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With the wide application of statistics, it is important to
identify research trends and the development of statistics.
In this paper, we analyze a citation network of the top 4
statistical journals from 2001 to 2018, applying the directed
spectral clustering on the ratio-of-eigenvectors (D-SCORE)
method to detect the community structure of citation net-
work. We find that statistical researchers are becoming more
and more collaborative. The number of influential papers
which account for the majority of citations is small. High
betweenness centrality and high closeness centrality papers
are concentrated in Annals of Statistics (AoS). Further-
more, we detect 4 communities and 11 sub-communities
such as “High-dimensional Model”, “Variable Selection”,
and “Covariance Matrix Analysis”. Then, we compare the
results of D-SCORE with three other methods and find that
D-SCORE is more suitable for our citation network. Finally,
we identify the dynamic nature of the communities. Our
findings present trends and topological patterns of statisti-
cal papers, and the data set provides a fertile ground for
future research on social networks.
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D-SCORE, Citation network.

1. CITATION NETWORK

1.1 Statistical citation network of top 4
journals

In the era of big data, statistics has attracted more
and more attentions. Accordingly, statistical methods are
applied in a wide range of disciplines such as engineer-
ing [49], economics [1], biochemistry [13], ecology [22] and
many others. Statistical analysis goes in many directions,
such as variable selection [18, 19], causal inference [27, 14],
Bayesian analysis [20, 16], non- and semiparametric models
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[58, 63, 68] and many others [5]. As a result, it is of great
interest to understand research trends and the development
of statistics. To be more specific, it is essential to identify
research topics and key papers in a scientific community
[30].

Citation network analysis is a powerful tool for identi-
fying established and emerging research topics [17]. Some
studies identified research topics through citation network
analysis. [50] proposed a visualization technique for cita-
tion networks by applying the topic-based paper clustering.
[43] proposed the citation-network topic model to jointly
model research publications and their citation network.
Their model offered substantial performance improvement
over previous work in terms of model fitting and clustering
evaluation. [65] used the infomap algorithm iteratively in
order to extract topics from the directed citation network in
the field of astrophysics and obtained 22 topics. Then, they
generated a cognitive map of the field using a topic affinity
network to highlight the relationships among the topics.

In citation network analysis, community detection is a
prominent task. Communities are groups of nodes that are
densely interconnected but sparely connected with the rest
of the network [21, 66, 11, 70]. The goal of community detec-
tion is to identify such groups. Community detection helps
to identify important research topics and understand the
research problems of a subject. It can be applied to many
fields such us physics [8], biology [26], statistics [30] and
others. A common assumption made in most community
detection methods is that the number of communities K is
known, but in practice K is often unknown. Therefore, it is
of great practical and theorectical importance to estimate
K. Many methods have been proposed, including a recur-
sive approach [73], information theory [59, 56], Bayesian in-
ference [39, 47], sequential tests [6, 41], spectral methods
[40, 45], network cross-validation [7] and likelihood-based
methods [12, 62, 67, 29].

Nowadays, exploring the dynamic of the communities
is becoming more and more important. [28] analyzed dif-
ferent time snapshots of the citation network provided by
NEC Citeseer Database. By analyzing the community struc-
ture of different snapshot networks, tracking the evolution
of communities over time. They found that the emergence
of new communities involve a new research area. [54] ana-
lyzed the evolution of communities in collaboration network
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Table 1. An example to show 7 variables of a published paper

Title Journal Publication Date Author

Variable selection via nonconcave
penalized likelihood and its

oracle properties
JASA 2001

Fan, J. Q.
Li, R. Z.

Keywords Abstract Details of its References

Hard thresholding
Nonnegative garrote
Penalized likelihood

Lasso...

Variable selection is fundamental to
high-dimensional statistical modeling,
including nonparametric regression...

Regularization of wavelet approximations
Antoniadis, A and Fan, J. Q.

Journal of the American Statistical Association
2001

and phone-call network. They found that small communi-
ties are more stable, while large communities change drasti-
cally. [71] proposed a dynamic stochastic block model to de-
tecting communities and the evolution of communities. [44]
proposed a method named Persistent Community Detection
(PCD) to detect the communities which show persistent be-
havior over time. [46] proposed a model that combines a
static stochastic block model for its static part with inde-
pendent markov chains for the evolution of the communities
over time which can detect the communities in discrete time
dynamic networks. [72] proposed a approach for detecting
common modules in the time-varying gene regulation net-
work, which can be applied to other time-varying networks.

In this paper, we analyze a citation network for statisti-
cal publications. The data are collected from the “Web of
Science” (http://apps.webofknowledge.com/). We initially
collect 6,497 papers. After data cleaning, we remove 751 iso-
lated nodes whose in-degree and out-degree are both zero.
The rest of the data consists of 5,746 papers from 2001 to
2018 published in the top 4 statistical journals, i.e., Annals
of Statistics (AoS), Biometrika, Journal of American Sta-
tistical Association (JASA) and Journal of Royal Statistical
Society (Series B) (JRSS-B). For each paper, the following
variables are obtained: title, authors, abstract, keywords,
publisher, publication date and its reference list. Table 1
presents an example of a published paper. It is worth noting
that there exist some other prominent statistical journals,
such as those mentioned in [64] and [2], which should be
analyzed in the future. Due to the data constraint, we focus
on the top 4 statistical journals in this work.

