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Abstract
Research competitiveness analysis refers to the measurement, comparison and analysis of the research status (i.e.,
strength and/or weakness) of different scientific research bodies (e.g., institutions, researchers, etc.) on different
research fields. Improving research competitiveness analysis method can be conducive to accurately obtaining
the research status of research fields and research bodies. This paper presents a method of evaluating the
competitiveness of research institutions based on research topic distribution. The method uses the LDA topic
model to obtain paper-topic distribution matrix to objectively assign the academic impact of papers (such as
times of citation) to research topics. Then the method calculates the competitiveness of each research institution
on each research topic with the help of institution-paper matrix. Finally, the competitiveness and the research
strength and/or weakness of the institutions are defined and characterized. Case study shows that the method can
lead to an objective and effective evaluation of the research competitiveness of given research institutions on
given research field.

Conference Topic
The theory, method and principle of five metrics science concepts, that is, Bibliometrics, Informetrics,
Scientometrics, Webometrics and Knowledgometrics.

Introduction
Research competitiveness analysis refers to the measurement, comparison and analysis of the
research status of different scientific research bodies (e.g., institutions, researchers, etc.) on
different research fields (Zhang, 2014). Improving competitiveness analysis methods can be
conducive to obtaining the research status of research bodies, clarifying their strengths and/or
weaknesses, and in turn promoting collaborative innovation among different research bodies
and different research fields.
Generally, research competitiveness analysis is carried out based on research papers and
involves three steps, i.e., research field (topic) recognition, competitiveness evaluation and
competitiveness analysis (Gei, 2013). Research field recognition is important since different
research fields are always not comparable, while topic recognition can result in a fine granular
evaluation for strength and/or weakness characterization. For field recognition, a paper’s
research filed is usually determined based on partition standard provided by the scientific
literature database providers, e.g., ESI, Incites, Wos, etc. (Chen & Shi, 2013; Dong, 2014; Li
2012; Cova, 2013). For research topic, it is often represented by keywords with high
frequencies and their frequent combinations derived using certain analysis tools (e.g.,
CiteSpace) (Chen, 2006; Chen & Hu, 2012). When the fields (topics) are determined, the
scientometrics criterions of papers are used for competitiveness evaluation of the
corresponding institutions on the corresponding research fields (topics). Those criterions may
include paper count, paper IFs, paper citation counts, etc. (Mkhnacheva, 2011; Morris, 2003;
Small, 2009; Shibata, 2008). Finally, the ranking of competitiveness is given and the strengths
and/or weaknesses are analysed (Liu, 2015; Small, 2014).
Those methods have made concrete progress on competitiveness evaluation; however, the
following problems should be further considered. First, the mapping from papers to research
fields and topics are too straightforward for a precise evaluation, since many multi-discipline
papers cannot be simply partitioned into a unique research field, and a small set of frequent
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keywords may not be capable to represent a research topic. Second, in the current works,
papers are all bounded to a unique research field, and papers relating to multiple research
topics are considered contributing equally to each of the topics. However, this may not always
intuitive since a paper always has certain main research points corresponding to one or more
(but not all the relating) field(s) and/or topic(s).
Focusing on the mentioned problems, this paper presents a method of evaluating the
competitiveness of research institutions based on research topic distribution. The method uses
the LDA topic model to obtain paper-topic distribution matrix to objectively assign the
academic impact of papers (such as the number of cited times) to research topics. Then the
method calculates the impact of each research institution on each research topic with the help
of institution-paper matrix. Further, the competitiveness scores of institutions are calculated
and the research strength and/or weakness of the institutions are defined and derived. Finally,
case study is carried out to show effectiveness of the proposed evaluation method. It is to be
noted that in the proposed method, there is no need to distinguish research field and topic,
since a research field can be viewed as a higher abstraction of research topics. That means by
setting proper parameters, LDA can be used to model paper-field distribution.
Evaluation Method
The proposed method goes through the following steps for evaluation: 1) topic recognition, 2)
impact allocation, 3) competitiveness measurement. We explained each step as follows.
Topic recognition
LDA is a document topic generation model (Blei, 2003). The model presumes that the words
in the topic and the topics of the document are both subject to certain polynomial distributions.
Hence generating a document can be seen as a repeated process of selecting a topic with a
certain probability and then selecting a word in the topic with a certain probability. The model
can be formally represented as    , where  ,  and  is document-word
distribution, topic-word distribution and document-topic distribution respectively, 
represents matrix multiplication, as demonstrated in Fig. 1. In Fig 1, we have 3 papers; each is
composed of 2 topics and 3 words. The LDA model can be used to determine  for a set of
documents by setting a proper topic number n.
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Figure 1 LDA Model of 3 papers, 2 topics and 3 words

Impact allocation
Once we got the paper-topic distribution matrix  , we can then allocate the academic impact
of the papers to the relating topics using values in  as weights to get paper-impact matrix 
(that characterizes the impact of papers on topics). More formally, given m papers, n topics,
paper-topic distribution matrix   {ij | ij [0,1], i [1, m], j [1, n],  j ij  1} , paper-impact
vector   1 ,2 ,

