s impact power. Section 6.3 
shows how to find the high impact topics using the proposed model. 

6.1 Experiment to Validate an Author’s Impact Power 

 In this section we develop an experiment using this research model to validate 
the author’s impact power. We survey previously published related works to find 
information about which are already validated using other methods. On the other hand, 
we also survey some experts on the topic selected to validate the model. The 
validation procedure for author impact power is illustrated in Fig. 6-1. 

 

 

 

 

 

 

 

 

 

Fig. 6-1 Validation Procedure for Author Impact Power. 

6.1.1 Comparing the author’s impact power with previous work 

 Rosen-Zvi, Chemudugunta, Griffiths, Smyth and Steyvers (2010) developed a 
model to learn about 300 topics. They used the combination of the top 10 words used 
by the authors on the same topic and the top 10 most frequently published authors. 
They tried to use Gibbs sampling to discover the relationship between the texts and 

Authors listed as 
recommended by 
previous related 
work  

Validate the results of the impact power of the author as proposed by our model. 

Interview the experts who investigate this 
same topic.  

Mapping Mapping 
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the authors. The experimental results can help the reader to predict the authors’ 
domain based on the words they use in a paper. Although their goal was not to find the 
authors with most impact in a topic area, but list the top ten authors who use the 
words related to the same topic. The results imply that they are the authors with 
higher impact because they publish more papers and use more words related to a topic 
than others. 

 We collect a dataset and then try to make the comparison between previous work 
and our work in order to examine the research model. As we know, it is difficult to 
compare two different models entirely, especially when we do not use exactly the 
same dataset. Consequently, we try to collect the most similar dataset possible. Their 
dataset comes from the well-known database, the CiteSeer digital library, also referred 
by other researchers in this area (such as Bolelli, Ertekin, Zhou & Giles, 2009; Liu, 
Niculescu-Mizil & Gryc, 2009; and Rosen-Zvi, Chemudugunta, Griffiths, Smyth & 
Steyvers, 2010), and is often used in papers collecting works on computer science. In 
the previous work they used the dataset published between 1990 and 2002. We select 
one of the 300 topics mentioned in their study to map out our work, specifically the 
topic of “data mining”. The top two words used in the topic “data mining” are “data” 
and “mining”. We use their abstract as our descriptor of a paper to compare to their 
work. This means that if the term “data mining” is found in the abstract and we 
consider that paper as one involving data mining. All authors and publications 
involved in a paper involving the topic, data mining, are viewed as belonging to the 
same society. In this study we consider data mining for the years of 1990-2002. 

 Different research models and goals lead to a focus on different model 
view-points during computing. In our model, the number of co-authors will influence 
the impact power. Different from the work we want to compare, they emphasis on the 
words an author used and the co-author will be the opportunity to find out the 
combination of crossing domains, our research focus on the number of co-authors will 
duplicate calculating the power of a paper. Although we look at a paper as a research 
unit, it might have more than one author. If we compute the impact power of all a 
paper’s authors, it might give a paper with several co-authors a greater impact power. 
As we know, this does not make sense in the real world. We need some assessment 
criteria. During assessment, we ignore the number of co-authors per paper, viewing all 
of them as making almost the same contribution, even this may not exactly fit in with 
the real situation. In order to solve this problem, in this study we use the weighting 
concept, as discussed in the next paragraph, to model the contribution of a paper and 
to ensure that the impact power of a paper is not be affected by the number of 
co-authors. 

http://portal.acm.org/author_page.cfm?id=81100200904&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81329488631&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81309500562&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81418597820&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81309509185&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81435600825&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81100140946&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81317487603&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81323490592&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81100305321&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
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 The contribution weight of co-authors can be based on the sequence in which the 
authors are listed. We suggest that the first author of a paper has made the greatest 
contribution to a paper, and that the contribution will decrease in relation to the 
sequence listed by these authors of a paper. We use an arithmetic sequence to model 
the weight ratio. For example, if there are 3 authors in a paper, each weight 
contribution to this paper is divided by the weight ratio 3:2:1, meaning that the 1st 
author gets 3, the 2nd author gets 2, and the 3rd author gets 1. In order to normalize the 
value of the total weight so that is equal to 1, the contributions are weighted 3/6, 2/6 
and 1/6. Although the 1st author’s contribution may not actually be 3 times the 3rd 
author’s so that the weight ratio does not exactly reflect the relative strength between 
these authors, this strategy can reflect the fact that the first author has a greater 
contribution. This method controls the total weight to be equal to 1 without being 
affected by the number of co-authors. Algorithm 6-1 is used to model the 
circumstances. 
 

Algorithm 6-1: Identifying the contributory weight of each author for a single paper 
Input:  n is the number of co-authors 
   i is the sequence of authors listed for a paper 
      sum is the summation of 1 to n 
Output: iweight is the contributory weight of the ith author 
1  For i=1 to n 

2     
sum

inweighti
−+

=
1  

3  Next 

 The contributory weight of each co-author is not only a measure for computing 
each author’s impact power for a paper but also help calculate the impact power the 
author will receive from a cited paper. When we want to determine a paper’s impact, 
we use all of the authors’ impact powers and each contributory weight to compute it. 
If we want to know an author’s impact power, we can summarize all the papers 
written by that author and calculate the published volume and citation frequency of 
each paper published by the contribution weight. 

 We use the dataset published during 1990-2002. The topic is “data mining”. We 
collect paper data from the CiteSeer digital library and compare the experimental 
results for our model without the contribution weight, and with contribution weight 
with those obtained in previous work. There were 2294 authors who published papers 
on the topic of data mining during the period from 1990-2002. Table 6-1 shows the 
top 10 impact authors in topic data mining as obtained with each model.  
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Table 6-1 Top 10 Impact Authors in the Topic of Data Mining. 

 

Rosen-Zvi, 
Chemudugunta, 

Griffiths, Smyth & 
Steyvers (2010) ● 

Our research model 
(without contribution 

weight) ◆ 

Our research model 
(with contribution 

weight) ▓ 

1 Jiawei Han Jiawei Han Jiawei Han 
2 Mohammed Javeed Zaki Rakesh Agrawal Rakesh Agrawal 
3 Bing Liu Hannu T. T. Toivonen Ron Kohavi 
4 David W. Cheung Heikki Mannila Mohammed Javeed Zaki 
5 Kyuseok Shim Salvatore J. Stolfo  Foster J. Provost  
6 Heikki Mannila Osmar R. Zaïane George Karypis 
7 Rajeev Rastogi Mohammed Javeed Zaki Charu C. Aggarwal 
8 Venkatesh Ganti Philip S. Yu Chris Clifton 
9 Hannu T. T. Toivonen George Karypis Osmar R. Zaïane 
10 Huan Liu Ron Kohavi Ming-syan Chen 

 We use the different symbols to represent different model lists. Duplicate authors 
duplicate will get more than one symbol when an author belongs to more than one 
model. The results with symbols are shown in Table 6-2. The “●” represents the 
model of Rosen-Zvi, Chemudugunta, Griffiths, Smyth and Steyvers (2010); the “◆” 
represents our research model without the contribution weight; and the “▓ ” 
represents our research model with the contribution weight. The value for each model 
is ●=16/30=53.33%; ◆=20/30=66.67%; and ▓=18/30=60%. Each list of these 
models has a cover rate of more than 50%, meaning that these lists of models are 
valuable and worth consideration while mentioning the impact author in the topic data 
mining during 1990-2002.  

 The results obtained using our research model without the contribution weights 
are most similar to the other list. One reason might be that the first model considers 
words and relationships between the topic-author. They list the top 10 persons using 
more words in that topic than others. We suggest that is the greater volume published 
in the same topic will cause the sequence of the first model. However, in our model 
we consider the impact power, not only of the words used and the topic, but also the 
citation frequency, which is an endorsement by other authors. The model with the 
contribution weight is a more extensive approach and reveals the best cover rate 
between the 3 models.   

http://portal.acm.org/author_page.cfm?id=81100140946&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81317487603&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81323490592&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81100305321&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
http://portal.acm.org/author_page.cfm?id=81100423625&coll=portal&dl=ACM&CFID=90029413&CFTOKEN=19969919�
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Table 6-2 Top 10 Impact Authors within the Topic of Data Mining (during 1990-2002). 

No. 

Rosen-Zvi, 
Chemudugunta, 

Griffiths, Smyth, & 
Steyvers, (2010) 

● 
Our research model 

(without contribution 
weight) 

◆ 
Our research model 
(with contribution 

weight) 
▓ 

1 Jiawei Han 
●

◆ 

▓ 
Jiawei Han 

●

◆ 

▓ 
Jiawei Han 

●

◆ 

▓ 

2 
Mohammed Javeed 

Zaki 

●

◆ 

▓ 
Rakesh Agrawal 

◆ 

▓ 
Rakesh Agrawal 

◆ 

▓ 

3 Bing Liu ● Hannu T. T. Toivonen 
●

◆ 
Ron Kohavi 

◆ 

▓ 

4 David W. Cheung ● Heikki Mannila 
●

◆ 

Mohammed Javeed 
Zaki 

●

◆ 

▓ 
5 Kyuseok Shim ● Salvatore J. Stolfo  ◆ Foster J. Provost ▓ 

6 Heikki Mannila 
●

◆ 
Osmar R. Zaïane 

◆ 

▓ 
George Karypis 

◆ 

▓ 

7 Rajeev Rastogi ● 
Mohammed Javeed 

Zaki 

●

◆ 

▓ 
Charu C. Aggarwal ▓ 

8 Venkatesh Ganti ● Philip S. Yu ◆ Chris Clifton ▓ 

9 Hannu T. T. Toivonen 
●

◆ 
George Karypis 

◆ 

▓ 
Osmar R. Zaïane 

◆ 

▓ 

10 Huan Liu ● Ron Kohavi 
◆ 

▓ 
Ming-syan Chen ▓ 

6.1.2 Comparing the impact power of authors with the expert survey 

 Besides comparing the experimental results with those obtained with previous 
models as noted in the literature review, we also survey experts who have investigated 
the topic of data mining. We list all the authors in alphabetical order without 
duplication for the three models. There are 20 different authors. We survey five 
experts asking them to give opinions, including yes, no and no opinion to reflect 
whether each author has impact power in the topic “data mining”. These experts 
included two assistant professors, one associate professor and two full professors, 
three from the department of Management of Information Systems and two from 
Computer Science and Engineering. We assigned the three options different grades for 
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calculation, with yes being one, no being negative one, and no opinion represent by 
zero. Even when the expected value is 0, we show average grades of greater than 2.25 
in bold face. There were only 9 authors who exceeded this threshold. The grades of 
each author are shown in Table 6-3.  

 We compare the survey result for the three models as mentioned above, and get 
the information in Table 6-4. The precision and recall of the first model are 40% and 
44.44% which is obviously lower than that obtained with our models, whether with or 
without the contribution weight. This indicates that our model results conform more 
closely to the expert’s expectations than the results obtained in previous work for 
determining with author has the largest impact in the topic area of “data mining”.  

Table 6-3 Grades of Authors Surveyed by Academic Experts. 

No. Author grades No. Author grades 
1 Bing Liu 3 11 Kyuesok Shim 2 
2 Charu C. Aggarwal 3 12 Ming-syan Chen 4 
3 Chris Clifton 1 13 Mohammed Javeed Zaki 3 
4 David W. Cheung 2 14 Osmar R. Zaïane 2 
5 Foster J. Provost  -1 15 Philip S. Yu 3 
6 George Karypis 3 16 Rajeev Rastogi 1 
7 Hannu T. T. Toivonen 2 17 Rakesh Agrawal 4 
8 Heikki Mannila 4 18 Ron Kohavi 2 
9 Huan Liu 1 19 Salvatore J. Stolfo 2 
10 Jiawei Han 4 20 Venkatesh Ganti 0 

* The bold values indicate authors receiving higher than average grades. 

Table 6-4 Precision and Recall of Author Impact Obtained with Each Model. 

No. 

Rosen-Zvi, 
Chemudugunta, 
Griffiths, Smyth 

& Steyvers, 
(2010) ● 

Our research 
model 

(without 
contribution 
weight) ◆ 

Our research 
model 
(with 

contribution 
weight) ▓ 

Expert survey 
results 

(lists higher 
than average) 

1 Jiawei Han Jiawei Han Jiawei Han Jiawei Han 

2 
Mohammed 
Javeed Zaki 

Rakesh Agrawal Rakesh Agrawal Heikki Mannila 

3 Bing Liu 
Hannu T. T. 
Toivonen 

Ron Kohavi Ming-syan Chen 

4 
David W. 
Cheung 

Heikki Mannila 
Mohammed 
Javeed Zaki 

Rakesh Agrawal 
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No. 