1.2 Descriptive analysis of the citation
network

There are 5,746 nodes in citation network. Especially,
there are 1,723 with zero in-degree which may be newly
published papers and 967 nodes with zero out-degree. These
nodes may be papers published earlier, and their citations
are not in our dataset. There are 5,538 different authors in
citation network, and thus each author publishes an aver-
age of 1.04 paper. We faced some challenges in data clean-
ing such as ambiguous author names. Different authors may
have the same name, and one author may have different
initials. For example, author “Fan Jianqing” may also be

Figure 1. Yearly average productivity per author (left y-axis)
and yearly average authors per paper (right y-axis).

written as “Fan, J.” or “Fan, J. Q.”. To address this is-
sue, we adopt the following methods. Firstly, some authors
have Open Researcher and Contributor ID (ORCID). We
can uniquely identify authors according to their ORCIDs.
For authors without ORCID, we use institutions and ad-
dresses of authors to identify them.

The left y-axis of Figure 1 shows the yearly average pro-
ductivity per author, and the right y-axis shows the yearly
average authors per paper. In most cases, when the yearly
average productivity per author goes up, the yearly average
authors per paper goes down. In a few years (2011-2012,
2013-2015 and 2017-2018), the yearly average productivity
per author and the yearly average authors per paper show
the same trend, but the changes of the two indicators are
small. As one can see, from 2001 to 2018, the number of
papers per author shows a trend of rising first and then de-
clining, while the number of authors per paper is moving in
the opposite direction. It indicates that the amount of statis-
ticians has greatly increased in recent years, and the amount
of collaboration among authors has increased as well.

Consider a directed citation network structure. This
structure contains 5,746 nodes corresponding to the papers
and the directed edges describe the citation relationships
among nodes. Without loss of generality, nodes are not al-
lowed to be self-related. There are 23,737 edges in the ci-
tation network. Let d = m/(N2 − N) be the density of a
directed network, where m denotes the number of edges and
N denotes the number of nodes. The density of the citation
network is 0.00072. We use the in-degree, the number of ci-
tations received by each paper, to measure the importance
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Table 2. Top 10 high in-degree papers

ID Title Journal Year In-degree

1 Variable selection via nonconcave penalized likelihood and its oracle properties JASA 2001 335
2 The adaptive lasso and its oracle properties JASA 2006 208
3 Least angle regression AoS 2004 177
4 High-dimensional graphs and variable selection with the lasso AoS 2006 172
5 The dantzig selector: statistical estimation when p is much larger than n AoS 2007 144
6 Sure independence screening for ultrahigh dimensional feature space JRSS-B 2008 137
7 Simultaneous analysis of lasso and dantzig selector AoS 2006 129
8 Nearly unbiased variable selection under minimax concave penalty AoS 2010 110
9 Regularization and variable selection via the elastic net JRSS-B 2005 108
10 Model selection and estimation in regression with grouped variables JRSS-B 2006 108

Figure 2. Histogram of in-degree distribution (left) and
Lorenz curve (right).

of papers. Nowadays, There are many literatures to describe
the distribution of degrees [69]. Actually, many degree dis-
tributions follow the power law distribution, a phenomenon
which is also found in [4, 51, 30]. In our citation network, we
use the method proposed by [10] to test the in-degree distri-
bution, and find that it doesn’t follow the power law distri-
bution. The left-hand panel of Figure 2 shows the histogram
of in-degree distribution in the citation network. As one can
see, it is highly right-skewed. Most of the nodes have very
low in-degree. The Gini coefficient is 0.708 [25], suggesting
that the in-degree is highly dispersed. The right-hand panel
of Figure 2 shows the Lorenz curve of in-degrees, confirming
that the distribution of in-degrees is highly skewed. For ex-
ample, the top 10% highly cited papers receive about more
than 95% of all citation counts. It indicates that the highly
cited papers play an irreplaceable role in the development
of statistics.

Table 2 lists the title, journal, published year and in-
degree of the top 10 cited papers. All of them were published
before 2010. It is natural since recent papers do not have
enough time to accrue citations. The top 10 papers are all
in a specific sub-area of high-dimensional variable selection.
The results suggest that variable selection is a “hot” area of
statistical research.

Furthermore, we use centralities, i.e., betweenness cen-
trality and closeness centrality, to identify the influential
papers in the citation network. Centrality is an informa-
tive approach to identify the most “important” papers of a

citation network. There are many different measures of cen-
trality. Both betweenness centrality and closeness centrality
are standard measures: 1) Betweenness centrality measures
the extent to which a node “standing” between other nodes
[23]; 2) Closeness centrality, calculated as the average length
of the shortest paths between the node and all other nodes,
is used to reflect the proximity of a node to other nodes [61].

Table 3 shows the top 10 high betweenness centrality pa-
pers of the citation network. The high betweenness central-
ity papers are mainly published in JRSS-B and AoS, around
2008 and 2013. The values of the top 15 high betweenness
centrality papers are relatively small. It means that these
papers cannot be seen as the irreplaceable bridges in the sta-
tistical citation network. Table 4 presents the top 10 high
closeness centrality papers, which are mainly published in
JASA and AoS around 2001 and 2007. A node with high
closeness centrality is in a central position of a network for
it is close to all other nodes. Paper “Variable selection via
nonconcave penalized likelihood and its oracle properties”
has the highest closeness centrality. This paper can be seen
as one of the most central nodes in the citation network.

1.3 Exploratory analysis of community
structure

In this part, we try to explore the community structure
of citation network. Figure 3 shows a small group of the ci-
tation network, which are composed of 27 closely connected
nodes. The edges within this group are denser than those
without the group. The density of this small group is 0.151,
which is much larger than that of the citation network (i.e.,
0.00072). We find that the nodes in this group are all in-
volved in the area of “Variable Selection”, including some
important papers such as “Variable selection via nonconcave
penalized likelihood and its oracle properties”, “The adap-
tive lasso and its oracle properties” and so on. Therefore, it
is reasonable to speculate that there exist group structures
in the citation network, namely, the community.

