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of research. Further, we can rank highly cited papers and
most inﬂuential authors. Researchers publish papers to convey their ideas and ﬁndings. They also collaborate to jointly
make advances, and in general to exchange ideas. The citations accumulated from published papers, help them get noticed, and serve as an indicator of their performance. Thus,
among the diﬀerent ways of ranking researchers (by publications, by collaborations, by citations), citation rankings
serve as a reliable metric of their contributions to the community. Ranking authors based on their yearly citations
help identify the experts and opinion leaders.
In this paper, we consider the yearly rankings of authors
(limiting ourselves to the top 100 authors) in the Computer
Science ﬁeld, with respect to yearly publications, collaborators and citations, and study their dynamics. We refer to
these rank lists as P-list, A-list and C-list respectively. We
analyze the potential inﬂuence of having the highest number
of publications and number of collaborations on becoming
top-cited authors. Such an analysis will help shed light on
questions such as “how does an author become part of the
top-cited list?”, and “how does a top-cited author compete
and retain his position in the list?”. The key observations
are as follows:

Citations serve as an important metric for identifying experts and opinion leaders in academic communities. In this
paper, we analyze the evolution of yearly rankings of topcited (C-list) authors in the domain of Computer Science. In
searching for factors that help authors become top-cited, we
also gather authors in the top-collaboration list (A-list) and
top-publication list (P-list) for each year, and analyze crosscorrelation of the C-list with the corresponding A-list and
P-list for each year. Results show that the A-list and P-list
serve as (unreliable) indicators for appearance on the C-list,
but their eﬀect is quick and short-lived. Through further
case studies we ﬁnd other key factors, such as the seminal
importance of an author’s publication and the association
on an author’s work with hot topic trends, may signiﬁcantly
aﬀect rank dynamics. Based on the study of citation rank
dynamics in academia, we then discuss the modeling of rank
dynamics, speciﬁcally a model based on item visibility and
item strength, and the general applicability of such a model.
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i. For authors who appear in the C-list and the A-list/Plist, 80% of them tend to appear earlier in the A-list
or P-list.

1. INTRODUCTION
Ranking systems are omnipresent, serving various purposes in diﬀerent communities. For instance, best-seller lists
of books and top-rated lists of music albums help consumers
decide on their purchases. Yearly rankings of teams and individuals in various sports reﬂect their relative excellence
in performance. Search results direct us to the most relevant web pages, and trending topics help identify the most
discussed events in social media.
In the scientiﬁc community, we rank top publishing venues
for diﬀerent domains, and top universities in speciﬁc areas

ii. When it comes to the longevity of stay in the C-list for
the common authors in C-list and A-list/P-list, those
who enter the C-list ﬁrst tend to stay much longer
(40%) on average.
iii. Even though A-list and P-list lead the C-list for the
common appearances, they do not guarantee it in any
way. In fact, only 20 − 30% of the authors make it to
the C-list.
iv. For authors who enter C-list through the help of appearing in A-list/P-list ﬁrst, the delay is short (approximately 2 − 3 years).
In short, although appearing in top-collaborations or toppublications list may aﬀect one’s appearance in the top-cited
list, the impact is quick and short-lived. Besides, through
case studies, we note the relevance of topical trends in the
community, and its contribution to an author’s citation performance.

Copyright is held by the International World Wide Web Conference Committee (IW3C2). IW3C2 reserves the right to provide a hyperlink to the
author’s site if the Material is used in electronic media.
WWW’16 Companion, April 11–15, 2016, Montréal, Québec, Canada.
ACM 978-1-4503-4144-8/16/04.
http://dx.doi.org/10.1145/2872518.2890519.

431

Based on the analysis of citation rank dynamics in academia,
we then discuss how to model the dynamics of rank lists,
based on key factors that inﬂuence their evolution. We point
our the limitations of some related works, and describe our
idea for this research direction.