Rosen-Zvi, 
Chemudugunta, 
Griffiths, Smyth 

& Steyvers, 
(2010) ● 

Our research 
model 

(without 
contribution 
weight) ◆ 

Our research 
model 
(with 

contribution 
weight) ▓ 

Expert survey 
results 

(lists higher 
than average) 

5 Kyuseok Shim 
Salvatore J. 

Stolfo 
Foster J. Provost Bing Liu 

6 Heikki Mannila 
Osmar R. 

Zaïane 
George Karypis 

Charu C. 
Aggarwal 

7 Rajeev Rastogi 
Mohammed 
Javeed Zaki 

Charu C. 
Aggarwal 

George Karypis 

8 Venkatesh Ganti Philip S. Yu Chris Clifton 
Mohammed 
Javeed Zaki 

9 
Hannu T. T. 
Toivonen 

George Karypis 
Osmar R. 

Zaïane 
Philip S. Yu 

10 Huan Liu Ron Kohavi Ming-syan Chen  
Precision 40% 60% 60%  

Recall 44.44% 66.67% 66.67%  

6.2 Experiment to Validate the Impact Power of Publications 

 In this next section, we will conduct an experiment to validate the impact power 
of publications using our research model. The most frequently used approach is to 
compare the impact factor as assigned by an organization such as the Information 
Science Institution (ISI). The impact factor (IF) can be obtained from the ISI’s Journal 
Citation Report (JCR) database. The ISI uses the publication volume and citation 
frequency in SCI/SSCI journals over two years to compute the IF. However, as we 
know, their list does not include all journals. There are some new journals that may 
discuss new topic that are not included in the SCI/SSCI list so will not count towards 
the IF in the JCR database. Conference proceedings are also not included in the JCR 
database. We use the IF to validate the list proposed by our model. We also compare 
our results to those obtained with 3 different models: that of Rosen-Zvi, 
Chemudugunta, Griffiths, Smyth and Steyvers, (2010); the second is our research 
model without the contribution weight; and the final one is our research model with 
the contribution weight. The precision and recall rates will be the indices used to 
compare the experiment results. On the other hand, we also survey experts in “data 
mining” to validate the model results. The procedure for validating the impact power 
of publications is illustrated in Fig. 6-2. 
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Fig. 6-2 Procedures of Validating the Impact Power of a Publication. 

6.2.1 Comparing the impact power of publications using the impact factor 

 We use Bayesian estimation to model the impact power of publications as 
proposed in our research approach then compare these results with the ISI impact 
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factor as looked up in the JCR database. The results are basically similar. We both use 
the volume of publications and citation frequency in the calculation. However, the 
difference is that they arrive at the impact factor using only information from the past 
two years in the computation while with the Bayesian estimation of our approach we 
use sustained concepts which is the previous data will influence the result to model 
the impact power. Previous reputation will be considered and the posterior distribution 
will be the prior distribution in next step when new information comes. 

 We collect data on papers from CiteSeer on the topic “data mining” as 
determined from the abstract. We collect 1389 papers including conference and 
journal papers for which we can find both their authors and publications. There are 
281 journal papers and 1108 conference papers. After computation we discover that 
there are 583 different kinds of publications, 131 journal publications and 452 
conference publications. The statistics are shown in Table 6-5. 

Table 6-5 Statistics for Papers and Publications. 

Unit Papers Publications 
Volume 1389 583 

Type Journals Conferences Journals Conferences 
Volume 281 1108 131 452 

 We have to decide on the recommendation threshold for this enormous number 
of papers and publications. We find that about 35 publications have published more 
than 5 papers on data mining. We try to incorporate the criteria of the top 35 
publications in our model and recommend these to researchers. The impact powers of 
the top 35 publications are described in Table 6-6. We can see that the top impact 
publication in data mining is the ACM SIGKDD Conference on Knowledge 
Discovery and Data Mining (KDD) which has an impact power of 67.6986%, almost 
4-5 times that of the second best. There are 11 journals and 24 conferences in the top 
35 publications. The details are given in the following tables: Table 6-7 for the top 10 
journals; Table 6-8 for the top 10 conferences for this type of publication; and Table 
6-9 shows the top 10 publications regardless of whether they are the journal or 
conference type.   

Table 6-6 Top 35 Impact Publications in Topic of Data Mining (during 1990-2002). 

Rank C/J Title of the publication 
Impact 
Power 

1 C 
ACM SIGKDD Conference on Knowledge Discovery and 
Data Mining (KDD) 

67.6986% 

2 C SIGMOD 14.7991% 
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Rank C/J Title of the publication 
Impact 
Power 

3 C Very Large DataBase (VLDB) 4.6433% 

4 C Industrial Conference on Data Mining (ICDM) 2.2011% 

5 C Principles of Data Mining and Knowledge Discovery (PKDD) 2.0353% 

6 C International Conference on Data Engineering (ICDE) 1.7043% 

7 J Data Mining and Knowledge Discovery 1.3425% 

8 C 
Pacific-Asia Conference on Knowledge Discovery and Data 
Mining (PAKDD) 

0.8536% 

9 J 
IEEE Transactions on Knowledge and Data Engineering 
(TKDE) 

0.8119% 

10 C Lecture Notes in Computer Sciences (LNCS) 0.7115% 

11 C 
International Conference on Information and Knowledge 
Management (CIKM) 

0.4259% 

12 J Knowledge and Information Systems (KIS) 0.1765% 

13 C 
SIAM International Conference Proceedings on Data Mining 
(SDM) 

0.1593% 

14 J SIGKDD Explorations 0.1297% 

15 C ACM Symposium on Principles of Database Systems 0.1148% 

16 C 
International Conference on Data Warehousing and Knowledge 
Discovery (DaWaK) 

0.1110% 

17 C Lecture Notes in Artificial Intelligence (LNAI) 0.0983% 

18 J 
IEEE Bulletin of the Technical Committee on Data 
Engineering 

0.0701% 

19 C 
SIGMOD Workshop on Research Issues in Data Mining and 
Knowledge Discovery (DMKD) 

0.0649% 

20 C ACM Conference on Computers and Security 0.0626% 

21 J IEEE Computers 0.0623% 

22 C International Conference on Database Theory (ICDT) 0.0618% 

23 J SIGMOD Record 0.0555% 

24 J Communications of the ACM (CACM) 0.0548% 

25 C European Conference on Machine Learning (ECML) 0.0545% 

26 J Bioinformatics 0.0444% 

27 J Machine Learning 0.0381% 

28 J IEEE Transactions on Visualization and Computer Graphics 0.0372% 

29 C Genetic and Evolutionary Computation Conference (GECCO) 0.0311% 

30 C ACM International Conference on Digital Libraries 0.0303% 
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Rank C/J Title of the publication 
Impact 
Power 

31 C Advances in Large Margin Classifiers 0.0288% 

32 C Advances in Distributed and Parallel Knowledge Discovery 0.0271% 

33 C 
IEEE International Conference on Tools with Artificial 
Intelligence (ICTAI) 

0.0268% 

34 C Advances in Digital Libraries Conference (ADL) 0.0268% 

35 C Advances in Neural Information Processing Systems (NIPS) 0.0264% 

 

Table 6-7 Top 10 Impact Journals in Topic of Data Mining (during 1990-2002). 

 Title of the publication 
IF 

2002 
IF 

2008 
1 Data Mining and Knowledge Discovery 1.192 2.421 
2 IEEE Transactions on Knowledge and Data Engineering 1.055 2.236 
3 Knowledge and Information Systems N/A 1.733 
4 SIGKDD Explorations N/A N/A 
5 IEEE Bulletin of the Technical Committee on Data Engineering N/A N/A 
6 IEEE Computers 1.484 2.611 
7 SIGMOD Record 0.228 1.620 
8 Communications of the ACM (CACM) 1.497 2.646 
9 Bioinformatics 4.615 4.328 
10 Machine Learning 1.944 2.326 

 

Table 6-8 Top 10 Impact Conferences in Topic of Data Mining (during 1990-2002) 

 Title of the publication 
1 ACM SIGKDD Conference on Knowledge Discovery and Data Mining (KDD) 
2 SIGMOD 
3 Very Large DataBase (VLDB) 
4 Industrial Conference on Data Mining (ICDM) 
5 Principles of Data Mining and Knowledge Discovery (PKDD) 
6 International Conference on Data Engineering (ICDE) 
7 Pacific-Asia Conference on Knowledge Discovery and Data Mining (PAKDD) 
8 Lecture Notes in Computer Sciences (LNCS) 
9 International Conference on Information and Knowledge Management (CIKM) 
10 SIAM International Conference Proceedings on Data Mining(SDM) 
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Table 6-9 Top 10 Impact Publications in Topic of Data Mining (during 1990-2002). 

 
 Title of the publication 

Impact 
Power 

1 C 
ACM SIGKDD Conference on Knowledge Discovery and Data 
Mining (KDD) 

67.6986% 

2 C SIGMOD 14.7991% 

3 C Very Large DataBase (VLDB) 4.6433% 

4 C Industrial Conference on Data Mining (ICDM) 2.2011% 

5 C Principles of Data Mining and Knowledge Discovery (PKDD) 2.0353% 

6 C International Conference on Data Engineering (ICDE) 1.7043% 

7 J Data Mining and Knowledge Discovery 1.3425% 

8 C 
Pacific-Asia Conference on Knowledge Discovery and Data 
Mining (PAKDD) 

0.8536% 

9 J IEEE Transactions on Knowledge and Data Engineering 0.8119% 

10 C Lecture Notes in Computer Sciences (LNCS) 0.7115% 

 We use the ISI impact factor and get the value from the JCR database as in Table 
6-7. The JCR database can trace the value from 2002 to 2008. Since the dataset in our 
research model is from 1990-2002, the impact factor from 2002 may be suitable for 
reference. The latest impact factor available is for 2008. We consider both values. The 
journal Bioinformatics has the highest impact factor in 2002 or 2008, but it is possible 
that the medical or biology discipline may not really have most impact in the data 
mining topic. This is also a limitation of the ISI approach, it can only rank by unit of 
category and not by topic. The experts we survey claim that the journal 
Bioinformatics may contain some publications about data mining and thus have a high 
impact according to citation frequency, but it may not the main journal in this area of 
data mining. There was no impact factor given for the journal, Knowledge and 
Information Systems, in 2002 because it was not in the SCI/SSCI list that year. This is 
also the case with the journal SIGKDD Explorations and the IEEE Bulletin of the 
Technical Committee on Data Engineering, which both appear in the collection of 
conference papers. Neither are given an impact factor in 2002 or 2008. Conference 
publications are also not computed in ISI which is another reason why we can not 
simply use the impact factor to evaluate the impact of these publications. 

6.2.2 Comparing the impact power of publications using the publication list of authors 
recommended in previous work 

  In this section we will compare the publication list obtained with our research 
model with that of the publication list of authors suggested by 3 different models. The 
core concept is that for an author to have impact in a topic area that author’s 
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publications will in certain cases be included in important publications in the same 
topic. In order to validate the lists, we mark publications of authors recommend in 
previous works “●”; those obtained from our Bayesian estimation model without the 
contribution weight are marked “◆”; and those obtained with the contribution weight 
are marked “▓”. This information is described in Table 6-10.  

Table 6-10 Comparison of the Impact Power of Publications to the Lists of Authors Suggested by Three 

Different Models.  

Rank C/J Title of the publication ● ◆ ▓ 

1 C 
ACM SIGKDD Conference on Knowledge Discovery and 
Data Mining (KDD) 

X X X 

2 C SIGMOD X X X 
3 C Very Large DataBase (VLDB) X X X 
4 C Industrial Conference on Data Mining (ICDM) X X X 
5 C Principles of Data Mining and Knowledge Discovery (PKDD) X X X 
6 C International Conference on Data Engineering (ICDE) X X X 
7 J Data Mining and Knowledge Discovery X X X 

8 C 
Pacific-Asia Conference on Knowledge Discovery and Data 
Mining (PAKDD) 

X X X 

9 J 
IEEE Transactions on Knowledge and Data Engineering 
(TKDE) 

X X X 

10 C Lecture Notes in Computer Sciences (LNCS) X X  

11 C 
International Conference on Information and Knowledge 
Management (CIKM) 

X X X 

12 J Knowledge and Information Systems (KIS) X X X 

13 C 
SIAM International Conference Proceedings on Data Mining 
(SDM) 

X X X 

14 J SIGKDD Explorations X X X 
15 C ACM Symposium on Principles of Database Systems    

16 C 
International Conference on Data Warehousing and 
Knowledge Discovery (DaWaK) 

X X X 

17 C Lecture Notes in Artificial Intelligence (LNAI)    

18 J 
IEEE Bulletin of the Technical Committee on Data 
Engineering 

X   

19 C 
SIGMOD Workshop on Research Issues in Data Mining and 
Knowledge Discovery (DMKD) 

X X X 

20 C ACM Conference on Computers and Security    
21 J IEEE Computers X X X 
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Rank C/J Title of the publication ● ◆ ▓ 
22 C International Conference on Database Theory (ICDT) X X X 
23 J SIGMOD Record X X X 
24 J Communications of the ACM (CACM) X X X 
25 C European Conference on Machine Learning (ECML) X X X 
26 J Bioinformatics X X  
27 J Machine Learning X X X 
28 J IEEE Transactions on Visualization and Computer Graphics    
29 C Genetic and Evolutionary Computation Conference (GECCO)  X  
30 C ACM International Conference on Digital Libraries    
31 C Advances in Large Margin Classifiers    
32 C Advances in Distributed and Parallel Knowledge Discovery    

33 C 
IEEE International Conference on Tools with Artificial 
Intelligence (ICTAI) 

X X X 

34 C Advances in Digital Libraries Conference (ADL) X X X 
35 C Advances in Neural Information Processing Systems (NIPS)    

Count of numbers 26 26 23 

 The model results appear in the following tables. Table 6-11 shows the numbers 
of finding results, the category number of author’s publications, the total number of 
publications in our model, the recall rate and precision rate of each mode. Table 6-12 
gives us the precision of each model considering the different lists of suggested 
publications. These tables show quite similar results between all 3 models. This 
supports the idea that no matter what models of the authors we suggested, 
ourpublications proposed are representative of important or impact publications in this 
topic area. 