Figure 4 shows another small group of the citation net-
work with 123 closely connected nodes, which are involved
in the area of “False Discovery Rate”. The density of the
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Table 3. Top 10 high betweenness centrality papers

ID Title Journal Year
Betweenness
Centrality

1 Sure independence screening for ultrahigh dimensional feature space JRSS-B 2008 0.00063
2 On asymptotically optimal confidence regions and tests for high-dimensional models AoS 2014 0.00052
3 Sure independence screening in generalized linear models with np-dimensionality AoS 2010 0.00033
4 Large covariance estimation by thresholding principal orthogonal complements JRSS-B 2013 0.00033
5 Confidence sets in sparse regression AoS 2013 0.00031
6 Multiscale change point inference JRSS-B 2014 0.00030
7 Innovated higher criticism for detecting sparse signals in correlated noise AoS 2010 0.00030

8
Maximum likelihood estimation in semiparametric regression models with

censored data
JRSS-B 2007 0.00025

9 One-step sparse estimates in nonconcave penalized likelihood models AoS 2008 0.00025
10 Optimal detection of sparse principal components in high dimension AoS 2013 0.00024

Table 4. Top 10 high closeness centrality papers

ID Title Journal Year
Closeness
centrality

1 Variable selection via nonconcave penalized likelihood and its oracle properties JASA 2001 0.1125
2 Regularization of wavelet approximations JASA 2001 0.0939
3 Least angle regression AoS 2004 0.0911
4 Nonconcave penalized likelihood with a diverging number of parameters AoS 2004 0.0817
5 Adaptive model selection JASA 2002 0.0802
6 High-dimensional graphs and variable selection with the Lasso AoS 2006 0.0794
7 The adaptive lasso and its oracle properties JASA 2006 0.0758
8 Generalized likelihood ratio statistics and Wilks phenomenon AoS 2001 0.0744
9 Greedy function approximation: A gradient boosting machine AoS 2001 0.0720
10 Variable selection for Cox’s proportional hazards model and frailty model AoS 2002 0.0702

Figure 3. Citation network shows community structure.

group is 0.031. The edges within this group are densely con-
nected as well. By further researching on this small com-
munity, we find that this community can be further divided
into two sub-communities. As shown in Figure 4, we can find
two closely connected groups. Therefore, it is reasonable to
speculate that there are some communities in sub-network.

Figure 4. Sub-network shows community structure.

Results show that the keywords of papers in the same area
have obvious changes, which means that there may exists a
dynamic nature of the communities. For instance, in the
area of variable selection, the keywords of papers published
between 2001 and 2005 are mostly “model selection” and
“variable selection”. After 2006, we find that the keyword
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“lasso” appears more and more frequently. That is because
the lasso appears in the area of variable selection since 2006,
where paper “The adaptive lasso and its oracle properties”
[74] and “High-dimensional graphs and variable selection
with the Lasso” [48] are representative papers of the lasso.
Therefore, it is reasonable to speculate that there may be a
dynamic nature of the communities in the citation network.

To summarize, we have the following three questions to
address.

• We find that there exist some closely connected groups,
namely communities in the network, such as “Variable
Selection” community. So can we explore different com-
munities in the citation network?

• We find that a closely connected community with a
similar topic can also be divided into several sub-
communities. Are there sub-communities in the com-
munities identified in the previous question? If so, what
are their sub-communities?

• We find that there is a dynamic nature of the commu-
nities. Can we detect this phenomenon by community
detection methods? How have the characteristics of the
communities changed over time?

2. LITERATURE REVIEW

As shown above, we can discover some research topics
such as “Variable Selection” and “False Discovery Rate” by
identifying the groups in the citation network. To identify
the communities, we conduct community detection on the ci-
tation network. It is helpful for us to identify “hot” research
topics and understand the research problems of statistics in
4 journals.

The methods of community detection can be classified
into two categories according to whether the network is di-
rected or not. In an undirected network, there are many clas-
sic algorithms. [9] presented a faster greedy algorithm for the
problem of modularity maximization based on a hierarchical
clustering approach. [31] proposed an approach to commu-
nity detection called the Spectral Clustering On Ratios-of-
Eigenvectors (SCORE), which could remove the effect of
degree heterogeneity. SCORE is a conceptually simple and
flexible idea. It can be extended to other areas of research,
such as topic estimation in text mining [37] and state aggre-
gation in control systems and reinforcement learning [15].
In the network study, many approaches based on SCORE
have been proposed. [32] proposed Mixed-SCORE to mem-
bership, which accommodated the settings where almost all
nodes may be mixed and where they allow severe degree
heterogeneity. [33] proposed SCORE+ as a refinement of
SCORE to conduct community detection, especially for net-
works with weak signals. [36] proposed Tensor-SCORE for
hypergraph community detection. This method firstly used
a tensor power iteration technique for community detection
and accommodated degree heterogeneity. In recent years,

[55] proposed a community detection algorithm (Fluid Com-
munities) based on the propagation methodology, which per-
formed very well in terms of computational cost and scala-
bility.

In the directed network, the direction of an edge con-
tains important information such as asymmetric influence
or information flow. Therefore, any kind of community de-
tection approach may fail to detect the communities cor-
rectly if the direction of the edge is not considered properly
[38, 42]. Many researchers have made profound contributions
to this field. [53] used the machinery of probabilistic mixture
models and the expectation-maximization algorithm to de-
tect types of structure in networks without prior knowledge.
However, the approach fails to detect obvious community
structures if there are some nodes with zero out-degree or in-
degree [57]. Later, [60] used the probability flow of random
walks on a network and decomposed the network into mod-
ules to reveal community structure in weighted and directed
networks. [42] extended the spectral modularity methods
[52] for undirected networks to directed networks, based on
spectral optimization of the modularity. However, there are
some limitations to this method. [38] found that it failed to
properly distinguish the directions of the edges and could
not detect communities representing directionality patterns
among the nodes. [30] proposed D-SCORE for community
detection of the citation network. D-SCORE is an adaption
of SCORE [31] to directed networks. They also compared
D-SCORE with the method proposed by [42] and got the
same conclusion with [38].

