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Abstract—The existing Science Citation Index only counts direct citations,

whereas PageRank disregards the number of direct citations. We propose a new

Comprehensive Citation Index (CCI) that evaluates both direct and indirect

intellectual influence of research papers, and show that CCI is more reliable in

discovering research papers with far-reaching influence.
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1 INTRODUCTION

AS an essential part of research papers, citation serves two broad
functions: 1) it directs readers to the sources of knowledge that has
been drawn upon in one’s work, and enables readers to assess the
knowledge claims in the cited sources for themselves; and 2) it
maintains intellectual traditions (such as giving credit to the cited
works) and provides peer recognition in the research community
[1], [2]. Consequently, citation has been used as a tool for searching
research papers [3], [4], [5], and assessing research productivity [6].
The most popular citation analysis method is probably Science
Citation Index (SCI) [4]. SCI ranks research papers according to the
number of direct citations that papers receive: the more citations a
paper has, the more significant the paper is. To demonstrate SCI
[4], Garfield originally gives an example of a citation network [7]
consisting of 15 papers, as reproduced in Fig. 1a. According to SCI,
Paper 2 is the most influential paper in this citation network
because it has more citations than any other papers.

Because SCI is restricted to direct citations, there are two serious
concerns. First, not all citations are equally important. For example,
Paper 1 in Fig. 1a is cited by Papers 2, 3, 4, 6, and 15; Paper 1’s
citations from Papers 2 and 4, which have more citations
themselves, should carry more weights than its citations from
Papers 3, 6, and 15, which have fewer citations themselves. The
subgraphs in Figs. 1b, 1c, and 1d clearly show the citations of
Papers 2, 3, 4, 6, and 15. Second, direct citations only reflect the
immediate impact of papers, but the overall influence of papers
should not be limited to direct citations. This is because many
papers’ far-reaching intellectual influence over years and decades
cannot be explained solely by their direct citations.

2 COMPREHENSIVE CITATION INDEX

2.1 Mathematical Formulation

In general, each paper’s intellectual influence is passed on to its
citing papers, to the papers that cite its citing papers, to the papers

that cite the citing papers of its citing papers, and so on. Hence, a
paper’s overall intellectual influence should consist of both 1) direct
influence on its citing papers and 2) indirect influence through
citation links on those papers that do not directly cite it, and such
indirect influence decreases through each citation link.

To model a paper’s overall influence in terms of citations, let the
weight �ð0 � � < 1Þ be the portion of influence that each paper
distributes evenly to all the papers that it cites. � < 1 is consistent
with the fact that, in general, although each paper is influenced by
the papers that it cites, its unique intellectual merit (which is
represented by the portion 1� �) should be greater than zero and
should not be attributed to the papers that it cites.

Then, a paper’s overall influence in a citation network can be
modeled as

xi ¼ jJij þ �
X
j2Ji

xj
rj
¼
X
j2Ji

1þ � xj
rj

� �
; ð1Þ

where xi is Paper i’s Comprehensive Citation Index (CCI) value,

which represents Paper i’s overall influence in terms of citations; Ji
is the set of papers that directly cite Paper i; jJij is the cardinality of
set Ji, and is the number of direct citations (i.e., direct influence)

that Paper i has; rj is the number of papers (including Paper i)

directly cited by Paper j; �
xj
rj

is the portion of Paper j’s influence

attributed to Paper i; �
P

j2Ji
xj
rj

is the total amount of Paper i’s
indirect influence on the papers in this citation network.

Equation (1) can be represented in a matrix form for all papers in
a citation network as follows:
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where x is the CCI vector (i.e., overall influence); H is the citation
network matrix such that hij ¼ 1 if Paper j cites Paper i and hij ¼ 0
otherwise; gij ¼ hij

rj
for rj 6¼ 0 and gij ¼ 0 otherwise; and e is a

vector of ones.
Equation (2) can be rewritten as ðI� �GÞx ¼ He, where I is an

identity matrix. I� �G is called an M-matrix [8], which is
nonsingular when 0 � � < 1. Therefore, (2) has a unique solution
x ¼ ðI� �GÞ�1He. When � ¼ 0, CCI is the same as SCI.