Table 6-11 Information, Recall Rate, and Precision Rate of Each Model. 

 Rosen-Zvi, 
Chemudugunta, 
Griffiths, Smyth 

and Steyvers 
(2010) ● 

Our research model 
(without 

contribution weight) 
◆ 

Our research 
model 

(with contribution 
weight) ▓ 

A 
Some findings in the 

model 
101 117 97 

B 
Category number of the 

publications 
138 164 136 

C 
Total number of 

publications in our model 
583 583 583 

Model 

Data Description 
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 Rosen-Zvi, 
Chemudugunta, 
Griffiths, Smyth 

and Steyvers 
(2010) ● 

Our research model 
(without 

contribution weight) 
◆ 

Our research 
model 

(with contribution 
weight) ▓ 

Recall rate of the model 
Recall=A/B 

73.19% 71.34% 71.32% 

Precision rate of the model 
Precision=A/C 

17.41% 20.17% 16.72% 

 

Table 6-12 Precision of Each Model While Considering the Lists of Suggested Publications. 

 Rosen-Zvi, 
Chemudugunta, 
Griffiths, Smyth 

and Steyvers 
(2010) ● 

Our research model 
(without 

contribution weight)
◆ 

Our research 
model 

(with contribution 
weight) ▓ 

Precision of the model  
(list of top 35 publications) 

74.29% 74.29% 65.71% 

Precision of the model  
(list of top 10 journals) 

100% 90% 80% 

Precision of the model  
(list of top 10 conferences) 

100% 100% 90% 

Precision of the model  
(list of top 10 publications) 

100% 100% 90% 

6.2.3 Comparing the impact power of publications with the experts survey 

 Comparing the precision or recall rate with the list of authors’ publications as 
recommended by different models is not the only approach to validate the impact 
publications. Surveying experts in the same domain is also a good approach. Since the 
results from the three different models are not fully accurate, the comparison only 
applies to an acceptable solution. To validate the quality of the proposed publications, 
we also survey experts who work in the same topic area. The five experts are also 
interviewed for the impact author part. We give the publication lists of journals and 
conferences proposed by our Bayesian estimation model to these experts and ask them 
to determine whether the publication has an impact or not. The scoring method is 
similar to that used to evaluate the impact authors, where yes is 1, no is -1, and no 
opinion is represented by 0. The survey results are shown in Table 6-13, Table 6-14 
and Table 6-15. The former discusses the impact journals and the latter two are about 

Model 

Data Description 

Model 

Data Description 
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impact conferences.   

Table 6-13 Comparison of Journals Ranks Between the Experts and Our Model. 

ID Title of the publication Scores 
Experts’ 

Rank 
Our 

Rank 
J3 Data Mining and Knowledge Discovery 5 1 1 
J6 IEEE Transactions on Knowledge and Data Engineering 5 1 2 
J8 Knowledge and Information Systems 4 3 3 
J10 SIGKDD Explorations 3 4 4 

J4 
IEEE Bulletin of the Technical Committee on Data 
Engineering(IEEE Data(base) Engineering Bulletin) 

1 8 5 

J5 IEEE  Computers 2 5 6 
J11 SIGMOD Record 2 5 7 
J2 Communications of the ACM (CACM) 1 8 8 
J1 Bioinformatics 0 10 9 
J9 Machine Learning 2 5 10 
J7 IEEE Transactions on Visualization and Computer Graphics -1 11 11 

 The comparison results can be separated into 3 parts. The first part contains 
journals ID J3, J6, J8 and J10. The ranking of the top 4 journals given by the experts 
are almost the same as those ranked with our model. There are 2 journals, Data 
Mining and Knowledge Discovery and IEEE Transactions on Knowledge and Data 
Engineering assigned the same value by experts as first place. Our model gives almost 
the same results. The second part contains journals ID J4, J5, J11 and J2. The ranks 
between the experts and our model are also similar. Our rank is 5-8 but the experts’ 
are 5 or 8 because of they give several journals the same scores and there is 
opposition. The situation is similar in the third part which contains ID J1, J9 and J7. 
The rank 9-11 obtained with our model is similar to the ranking of experts. The 
exception is the J9, the journal, Machine Learning. The experts give it the higher 
score a rank of 5. A possible reason for this may be that although the journal is 
well-known in machine learning and artificial intelligence, and there are some data 
mining papers discussed in the journal, however the volume published and citation 
frequency from 1990-2002 does not exceed that of other journals ranked higher rank 
on the list. 
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Table 6-14 Comparison of Conference Ratings Between the Experts and Our Model. 

No. ID Title of the publication Scores 
Experts’ 

Rank 
Our 

Rank 

1 C3 
ACM SIGKDD Conference on Knowledge Discovery 
and Data Mining (KDD) 

5 1 1 

2 C19 
Pacific-Asia Conference on Knowledge Discovery and 
Data Mining (PAKDD) 

5 1 7 

3 C16 
International Conference on Information and Knowledge 
Management (CIKM) 

4 3 9 

4 C20 
Principles of Data Mining and Knowledge Discovery 
(PKDD) 

4 3 5 

5 C21 SIAM International Conference on Data Mining (SDM) 4 3 10 

6 C23 
SIGMOD Workshop on Research Issues in Data Mining 
and Knowledge Discovery (DMKD) 

4 3 14 

7 C24 Very Large DataBase (VLDB) 4 3 3 

8 C11 
IEEE International Conference on Tools with Artificial 
Intelligence (ICTAI) 

3 8 22 

9 C12 Industrial Conference on Data Mining (ICDM) 3 8 4 
10 C13 International Conference on Data Engineering (ICDE) 3 8 6 

11 C14 
International Conference on Data Warehousing and 
Knowledge Discovery (DaWaK) 

3 8 12 

12 C4 ACM Symposium on Principles of Database Systems 2 12 11 

13 C6 
Advances in Distributed and Parallel Knowledge 
Discovery 

2 12 21 

14 C8 
Advances in Neural Information Processing Systems 
(NIPS) 

2 12 24 

15 C17 Lecture Notes in Computer Sciences (LNCS) 2 12 8 
16 C18 Lecture Notes in Artificial Intelligence (LNAI) 2 12 13 
17 C22 SIGMOD 2 12 2 
18 C9 European Conference on Machine Learning (ECML) 1 18 17 
19 C15 International Conference on Database Theory (ICDT) 0 19 16 
20 C2 ACM International Conference on Digital Libraries -1 20 19 
21 C7 Advances in Large Margin Classifiers -1 20 20 

22 C10 
Genetic and Evolutionary Computation Conference 
(GECCO) 

-1 20 18 

23 C1 ACM Conference on Computers and Security -2 23 15 
24 C5 Advances in Digital Libraries Conference (ADL) -3 24 23 
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Table 6-15 Comparison of Conferences (Higher Than the Average Score). 

No. ID Title of the publication Scores 
Experts’ 

Rank 
Our 

Rank 

1 C3 
ACM SIGKDD Conference on Knowledge Discovery 
and Data Mining (KDD) 

5 1 1 

2 C19 
Pacific-Asia Conference on Knowledge Discovery and 
Data Mining (PAKDD) 

5 1 7 

3 C16 
International Conference on Information and Knowledge 
Management (CIKM) 

4 3 9 

4 C20 
Principles of Data Mining and Knowledge Discovery 
(PKDD) 

4 3 5 

5 C21 SIAM International Conference on Data Mining (SDM) 4 3 10 

6 C23 
SIGMOD Workshop on Research Issues in Data Mining 
and Knowledge Discovery (DMKD) 

4 3 14 

7 C24 Very Large DataBase (VLDB) 4 3 3 

8 C11 
IEEE International Conference on Tools with Artificial 
Intelligence (ICTAI) 

3 8 22 

9 C12 Industrial Conference on Data Mining (ICDM) 3 8 4 
10 C13 International Conference on Data Engineering (ICDE) 3 8 6 

11 C14 
International Conference on Data Warehousing and 
Knowledge Discovery (DaWaK) 

3 8 12 

12 C4 ACM Symposium on Principles of Database Systems 2 12 11 

13 C6 
Advances in Distributed and Parallel Knowledge 
Discovery 

2 12 21 

14 C8 
Advances in Neural Information Processing Systems 
(NIPS) 

2 12 24 

15 C17 Lecture Notes in Computer Sciences (LNCS) 2 12 8 
16 C18 Lecture Notes in Artificial Intelligence (LNAI) 2 12 13 
17 C22 SIGMOD 2 12 2 

 There are too many publications in Table 6-14 so we miss the focus of the 
researchers. We only include the publications which receive higher than the average 
score of 1.958 although the expert value is 0. There are 17 conferences that pass this 
threshold. The top 17 publications according to our model and the experts’ model can 
be the observations of the assessment. The recall rate of our model in comparison to 
the expert’s ranking is 82.35% while the precision rate is 70.83%. The effect of our 
Bayesian estimation model is acceptable and significant during 452 conferences. The 
associate professors and professors among our experts claim that the lists we propose 
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include almost all the conferences with impact in the topic of data mining. 

6.3 How to find impact research topics using the proposed model 

 After validating the impact power of authors and publications, we can use 
information about author-publication correlations to figure out which paper is an 
impact paper and what topic discussed in these papers could be impact research topics. 
We use the method mentioned above to calculate each paper’s impact power. We also 
use the topic “data mining” and the CiteSeer digital library to investigate the citations 
of each paper associated with data mining from 1990-2002. The volume published by 
each author within that topic is used to compute the prior impact power of each author. 
Similarly, the volume of each publication on that topic will be used to calculate the 
prior impact power of each publication. The likelihood function of an author is 
calculated from the citation count for the cited author. In the same way, the likelihood 
function of a publication is computed using the citation count of itself. 

 After calculating the prior probability and likelihood function of each author and 
publication, the posterior probability of each author and publication will be produced. 
The posterior probability of each author and publication can be referred to as their 
impact power which reflects the influence they exert in discussions in the field. The 
following research topics from these authors and publications with higher impact 
power than others and will be paid closer attention to. New topics introduced from 
these authors and publications with high impact power and can be examined to 
determine whether they are emerging topics using the emerging topic detection table. 
All procedures for detecting candidate emerging topics are shown in Fig. 6-3. 

 The impact power of each paper is shown Table 6-16. The characteristics are 
shown in Table 6-17. Based on our Bayesian estimation model, we can compute the 
impact power and the value of the paper. On the other hand, we can extract impact 
research topics from the abstract and title of the paper. We cannot confirm whether the 
topic or the paper is an emerging one because it may so popular or important that 
many impact authors or publications discuss it, but we can make ensure that the paper 
or the topic extracted using our approach is valuable and could be an impact research 
topic. How to use the novelty index and published volume index to detect the 
potential to be an emerging topic will be discussed in the next chapter.
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Fig. 6-3 Process of Detecting Candidate Emerging Topics. 

Choose one field 

Use CiteSeer as the database 

Select all papers within the same topic area  

Record all citation counts for each author and publication 
on a topic 

Compute the prior probability for each author and 
publication on a topic 

Calculate the likelihood function for each author and 
publication on a topic 

Get the posterior probability of each author and publication 
in a topic called impact power 

Survey the new topics from the higher impact power 
authors and publications to find candidate emerging topics 
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Table 6-16 Impact Power of the Top 10 Papers.  