Newly proposed D-SCORE method [30] computes faster
and is easy to implement, thus is suitable for large citation
network. We apply it to conduct community detection in our
citation network. Our study adopts different nodes from the
study of [30]. The nodes in our citation network represent
papers, while in the [30]’s citation network, the nodes repre-
sent authors. Our study focuses on the interactions among
papers rather than authors. We detect 4 communities and
11 sub-communities, which are to be presented later.

3. COMMUNITY DETECTION

In this section, we apply the D-SCORE [30] to analyze
the citation network. D-SCORE is a detection method and
is preferred for large scale data since it is fast and simple.
We first give a brief introduction to this method. Consider
a directed citation network. Let A be the adjacency ma-
trix with elements denoting the indicators of whether or
not the jth paper is cited by the ith paper. Assume there
are K communities. D-SCORE applies Singular Value De-
composition (SVD) on the adjacent matrix A to obtain the
first K left singular vectors û1, û2, ..., ûK , and the first K
right singular vectors v̂1, v̂2, ..., v̂K of A, where ûk ∈ R

n,
v̂k ∈ R

n, and k = 1, 2, ...,K. Let N1 be the collection of in-
dexes where û1 = (û11, û12, ..., û1n)

T ∈ R
n, |û1i| �= 0. N1 =

{i : |û1i| �= 0}. Let N2 be the collection of indexes where
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v̂1 = (v̂11, v̂12, ..., v̂1n)
T ∈ R

n, |v̂1i| �= 0. N2 = {i : |v̂1i| �= 0}.
Then we have all nodes split into four disjoint subsets,

N = (N1 ∩N2) ∪ (N1\N2) ∪ (N2\N1) ∪ (N\(N1 ∪N2)).

Define two n× (K − 1) matrices R̂(l) and R̂(r) as follows,

R̂(l)(i, k) =

{
sgn

(
ûk+1(i)

û1(i)

)
·min

{∣∣∣ ûk+1(i)

û1(i)

∣∣∣ , log(n)} , i ∈ N1,

0, i /∈ N1,

R̂(r)(i, k) =

{
sgn

(
v̂k+1(i)

v̂1(i)

)
·min

{∣∣∣ v̂k+1(i)

v̂1(i)

∣∣∣ , log(n)} , i ∈ N2,

0, i /∈ N2,

where 1 ≤ k ≤ K−1 and sgn(x) stands for the sign function
satisfying sgn(x) = 1 when x > 0, sgn(0) = 0, and sgn(x) =
−1 when x < 0. Then we cluster nodes in the above four
subsets separately using R̂(l) and R̂(r).

Step 1: Restrict the rows of R̂(l) and R̂(r) to the set N1∩N2

and get two new matrices R̃(l) ∈ R
m×(K−1) and

R̃(r) ∈ R
m×(K−1) where m = |N1 ∩N2| is the size

of N1 ∩ N2. Assume there are K communities, and
apply k-means to the columns of B = (R̃(l), R̃(r)) ∈
R

m×2(K−1), so that nodes in N1 ∩ N2 are divided
into K communities.

Step 2: Compute the mean of the row vectors of R̃(l) in
each community and take them as the community
center. For a node i in N1\N2, classify it to one
of the communities whose community center is the
closest to the ith row of R̂(l).

Step 3: Compute the mean of the row vectors of R̃(r) in
each community and take them as the community
center. For a node i in N2\N1, classify it to one
of the communities whose community center is the
closest to the ith row of R̂(r).

Step 4: For a node i in N\ (N1 ∪ N2), compute the numbers
of edges (ignore directions) it has with nodes in each
community and then classify it to the community
with which it has the largest number of edges.

We consider the weakly connected citation network,
where two nodes are connected by an undirected edge if
one has cited the other [3]. There are 57 components for the
original citation network in the associated weakly connected
network. The giant component has 5601 nodes and all other
components have no more than 6 nodes. There is no the
largest strong connected component because citations be-
tween papers are one-way. In what follows, we restrict our
attention to the weakly connected giant component. For sim-
plicity of expression, we denote it as the citation network for
the rest of the paper instead of the weakly connected giant
component of the original citation network.

3.1 Community detection of the citation
network

The scree plot of the citation network is shown in Fig-
ure 5. As can be seen, it suggests 2 or more communities in

Figure 5. The scree plot of the citation network.

N . We initially try 2, 3, 4 and 5 communities. The results
show that it is best to divide the citation network into 4
communities. When we divide the network into 2 or 3 com-
munities, some important research topics are not detected,
such as “Functional Data Analysis” and “False Discovery
Rate”. One community may contain various research top-
ics. When we divide the network into 5 communities, there
are some common research topics among communities. For
example, three different communities all involve “Variable
Seletion” area. Assuming K = 4, applying D-SCORE, we
have |N1∩N2| = 4,070, |N1\N2| = 895, |N2\N1| = 605, and
|N\(N1∪N2)| = 31. D-SCORE identifies four communities:
(1)“Variable Selection” community containing 2074 nodes;
(2) “Sparse Covariance Matrix” community containing 886
nodes; (3)“Functional Data Analysis & Dimension Reduc-
tion” community containing 1939 nodes; (4) “False Discov-
ery Rate” community containing 702 nodes. Table 5 reports
the top 5 high in-degree papers in each community. We also
separately count the keywords of the papers in each commu-
nity to identify communities accurately. Table 6 shows the
top 3 keywords of each community.