2. RELATED WORK
Study of ranking dynamics in complex systems has attracted much attention in the complex systems community.
For example, [1] tried to ﬁnd a general law that regulates
ranking dynamics in complex systems. [3] studied the rankings in sports and tried to model the competitiveness among
sport teams. [7] provided a general discussion on how to analyze and model ranking data. These studies tend to be
either domain speciﬁc, or only focus on short-term ranking
dynamics (based on noise) so far.
Another group of papers related to our work are those
studying author’s collaborations, publications or citations
separately. For example, [6] studied the complete trials of
coauthor network evolution. [4] demonstrated the eﬀect of
aging on researchers’ publication patterns. [12] discussed the
competition of preferential attachment and aging eﬀect during an author’s collection of citations. [11] quantiﬁed the
diﬀerent factors that might aﬀect the citation of an paper.
However, those papers only focused on the analysis of the
general patterns in collaborations, publications, or citations
separately and have not extensively studied the correlations
between them. In our paper, we analyze the top authors
in each category and focus on the correlations between citations and publications or collaborations.
Some papers study correlations between collaborations
and citations. For example, [8] analyzed the temporal changes
in citation and collaboration over time and the inﬂuence of
coauthor network on citation network. While they did a statistical analysis on the percentage of self-citation, coauthorcitation and distant citation of papers, we focus on the analysis of an author’s social visibility and inﬂuence in helping
him accumulate citations. Furthermore, while [8] studies
the entire community, we focus on the evolution of the topranked authors in each category.

where p is the set of papers with both author i and author
j in the author list in year t, np is the number of authors
of paper p. wij is also capped by 1. Then the number of
coauthors of author i at year t is
∑
Si,t =
wij ,
(2)
j∈Ci,t

Since wij is capped by 1, Si,t ≤ |Ci,t | and Si,t ≤ |p|. Fig. 1
gives an example of the weight based counting method. In
Fig. 1, author a has three papers in one year, labeled 1, 2,
and 3. Paper 1 is written by author a, b, c and d together.
Paper 2 is written by author a and b together. Paper 3 is
written by author a, b and e together. For author a, his
set of collaborators for that year include b, c, d and e. The
weighed counting of collaborator b is 1 + 1/3 + 1/2 = 11/6
and then capped by 1, of c is 1/3, of d is 1/3, and of e is 1/2.
Then the total weighted number of coauthors for author a
is 1 + 1/3 + 1/3 + 1/2 = 13/6.

3. DATASET AND PREPROCESSING

Figure 1: Example of the weight based counting
method.

Before proceeding with the empirical analysis, in this section, we describe our dataset. Our dataset is collected from
ArnetMiner [10]. We use the V5 dataset listed on the website1 . It was constructed based on paper information in
DBLP and citation information from ACM and other sources.
In the dataset, each paper is assigned an index ID, with information including the paper title, author list, publication
year, publication venue, and the list of references. In order
to get a complete set, we removed papers published before
1960, since the origin of Computer Science, as a discipline,
is traced back to early 1960s [2]. We also removed papers
published after 2009 to get rid of the incomplete records of
recent years, since the original dataset was updated in 2011.

Such a weight based counting method not only captures
the relative size of one’s coauthors, but also takes the collaboration strength into consideration. Moreover, it can help
us get rid of the bias of papers with many authors (which
will make all the authors of that paper rank high in the list
when using the simple directed counting method |Ci,t |).
The counting of publications and citations of an author in
one year is relatively straightforward, i.e, if one is listed as an
author of a paper, that paper is counted as his publication;
if one paper is cited by another, each author of that paper
gets one increment for citation.
After the counting, we set the cutoﬀ at 100 to obtain the
top-100 author rank list. For authors at the 100 borderline,
we retain the authors who have appeared in the top rank
list of previous years, and then proceed to choose randomly
among the others. By doing so, we ensure the ranking dynamics is smoother. However, this does not aﬀect most of
our results, since it only pertains to the borderline authors.
Table 1 describes the general information of the three rank