ID Year C/J Title IPP IPA 
IP of 
paper 

Rank 

0357 1998 C 
Mining Segment-Wise Periodic Patterns 
in Time-Related Databases 

0.6770 0.1087 0.0736 1 

0023 1995 C 
Resource and Knowledge Discovery in 
Global Information Systems: A 
Preliminary Design and Experiment 

0.6770 0.0833 0.0564 2 

0925 2001 C 
Mining Top-n Local Outliers in Large 
Databases 

0.6770 0.0436 0.0295 3 

0104 1996 C 
Developing Tightly-Coupled Data 
Mining Applications on a Relational 
Database System 

0.6770 0.0375 0.0254 4 

0117 1996 C 
DBMiner: A System for Mining 
Knowledge in Large Relational 
Databases 

0.6770 0.0352 0.0238 5 

1086 2001 C 
Mining E-Commerce Data: The Good, 
the Bad, and the Ugly 

0.6770 0.0298 0.0202 6 

0133 1997 C 
GeoMiner: A System Prototype for 
Spatial Data Mining 

0.1480 0.1112 0.0165 7 

0412 1999 C Plan Mining by Divide-and-Conquer 0.1480 0.1087 0.0161 8 

0315 1998 C 
Issues for On-Line Analytical Mining of 
Data Warehouses 

0.1480 0.1087 0.0161 9 

0048 1996 C 
Error-Based and Entropy-Based 
Discretization of Continuous Features 

0.6770 0.0208 0.0141 10 

 

Table 6-17 Information on the Papers with the Top 10 Impact Power Rankings. 

ID Year C/J Title Rank PID Authors 

0357 1998 C 
Mining Segment-Wise Periodic 
Patterns in Time-Related Databases 

1 KDD 
Jiawei Han 
Wan Gong 
Yiwen Yin 

0023 1995 C 

Resource and Knowledge 
Discovery in Global Information 
Systems: A Preliminary Design and 
Experiment 

2 KDD 
Jiawei Han 

Osmar R. Zaïane 

0925 2001 C 
Mining Top-n Local Outliers in 
Large Databases 

3 KDD 
Wen Jin 

Anthony K. H. Tung 
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ID Year C/J Title Rank PID Authors 
Jiawei Han 

Canada Va S 

0104 1996 C 
Developing Tightly-Coupled Data 
Mining Applications on a 
Relational Database System 

4 KDD 
Rakesh Agrawal 

Kyuseok Shim 

0117 1996 C 
DBMiner: A System for Mining 
Knowledge in Large Relational 
Databases 

5 KDD 

Jiawei Han 
Yongjian Fu 
Wei Wang 

Jenny Chiang 
Wan Gong 

Krzysztof Koperski 
Deyi Li 

Yijun Lu 
Amynmohamed Rajan 

Nebojsa Stefanovic 
Betty Xia 

Osmar R. Zaiane 

1086 2001 C 
Mining E-Commerce Data: The 
Good, the Bad, and the Ugly 

6 KDD Ron Kohavi  

0133 1997 C 
GeoMiner: A System Prototype for 
Spatial Data Mining 

7 
SIG 
MOD 

Jiawei Han 
Krzysztof Koperski 
Nebojsa Stefanovic 

0412 1999 C 
Plan Mining by 
Divide-and-Conquer 

8 
SIG 
MOD 

Jiawei Han 
Qiang Yang 
Edward Kim 

0315 1998 C 
Issues for On-Line Analytical 
Mining of Data Warehouses 

9 
SIG 
MOD 

Jiawei Han 
Sonny H. S. Chee 
Jenny Y. Chiang 

0048 1996 C 
Error-Based and Entropy-Based 
Discretization of Continuous 
Features 

10 KDD 
Ron Kohavi 

Mehran Sahami 

 The major objective of this study is to detect what are emerging topics in order to 
provide research intelligence for academic papers. The value of candidate emerging 
topics can thus be checked to validate whether these topics are prospective ones or 
have already been adequately researched. In addition, in order to downsize the huge 
database, the results of the relationship between conferences and journals will be 
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applied in our investigation of whether the emerging topics proposed by influential 
authors at conferences and the conference itself will appear in journals in the future. 
The procedures are illustrated in Fig. 6-4.  

Fig. 6-4 Process of Validating the Candidate Emerging Topics. 

 Although the approach may not be as rigorous and meticulous as the impact 
factor proposed by the well known Thomson Scientific Society (Thomson), but the 
method can nonetheless be used to compute the degree of impact each author and 
publication may exert in a particular field. The Thomson method only calculates the 
impact factor for SCI/SCIE/SSCI journals. The method introduced in this study can 
be applied to calculate the degree of impact using conference publications as well. 
When the relationship between conferences and journals has been verified, 
researchers only need to detect emerging topics from important conferences which are 
likely to appear in journals in future. The forward index seems to be valuable for topic 
detection problems. Our efforts are geared towards helping researchers detect 
emerging topics with greater ease and efficiency, and to identify research intelligence 
from academic papers and research work.

Find impact research topics 

Check the potential research value of the topics by indices 

Get Conference  
candidate emerging topics 

Get Journal  
candidate emerging topics 

Mapping 
 

          
             

       
Use the Novelty index (NI) and Published volume index (PVI) to assess 

whether a topic is emerging or not 
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Chapter 7 The Indices for Emerging Topic Detection 

 The theoretical bases and experimental designs for evaluating the effectiveness 
of the indices for emerging topic detection are clarified in the following sections. 
Section 7.1 describes the emerging topic detection indices and the theoretical bases 
underlying the development of the indices. Section 7.2 depicts the properties of these 
indices. Section 7.3 presents the information produced by these indices. Section 7.4 
shows how the emerging topic-detection table is constructed using the emerging topic 
detection index. 

7.1 Novelty of Emerging Topics 

 The research creates a NI and a PVI, which are related to the development the 
emerging topic detection indices, to construct an approach for investigating the 
novelty of a research topic, that is, whether a research topic is emerging (Tu & Seng, 
2009). 

7.1.1 Term, Candidate Research Topic, Research Topic, Hot Topic and Emerging Topic 

 Before discussing the NI and the PVI, this study defines a set of terminology of 
term, candidate research topic, research topic, emerging topic and hot topic. A term is 
defined as the words or an abbreviation that is mentioned more than 3 times in the 
same publications in the same year from conferences or journals. This threshold is 
based on (Joachims, 1998). A term may be a single word, composite word or 
abbreviation of a proper noun. A candidate research topic is defined as terms that are 
composite words or an abbreviation of a proper noun extracted from conferences or 
journals. A candidate research topic indicates that term may be an important research 
topic. 

 A research topic is defined as the intersection set between a candidate research 
topic in conferences and journals. These sets are of assistance when examining the 
leading relationship between research topics that appear in conference and journal 
papers simultaneously. Additionally, this study considers overlapping candidate 
research topics in conferences and journals as important research topics. A hot topic is 
defined as a topic appearing frequently over a given period (Chen et al., 2007). No 
topic can remain hot indefinitely; restated, each topic has a lifecycle comprised of 
birth, growth, maturity and death. A hot topic is a topic in the mature stage. An 
emerging topic is defined as a research topic that is important and in growth stage but 
still not a hot topic. This study extracts emerging topics using the proposed indices. 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

83 

7.1.2 Novelty Index 

 Before defining the NI, we should realize what definition of the potential 
developed year is. The potential development year (PDY) is defined as the period of a 
topic from its first year to the current year when it becomes a research topic and does 
not have any year which contains zero paper in the following years. Research topic 
“XML” is taken as an example. Because of the “XML” is a well known and 
established topic. Researchers in the field have reached a consensus in terms of the 
lifecycle of emergency of XML. Hence, the study introduces the example of XML to 
illustrate the proposed method throughout the paper. 

 Table 7-1 presents the datasets collected from the ACM database. The column 
entitled Type separates conference and journal papers, while “J” represents journal 
papers and “C” represents conference papers. This study selects and records the 
published volume of each paper type and each year separately. The value of type J in 
2008 is 12, indicating that 12 journal papers focused on XML. Comparatively, 114 
conference papers in 2008 focused on XML. Consequently, one can identify the first 
paper that referred to XML in conferences using Table 7-1; the first paper was 
published in 1989. However, no paper discussed XML during 1990–1993. A paper in 
1994 addressed XML; however, no paper during 1996–1998 addressed XML, 
indicating that if the first paper caught the attention of researchers, it cannot be 
considered the start of the emerging topic.  

Table 7-1 The Volume of Published Papers on XML in Each Year: An Example. 

Year 
Type 

2008 2007 2006 2005 2004 2003 2002 2001 2000 1999 

jJ  XML 12 11 20 15 11 7 11 3 0 1 
iC  XML 114 152 155 191 179 147 156 78 30 11 

Year 
Type 

1998 1997 1996 1995 1994 1993 1992 1991 1990 1989 

jJ  XML N/A N/A N/A N/A N/A N/A N/A N/A N/A N/A 
iC  XML 0 0 0 0 1 0 0 0 0 1 

 Hence, if the PDY is 1989, it does not have the substance meaning in the 
research. Conversely, after 1999, XML was the main topic in a considerable number 
of papers. Furthermore, we assert that if a topic is not discussed in any papers during 
one year, the topic does not have the potential to be an emerging topic at that time. 
Therefore, this study defines the first year of the PDY as 1999 for conferences and 
2001 for journals. The NI is defined as the inverse of the PDY. The NI indicates 
whether a topic is novel. For example, if the PDY of a topic is 5, the NI of the topic in 
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the 5th year is 1/5=0.2. That is, in its nth development year, the NI is 1/n. This study 
uses the proposed Algorithm 7-1 to identify first PDY. 
 

Algorithm 7-1: Identifying which year is the FC of the research topic 

Input: iC , the published volume of conference papers in the ith year 

Output: FC , the first PDY in conference papers for a research topic 

1 For i =2008 to 1989  
2  If iC >0 then 
3   FC =i 
4  Else 
5   Return FC =i+1 
6   Break 
7  End If 
8 Next 

where 
 iC  is defined as the published volume of conference papers in the ith year. 

For XML, 2008,...,1989=i . 

 jJ  is defined as the published volume journal papers in the jth year. For 

XML, 2008,...,1999=j . 
 FC  is defined as the first PDY in conference papers for a research topic. 
 FJ  is defined as the first PDY in journal papers for a research topic. 
 )(TopicCNIk  is defined as the NI for the kth year for a research topic in 

conference papers. 
 )(TopicJNIk  is defined as the NI for the kth year for a research topic in 

journal papers. 

We assume a research topic is new when it is first published; thus, NI should be 
normalized to 1=100%. In its second year, the NI should be 1/2=50%. The value of 
the NI should be normalized to 0–1. By Algorithm 7-1, the formula for 

)(TopicCNIk is Formula (7-1). 

1
1)(

+−
=

F
k Ck

TopicCNI                       (7-1) 

Furthermore, the formula for )(TopicJNIk  is Formula (7-2). 
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1
1)(

+−
=

F
k Jk

TopicJNI                       (7-2) 

 Taking XML (Table 7-1) as an example, the FC  is 1999 and, using Algorithm 
7-1, it will start the algorithm from the year 2008. As 1142008 =C >0, the FC  will be 
2008 temporarily. The next keeps searching and using i=2007 until i=1998 while 

01998 =C , and the loop will break and return to FC = 19991=+i , indicating that no 
papers in the ith year focused on XML and it was not the first PDY, the really FC is next 
year of i as i+1. 

 After determining that 1999 is the FC  year for XML, then 1)(1999 =XMLCNI . 
Comparatively, to compute the conference Novelty Index (CNI) of 2008, this study 
takes 2008=k  into the Formula (7-1) and obtains CNI of 2008. 

%101.0
10
1

119992008
1)(2008 ===

+−
=XMLCNI . Table 7-2 calculates the NI for 

each year using Algorithm 7-1, and Formulas (7-1) and (7-2). 

Table 7-2 The NI of XML Example in Each Year. 

Year 
Type 

2008 2007 2006 2005 2004 2003 2002 2001 2000 1999 

jJ  12 11 20 15 11 7 11 3 N/A N/A 

)(XMLJNIk  0.125  0.143  0.167  0.200  0.250  0.333  0.500  1.000  N/A N/A 
iC  114 152 155 191 179 147 156 78 30 11 

)(XNLCNIk  0.100  0.111  0.125  0.143  0.167  0.200  0.250  0.333  0.500  1.000  

7.1.3 Published Volume Index 

 As the NI is a measurement of novelty, this study can determine whether a 
research topic is emerging or hot based on volume of papers published in the same 
period. Conversely, if it is discussed over a long period in a vast number of 
publications, it is likely mature, indicating that the topic is well developed and may 
cross or enter another domain the focus would turn to the combination and application 
with another domain, not only the ontology itself. Consequently, if only focuses solely 
on the volume of published papers for a topic, one cannot determine whether the topic 
has potential research value. Notably, as the volume of papers increases, topic impact 
decreases. The conventional method using the frequency curve for volume of 
published papers is lacked for determining whether a topic is hot or emerging. Since 
the PVI declines, we conclude that it has been a hot topic. The traditional frequency 
curve is a backward index. 

 To not only consider the volume of published papers but also still can reflect 
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topic hotness over time. The curve of accumulative relative frequency reflects the 
published volume variation. The ability of accumulative relative frequency is better 
than the frequency of a topic as it can detect the topic status based on comparing to 
itself growth situation without waiting it to mature. The PVI is defined as the 
accumulative relative frequency of the kth development year normalized to 0–1. 
Algorithm 7-2 is used to compute the PVI of the kth year, and Formula (7-3) comprises 
the equations for CPVI. 
 