2.2 An Illustrative Example

We use the simple citation network in Fig. 1a to intuitively
illustrate the rationale of CCI. Table 1 shows the computation
results of both SCI and CCI for this citation network. The main
insights are summarized as follows:

1. As shown in Fig. 1b, Paper 2 cites Paper 1 and almost half
of Paper 2’s citing papers also cite Paper 1. Hence, Paper 1
has both direct and indirect influence on those citing
papers of Paper 2.

2. Fig. 1c shows that Paper 1 has direct influence on Paper 4
as well as indirect influence on Paper 4’s citing papers.

3. SCI has the same ranking for Papers 1 and 4 (each of which
has five direct citations), and ranks Paper 2 (which has
seven direct citations) higher than Paper 1. But based on
1) and 2) above, it is likely that Paper 1 is more influential
than Papers 2 and 4. This observation is confirmed by the
CCI rankings in Table 1 with � ¼ 0:3. Note that the
sensitivity analysis of � will be conducted in Section 4.
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4. As shown in Fig. 1d, SCI has the same ranking for
Papers 3, 8, 9, 12, and 14 (each of which has one direct
citation), but CCI ranks some of those papers differently
in Table 1. The differences can be explained by the fact
that those papers are cited by papers that have different
influences. For example, the CCI ranking of Paper 3 is
higher than that of Paper 12, because Paper 3’s citing
paper (i.e., Paper 6 with CCI ¼ 2:00) is more influential
than Paper 12’s citing paper (i.e., Paper 13 with
CCI ¼ 0).

This example shows that CCI has better resolution than SCI and

is capable of differentiating the importance of different citations.

This distinctive feature of CCI is useful for precisely evaluating the

different influences of papers, which may have the same or similar

number of direct citations.

3 RELATED WORKS

So far we have used SCI to explain our motivation why we develop

a new citation analysis method. Now we will discuss related works

to justify the novelty of CCI.

3.1 PageRank

PageRank [8], [9], [10] in link analysis [8], [11], [12] considers that in

a network, each incoming link is different such that an incoming

link has more value if it comes from a more important node. The

PageRank algorithm [9], [10] has been used to rank webpages.

PageRank is defined as [10], [13]:

PRðpiÞ ¼
1� d
N
þ d

X
pj2IðpiÞ

PRðpjÞ
OðpjÞ

; ð3Þ

where p1, p2; . . . ; pN are the pages; N is the total number of pages
under consideration; IðpiÞ is the set of pages that link to pi; OðpjÞ is
the number of outbound links from pj; d is a damping factor that is
the probability that, at any step, a person will continue clicking on
links. Note that �

P
j2Ji

xj
rj

in the CCI (1) has a similar form as
d
P

pj2IðpiÞ
PRðpjÞ
OðpjÞ in the PageRank (3). This is because in CCI, each

paper distributes a portion of its overall influence evenly to all the
papers that it cites, while in PageRank, “the rank of a page is
divided among its forward links evenly to contribute to the ranks
of the pages they point to” [10, p. 4].

Although the application of PageRank has proven that it is an
effective algorithm in ranking webpages, it is improper to apply
PageRank to citation analysis, because PageRank disregards the
number of direct citations. As explicitly pointed out by the
developers of PageRank, “there are a number of significant
differences between webpages and academic publications” [10,
p. 1]. In particular, “simple backlink (i.e., incoming link or direct
citation) counts have a number of problems on the web. Some of
these problems have to do with characteristics of the web which
are not present in normal academic citation databases” [10, p. 2].
In addition, links among webpages do not necessarily represent
any intellectual influence between pages. As a result, the
incoming link counts (i.e., direct citations) of a page pi are not
included in pi’s PageRank PR(pi) in (3). Moreover, because 1�d

N in
(3) is less than one, it does not represent incoming link counts.
1�d
N represents the probability that when a random surfer arrives

a webpage with no outbound link, the surfer picks another
webpage at random and continues surfing again. But such
randomness does not exist in citation.