3.1 Top-author Rank Lists
We focus on three top-author rank lists in this paper, i.e.,
top authors with the most number of coauthors, publications
and citations in a given year. The size of one’s collaboration
network is a measure of one’s social presence. The number of
1

one’s publications reﬂects his productivity and the citations
one gets demonstrate collective inﬂuence of his publications
till date.
For the counting of coauthors of an author in one year,
we use a weight based counting method [9]. It is based on
the assumption that authors who have written many papers
together, know each other better. With this assumption,
the counting proceeds as follows: for an author i with at
least one publication at year t, we ﬁnd his coauthor set Ci,t
at year t, and then deﬁne the collaboration weight between
author i and one of his coauthor j (j ∈ Ci,t ) as
∑ 1
wij =
,
(1)
np − 1
p

http://aminer.org/billboard/citation
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lists. We call the top list based on yearly number of coAuthors as A-list, the top list based on yearly number of Publications as P-list and the top list based on yearly number of
Citations as C-list respectively. In Table 1 we can see that
there are fewer distinct authors in C-list than in A-list and
P-list, which indicates that C-list is relatively more stable
than the other two.

iv. DBLP shows a link to one’s Wikipedia page, or ACM
author proﬁle page, or veriﬁed Google Scholar page.
v. The merging of papers from another author does not
aﬀect the ﬁnal ranking result. For example, the merged
papers are published after 2009.

Table 1: Rank List Description
Rank list name Time coverage (year) #distinct authors
A-list
1980-2004
1050
P-list
1980-2004
1022
C-list
1980-2009
655

3.2 Author Name Disambiguation
Since we use author name as the identiﬁer of diﬀerent authors, an inevitable consequence is that authors with similar
names are merged into a single author. Therefore, we do a
rough author name disambiguation manually after we get
the three original rank lists2 . We choose some special cases
of ambiguity, which help us in cleaning the dataset.
Note that for the general author name ambiguity problem, there exist two cases [5]: i) polyseme, where diﬀerent
authors with the same name is merged into one author; and
ii) duplicate, where one author is split into multiple authors.
Here in this paper, since our dataset has been used as the
backbone of Arnetminer, we believe the website developers
have already cleared the raw data, thus the second case seldom exists.
In general, an ambiguous entry appearing in the ranklist
could be a result of (a) merging of one dominating author
(truly linked to most of the publications) with several other
normal authors, or (b) merging of several normal authors.
In the former case, the ranking results will not be aﬀected
much, since the dominating author will appear in the ranklist.
For the latter case, such a phenomenon could cause a spurious name to occur in the ranklist for a considerable consecutive period of time. In this paper, we set the consecutive
year length to be 5 and we manually disambiguate the author names which appear in a list for ﬁve or more consecutive
years. This heuristic also ensures that, errors if any, will not
aﬀect the long-term trends in the ranking dynamics.
Then we do author name disambiguation manually for
those author name candidates by checking their DBLP pages.
We think the information under one author name is correct
and thus the counting of the annual number of collaborators, publications and citations are right under the following
cases:

For authors not in the cases listed above, we check all the
papers from that author and split that author name into
multiple authors. We then calculate the annual number of
collaborators, publications and citations for each new author
after splitting to decide whether an author drops out of the
rank list. If an author with updated information drops out
of the top 100 rank list, we will add new authors to the
list based on the mechanism mentioned before, to keep the
length of the rank list always 100.
After that we also do author name disambiguation manually for the top 5 authors each year in the three rank lists.
For A-list and P-list in 2005-2009, they are aﬀected heavily
by the name ambiguity problem. The lists are mostly occupied by merging Chinese names. Therefore, we only consider
the A-list and P-list in 1980-2004. Since all the three kinds
of top lists cover 1980-2004, which spans for 25 years, we believe it is long enough to demonstrate the dynamic changes
and correlations among the three lists.

4.

DYNAMICS OF TOP-CITED AUTHOR LIST

In this section, we use the three top author rank lists
extracted from our dataset to show how the rank dynamics
of top-cited authors is aﬀected by diﬀerent factors. We use
the dynamics of one’s appearance in C-list to represent his
citation dynamics.