Algorithm 7-2: Computes the PVI, takes the )(TopicJPVIk as an example 
Input: JSum , iSum , iJ  
Output: )(TopicJPVIk  
1 For i = FJ to k 
2  JSum = JSum + iJ  
3 Next 
4 For i = FJ to k 
5  iii JSumSum += −1  

6  
J

i
i Sum

SumTopicJPVI =)(  

7 Next 

where 

 CSum is the accumulated number of conference papers from FC  to the kth 

year. 

  JSum is the accumulated number of the journal papers from FJ  to the kth 

year. 

  iSum is the accumulated number of papers from first year to the ith year for 
the same paper type. 

  )(TopicCPVIk is the PVI of a topic in the kth year published in conferences 
and formulated as Formula (7-3)  

C

i
i Sum

SumTopicCPVI =)(                     (7-3) 

  )(TopicJPVIk is the PVI of a topic in the kth year published in journals and 
formulated as Formula (7-4). 

J

i
i Sum

SumTopicJPVI =)(                     (7-4) 
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 This study takes XML as an example to illustrate the application of the PVI in 
Table 7-2. As discussed in Section 7.1.1., the question of concern to researchers is 
when a topic becomes an emerging topic with no break in subsequent years. The first 
time a research topic discussed is not necessarily an important point. Although this 
study identified 1999 as the first year in which XML appeared in journals using Table 
7-1, this study uses Algorithm 7-1 to find FJ =2001, the real PDY. The PDY n in 
2001–2008 is 2008−2001+1=8. Table 7-3 is used with Algorithm 7-2 to compute the 
PVI for each year. For 2003, 72003 =J , 212003 =Sum , and 200320022003 JSumSum +=  
=14+7=21. For 2008, 902008 =Sum  is calculated as 90=JSum , which is the sum 

from the first year, 2001, to 2008. Hence, 233.0
90
21)(

2008

2003
2003 ≈==

Sum
SumXMLJPVI  

and the PVI of other years is computed in the same manner and recorded in Table 7-3. 

Table 7-3 The PVI of XML Example in Journals for Each Year 

Year 2008 2007 2006 2005 2004 2003 2002 2001 

jJ  12 11 20 15 11 7 11 3 

iSum  90 78 67 47 32 21 14 3 
)(XMLJPVI j  1.000  0.867  0.744  0.522  0.356  0.233  0.156  0.033  

7.1.4 Detection Point 

 According to the two proposed detection indices, NI and PVI, when the PDY is 
early compared to its lifecycle, the NI is high (Table 7-2). For example, FJ =2001 
and 1)(2001 =XMLJNI . Compared to 5.02/1)(2002 ==XMLJNI , When the PDY is late 
relative to its lifecycle, the NI decreases. Conversely, Table 7-3 indicates that the 
situation for the PVI is opposite. As the published volume reveals the amount of 
discussion of a research topic, the PVI reflects the relative degree of growth in 
volume. The two indices can use the values in Table 7-4 to determine the development 
of XML. 

 Using data in Table 7-4, it can draw the curves of JPVI (Journal PVI), JNI 
(Journal NI), CPVI (Conference PVI) and CNI (Conference NI). This study discovers 
that the NI and PVI is the trade off curve; that is, a new topic lack the volume needed 
to be a hot topic and when a hot topic exists for a period, it loses its novelty. 
Consequently, the maximal NI and PVI must be obtained from the intersection of 
curves, which is called the DP. Fig. 7-1 shows the detection point of emerging topic 
detection index of XML. 
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Table 7-4 The Values of Indices for XML Example in Emerging topic Detection. 

Year 2008 2007 2006 2005 2004 2003 2002 2001 2000 1999 

jJ  12 11 20 15 11 7 11 3   

iSum  90 78 67 47 32 21 14 3   
)(XMLJPVI j  1.000 0.867 0.744 0.522 0.356 0.233 0.156 0.033   

)(XMLJNI j  0.125 0.143 0.167 0.200 0.250 0.333 0.500 1.000   

Year 2008 2007 2006 2005 2004 2003 2002 2001 2000 1999 

iC  114 152 155 191 179 147 156 78 30 11 

iSum  1213 1099 947 792 601 422 275 119 41 11 

)(XMLCPVIi  1.000 0.906 0.781 0.653 0.495 0.348 0.227 0.098 0.034 0.009 

)(XMLCNIi  0.100 0.111 0.125 0.143 0.167 0.200 0.250 0.333 0.500 1.000 
* The bolded value is where the DP decreases. 

 The DP is defined as point at which the NI and PVI intersect. We suggest that the 
DP can be used to determine whether a topic is hot and emerging, as it is the maximal 
value of two indices and look after both sides of novelty and hotness. The DP also 
separates the conference detection point (CDP) and journal detection point (JDP). The 
Algorithm 7-3 shows how to compute the DP of JPVI and JNI. 
 

Algorithm 7-3: How to compute the DP of JPVI and JNI 
Input: present year, iJPVI , iJNI , 1+iJPVI , 1−iJNI  
Output: J-detection point 

1 For i = present year To FC  
2  If iJPVI = iJNI Then 
3   Return the J-detection point=i 
4  ElseIf iJPVI  > iJNI  And 1+iJPVI  < 1−iJNI  Then 

5   Return the J-detection point=
2

1+i  

6  End If 
7 Next 
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Fig. 7-1 The Detection Point of Emerging Topic Detection Index of XML. 

7.2 Information Produced by the Emerging Topic Detection Indices 

 According to the DP indices, if a topic has been published in both conference and 
journal papers, then it can be based on the published data to draw four curves to 
obtain the JDP and CDP using Algorithm 7-3. Additionally, the indices also generates 
the year for the DP (YDP) and value of the DP. 

7.2.1 Year of the Detection Point 

 The YDP is the X-axis value of the DP. The YDP indicates that a topic reaches 
the emergence threshold in its development. The YDP can also be separated into year 
for the CDP (YCDP) and year for the JDP (YJDP). The YCDP is the X-axis value of 
the CDP. The YJDP is the X-axis value of JDP. Regardless of the JDP or CDP, they 
will also have a value on the X-axis, which represents the year. Although the YCDP is 
near 2002, the graph shows that this is not a DP. The topic does not become an 
emerging topic until 2003. Consequently, this study takes 2003 as the YCDP and 
2004 as the YJDP. 

7.2.2 The Detection Point Value  

 The value of the DP (VDP) is the value at which the DP intersects the Y-axis. 
This value both indicates the NI and PVI of the DP at the same time. Since this study 
uses the NI and PVI normalized to 0–1 and the Y-axis their representation, the DP 
value can be expressed by the NI and PVI. Additionally, the VDP also means that the 
NI and PVI are equal at the DP. However, the VDP is divided into the value of the 
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CDP (VCDP) and value of the JDP (VJDP). The VCDP is the value at which the DP 
intersects the Y-axis for conferences and is the same value as the CPVI and CNI. The 
VJDP is the value at which the DP intersects the Y-axis for journal papers and is the 
same value as the JPVI and JNI. Since this study uses year as a unit, and if the DP is 
not exactly at one year, it must be between two years. The VCDP is between 2002 and 
2003, and the value is affected by 227.02002 =CPVI , 348.02003 =CPVI , 

250.02002 =CNI  and 200.02003 =CNI  (Fig. 7-1). The exact value of the VCDP is the 
center of those 4 points and is calculated as follows:  

4
2003200220032002 CNICNICPVICPVI +++ 256.0

4
200.025.0348.0227.0

≈
+++

=  

Likewise, this study computes VJDP=0.293. Hence, if the YDP is the ith year, 
Formula (7-5) can be used to compute the VDP. 

4
11 iiii CNICNICPVICPVI +++ −−                   (7-5) 

7.3 The Properties of Emerging Topic Detection Indices 

 By creating the NI and PVI to construct the emerging topic detection indices and 
detection table, this study can analyze the academic publications and forecast the 
trend. 

7.3.1 Novelty Index Properties 

 This study defines NI=1/n, where PDY is n. We suggest that it is a curve that can 
be used even this is not verified. Since the research supposes that no matter in the 
conferences or in the journals if the relationships exists between conferences and 
journals. Furthermore, the leading and following relationship (Tu & Seng, 2009), the 
NI will produce the same result for the relationship of conferences and journals with 
any validated index. Nevertheless, we assert that the NI is a reasonable and 
convenient index. To determine the entire lifecycle of a topic, one must obtain the 
termination date at which volume is 0 and determine the novelty for each year based 
on the termination date. For instance, if one knows that a topic has been developed for 
10 years, and the NI=1 in the first year and NI=0.9 in the second year; this process 
continues until the last year. However, one cannot determine when a topic terminates 
until it is terminated. Therefore, using NI=1/n can avoid the lack, and we suggest that 
novelty decreases as the PDY increases. Hence, regardless of the topic, the impact of 
the NI is 1/n at the nth PDY, and the NI is 1 in the first year, and that in the second 
year is 1/2=0.5. 



‧
國

立
政 治

大

學
‧

N
a

t io
na l  Chengch i  U

niv

ers
i t

y

 

91 

7.3.2 Published Volume Index Properties 

 As mentioned, comparing the PVI and the traditional frequency measure can 
improve the forward effect. This study uses XML as an example to describe the 
properties of the PVI. This study uses the XML data as an example in Table 7-5 to 
illustrate how the PVI reflects the emergence of XML. 

Table 7-5 The PVI Table of Different Situations in XML Example. 

Year 2001 2002 2003 2004 2005 2006 2007 2008 
Original-2006 3 11 7 11 15 20 N/A N/A 
Decrease-2008 3 11 7 11 15 20 10 5 
Increase-2008 3 11 7 11 15 20 40 80 

PVI-2006 0.04 0.21 0.31 0.48 0.70 1.00 N/A N/A 
PVI-2008-decrease 0.03 0.16 0.23 0.36 0.52 0.74 0.94 1.00 

PVI-2008-increase 0.02 0.08 0.13 0.19 0.28 0.40 0.57 1.00 

 The curve of Original-2006 in Fig.7-2 is the data in journal of XML during 
2001–2006. The curve of Decrease-2008 indicates that the amount of data is 
decreased after 2006. The amount of data in 2007 is 1/2 of that in 2006 (10) and 1/2 
of that in 2007 in 2008 (5). The other situation is Increase-2008, which indicates that 
the amount of data increases after 2006; thus, the amount of data in 2007 is 2 times 
that in 2006 (40) and that in 2008 is 2 times that in 2007 (80). Thus, PVI-2006, 
PVI-2008-decrease and PVI-2008-increase are the indices of Original-2006, 
Decrease-2008 and Increase-2008, respectively. 

 While the volume of PVI increases relative to that in the past, like 
PVI-2008-increase forms a concave curve that opens upward. Conversely, while the 
volume of PVI decreases relative to that in the past like PVI-2008-decrease forms a 
convex curve that opens downward. Consequently, as the volume of PVI is 
comparatively larger compared to the value in 2006 between PVI-2008-decrease and 
PVI-2008-increase, the curve will rise from year 2006, indicating that the topic is 
becoming a hot topic. Conversely, as the proportion of PVI-2008-increase in 2006 is 
getting lower than past - the largest volume of topic exists after 2006 - the curve is 
relatively flat in 2006, indicating that topic in 2006 has not yet become a hot topic. 
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Fig. 7-2 The PVI Curves of Different Situations in XML Example. 

7.3.3 Detection Point Properties 

 The DP is the intersection of the NI and PVI, and produces the YDP and VDP. 
Based on the discussions in Sections 7.2.1 and 7.3.2, which refer to the properties 
upon which the YDP is based. The accumulated relative frequency are used to 
determine the DP properties and validate the effectiveness. 

1. As the YDP increases, the DP is delayed 

 This study compares the curves of PVI-2006 to those of PVI-2008-decrease and 
PVI-2008-increase. Regardless of whether the amount of data increases or decreases, 
as long as a topic keeps developing (published volume is not 0), the curve will delay 
the intersect point. This makes sense because a later YDP means the topic has not yet 
reached the highest point in its lifecycle and growth stage. Conversely, for PVI-2006, 
the DP must intersect before 2006 as the YDP is 2004. 

2. The increase in frequency of the year the entire curve will rise 

 Consider PVI-2008-decrease, the highest value is produced in 2006 and the 
curve intersects in front of the DP of PVI-2008-increase. For the case in which the 
topic is in its mature stage, then the curve is getting fall down. Conversely, 
PVI-2008-increase indicates that 2006 was not the highest year in terms of its 
lifecycle, it until the year 2008 reaches the highest volume in it lifecycle. The delayed 
DP indicates that the topic is not hot. 