The first community is the largest community in cita-
tion network. Papers in this community focus on variable
selection. The top 3 keywords of this community are “vari-
able selection”, “lasso” and “sparsity”. It indicates that
variable selection is a very “hot” topic in statistics. The
second community is mainly relative to the sparse covari-
ance matrix. Nevertheless, this community contains some
other topic related papers, making the research structure
unclear. It is necessary to get more detection and discus-
sion for this community. The third community involves two
main research topics, functional data analysis and dimen-
sion reduction. This community seems to contain some sub-
structures and we expect to distinguish those for better in-
terpretation and identification. The last community is the
smallest and is detected clearly. This community studies is-
sues such as false discovery rate, multiple testing and so on.
For further information, we restrict the networks to their
respective communities and detect the sub-communities in
section 3.2.

Futhermore, we analyze the differences between the com-
munities in the four journals. For AoS, about 41% papers are

284 T. Gao et al.



Table 5. The result of community detection by D-SCORE

Community Title Journal Year In-degree

Variable Selection

Variable selection via nonconcave penalized
likelihood and its oracle properties

JASA 2001 335

The adaptive lasso and its oracle properties JASA 2006 208
Least angle regression AoS 2004 177

High-dimensional graphs and variable selection
with the Lasso

AoS 2006 172

Sure independence screening for ultrahigh
dimensional feature space

JRSS-B 2008 137

Sparse Covariance Matrix

On the distribution of the largest eigenvalue
in principal components analysis

AoS 2001 80

On consistency and sparsity for principal
components analysis in high dimensions

JASA 2009 48

Operator norm consistent estimation of large
dimensional sparse covariance matrices

AoS 2008 41

Optimal rates of convergence for covariance
matrix estimation

AoS 2010 40

Adaptive thresholding for sparse covariance
matrix estimation

JASA 2011 34

Functional Data Analysis
& Dimension Reduction

Functional data analysis for sparse
longitudinal data

JASA 2005 82

Bayesian measures of model complexity and fit JRSS-B 2002 75
An adaptive estimation of dimension

reduction space
JRSS-B 2002 65

Gibbs sampling methods for stick-
breaking priors

JASA 2001 64

Generalized likelihood ratio statistics
and Wilks phenomenon

AoS 2001 61

False Discovery Rate

A direct approach to false discovery rates JRSS-B 2002 90
Empirical Bayes analysis of a microarray

experiment
JASA 2001 80

Strong control, conservative point estimation
and simultaneous conservative consistency
of false discovery rates: a unified approach

JRSS-B 2004 62

A stochastic process approach to false
discovery control

AoS 2004 54

Large-scale simultaneous hypothesis testing:
The choice of a null hypothesis

JASA 2004 52

Table 6. Top 3 keywords of each community

Community Keywords Frequency

Variable Selection
Variable selection 117

Lasso 105
Sparsity 101

Sparse Covariance Matrix
Sparsity 27

Principal component analysis 24
Markov Chain Monte Carlo 23

Functional Data Analysis
& Dimension Reduction

Functional data analysis 70
Markov Chain Monte Carlo 68
Nonparametric regression 66

False Discovery Rate
False discovery rate 66
Multiple testing 55

Multiple comparisons 24
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Table 7. Two sub-communities from “Variable Selection” community

Community Title Journal Year In-degree

High-dimensional Model

Model selection and estimation in the
Gaussian graphical model

Biometria 2007 54

Regularized estimation of large covariance matrices AoS 2008 40
High-dimensional generalized linear models

and the lasso
AoS 2008 38

on asymptotically optimal confidence regions and
tests for high-dimensional models

AoS 2014 35

A constrained l1 minimization approach
to sparse precision matrix estimation

JASA 2011 32

Variable Selection

Variable selection via nonconcave penalized
likelihood and its oracle properties

JASA 2001 279

The adaptive lasso and its oracle properties JASA 2006 183
Least angle regression AoS 2004 153

High-dimensional graphs and variable selection
with the Lasso

AoS 2006 141

The Dantzig selector: Statistical estimation
when p is much larger than n

AoS 2008 123

in “Variable Selection” community, which is larger than the
other three communities (19%, 26%, 14%). For JASA and
JRSS-B, around 40% and 41% papers in these two journals
are in “Functional Data Analysis & Dimension Reduction”
community, respectively. For Biometrika, 35% and 34% pa-
pers are in “Variable Selection” community and “Functional
Data Analysis & Dimension Reduction” community, respec-
tively. Around 10% papers in the four journals belong to the
“False Discovery Rate” community, which is the smallest
community in the citation network.

3.2 Detection of sub-networks

To get more information from each community, we ig-
nore all the edges and nodes outside the four communities.
We apply D-SCORE to the four communities for community
detection, respectively. Figure 6 shows their scree plots, sug-
gesting that there are 2, 2, 5 and 2 communities in the four
sub-networks respectively.

For “Variable Selection” community, assuming K = 2,
we obtain two sub-communities: “High-dimensional Model”
containing 636 nodes, “Variable Selection” containing 1215
nodes. Table 7 reports 5 key nodes (papers) from each sub-
community. The top 5 papers of this sub-community are
also the Top 5 high in-degree papers of the original ci-
tation network. From the original citation network to the
sub-community, their in-degrees decrease differently. Paper
“Variable selection via nonconcave penalized likelihood and
its oracle properties” decreases the most, from 335 to 279,
indicating that many papers from other sub-communities
have cited this paper. In addition, all the other 4 papers
decrease about 25 citation counts. We suggest they have
a similar influence on other sub-communities. In the other
sub-community, “High-dimensional Model”, the second high
in-degree paper “Regularized estimation of large covariance

Figure 6. Scree Plots of four sub-networks. (a):Variable
Selection Community. (b):Sparse Covariance Matrix

Community. (c):Functional Data Analysis & Dimension
Reduction Community. (d):False Discovery Rate Community.