4.1

Getting into the Top-cited List

We now show how an author gets into the top-cited list
through his number of collaborations or publications, i.e, we
empirically analyze an author’s getting into C-list following
his appearance in A-list or P-list. We focus on the common
authors in C-list that also appear in A-list or P-list. Table 2
shows the intersection of distinct authors in any of the two
rank lists, i.e., the number of common authors appearing in
two diﬀerent kinds of rank lists.
Table 2: Intersection of
Intersection A-list
A-list
1050
P-list
690
C-list
252

Distinct Authors
P-list C-list
690
252
1022
234
234
655

We ﬁrst study the time that an author ﬁrst gets into the
three top lists. We extract the ﬁrst appearing year in two
lists respectively of the 252 common authors in C-list and
A-list, and that of the 234 common authors in C-list and
P-list. Results show that among the common 252 authors,
199 authors (about 78.97%) appear later in C-list than in
A-list. Also among the common 234 authors, 186 authors
(about 79.49%) appear later in C-list than in P-list3 . This

i. An author’s DBLP page is listed with a link for reference when he shows his publications in his homepage.
ii. DBLP shows a link to one’s homepage and there is no
other authors with the same name listed on DBLP.
iii. DBLP lists the institution history of one author and
there is no other authors with the same name listed on
DBLP.

3
Note that since our data is at the yearly resolution, it is
impossible to distinguish the order of citations and publications within a given year. Therefore, if an author appears
in the same year in both the C-list and the A-list or P-list,
we treat it as a later arrival in the C-list.

2

Table 1 shows the list information after we do author name
disambiguation on the original lists extracted directly from
the dataset.
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0.3

correlation of their behaviors in C-list with that in A-list or
P-list.
We ﬁrst analyze all the authors in C-list. Fig. 3(a) shows
the minimum number of yearly citations an author should
obtain in order to maintain his top position, i.e., roughly the
citations gathered by the author ranked around 100. We see
slow increase in earlier years and quick increase in recent
years, attributable to increasing publishing rate, and the
number of references in each paper. Besides the yearly citation threshold, we also plot the distribution of longevity of
top-cited authors staying in C-list in Fig. 3(b). For comparison, the distribution of the longest consecutive year length is
also plotted. We observe that most of the top-cited authors
have a short longevity staying in C-list.
Next we do the longevity distribution analysis on the common authors in C-list and A-list (or P-list). We compare
the distribution of diﬀerent sets of common authors who get
into C-list at the ﬁrst time earlier or later than the other
two lists. The result is shown in Fig. 3(c) and 3(d). We ﬁnd
that for common authors appearing earlier in C-list than in
A-list, the average year length is 8.21 years, while that for
the remaining common authors is 5.89 years. We get similar
ﬁndings when doing the comparison on common authors in
C-list and P-list, where the average year length for common
authors appearing earlier in C-list than in P-list is 8.98 years
and that for the remaining common authors is 6.02 years. It
demonstrates that authors who get into A-list or P-list with
the help of their top-cited work tend to stay longer in C-list.
Combined with previous ﬁndings, we see that although appearing in A-list or P-list can help one enter C-list quickly,
those who enter C-list ﬁrst tend to stay in the list longer.

common author in A−list
common author in P−list
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(a) Distribution of delayed years
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(b) Change of diﬀerent sets of newcomers over time
Figure 2: Getting into the top-cited list