3. The DP time 
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 When a topic has a high PVI in its early stage, the curve will increase and the DP 
will form in the former of the curve. It indicates that the topic is becoming hot at that 
time. Comparatively, if the PVI is high in a late stage, the curve will delay the DP. 
However, when the PVI curve starts to increase, the topic is being discussed and is an 
emerging topic. The highest stage is not a point of concern as the topic is already 
mature. The DP represents the emerging topic produced as the DP is always in front of 
the present and is a trade-off between the NI and the PVI. 

 Based on the relationship between conferences and journals, this study can use 
the proposed emerging topic detection indices to examine the relationship between 
conferences and journals. If the reasoning is correct, regardless of how the NI is 
defined, the pattern of topics in conferences and journals will be the same. This study 
detects the DP of XML in our database as 2004, which is before the highest amount of 
data in 2006. Although this study cannot determine whether XML has reached the 
highest volume in its history and will have higher volume never more than it later, but 
the DP is in 2004, which matches the expected date. Hence, the PVI has a better 
ability to predict the emerging topic happed time than traditional frequency method. 

 The value of the DP, regardless of the NI or PVI, is maximal in the trade off and 
can be used to detect when a topic is emerging. We assert that the DP must exist 
before the topic becomes hot. Consequently, the DP must exist during period from the 
first PDY to the present. Whether a topic becomes a hot one or not, the DP can still be 
calculated (as long as the PDY is more than 2 years) using the proposed indices. 
Hence, this study uses the YDP and VDP indices to identify the situation in which a 
topic is hot. The emerging topic detection table is used to detect the value of retaining 
a research topic. 

7.4 The Emerging Topic Detection Table 

 The emerging topic detection table helps in identifying the DP, which includes 
the YDP and VDP. By comparing conferences and journals, one can determine which 
reaches the threshold first. If a topic has never been an important topic, the DP year 
can still be calculated; however, it is worthless. Hence, this study uses the VDPs of 
each year for conferences and journals, respectively, to develop the emerging topic 
detection table. Take the XML at conferences as an example. From FC =1999 to the 
present date of 2008, the PDY is 10 years. Thus, YCDP=2003 and VCDP=0.256. But 
while we are in the year 2003 or 2004, we still can compute another YDP and VDP at 
that time. This study uses the properties of VDP to construct the emerging topic 
detection table. When a topic develops over 10 years, the VDPs for each year can be 
derived. The study identifies all research topics in the ACM database and computes 
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their VDPs for each year. The median VDP is used to avoid confounding by extreme 
data and generate the emerging topic detection table. 

 The VDP represents a new topic. Although the volume is small, the PVI is high. 
For instance, if the PDY is 2 years and the first and second year volumes are 1, 
then 5.01 =PVI and 12 =PVI . The VDP must be 0.5 - 1, but the topic still has room for 
discussion. A high VDP indicates that the topic retains the potential to keep 
investigating in the topic. By increasing the published volume of topic regardless of 
the NI or PVI, the curve will easily make the DP later in the curve. For instance, in the 
third year, two papers were published and 25.01 =PVI , 5.02 =PVI and 13 =PVI , 
while the 11 =NI , 5.02 =NI , and 333.03 =NI ; thus, VDP=0.5. The VDP decreases 
and the DP is delayed; therefore, as the VDP increases, whether a topic warrants 
further research. 

 Each topic has its own development time—some topics develop slowly, while 
others may generate considerable discussion when first published. By using the 
median VDP for each research topic, one can construct the baseline. Therefore, when 
the lifecycle stage of a topic is unknown, the emerging topic detection table can be 
used to compare the topic with baseline. When the VDP of a topic is higher than the 
baseline, it is worth keeping. When the VDP of a topic is lower than the baseline, the 
topic is worthless. Comparatively, if the VDP of a topic from the start to end of its 
lifecycle is never higher than the baseline, it cannot be an important topic. 
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Chapter 8 The Research Experiment of the Development of 
Emerging Topic Detection Indices 

 This section describes the experimental design, execution, data collection, and 
the development of the emerging topic detection indices. This section is organized as 
follows. Section 8.1 describes the experimental design. Section 8.2 presents 
experimental results. Section 8.3 shows how to apply the emerging topic detection 
table for predicting the worthy of the topics, and outlines value of this investigation. 
Section 8.4 validates the accuracy and effectiveness of the emerging topic detection 
indices. Section 8.5 gives the research findings of the experiment and finally Section 
8.6 depicts the summary of this part of the research.  

8.1 Experimental Design 

 To verify the accuracy and effectiveness of this study, an experiment is designed 
to utilize the proposed indices. By comparing the experimental result for the 
relationship between conference and journal papers in previous work and this study, 
one can determine whether the result is consistent. 

8.1.1 Choose the Field and Data Resource 

 Before determining whether a topic is important: First, this study chooses the 
data field and database. The research database is the ACM Digital Library. The ACM 
is the largest and oldest academic community in the field of education and computer 
science. The ACM has had a platform for exchanging information, innovation and 
discovery since 1947. The ACM members are members of the information systems 
and computer science community, such as professors, technicians, and students in 
industry, academia and public services in over 100 countries.  

 The range of the data is defined by using the method to browse journals and 
transactions not included the magazine published by the ACM in its digital library. In 
total, 35 exist. The (IEEE)/ACM Transactions on Computational Biology and 
Bioinformatics (TCBB), IEEE/ACM Transactions on Networking (TON) are not 
published by the IEEE, and the range of discussion is far from that in conferences 
held by the ACM. In conferences, this study uses data resources to browse the 
conferences published by the ACM retained in 2007. In total, The ACM held 137 
conferences. However, some conference papers in the database are not formal papers; 
these papers are student papers, short papers, poster papers, keynote speeches, 
tutorials, and demo abstracts. These papers are not included in this study because 
these papers do not present new issues. 
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8.1.2 Select the Descriptor 

 A paper needs descriptors that describe its contents. This study extracts the 
research topics of papers from these descriptors. Four descriptors refer to paper 
content. 

 Researchers use keywords to characterize their papers. Consequently, when a 
term is a keyword, it becomes a backward term. Although the full text contains the 
most information, it is a low knowledge-density descriptor. Many words and terms 
can be used to represent a research topic. Hence, typical information retrieval 
techniques without human judgment will extract many terms that do not exactly 
represent a topic. Therefore, two descriptors, the title and abstract, are used in a pilot 
study to compare the representative. The descriptor is utilized in data mining and 
information retrieval as terms in searching the ACM in its digital library to identify 
the journals and conferences that have the most papers with a term. The terms 
extracted from titles and abstracts in 2007 are used for comparison. Although this 
study discovers both in journals and conferences, the average ratio which the previous 
work argued that knowledge density in title is higher than that in the abstract. 
Additionally, this study finds that just because the words in that abstract are more, 
indeed, the information embedded in an abstract is more complete than that in a title. 
The terms without stop-words in the abstract are 12-25 times than title. Therefore, this 
work uses the abstract as the study descriptor. 

8.1.3 Investigate the Extracted Topics 

 To avoid unnecessarily large term vectors, a word is treated as a term only if it 
appears in the training data at least three times, and is not a “stop-word” (e.g. “and”, 
“or”), (Joachims, 1998). This study extracts candidate research topics from terms but 
not frequently used words. A single word is not used, but a composite word or 
abbreviation is used as the candidate research topic. Although this approach will 
overlook topics represented by a single word such as ontology, a single word topic 
must identify respectively by human. The candidate research topics comprising 
composite words or abbreviations possessed better properties than single word topic 
which without human judgments. Conferences and journals have their own candidate 
research topics. To determine which one is a leading trend, this study uses the 
intersection of candidate research topics for conferences and journals. This 
intersection represents the research topics in this study. 

 We assume that a hot or important topic can be found in 2007. When a topic is 
hot or important, discussion of the topic will increase regardless of when the topic 
was introduced. The year 2008 is not chosen because it has net yet ended; thus, the 
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collections for conferences and journals will not be complete. For each journal and 
conference, we assume that the research position is equal without considering its 
priority and importance. Furthermore, the database of the study only records the 
volume of papers not the frequency of the terms occurred in the document. Thus, 
regardless of how many times a research topic is mentioned in a paper, the research 
topic is counted as one paper. In other words, this study does not consider the weight 
of a topic. This study uses the approaches mentioned above identify research topics, 
which are then input into the ACM search engine and their YDP recorded based on 
the type of conference and journal. Finally, a table is obtained that has the same 
format as Table 7-1. 

 After determining the volume of published papers in each year for Table 7-1, 
Algorithm 7-1 is applied to determine which year is the FC , and Formula (7-1) and 
(7-2) are applied to compute the kCNI  and kJNI . The values are listed in the NI 
table, which is formatted the same as Table 7-2. Algorithm 7-2 and Formula (7-3) and 
(7-4) are used to compute kCPVI and kJPVI , which are listed in the PVI table, 
which is formatted the same as Table 7-4. The values can be utilized to generate the 
emerging topic detection index. Finally, Algorithm 7-3 is used to calculate the JDP 
using JNI and JPVI and the CDP using CNI and CPVI. Formula (7-5) is then used to 
compute the VDP of conferences and journals. 

 The emerging topic detection index helps in detecting the DP of a research topic 
in the YDP. This study continues using the YDP of conferences and journals to 
develop the emerging topic detection table for detecting whether a topic warrants 
further research. Each research topic that has a PDY exceeding 3 years is used to 
compute the VDP. The median of VDPs for the same year is used to construct the 
table. The reason this study does not begin in the second year is if it has developed for 
only 2 years, its DP must between the first year and second year. After the third year, 
the VDP and DP will vary and the kNI and kPVI fall into different blocks. The 
emerging topic detection table uses the median VDP for each year. However, if a topic 
only develops for 3 years, then the VDP of fourth year and the later will not use the 
value of the research topic. 

8.2 Experimental Results 

 This study examined 35 journal issues and 137 conferences, representing 689 
journal papers and 5154 conference papers from 2007. TextAnalyst is used to extract 
the terms mentioned more than 3 times in the same publication in a year from 
conferences and journals. Single-word terms are deleted and composite words and 
abbreviations retained as candidate research topics. The number of candidate research 
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topics from conferences is 1791 and that from journals is 311. The intersection set has 
89 topics, which are the research topics. The intersection ratio which the conference is 
almost 5% and in journals is near 29%, indicate that the journal topics are more 
convergence. Although the range of conferences is broader than that of journals, it is 
easier to discover new topics in conference papers. It is still more divergence than 
journals.  

 The study suggests that some topics of journals may concentrate on some well 
defined topics and conferences at the same year may look forward new topics so that 
two subsets cannot get a very high intersection ratio. The other reason probably the 
conferences are more divergence than journals so the topics which discussed are 
scattered into different fields that cannot cover the topics of journals since the volume 
of journals is few in each year.  

 Only topic “cutaway illustrations” exists regardless of whether conferences or 
journals started in 2007. We assume that if a research topic is valuable, it will survive 
into 2007. The proportion of the research topics that matched the assumption is 
98.88%; “cutaway illustrations” are an exception since it started in 2007 and no data 
exists before 2007. Thus, cutaway illustrations cannot be viewed as an important and 
valuable research topic. 

 Using the CDP produced by CNI and CPVI, and the JDP produced by JNI and 
JPVI, this study obtains the YCDP, which is the year of the CDP; YJDP is the year of 
the JDP. For the same research topic, the CDP and the JDP have a sequential 
relationship, which represents which type of curve generates the DP first. The YCDP 
and YJDP can be the determining point of which type of papers is the leading tread. 
Generally, we will assume that the first paper published by a conference or in a 
journal will have the first DP. However, it is not exactly correct if we refer to the NI 
and PVI in the research. 

 Of the 89 research topics, only 5 are published in journals before conferences; 
however, 11 are published first at conferences. Moreover, 1 topic has a DP later than 
that for conferences, indicating that the first publication year is not the only factor to 
consider when determining the lead position. When the NI and PVI are also 
considered, the outcome changes In total, 87.64% of research topics is published by 
conferences first. On average, conference papers are published 4.26 years ahead of 
journal papers while if the journal is lead the topic and the journal papers are 
published 3.5 years ahead of conference papers. 

 This investigation confirms that researchers can discover new trends for research 
topics from conference papers. The research findings strongly support the hypothesis. 
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85.42% of the data nodes collected from 1990 to 2007 show that the topic of the 
conference paper that year has influenced the topic of the journal papers the same year 
and the following two years. In other words, researchers can mine new issues from 
conference papers. 

 This study and previous studies can be used to validate the lead relationship. This 
study investigates 89 research topics, while previous work focused on similarity over 
3 years during 1991–2007. Although the data unit is different, the data of conferences 
lead the journals in this study 87.64% compared to previous work (85.42%). It 
verifies the effectiveness of this study and indicates that the indices are useful and 
accurate. 