,m T , the paper-impact matrix  can be calculated as   T  

 { ij |  ij  ij i ,ij T ,i } , where  ij is the weight of paper i on topic j, i is the impact

indicator of paper i,  ij is the calculated impact value of paper i on topic j. Fig. 2 (a) shows an
example with 3 papers and 2 topics.
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Figure 2 Example of (a) calculation of paper-impact matrix and
(b) calculation of paper-impact vector

In practice, a paper’s academic impact may relate to many aspects, e.g., times of citation,
impact factor, and etc. We use a weighted composition of the aspects to make an overall
evaluation of paper impact. That is, suppose we have l factors (that influence academic impact
of a paper) whose values are given in the paper-impact matrix   {ij | i [1, n], j [1, l ]} , the
paper-impact vector is calculated as     , where ij is the normalized impact value of
paper i on factor j,   1 ,  2 , l T gives the weights determining the preferences of
every factor during composition. Fig. 2 (b) demonstrates an example of compositing 2 factors.
After the paper-impact matrix  is obtained, we can now characterize the impact of
institutions on various topics. Suppose we have v institutions, given institution-paper matrix
  { ij | ij {0,1}, i [1, m], j [1, v]} , the institution-impact matrix  can be calculated as
   , where  ij  1 means institution i has authorship with paper j,  ij  1 means the

opposite, each element ij   is the calculated impact value of institution i on topic j. Fig. 3
presents an example of the calculation of  of 3 institutions.
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Figure 3 Calculation of institution-impact matrix

Competitiveness measurement
Now we can measure the competitiveness of the relating institutions based on institutionimpact matrix  . First, we calculate the average impact of all the institutions on each topic:
v
  1 , 2 , , n  , where j [1, n],  j  i 1ij / v, ij  . Then, we calculate the
—   { |      ,  ,    } , as
difference matrix  between  and  as    ○
ij
ij
ij
j
ij
j
exemplified in Fig. 4.
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Figure 4 Calculation of difference matrix

The difference matrix  can then be used to assess the research status of the institutions.
Given a threshold  and a percentage p, we can define, for example, 1) if  ij   , then

research topic j is the strength of institution i; 2) if  ij   , then research topic j is the
weakness of institution i; for a certain topic j, after ranking the institutions according to  ij ,
let Rij denote the ranking of institution i on topic j, 3) if Rij  pv , then institution i is leading
the research on topic j, and many other rules. Based on the definition, as to our example in Fig.
4, if we set   0.1, then we can say that topic 1 and 2 is the strength of institution 1 and 2
respectively; both topic 1 and 2 are the weaknesses of institution 3.
Case Study
In this section, we use case study to verify the effectiveness of the proposed evaluation
method from two perspectives: 1) the rationality of LDA model, 2) the effectiveness of
competitiveness evaluation.
For LDA model, we want to see whether various research topics can be identified by the
model. For the purpose, we used SU = "computer science" and TS = "operating system"; SU
= "computer science" and TS = "information security"; SU = "computer science" and TS =
"artificial intelligen*"; SU = "computer science" and TS = "computer graphic*";
SU="computer science" and TS = "software engineer*" as search strategies to search and
download bibliographic data from Science Citation Index Expanded (SCI-EXPANDED)
database. The data relates to 28421 research papers in five research topics of computer
science, i.e., operating system (OS), information security (IS), artificial intelligence (AI),
computer graphics (CG) and software engineering (SE). Then we extracted keywords from
the data and input them to the LDA algorithm. By setting the topic number as 5, we got a
paper-topic matrix of 28421 rows and 5 columns.
Fig. 5 demonstrates the topic distribution of a few of papers (21 papers) as an example. It can
be seen that all the papers to some extent relates to all the topics. To verify the LDA model’s
ability of identifying topics, we assigned the LDA topic with largest probability as a paper’s
research topic (e.g., the topic of P1 is T1) and recorded all the correspondences between the
papers (in various research topics) and the LDA topics. The results illustrated in Table 1 show
the correspondences of AI to T4, CG to T0, IS to T2, OS to T1 and SE to T3. Table 2 shows
the 5 most representative keywords of each topic. From the table we can see that the topics
can be easily interpreted by a field expert, and the interpretation in the table can perfectly
support the correspondences in Table 1.