matrices” is the only one of the five that is also the Top 20
high in-degree papers of the original citation network. Its
citation count is reduced from 99 to 40. Note that the twen-
tieth high in-degree paper of the original citation network
has 78 citations. It may mean that papers in the “High-
dimensional Model” sub-community do not have much in-
fluence on other communities.
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Table 8. Two sub-communities from “Sparse Covariance Matrix” community

Community Title Journal Year In-degree

Covariance Matrix Analysis

On the distribution of the largest eigenvalue
in principal components analysis

AoS 2001 52

Operator Norm Consistent Estimation of Large
dimensional Sparse Covariance Matrices

AoS 2008 24

Generalized Thresholding of Large Covariance Matrices JASA 2009 22
A tale of two time scales: Determining integrated

volatility with noisy high-frequency data
JASA 2005 21

Optimal Rates of Convergence for Covariance
Matrix Estimation

AoS 2010 21

Principal Component Analysis
& Network Analysis

On Consistency and Sparsity for Principal
Components Analysis in High Dimensions

JASA 2009 33

Spectral clustering and the high-dimensional
stochastic blockmodel

AoS 2011 18

High-dimensional analysis of semidefinite relaxations
for sparse principal components

AoS 2009 18

Sparse principal component analysis and
iterative thresholding

AoS 2013 17

Minimax bounds for sparse pca with noisy
high-dimensional data

AoS 2013 16

For “Sparse Covariance Matrix” community, assuming
K = 2, we obtain two sub-communities: “Covariance Ma-
trix Analysis” containing 352 nodes, “Principal Component
Analysis & Network Analysis” containing 219 nodes. The
latter is related to the former, but covered by the former in
the previous section. Table 8 reports 5 key nodes (papers)
from each sub-community. Most of them were published in
AoS.

For “Functional Data Analysis & Dimension Reduc-
tion” community, assuming K = 5, we obtain five sub-
communities: “Functional Data Analysis and Dimension
Reduction” containing 524 nodes, “Markov Chain Monte
Carlo” containing 419 nodes, “Dirichlet Process” containing
162 nodes, “Censored Data Analysis” containing 143 nodes,
“Semiparametric & Nonparametric Statistics” containing
431 nodes. Table 9 reports 5 key nodes (papers) from each
sub-community. It shows that “Dirichlet Process” mainly
published in JASA; “Censored Data Analysis” mainly pub-
lished in Biometrika, the other three sub-communities do
not show the trend.

For “False Discovery Rate” community, assuming K =
2, we obtain two sub-communities: “False Discovery Rate”
containing 258 nodes, “Testing” containing 251 nodes. Table
10 reports 5 key nodes (papers) from each sub-community.
Among all the sub-communities, the paper citation counts
of “Testing” is the least, while its number of nodes is not
the least.

3.3 Comparison of community detection
methods

In this part, we compare the community detection results
of different methods, including SCORE by [31], Clauset-
Newman-Moore greedy modularity maximization algorithm

by [9], and the Fluid Communities (FluidC) algorithm by
[55].

SCORE is a spectral clustering method based on ratios-
of-eigenvectors. Firstly, obtain the K leading eigenvalues of
the adjacency matrix. Secondly, calculate the entry-wise ra-
tios between the first leading eigenvector and each of the
other leading eigenvectors for clustering, which can remove
the effect of degree heterogeneity effectively. [31]. Greedy
modularity maximization algorithm initializes each node as
a community. Then combine the pair of communities that
most increases modularity into one community. Repeat this
process until no such pair of communities exists [9]. FluidC
initializes K communities, each of them initialized in dif-
ferent and random nodes. Then, the algorithm iterates over
all nodes, updating the community of each node based on
its own community and the communities of its neighbors.
Repeat this process until no node changes the community it
belongs to [55].

Considering the directed citation network as undirected
network, we get the results of community detection by using
the above three methods. Table 11 shows the top 3 keywords
and the frequency of each community. We find three prob-
lems to the results of these methods. Firstly, there are many
overlapping research topics among communities. For exam-
ple, the second, third and fourth communities detected by
SCORE all involve “model selection” and “Markov Chain
Monte Carlo”. Secondly, the differences among research top-
ics within the same community are relatively large. For ex-
ample, in the results of the SCORE and greedy modular-
ity maximization algorithm, “model selection” and “Markov
Chain Monte Carlo” are divided into the same community in
most cases. Thirdly, the research topics found by these meth-
ods are not as comprehensive as those found by D-SCORE.
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Table 9. Five sub-communities from “Functional Data Analysis & Dimension Reduction” community

Community Title Journal Year In-degree

Functional Data Analysis
& Dimension Reduction

Functional data analysis for sparse longitudinal data JASA 2005 68
An adaptive estimation of dimension reduction space JRSS-B 2002 55
Dimension reduction for conditional mean in regression AoS 2002 47

Properties of principal component methods for
functional and longitudinal data analysis

AoS 2006 42

Generalized likelihood ratio statistics and
Wilks phenomenon

JRSS-B 2001 42

Markov Chain Monte Carlo

Bayesian measures of model complexity and fit JRSS-B 2002 53
Approximate Bayesian inference for latent Gaussian models

by using integrated nested Laplace approximations
JRSS-B 2009 22

Particle Markov chain Monte Carlo methods JRSS-B 2010 14
Marginal likelihood from the Metropolis-Hastings output JASA 2001 13

Inconsistent estimation and asymptotically equal
interpolations in model-based geostatistics

JASA 2004 13

Dirichlet Process

Gibbs sampling methods for stick-breaking priors JASA 2001 50
Order-based dependent Dirichlet processes JASA 2006 21

An ANOVA model for dependent random measures JASA 2004 20
A distributional approach for causal inference

using propensity scores
JASA 2006 19

Kernel stick-breaking processes Biometrika 2008 15

Censored Data Analysis

Maximum likelihood estimation in semiparametric
regression models with censored data