8.3 How to Use the Emerging Topic Detection Table to Predict Whether a Topic 
Warrant Further Research 

 Using the CDP generated from CNI and CPVI and JDP from the JNI and JPVI, 
this study generates the VCDP from CDP and VJDP from JDP. This work computes 
the VDP of each topic based on its PDY. If a topic’s PDY is 5 years, one can calculate 
the VDP for each year for years 3–5. The 3-year VDP focuses on the first, second and 
third year, and ignores data for the fourth and fifth years. The 4-year VDP is then 
calculated and year 5 data is ignored. This process continues until the full PDY is 
obtained, and the development of each topic in its lifecycle can be determined for 
each year. Table 8-1 is the baseline for the 89 research topics. 

Table 8-1 The Emerging Topic Detection Experiment. 

Year Journal Conference 
The year of 

the development 
Journal Conference 

3rd year VDP 0.583 0.572 23rd year VDP 0.208 0.134 

4th year VDP 0.465 0.458 24th year VDP 0.205 0.137 

5th year VDP 0.396 0.385 25th year VDP 0.195 0.149 

6th year VDP 0.355 0.338 26th year VDP  0.148 

7th year VDP 0.326 0.304 27th year VDP  0.144 

8th year VDP 0.299 0.271 28th year VDP  0.140 

9th year VDP 0.291 0.257 29th year VDP  0.138 

10th year VDP 0.277 0.236 30th year VDP  0.135 

11th year VDP 0.255 0.203 31st year VDP  0.131 

12th year VDP 0.256 0.191 32nd year VDP  0.126 

13th year VDP 0.250 0.178 33rd year VDP  0.122 

14th year VDP 0.234 0.168 34th year VDP  0.115 

15th year VDP 0.218 0.150 35th year VDP  0.114 
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Year Journal Conference 
The year of 

the development 
Journal Conference 

16th year VDP 0.213 0.153 36th year VDP  0.106 

17th year VDP 0.197 0.138 37th year VDP  0.099 

18th year VDP 0.208 0.160 38th year VDP  0.092 

19th year VDP 0.229 0.146 39th year VDP  0.105 

20th year VDP 0.227 0.144 40th year VDP  0.102 

21st year VDP 0.224 0.139 41st year VDP  0.099 

22nd year VDP 0.218 0.132    

 Each topic has its own start and emerging time. Consequently, the median VDP 
can be used to generate the baseline for a research topic in each year. If an unknown 
topic exists then one cannot determine whether it has a high worthy for continued 
investigation or not. This study calculates the VDP of a topic for each year in its 
development. If any year has a VDP that is higher than the baseline, the topic should 
be investigated further as it may be a novel topic. Comparatively, if a topic is old and 
mature, it will have a low VDP. Furthermore, if a topic from the beginning to the end 
of its history, it never has a VDP that is higher than the baseline, then the topic is 
worthless. Based on a topic’s development, one can determine whether the topic is 
valuable. 

 Take Virtual Environments (VEs) as an example. The VDP for each year is 
compared to the baseline (Table 8-2) and the emerging topic detection table is used to 
determine whether VEs should be investigated further. The JVDP in the third year is 
0.583. The JVDP of VEs is 0.7 higher than the baseline, meaning that VEs is valuable 
in its third year. The JVPD for the fourth year is 0.465, and 0.592 higher than the 
baseline, meaning it is a valuable topic. In year 6, the JVDP of VEs is 0.33, lower 
than the baseline value of 0.355, indicating that VEs is mature. Similarly, the CVDP 
in the table in the third year is 0.572 and the VCDP of VEs is 0.675, which is higher 
than that in the table. In its eighth year, the CVDP of VEs is lower than that in the 
table (0.271), indicating that VEs in conferences in the eighth year is mature. 

Table 8-2 How to Use the Detection Table: An Example of Virtual Environment. 

Year Journal 
Virtual Environments 

JVDP 
Conference 

Virtual Environments 
CVDP 

3rd year VDP 0.583 0.700 0.572 0.675 
4th year VDP 0.465 0.592 0.458 0.625 
5th year VDP 0.396 0.433 0.385 0.589 
6th year VDP 0.355 0.330 0.338 0.433 
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Year Journal 
Virtual Environments 

JVDP 
Conference 

Virtual Environments 
CVDP 

7th year VDP 0.326 0.295 0.304 0.381 
8th year VDP 0.299  0.271 0.229 
9th year VDP 0.291  0.257 0.165 
10th year VDP 0.277  0.236 0.167 
11th year VDP 0.255  0.203 0.131 
12th year VDP 0.256  0.191 0.113 
13th year VDP 0.250  0.178 0.135 
14th year VDP 0.234  0.168 0.120 
15th year VDP 0.218  0.150 0.107 
16th year VDP 0.213  0.153 0.102 
17th year VDP 0.197  0.138 0.099 

8.4 Validate the Accuracy and Effectiveness of the Emerging Topic Detection 
Indices 

 In order to validate the accuracy and effectiveness of the emerging topic 
detection indices, we look for related work that also detected emerging topics but 
within a different research time range and field. The most similar work that we found 
is the work of (Jo et al., 2007) in SIGKDD. Their approach is based on the intuition 
that documents related to a topic should be more cohesively connected in the citation 
graph than a random selection of documents which are connected in the citation graph. 
Their work used the Citeseer data which contains 716,771 papers, with 
1,740,326citations. This amounts to 2.43 citations per paper. For each paper, we use 
its title and abstract combined as its document. The number of bigrams in the corpus 
after pruning out the low-frequency bigrams and 35 stop words is 631,839. The 
majority of papers are from year 1994 to year 2004.  

 Besides the research approach, the database and the time range of the dataset are 
different from our study, but if we use the same time range to examine the research 
result, our approach could predict with precision the correct proposed emerging time 
of each topic. Their work contains both the conference papers and journal papers. In 
order to map their work we selected topics which they claimed to have emerged from 
their work. These topics are image retrieval, sensor network, semantic web, support 
vector. Our indices were then applied when we attempted to find out the potential 
developed year and the published volume in each year of these topics in the ACM 
digital library. The NI and PVI of each topic proposed by their work were then 
computed afterwards. The comparing results are illustrated as followed. 
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1. Image retrieval 

 Since the work contains both conference papers and journals, we also combined 
the volume of conference and journal papers in each year. The original graph of their 
work is as shown in Fig. 8-1. Using the approach of our work and database we get Fig. 
8-2 which represents the published volume of image retrieval in ACM. 

 

Fig. 8-1 The Topic of Image Retrieval Evolution Over Time from 1994 to 2004 (Jo et al., 2007). 

 

Fig. 8-2 The Topic of Image Retrieval Evolution Over Time from 1997 to 2008 in This Research. 

 We discovered that the year of detection point is 2002. It represents that the topic 
of image retrieval started to emerge in ACM in the year 2002. It seems different from 
their work. But if we use the time range from 1997 to 2004, which is the same 
timeframe as their work, then we arrive at results as displayed in Fig. 8-3. The reason 
we do not use the 1994-2004 time bracket is that the developed year of image 
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retrieval in ACM started from 1997. The fact that the detection point falls in the year 
2000 is similar to the result presented in their work that the year 2000 is the highest 
volume in the evolution. 

 

Fig. 8-3 The Detection Point of Image Retrieval from 1997 to 2004 

2. Sensor networks 

 The topic sensor network is one of the most emergent topics in their work where 
the emerging time falls in the year 2004. Fig.8-4 shows the topic evolution of sensor 
networks over time. The research shows the original published volume of conferences 
and journal in Fig. 8-5 and Fig. 8-6 respectively. The year of conference detection 
point is 2004. It is the same as Jo et al. (2007) and the year of journal detection point 
is 2006. The result is shown in Fig. 8-7. 

 

Fig. 8-4 The Topic Evolution of Sensor Networks Over Time from 1994 to 2004 (Jo et al., 2007).
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Fig. 8-5 The Conference Papers Published Volume of Sensor Networks in ACM Database. 

 

Fig. 8-6 The Journal Papers Published Volume of Sensor Networks in ACM Database. 

 

Fig. 8-7 The Detection Point of Sensor Networks in ACM Database. 
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3. Semantic web 

 The topic of semantic web, which emerged in the year 2004, is another topic 
considered the most emergent that was discussed in their work. Fig. 8-8 is the topic 
evolution of semantic web over time. The research shows the original published 
volume of conferences and journal in Fig. 8-9 and Fig. 8-10 respectively. The year of 
conference detection point is 2004. It is same as Jo et al. (2007) and the year of 
journal detection point is 2007. The result is shown as Fig. 8-11 

 

Fig. 8-8 The Topic Evolution of Semantic Web Over Time from 1994 to 2004 (Jo et al., 2007). 

 

Fig. 8-9 The Conference Papers Published Volume of Sensor Networks in ACM Database. 
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Fig. 8-10 The Journal Papers Published Volume of Sensor Networks in ACM Database. 

 

Fig. 8-11 The Detection Point of Semantic Web in ACM Database. 

4. Support vector 

 The topic support vector is one of the emerging topics in their work where the 
emerging time is year 2004. Fig. 8-12 is the topic of evolution of support vector over 
time. The research shows that the year of conference detection point is 2004. It is the 
same as Jo et al. (2007) and the year of journal detection point is 2005. The result is 
shown as Fig. 8-13. In these four topics which Jo et al. (2007) considered as the 
emerging topics in 2004, all are detected via the emerging topic detection indices 
correctly.  
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Fig. 8-12 The Topic Evolution of Support Vector Over Time from 1994 to 2004 (Jo et al., 2007). 

 

Fig. 8-13 The Detection Point of Support Vector in ACM Database 

8.5 Discussion 

 The NI helps researchers to exam the research topic at the view point of novelty 
and aging theory. The novelty and aging concepts should be considered while we 
discuss the emerging topic detection not only the hot topic detection. The emergency 
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 The PVI differs from past simple frequency line as in the (Jo et al., 2007). It only 
can tell how much frequency in each year. But the PVI adopts the concepts of 
accumulated relative frequency of each year and bases on the volume of different 
PDY it can tell the topic is an emerging topic with the getting rise curve or a mature 
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 The combination of the NI and PVI can draw up the detection point and the VDP 
since the DP means the DP present the NI and PVI is both at the highest value. The 
DP possess the characteristics both novel and hot it matches the expectation of 
emerging topics. The most important finding is the study develops the method and 
indices for the researchers to construct their own field topic detection table and exam 
the new topic in their own field.  

 This study collects and compiles the journals, transactions, and conference 
papers in the ACM digital library. The database includes various journals and 
conferences related to computer science. This study browses all ACM database of 
publications of journals and transactions, and conference proceedings. There were 689 
journal papers and 5154 conference papers published in 2007. Conferences account 
for 1791 research topics, and journals for 311 topics; the intersection is 89 research 
topics. From the research topics intersection ratio, the conferences ratio is almost 5% 
and the journals ratio is nearly 29%. Thus, the topics discussed in journals are more 
convergence and are more divergent in conferences.  

 Although this study demonstrates the development of the emerging topic 
detection indices, the YCDP and YJDP can determine the lead relationship. The first 
DP in the curve, regardless of the CDP or JDP, indicates that it is the maximal value 
of the NI and PVI. Consequently, we suggest that the first DP is a leading position. 
The YDP can help determine which type of papers is in the lead position. This study 
also proves that the first publication time is not the critical factor when determining 
the YDP. The NI and PVI affect the DP directly. In total, 87.64% of research topics 
represent the conference topics leads the development of journals. Although this study 
uses different research methods and different databases than previous works which 
only focusing on the leading relationship can generate a similar lead relationship 
results. The experimental results verify the accuracy and effectiveness of the proposed 
indices. 

 This study uses the NI and PVI to develop the emerging topic detection indices. 
This study uses the concepts as terms, topics, and candidate research topics to 
investigate topics, and discusses the CNI and CPVI of conferences and the JNI and 
JPVI of journals. The DP is produced even though the CDP or JDP creates the YDP 
and VDP to represent the year and the value which the topic becomes emerging. The 
YCDP and YJDP can be used to determine which type of papers stand the lead 
position. The VDP can be used to determine whether to investigate a topic further. 
Based on the NI and PVI, one can show that while the published volume for the 
present year is large, the curve will rise to make the DP in the front stage of lifecycle, 
and decline to make the DP delay. Based on the NI and PVI and the properties of the 
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DP, the emerging topic detection indices can determine whether a research topic is 
worth further investigation. A high VDP indicates that topic novelty is sufficiently 
high for further research. 

 Finally, the emerging topic detection indices detect the DP and obtain the YDP 
and VDP. By comparing conferences and journals, one can determine which reaches 
the threshold first. However, if a topic has never been important, the topic DP is 
useless. The emerging topic detection table can be used to examine whether a topic 
warrants further research. Each topic has its own value; therefore, the value of 
researching a topic indicates that the topic has not reached its highest point in its 
lifecycle. When a topic is hot and mature, the potential worthy for further research 
will decrease in the future. The VDP is the basis of the detection table.  