Figure 5 An example of paper-topic matrix

Table 1 Correspondences between the papers and LDA topics

AI
CG
IS
OS
SE

T0
821
2490
409
1103
187

T1
457
69
86
1962
2804

T2
1018
66
2226
1897
551

T3
838
140
581
148
5047

T4
4383
113
211
125
689

Table 2 Most representative keywords of each topic

T0
Graphics
Image(s)
Virtual
Surface
Simulation

T4
Artificial
Intelligence
Learning
Knowledge
Neural

T3
Software
Engineering
System(s)
Project
Tool(s)

T1
System
Operating
Performance
Application(s)
Hardware

T2
Security
System(s)
Network
Risk
Attack(s)

For the effectiveness of competitiveness evaluation, we used AI ranking as example and
compared the ranking resulted from our method with two other rankings. AI was chosen since
there are numbers of public available rankings released by various third parties that can be
compared. We reviewed three rankings, i.e., US News ranking 2016, CS Ranking 2016, and
WUZHEN Ranking 2016†. We found that the three rankings were similar with each other. For
example, the Top 3 institutions in all the 3 rankings are Stanford University, Carnegie Mellon
University and MIT. The Top 10 institutions in the 3 ranking also have many overlapping: in
total only 16 institutions make up the 3 Top 10 lists. That is, in the 30 institutions of the 3 Top
10 lists, more than 40% of the institutions are overlapped. Consequently, we chose the most
widely acknowledged ranking, i.e., US News ranking 2016, as our first reference for
comparison. For the other reference, we want to compare the topic based method with the
traditional method. That is, after topic recognition, we removed the concept of multidisciplines from the paper-topic matrix  so that each paper only contributes to the topic
with largest probability. More formally, ij ,ij  1, if j  k ,ij  ik ; ij  0, else. For
example, the distribution of P1 on T1 to T5 in Fig. 5 will be 1, 0, 0, 0, 0. The following steps
were all the same with the proposed method and the results were acquired for comparison.
During the case study, citation counts and impact factors of papers were used for paperimpact vector calculation, and weights were set as 0.5 and 0.5. The results are presented in
Table 3.
From Table 3 we can conclude that the topic based method is more effective than the
traditional method for at least the following 2 aspects. First, 50% of the Top 10 institutions
resulted by the proposed topic based method are the same as US News Ranking, much higher
than the 20% of those by the traditional method. Second, for those toppest institutions, 2 of
the Top 3 institutions resulted by the proposed topic based method are also in the Top 3 in the
US News Ranking, and the Carnegie Mellon University is also ranked in Top 10. While for
traditional method, none of the Top 3 institutions in the US News Ranking appears in the Top
3 list, and only Stanford University appears in the Top 10 list.

†

https://www.usnews.com/best-graduate-schools/top-science-schools/artificial-intelligence-rankings
http://www.askci.com/news/chanye/20160816/11231254039.shtml
tech.163.com/photoview/6PGI0009/13525.html

Table 3 Comparison of the 3 Rankings

RANKING
1
2
3
4
5
6
7
8
9
10

USNEWS
Stanford University

TOPIC BASED

TRADITIONAL

MIT

University of Texas at Austin
Nanyang
Technological
Carnegie Mellon University
Stanford University
University
Nanyang
Technological Sydney University of Science and
MIT
University
Technology
UC Berkeley
Microsoft
Washington University
National Taiwan University of
University of Washington
Chinese Academy of Sciences
Science and Technology
Georgia Institute of Technology
Texas State University, Austin
Stanford University
University of Illinois at Urbana Valencia
University
of
Carnegie Mellon University
Champaign
Technology
Texas State University, Austin
University of London
Carlos III University of Madrid
Cornell University
Castilla-La Mancha University
Shanghai Jiaotong University
University of California at Los University of Illinois at Urbana Indian Institute of Technology
Angeles
Champaign

Finally, by setting   0.15, p  10% , then MIT, Stanford University, Nanyang Technological
University, Microsoft, Chinese Academy of Sciences, Texas State University-Austin, and
Carnegie Mellon University are leading the research on AI. While Beijing University of Posts
and Telecommunications, Northeastern University, Wuhan University, Graz Technical
University, Paderborn University, Malaysia University of Technology and many other
institutions still need to improve their research on AI.
Conclusion
This paper presents a method of evaluating the competitiveness of research institutions based
on research topic distribution. The method uses the LDA topic model to obtain paper-topic
distribution matrix to objectively assign the academic impact of papers (such as times of
citation) to research topics. Then the method calculates the competitiveness of each research
institution on each research topic with the help of institution-paper matrix. Finally, the
competitiveness and the research strength and/or weakness of the institutions are defined and
characterized. Case study shows that the method can lead to an objective and effective
evaluation of the research competitiveness of given research institutions on given research
field.
It is to be noted that the proposed method formally defines the process competitiveness
evaluation, i.e., topic analysis, impact allocation and competitiveness measurement. Many
adaptations can be easily applied in practice. For example, one can integrate the process of
impact allocation with expert preference by multiplying T with a weight vector. In the
meanwhile, more indicators such as centrality of a paper in the citation network can also be
considered for paper impact characterization. Besides, since LDA model can handle topics on
multi-granularity, by considering different research bodies (e.g., countries, institutions or
researchers), the method can be easily used to evaluate the competitiveness of research bodies
and topics on various levels of details. Our future work will consider the mentioned
adaptations for a more effective competitiveness evaluation. Other work like mining patterns
among strengths and/or weaknesses may also be considered so that the relationships among
topics can be further understood.
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