shows that for common authors in both C-list and A-list
(or P-list), most of them get into C-list with the help of
his appearance in A-list or P-list ﬁrst. So A-list and P-list
may serve as indicators of authors in later C-list. We also
plot the delay distribution in Fig. 2(a) for those common
authors who appear later in C-list. Note that part of the
reason for the high percentage of common authors with delayed year 0 is that we start the three rank lists at the same
year 1980. However, even after we remove all the common
authors (around 20) in both C-list and A-list (or P-list) in
1980, the percentage of common authors with short delayed
years is still relatively high. Based on the delay distribution,
we ﬁnd that the average delay is 3.67 years for authors who
enter A-list ﬁrst and then enter C-list. For those who enter
P-list ﬁrst and then enter C-list, the average delay is 3.76
years. It indicates that being in A-list or P-list has a quick
eﬀect in helping authors get into C-list.
Besides the common authors, we also take analysis on
the newcomers each year in 1981-2009 in C-list. For those
newcomers, part of them are also common authors appearing
earlier in A-list or P-list. We plot the change of diﬀerent
sets of newcomers in Fig. 2(b). We see that among those
newcomers, less than half of them have ever appeared in Alist or P-list before. This result actually corresponds to the
relatively small intersection percentage (35%) of C-list with
A-list or P-list shown in Table 2. It indicates that there
are also other factors that may aﬀect an author’s citation
performance, which we will discuss later.

4.3

Indicators for Top-cited Authors

Now after the study of the patterns of common authors in
C-list and A-list or P-list, we would like to see as a general
top author in A-list or P-list, how can one become a top
author in C-list.
Based on the statistics in Table 2, we can see that among
the 1050 authors in A-list, only 199 (about 18.95%) appear
later in C-list, and among the 1022 authors in P-list, only
186 (about 18.20%) appear later in C-list. It indicates that
although getting into A-list or P-list might help one enter
C-list, such possibility is relatively low.
Besides the overall percentage, we also plot the change
over time in Fig. 4(a), where we show the number of common
authors appearing earlier in A-list or P-list each year among
the 100 top authors in A-list or P-list. We ﬁnd that less than
half of the authors appear in C-list later in 1980-2000. The
number of such authors keep ﬂuctuating. However, from
2001 on, that number keeps decreasing, which is due to the
boundary eﬀect and the termination of A-list and P-list at
2004.
The distribution of the number of times a common author
appears in A-list or P-list before he enters C-list at the ﬁrst
time is also plotted in Fig. 4(b). We see that most of those
common authors only appear a small number of times. In
general, the average number of times that a common author
appears in A-list before he enters C-list is 2.37 and the average times that a common author appears in P-list before
he enters C-list is 2.35. It again shows our previous ﬁnding
that appearing in A-list or P-list has a quick eﬀect in helping
one enter C-list.

4.2 Staying in the Top-cited List
After an author gets into the C-list, he needs to compete
with other top-cited authors in order to stay in the list. In
other words, he needs to retain his relatively high competitiveness. We now analyze the behaviors of those top-cited
authors after they get into the C-list and try to ﬁnd the
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of one paper is only determined by that paper’s intrinsic
quality. Therefore, when considering an author’s citation
performance, which largely depends on his collective citations from publications, his important papers or ideas should
play a signiﬁcant role in it. In our C-list from 1980-2009,
Ramakrishnan Srikant is listed in 1998-2009 as a yearly topcited author. However, he never appears in A-list or P-list.
After a detailed analysis on his yearly citations accumulated
in 1998-2009, we ﬁnd that most of his citations come from
his papers studying association rules, with the most important one named “Fast Algorithms for Mining Association
Rules in Large Databases” published in 1994. Citations to
those papers are larger in magnitude when compared with
his other cited papers.
Second, the hotness of one’s research topics may also affect an author’s citation accumulation during a period. It
will help an author get many citations in a year if his research topic is relatively hot in the given year. In this case,
even if an author does not have many publications, he can
still attract many citations for the given year. For example, Charles E. Perkins is an expert in the research area of
Ad-Hoc Networking, which was relatively hot in the early
2000’s. Based on our record, he gets into the C-list in 2003
and 2006, mainly due to his work on Ad-Hoc Networking.
An important paper from him studying this topic was published in 1999, named “Ad-hoc On-Demand Distance Vector
Routing”. He is also an author never appearing in the A-list
or P-list.
Although hitting hot research topics can help one become
a top author in the C-list, the length that he stays in the
list may depend on the duration for which the research topic
stays hot. So if an author can hit the hot research topics
consecutively, he will be in the C-list for a long time. One
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Figure 3: Staying in top-cited list