JRSS-B 2007 21

Semiparametric analysis of transformation
models with censored data

Biometrika 2002 18

Efficient estimation of semiparametric transformation
models for counting processes

Biometrika 2006 10

A crossvalidation method for estimating
conditional densities

Biometrika 2004 10

On semiparametric transformation cure models Biometrika 2004 9

Semiparametric
&Nonparametric

Statistics

Semiparametric and nonparametric regression analysis
of longitudinal data

JASA 2001 27

Marginal nonparametric kernel regression accounting
for within-subject correlation

Biometrika 2003 23

Efficient semiparametric marginal estimation for
longitudinal/clustered data

JASA 2005 23

Varying-coefficient models and basis function approxi-
mations for the analysis of repeated measurements

Biometrika 2002 21

Semiparametric regression for clustered data
using generalized estimating equations

JASA 2001 21

In addition to the topics such as “sparsity”, “nonparamet-
ric regression” and “Markov Chain Monte Carlo” found by
these three methods, D-SCORE also finds “principal com-
ponent analysis”, “functional data analysis”, “multiple test-
ing” and others. Overall, these three methods are not as
suitable as D-SCORE in community detection for citation
network.

4. THE DYNAMIC NATURE OF THE
COMMUNITIES

To explore the dynamic nature of the communities, we
divide the time into three periods: 2001 to 2006, 2001 to
2012, 2001 to 2018. For each period, we ignore all the edges
and nodes outside the period. D-SCORE is applied to de-

tect communities in the three periods respectively. Figure
7 shows their scree plots, suggesting that there are 2 and
3 communities in the first two networks, respectively. Table
12 lists the top 5 high in-degree papers in each community
of the first two networks. From 2001 to 2006, there are two
communities in the citation network. The first community
in the period of 2001 to 2006 is a complex community, which
mainly involves papers about variable selection, dimension
reduction and nonparametric regression. The second com-
munity mainly involves papers in the field of false discovery
rate. From 2001 to 2012, there are three communities de-
tected by D-SCORE, namely “Variable Selection” commu-
nity, “False Discovery Rate” community and “Dimension
Reduction” community.
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Table 10. Two sub-communities from “False Discovery Rate” community

Community Title Journal Year In-degree

False Discovery Rate

A direct approach to false discovery rates JRSS-B 2002 74
Empirical Bayes analysis of a microarray

experiment
JASA 2001 70

Strong control, conservative point estimation
and simultaneous conservative consistency
of false discovery rates: a unified approach

JRSS-B 2004 53

A stochastic process approach to false
discovery control

AoS 2004 46

Operating characteristics and extensions of
the false discovery rate procedure

JRSS-B 2002 42

Testing

Generalizations of the familywise
error rate

AoS 2005 13

Design sensitivity in observational studies Biometrika 2004 12
Optimality, variability, power: Evaluating

response-adaptive randomization procedures
for treatment comparisons

JASA 2003 10

Estimation of a convex function: Characterizations
and asymptotic theory

AoS 2001 10

Exact and approximate stepdown methods
for multiple hypothesis testing

JASA 2005 9

Table 11. Top 3 keywords of each community by three different methods

Comunity SCORE Modularity FluidC

1
Sparsity(26) Sparsity(54) Sparsity(58)

Variable selection(25) Lasso(40) Model selection(54)
Nonparametric regression(22) Model selection(35) Lasso(45)

2
Model selection(26) Bootstrap(37) Bootstrap(39)

Bootstrap(25) Markov Chain Monte Carlo(26) Markov Chain Monte Carlo(36)
Markov Chain Monte Carlo(24) Asymptotic normality(25) Nonparametric regression(35)

3
Nonparametric regression(82) Nonparametric regression(33) Markov Chain Monte Carlo(37)
Markov Chain Monte Carlo(80) Variable selection(32) Nonparametric regression(28)

Model selection(79) Markov Chain Monte Carlo(31) Bootstrap(22)

4
Markov Chain Monte Carlo(25) Markov Chain Monte Carlo(33) Variable selection(44)

Model selection(21) Model selection(27) Sparsity(43)
Consistency(19) Nonparametric regression(26) Consistency(37)

Figure 8 shows the community evolution from 2001 to
2008. For “False Discovery Rate” community, the size of this
community rose slowly from 2001 to 2018, and the number of
nodes (i.e. papers) increased from 225 to 703 in the period of
18 years. The in-degree of paper “A direct approach to false
discovery rate” increases from 21 to 64 in the second period.
However it only rises 26 in the third period. The slowdown
trend in growth also appears in many other papers in this
community, meaning that the popularity of this community
is gradually slowing down.

We find that the paper “The control of the false discov-
ery rate in multiple testing under dependency” is divided
into “False Discovery Rate” community in the network from
2001-2012, and has the largest value of in-degree. However,
in the network from 2001 to 2018, the paper is divided into
“Variable Selection” community. This result may be due to
the high closeness centrality of the paper (as shown in Ta-

ble 4). It means that the paper is much closer to other pa-
pers in the network. In other words, the method proposed
in this paper can be applied in many other statistical fields
more directly, especially in the field of variable selection. As
the rapid development of variable selection in recent years,
more and more papers cites the paper, so it is possible to
be divided into “Variable Selection” community.