 Even when the published volume is low, the PVI will be high since it compares 
to itself the total number that can decide the PVI. A high VDP represents a large 
development space for additional effort. Hence, a high VDP indicates that a topic 
warrants further investigation. Consequently, when one does not know whether a 
topic is important or worthy, one can compute its VDP and then compare this value 
with that in the emerging topic detection table. If the VDP is lower than the baseline, 
the topic is mature or worthless. Comparatively, if a topic’s lifecycle is never higher 
than the VDP for the same year in the detection table, it has never garnered popular 
attention; thus, the topic is worthless. 

8.6 Summary 

 This study addresses the inadequacy of topic detection and tracking to develop a 
set of novel indices for emerging topic detection. The novelty concept is used in 
combination with aging theory to develop the novelty index (NI). The published 
volume index (PVI) is improved from traditional frequency to reflect the growth of a 
discussion. The DP and YDP help determine the relationship between conference 
topics and journal topics and how long does it lead ahead. The VDP is created to 
construct the detection table to determine whether a topic warrant further research. 
The NI and PVI can be applied to other fields to determine the new trends, for 
example, the news or stock price predictions. 

 Future work will continue to work on the extension of NI and PVI with more 
diversified experiments. The set of novelty indices can be improved using other areas 
of training and testing models. A more complicated detection table can be generated. 
The limitations of this part are as follows. 

 This study focuses on information and systems computer science; thus, the 
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leading relationship between conferences and journals would differ from those of 
other disciplines.  

 TextAnalyst was utilized analyze words used in study titles. Therefore, selected 
features are restricted to the word dictionary in TextAnalyst software. Namely, 
words that appear repeatedly in a corpus, but are not included in the dictionary 
are not located due to software limitations. 

 The year of the potential development of topics is based on the ACM datasets; 
thus, this study only observed published volume and development years in the 
ACM digital library. 
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Chapter 9 Conclusions and Future Work 

9.1 Conclusions 

 The academic intelligence means to help the researchers conduct a good research 
paper. Every researcher dreams about becoming a seed planter in the domain of 
his/her research. Such as John Nash creates the game theory and connects the gap 
between the Mathematics and Economics which has been a main steam for a while. 
But it is too difficult for researchers especially for new scholars or some researchers 
want to combine their own domain to other new domains. The emerging topics are a 
good point for researchers to undertake. The traditional trend by manpower is too 
expensive in 1997. Although the techniques such as topic detection and tracking is 
almost emerging from 1997 and only discussed the news event in that time but it is 
suitable for research topics detection. This dissertation tries to use and develop the 
information retrieval and text mining techniques to help researchers find the emerging 
topics in their domain. 

 Three topics are conducted for researchers no matter decreasing the searching 
spaces, finding the impact authors and publications and developing measurement 
tools such as topic detection indices, all of these research results can help researchers 
get the academic intelligence to conduct a good research. It is a significant 
contribution for tracking or detecting the emerging research topics. Although the 
extensive research experiences of senior researchers enable them to accumulate 
understanding of future research trends through acute observation. However, the 
advancement of technology and dissemination of knowledge mean that the rapid 
exponential growth of knowledge can no longer be mastered through linear 
observation. Therefore, this study employs techniques including data mining and 
information retrieval to formulate a new detective procedure. Experiments have been 
designed, and run using collected data. This detective procedure programmatically 
determines whether conference papers represent new trends for academic papers. This 
calculation is the basis for distinguishing whether a paper published in advance 
influences those that follow. Researchers who wish to straddle different areas of 
studies can utilize this model to reduce the time spent going through countless 
documents that might not have any relevance. Additionally, this method significantly 
lowers the entry barrier for new researchers in a particular field of research, enabling 
researchers to automate the overall direction of their academic research, as well as 
gain an acute sensitivity to innovative topics. 

 The Bayesian estimation model for assessing the impact power of authors and 
publications not only proposes how to find the impact research topics, but also gives 
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criteria to assess researchers and a publications’ efficiency and contributions. The 
Bayesian estimation of author’s impact power with contribution weight will normalize 
the contribution to each author in a paper. The mechanism can prevent the risk that 
some authors have their name in a lot of papers but not really give a lot of 
contribution. The impact factor of ISI is not the only way to assess the journal, view 
the academic papers and category or raking the grades based on a designate topic is 
more precise for researchers in different domain than previous approach. Besides, the 
Bayesian estimation could evolution by time and new dataset without recalculating 
the past part is a convenient tool. 

 The part of emerging topic detection indices is the first study as our best 
knowledge that considers both the novelty and accumulated relative frequency. The 
properties of the curve make the detection point and the detection table can be a 
forward indices. The detection point (DP) is not the real time which the topic starts to 
be emerging, but it represents the topic have the highest potential no matter in novelty 
or hotness for research in its life cycle. Different from the absolute frequent method 
which can really find the exact emerging period of the topic, the PVI uses the 
accumulative relative frequency and tries to detect the research potential timing of its 
life cycle. Researchers can assess the future potential of these topics and determine 
whether it has the value to put more effort on it in the future. Although the novelty 
indices not exactly feet all the situations in the realty, but the combination between the 
novelty index and published volume index is useful in certain cases. 

This study concentrates mainly on computer science. Information technology 
supports all forms of applications like Internet, software, information systems, et al. 
Some conference papers in the domain of the computer science would lead the journal 
papers, yet some journal papers still lead conference papers. No one correlation 
scenario is valid in all cases. As assumed here, the discipline of computer science 
must be explored with respect to whether conference papers or journal papers lead the 
academic trend. The administration of information technology in all domains 
produces many benefits. Therefore, changes in the trend of computer science would 
modify other aspects of application. This study focuses on computer science because 
our surrounding environments are increasingly dependent on the application and 
assistance of information technology. 

 This study focuses particularly on data mining and information retrieval. 
Computer science includes many sub-domains. Specific sub-domains need to be 
selected to define the perimeter of our research. Since this study applies the 
techniques of data mining and information retrieval, these topics are included as the 
focus of our discussions. These two sub-domains are described in ten keywords. 
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The ACM Digital Library and IEEE Computer Society are adopted as databases 
for searching conference papers. These are two renowned academic communities 
within the domain of Computer science, and hold extensive collections of all formats 
of conference papers within their academic communities.  

The ACM Digital Library, IEEE Computer Society, ProQuest and ScienceDirect 
Onsite were adopted as the four databases for the searching of journal papers. Thus, 
two extra databases were included to complement ACM Digital Library and IEEE 
Computer Society’s scarcity in journal collections, and to generalize our research 
findings, so that our deduction can be further expanded.  

The titles of the papers were adopted as the benchmarks for our extraction of 
information in the first part of the study, since they are strongly representative of the 
entire article. But in the second part and third part we try to use the title and Abstract 
as our descriptor of the papers. TextAnalyst was utilized to analyze the words used in 
titles, and single out the ones that have been repeated more than three times as 
features of this research. It may have some limitations of its embedded algorithm in 
the tool. 

The novel methods we proposed can improve the limitations of impact factor 
proposed by ISI. Besides, it uses the impact power of the authors and the publication 
in a topic to measure the impact power of a paper before it really has been an impact 
paper can solve the limitations of Google scholar’s approach. We suggest that the 
topic oriented thinking of our methods can really help the researchers to solve their 
problems of searching the valuable topics.  

9.2 Future Work 

The future work can focus on the four relationships between the conferences and 
journals. The single term or n-gram terms perhaps not sufficient enough to represent a 
topic. The combination of the terms or the other approach can represent the semantic 
meaning of the topics will improve the method. The descriptors and the keywords we 
use to search the database will limit the representation of the paper and research field. 
Besides, the Bayesian estimation can evolution use the Markov Chain Monte Carlo 
(MCMC) method. In the proving the precise of the impact power, the cited frequency 
and published volume can determine the impact power of the authors or the 
publications. It makes sense that an author’s impact power can be the endorsement of 
a publication and vice versa. In the part of indices, it needs more information to 
improve the indices more feet the realty. The situations that if a real impact paper was 
not published by the impact author or publication and then it would not be detected in 
this method. Besides, the method we proposed will ignore the new but potential 
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scholars since the method is based on the accumulative cited frequency. The field of a 
cite publication needs to be considered to figure out the real community which we 
exactly want to discuss in a topic. All the procedures and algorithm of academic 
intelligence in this dissertation can exactly combines to find out the emerging topics 
in someone’s research field. In the application point of view, the methods can also 
apply in the publishers such as Reuters or Washington Post for detecting whether an 
issue is too hot or not. It is also can apply in the stock index estimation to figure out 
whether the stock market is too hot or not. And we think researchers will get more 
creative ideas to apply the idea of this study in their research domain. 
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Appendix A   Questionnaire 
Dear Professors: 
 
  Greetings. I am a Ph. D. candidate at National Chengchi University. This is a 
research questionnaire for my dissertation which is a study in the Academic 
Intelligence Involving Information Retrieval. The questionnaire uses a common 
topic of Data Mining to test the research model. The questionnaire is divided 
into three parts. They are (A) the emerging topics life cycle, (B) the impact 
power of authors, and (C) the impact power of publications. Thank you so 
much for your kind help, time and efforts. 
 
Best regards, 
 
Dr. Jia-Lang Seng 
Distinguished Professor & Chair  
Dept & Graduate School of Accounting 
National Chengchi University 

Dr. Woo-Tsong Lin 
Associate Dean 
College of Commerce 
National Chengchi University  

 
 Ph.D. Candidate Yi-Ning Tu 
 Department and Graduate School of Management Information Systems 
 National Chengchi University 
 94356509@nccu.edu.tw 
 0916-075571 

 
Part A : The Emerging Research Topics Life Cycle 

Questions 
Yes No 

 No 

Opinion 

1. Do you agree the topic “Image Retrieval” is emerging from 
the year 2000? 

   

2. Do you agree the topic “Sensor Network” is emerging from 
the year 2004? 

   

3. Do you agree the topic “Semantic Web” is emerging from 
the year 2004? 

   

4. Do you agree the topic “Support Vector” is emerging from 
the year 2004? 

   

 
Opinions:                                                              
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Part B : The Impact Power of Authors in Data Mining (During 1990-2002) 

 Descriptions Yes No No Opinion 

1 Bing Liu    

2 Charu C. Aggarwal    

3 Chris Clifton    

4 David W. Cheung    

5 Foster J. Provost     

6 George Karypis    

7 Hannu T. T. Toivonen    

8 Heikki Mannila    

9 Huan Liu    

10 Jiawei Han    

11 Kyuseok Shim    

12 Ming-syan Chen    

13 Mohammed Javeed Zaki    

14 Osmar R. Zaïane    

15 Philip S. Yu    

16 Rajeev Rastogi    

17 Rakesh Agrawal    

18 Ron Kohavi    

19 Salvatore J. Stolfo     

20 Venkatesh Ganti    

Part C : The Impact Power of Publications in Data Mining 
Part C1 : Journals list (During 1990-2002) 

 The title of the publications Yes No No Opinion 

1 Bioinformatics    

2 Communications of the ACM (CACM)    

3 Data Mining and Knowledge Discovery    

4 IEEE Bulletin of the Technical Committee on Data Engineering    

5 IEEE Computers    

6 IEEE Transactions on Knowledge and Data Engineering    

7 IEEE Transactions on Visualization and Computer Graphics    

8 Knowledge and Information Systems    

9 Machine Learning    

10 SIGKDD Explorations    

11 SIGMOD Record    

Opinions:                                                              
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Part C2 : Conferences list (During 1990-2002) 

 The title of the publications Yes No No Opinion 

1 ACM Conference on Computers and Security    

2 ACM International Conference on Digital Libraries     

3 
ACM SIGKDD Conference on Knowledge Discovery and Data Mining 

(KDD) 

   

4 ACM Symposium on Principles of Database Systems    

5 Advances in Digital Libraries Conference (ADL)    

6 Advances in Distributed and Parallel Knowledge Discovery     

7 Advances in Large Margin Classifiers     

8 Advances in Neural Information Processing Systems (NIPS)    

9 European Conference on Machine Learning (ECML)    

10 Genetic and Evolutionary Computation Conference (GECCO)    

11 
IEEE International Conference on Tools with Artificial Intelligence 

(ICTAI) 

   

12 Industrial Conference on Data Mining (ICDM)    

13 International Conference on Data Engineering (ICDE)    

14 
International Conference on Data Warehousing and Knowledge 

Discovery (DaWaK) 

   

15 International Conference on Database Theory (ICDT)    

16 
International Conference on Information and Knowledge Management 

(CIKM) 

   

17 Lecture Notes in Computer Sciences (LNCS)    

18 Lecture Notes in Artificial Intelligence (LNAI)    

19 
Pacific-Asia Conference on Knowledge Discovery and Data Mining 

(PAKDD) 

   

20 Principles of Data Mining and Knowledge Discovery (PKDD)    

21 SIAM International Conference on Data Mining (SDM)    

22 SIGMOD    

23 
SIGMOD Workshop on Research Issues in Data Mining and Knowledge 

Discovery (DMKD)   

   

24 Very Large DataBase (VLDB)    

Opinions:                                                              
 

This is the end of the questionnaire. 
Thank you for your precious opinion and help. 
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