Different from links among webpages that do not represent
intellectual influence between webpages, citations reflect direct
and indirect intellectual influence from a paper to its citing papers,
to its citing papers’ citing papers, and so on. Direct intellectual
influence is the fundamental part in citations. Hence, even when
indirect influence is considered, the importance of direct citations
still must be sufficiently evaluated. CCI properly captures direct
citations as jJij in (1).

3.2 Status or Rank Prestige

In social network analysis, a method has been proposed “to
measure the prestige of the actors in a set of actors” by considering
“the prominence of the individual actors who are doing the
‘choosing’” [14, p. 205]. Specifically, an “actor’s rank depends on
the ranks of those who do the choosing; but note that the ranks of
those who are choosing depend on the ranks of the actors who
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TABLE 1
Comparison between SCI and CCI for the Citation Network in Fig. 1a

Fig. 1. A citation network consisting of 15 papers: (a) is directly adopted from [4]; (b), (c), and (d) are subgraphs of (a).



choose them, and so on” [14, p. 206]. The rank prestige PRðniÞ for
actor ni within a set of g actors is defined as [14, p. 206]:

PRðniÞ ¼ x1iPRðn1Þ þ x2iPRðn2Þ þ � � � þ xgiPRðngÞ;

where xji ¼
1; if actor nj chooses actor ni

0; otherwise:

�
ð1 � i; j � gÞ:

ð4Þ

However, (4) is improper for evaluating the impact of papers in
citation networks. This is because (4) inappropriately implies that
each paper has no unique intellectual merit since (4) attributes each
paper’s overall influence completely to the papers that it cites. In
comparison, the CCI (1) does not have this problem.

3.3 Y-Factor

Y-factor is proposed to rank journals [13]. Y-factor is defined as a
product of a journal’s impact factor and that journal’s Weighted
PageRank. Although impact factor and Weighted PageRank may
make sense separately, the meaning of their product is not clear,
just as the developers of Y-factor point out explicitly that the
“definition of the Y-factor rankings may not be scientifically
convincing” [13, p. 686].

3.4 h-Index and g-Index

h-index [15] is proposed for quantifying the scientific productivity
of individuals. If an individual has published N papers, then she
has index h if h of her N papers have at least h citations each and
the other (N � h) papers have � h citations each. g-index [16] is
similar to h-index. For an individual, if her papers are listed in the
decreasing order of the number of citations that they received, then
this individual’s g-index is the largest number such that the top
g papers together received at least g2 citations. Clearly, h-index and
g-index have a focus on the impact of individual researchers, which

is different from CCI that evaluates the impact of individual
papers.

4 EVALUATION AND ANALYSIS

In this section, we use a benchmark to evaluate CCI in comparison
with SCI and PageRank. Here, we use peer review as the benchmark.
This is because peer review is broadly used in practice [17], and peer
review provides an alternative assessment based on human inputs
(in contrast with CCI, SCI, and PageRank based on computation).

We evaluate and compare CCI, SCI, and PageRank by applying
them to a large citation network. From 1/31/2007 to 2/23/2007,
we collected from http://scholar.google.com a citation data set
that contains 288,404 entries between 1950 and 2004. This data set
includes 5,003 papers published in the journal of Management
Science, their cited papers and citing papers, the cited papers of
their cited papers, the citing papers of their citing papers, and so
on, which may or may not be published in Management Science.
Although all entries in this data set have been used in calculating
CCI, SCI, and PageRank, only the papers published in Management
Science are included in the CCI, SCI, and PageRank rankings.