Nowadays, variable selection is a very “hot” area and de-
velops rapidly. The number of nodes (i.e., papers) increased
from 748 to 2,074 in the period of 18 years. Paper “Vari-
able selection via nonconcave penalized likelihood and its
oracle properties” is one of the critical papers in the area
of variable selection, and its in-degree increases from 11 to
335. As Figure 8 shows, lasso gradually becomes a research
hotspot and more and more popular in the area of variable
selection from 2006. The paper “The adaptive lasso and its
oracle properties” published in 2006 is a crucial work of the
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Table 12. The result of community detection by D-SCORE for two periods

Period Community Title Journal Year In-degree

2001-2006

Variable Selection
& Dimension reduction

& Nonparametric regression

Variable selection via nonconcave penalized
likelihood and its oracle properties

JASA 2001 17

Bayesian measures of model complexity
and fit

JRSS-B 2002 17

Least angle regression AoS 2004 14
Gibbs sampling methods for stick-breaking

priors
JASA 2001 14

Dimension reduction for conditional
mean in regression

AoS 2002 13

Semiparametric and nonparametric regression
analysis of longitudinal data

JASA 2001 13

Non-Gaussian Ornstein-Uhlenbeck-based models
and some of their uses in financial economics

JRSS-B 2001 13

False Discovery Rate

The control of the false discovery rate in
multiple testing under dependency

AoS 2001 26

Empirical Bayes analysis of a microarray
experiment

JASA 2001 26

A direct approach to false discovery rates JRSS-B 2002 21
Strong control, conservative point estimation and
simultaneous conservative consistency of false

discovery rates: a unified approach
JRSS-B 2004 16

Operating characteristics and extensions of the
false discovery rate procedure

JRSS-B 2002 15

2001-2012

Variable Selection

Variable selection via nonconcave penalized
likelihood and its oracle properties

JASA 2001 152

Least angle regression AoS 2004 108
The adaptive lasso and its oracle properties JASA 2006 102

High-dimensional graphs and variable
selection with the Lasso

AoS 2006 88

The Dantzig selector: Statistical estimation
when p is much larger than n

AoS 2007 67

False Discovery Rate

The control of the false discovery rate in
multiple testing under dependency

AoS 2001 70

Empirical Bayes analysis of a microarray
experiment

JASA 2001 65

A direct approach to false discovery rate JRSS-B 2002 64
A stochastic process approach to false

discovery control
AoS 2004 45

Strong control, conservative point estimation
and simultaneous conservative consistency
of false discovery rates: a unified approach

JRSS-B 2004 44

Dimension reduction

An adaptive estimation of dimension
reduction space

JRSS-B 2002 39

Dimension reduction for conditional
mean in regression

AoS 2002 34

Dimension reduction for the conditional
kth moment in regression

JRSS-B 2002 24

Sufficient dimension reduction via inverse
regression: A minimum discrepancy approach

JASA 2005 23

Contour regression: A general approach
to dimension reduction

AoS 2005 21
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Figure 7. Scree Plots of two period of networks.

Figure 8. Community evolution from 2001 to 2008.

lasso. Its in-degree has increased to 208 in the period of
12 years. Besides, Markov Chain Monte Carlo, dimension
reduction and functional data analysis are also current re-
search hotspots.

5. CONCLUSION

In this study, we collect papers from 2001 to 2018 pub-
lished in the top 4 statistical journals and analyze the ci-
tation network for these papers. To explore the characteris-
tics of the network, we investigate the development of pro-
ductivity, in-degree distribution and centrality. The results
suggest that authors are becoming more and more collab-
orative. Highly cited papers that lead the statistical devel-

opment are relatively rare. Papers published in AoS tend
to have high betweenness centrality and closeness centrality.
Then, we apply the D-SCORE method to community detec-
tion of the citation network and detect 4 communities and
11 sub-communities. 11 sub-communities include but are
not limited to “High-dimensional Model”, “Variable Selec-
tion”, “Covariance Matrix Analysis”, “Markov Chain Monte
Carlo”, “Dirichlet Process” and “False Discovery Rate”. We
also compare the community detection results of different
methods, including SCORE, FluidC, greedy modularity al-
gorithm. The result suggests that these three methods are
not as suitable as D-SCORE for the citation network. Fi-
nally, we focus on the dynamic nature of the communities.
We find that the lasso becomes a research hotspot and more
and more popular in “Variable selection” community nowa-
days and “False Discovery Rate” community is on the rise.

Several directions for future research are possible. First,
constrained by computer resources, the data we collect is
limited to the papers published in the top 4 statistical jour-
nals: AoS, Biometrika, JASA, and JRSS-B from 2001 to
2018. We recognize that many papers are not only pub-
lished in these top 4 statistical journals, but also published
in other journals such as Nature, Science, Statistical Sci-
ence, and Physical Review. Besides, papers published in the
top 4 statistical journals cite papers from other journals in
addition to papers from the top 4 statistical journals. For
these reasons, some of the results presented in this paper
should be interpreted with caution. Second, the importance
of a paper is measured by in-degree, betweenness centrality
and closeness centrality in this paper. However, the rankings
produced by these indicators are biased by age. It is of inter-
est to explore better indicators to measure the importance
of papers. Third, although the D-SCORE method removes
the effect of degree heterogeneity, several other characteris-
tics should be considered in natural network research. One
is mixed-memberships [35]. Some papers focus not only on a
single topic, but on multiple topics, so it is more reasonable
to assign these paper into different communities. The other
is sparsity. The sparsity levels may range significantly from
one network to another, and may also range significantly
from one node to another [35]. We are going to do further
research on those features in our future work.

Another problem of great interest is global testing, which
tests whether the network has only one community or there
are more than one community. Recently, the global test-
ing problem becomes more and more popular and many
approaches have been proposed. [24] developed the Erdős-
Zuckerberg (EZ) test for the global community structure.
[34] proposed a class of test statistics called the graphlet
counting (GC), which includes the EZ test as a special
case. However, both tests are not optimally adaptive. To
solve that problem, [35] proposed a class of new tests called
Signed Polygon, including the Signed Triangle (SgnT) and
the Signed Quadrilateral (SgnQ), which outperform EZ and
GC, especially in the less sparse case. Global testing can
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be combined with methods in community detection to esti-
mate the number of communities. Therefore, being able to
conduct global testing can offer fruitful insights about the
network structure. It will be a topic to consider in our future
research.

Received 25 February 2020
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