4.4 Some Case Studies
Besides the annual number of publications or collaborators discussed above, which indicates an author’s visibility
to the whole community, there also exist other factors that
may aﬀect one’s citation performance. We give a discussion
of those factors by case study here.
First, an author’s citation performance may depend on the
relative importance of his papers or ideas. It is pointed out
in [11] that the ultimate accumulated number of citations
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6.

example in our dataset is David A. Patterson, who is an
expert in the area of computer architecture, having a series
of articles on RISC, RAID and NoW. His important paper
on RISC was published in 1985, while on NoW was published
in 1995. Based on our record, he is a top-cited author from
1986 to 2003 consecutively. A more detailed analysis on his
yearly citations shows that it is his consecutive work on those
hot topics that makes him stay in the C-list. For example,
his work on RISC, which was published in 1985, began to
have very little impact since 1992.
These case studies of diﬀerent top-cited authors here show
that the importance of one’s work or its relevance to the
temporal hot research topics may also aﬀect one’s citation
rank dynamics much.

CONCLUSION

In this paper, we study the ranking dynamics of top cited
authors in the Computer Science ﬁeld. Relationship of ranking dynamics of top-cited authors with their publications
and collaborations is discussed in detail by a cross-correlation
analysis of yearly top-author rank lists. Results show that
being an author with large number of publications or collaborators has a quick but transient eﬀect in helping one
become top-cited. Besides, the importance of one’s work
and its relevance to the temporal hot research topics also
matters. Based on the analysis of citation rank dynamics
in academia, we also give a discussion on the modeling of
the rank dynamics in general ranking systems, and discuss
the modeling with item visibility and item strength. The
detailed mathematical modeling and parameter mining are
left as future work.

5. MODELING OF RANK DYNAMICS
Inspired by the analysis of rank dynamics of top-cited authors in academia, we are now working on a model for rank
dynamics, for top-cited authors and potentially applicable
to other ranking systems. Due to space limitation of this
paper, we will only give a discussion of some existing works
and the direction of our approach.
There is keen interest in the complex network community
in developing models for rank list dynamics. Recent work includes notably [1]. The proposed model in [1] elegantly captures rank list dynamics caused by noise. In other words, the
strength (ﬁtness in their terminology) of the ranked items,
in our case the authors, do not change other than statistically determined by noise. This model can only capture
the short-term dynamics of rank lists; in the long run, the
strength of authors surely change. There is signiﬁcant literature trying to model authors’ strength (productivity and
inﬂuence) over time (some of them discussed in the Related
Work section), but these studies are not aimed at modeling
rank list dynamics. So we see it as an interesting challenge
to develop such a model that can capture the forces driving
the rank list dynamics.
Based on our study in the early part of this paper, we
observe that there are mainly two forces that drive citation
rank dynamics of authors in academia: author visibility and
author strength. For authors in A-list or P-list, they either
have a large number of coauthors, or a large number of publications. Large number of publications from one author will
deﬁnitely result in high visibility for him during the searching phase of other authors when they try to ﬁnd related
works. Similarly, since coauthors are automatically assumed
to be familiar about an author’s work, having more coauthors also help propagate one’s ideas, hence also increase
one’s visibility. Therefore, authors in A-list or P-list enjoy
higher visibility in the community when compared with average authors. Author visibility alone, however, does not
account for his citation accumulation. Based on our case
studies of some top-cited authors, we ﬁnd author strength
and his ability to be associated with (or start) important or
hot research topics, also contribute to citation accumulation,
especially in the long run. While author visibility is easy to
change and can be achieved in many ways by authors, the
change of author strength is relatively diﬃcult.
Based on visibility and strength, we are developing a more
sophisticated epidemic-type of model for rank list dynamics.
Since these two factors, visibility and strength, are quite
generic, we expect that our model can have wide applicability.

7.
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