The reasons that we use this citation network include: first, in
2004, the INFORMS members chose the top-10 most influential
papers published in Management Science between 1954 and 2003 [18].
Those top-10 papers are the results of peer review by a large number
of INFORMS members. Ideally, the peer-review rankings of those
top-10 papers are 1; 2; . . . ; 10 with the average ranking ¼ 5:5.
Second, this citation network is large enough to provide reliable
information. Finally, the same paper may appear in Google multiple
times for various reasons. To improve the accuracy of paper
rankings, manual cleaning work has to be performed to combine
duplicate entries that represent the same paper into one. This
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TABLE 2
The CCI, SCI, and PageRank Rankings of the Top-10 Most Influential Papers Published in Management Science between 1954 and 2003



citation network is also “small” enough for us to possibly go
through all entries to do cleaning work.

Table 2 shows the CCI, SCI, and PageRank rankings of those

top-10 papers among 5,003 papers published in Management

Science. Those rankings are based on the calculation of CCI and

PageRank values (using (1) and (3), respectively), which are not

shown in Table 2 for brevity. Table 2 and Fig. 2 also provide

sensitivity analysis for the different values of weight � (CCI) and

damping factor d (PageRank). When � ¼ 0, CCI rankings are the

same as SCI rankings.
Table 2 and Fig. 2 provide some useful insights. First, the CCI

rankings of those top-10 papers are consistently closer to the peer

review results (i.e., the average peer-review ranking ¼ 5:5) and

better than both SCI and PageRank rankings. Second, the average

CCI ranking of those top-10 papers is improved gradually from

� ¼ 0:1 to � ¼ 0:9 and is very stable when 0:3 � � � 0:9. Finally,

the PageRank algorithm requires that d < 1 for possible conver-

gence [8, p. 47]; when d ¼ 0, all papers have the same PageRank,

which is trivial and not shown in Fig. 2.
Note that in the CCI (1), the weight � represents the portion of

intellectual influence that Paper j distributes evenly to all the

papers that it cites; that is, this portion of intellectual influence (i.e.,

existing knowledge) is originally created by all the papers that

Paper j cites, not created by Paper j itself. The portion of intellectual

influence (i.e., new knowledge) created by Paper j is represented by

1� �. Therefore, the characteristics of specific citation networks

should be considered when choosing � for different citation

networks. In general, if papers in a citation network are largely

based on previous research works, then � may be given a large

value; if papers in a citation network typically involve innovative

research, then giving � a small value is more appropriate.

It is worth noting that to examine whether CCI is robust to noises,
we have cleaned the Management Science data set (which contains
288,404 entries) by deleting noisy entries that have no citation and
no publication year. Those noises include lecture slides, course
notes, speeches, white papers, etc., which are not typical research
publications like journal or conference papers and, thus, are not
useful for research citation analysis. The cleaned data set contains
219,634 entries (about 76 percent of the original total). The detailed
calculation displayed in a chart similar to Fig. 2 shows that the two
CCI curves (before and after cleaning) are very close to each other
with a similar shape and trend. This demonstrates the robustness of
the CCI method against noises. If noises are mainly due to lecture
slides, course notes, and so on that do not have direct citations, we
believe that the CCI method is rather robust because it takes both
direct and indirect influence of research papers into account.

5 CONCLUSION

Evaluating the influence of research publications is a challenging
issue. In this paper, we have proposed a new citation analysis
method—Comprehensive Citation Index—by incorporating both
direct and indirect intellectual influence of research papers into a
simple linear model. Importantly, CCI overcomes the limitations of
SCI and PageRank in citation analysis that SCI neglects the indirect
influence of papers and that PageRank does not count the number
of direct citations.

When peer review is not feasible for assessing a large number of
papers, data-driven citation analysis methods seem to be the best
alternative. Among such methods, CCI rankings are closer to peer
review results than SCI and PageRank rankings. Because research is
a long process and research papers’ direct and indirect intellectual
influence on other papers is gradually released during knowledge
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Fig. 2. Sensitivity analysis of the average CCI, PageRank, and SCI rankings in Table 2.



accumulation, CCI is more reliable than SCI and PageRank in
discovering papers that have far-reaching influence over years and
decades. In the future, we will apply the CCI method to find
significant research papers in different research areas.
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