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Abstract. Modeling and naming general entity-entity relationships is
challenging in construction of social networks. Given a seed denoting
a person name, we utilize Google search engine, NER (Named Entity
Recognizer) parser, and CODC (Co-Occurrence Double Check) formula
to construct an evolving social network. For each entity pair in the network, we try to label their categories and relationships. Firstly, we utilize
an open directory project (ODP) resource, which is the largest humanedited directory of the web, to build a directed graph, and then use three
ranking algorithms, PageRank, HITS, and a Markov chain random process to extract potential categories deﬁned in the ODP. These categories
capture the major contexts of the designated named entities. Finally, we
combine the ranks of these categories and tf*idf scores of noun phrases
to extract relationships. In our experiments, total 6 evolving social networks with 618 pairs of named entities demonstrate that the Markov
chain random process is better than the other two algorithms.
Keywords: Category Labeling, Relationships Labeling, and Evolving
Social Network.

1

Introduction

Constructing social networks is important for many applications such as trust
estimation, person name disambiguation, collaborative recommendation, prediction of dissemination behavior, etc. Aleman-Meza et al. [1] integrate DBLP bibliography (dblp.unitrier.de) and FOAF (Friend-of-a-Friend) documents which
provide ”knows” relationship of social network to detect conﬂict of interests.
Rather than explicit relationships, many more social relationships are implicitly
embedded in the cyberspace.
To tell if two given named entities have a relationship and further the relationship labeling is fundamental for social network construction. Two named entities
mentioned in a same document may have a relationship due to that they work
on a same group or same projects, have similar or opposing standpoints, etc. Of
course, they may co-occur by chance. Matsuo et al. [8] use Jaccard coeﬃcient
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to calculate the co-occurrence scores of two objects. This paper uses CODC
(Co-Occurrence Double Check) [3] to determine the strengths of relationships.
Given two arbitrary named entities, their possible relationships are many.
DBLP and FOAF are not enough to capture general relationships. Matsuo et
al. [10] consult RELATIONSHIP1 , a vocabulary for describing relationships between people, and use decision tree to assign 4 types, including co-author, co-lab,
co-project and co-conference, to members of two conferences. Mori et al. [11] analyze and cluster the snippets returned by a search engine to extract local contexts
for representation relationships. The Open Directory Project (ODP) deﬁnes the
most comprehensive ontology of the web including over 590,000 categories from
4,830,584 sites by 75,151 editors, and has bounteous taxonomy paths from which
inferences of relationship can be obtained. Maguitman et al. [9] and Ferragina
and Gulli [4] utilize those taxonomy nodes and paths to detect semantic relationships and cluster snippets. In this paper, we adopt Mori’s postulation and ODP
resource to extract potential categories by three ranking algorithms, PageRank
[12], HITS [6], and a Markov chain random process [5]. After that, we combine
the ranks of categories and tf*idf scores of noun phrases selected from snippets
to identify their relationships.
This paper is organized as follows. Section 2 introduces how to construct an
evolving social network from a search engine by given a seed. Section 3 describes
how to build a directed graph by the ODP resource. Section 4 speciﬁes three
algorithms to extract potential categories, in particular, Markov chain random
process. Section 5 shows and discusses the experimental results. Section 6 concludes the remarks.

2

Evolving Social Network

Given a seed, a person name, we introduce an algorithm to build a social network
in this section. The algorithm produces relational named entities incrementally
and it is an iterative procedure [7]. Our process will build a social network which
is in terms of a tree structure. In the beginning, the tree only has one node, i.e.,
the seed. The process chooses a node P without any children from the tree, and
submits it to a search engine. After parsing the top N returned snippets, the
process extracts highly co-occurring named entities with the node P. The named
entity of co-occurrence scores with P larger than a predeﬁned threshold, θ, is
added into the tree as a child of P. The process iterate the above procedure to
evolve the social network. Hence, we call it ”an evolving social network”.
2.1

Co-occurrence Scores

We adopt our previous work “Co-Occurrence Double Check (CODC) [3]”, a
formula of measuring semantic similarity between two words by web pages, to
verify the co-occurrence relationship of two named entities X and Y . If X and
Y have a strong relationship, then we can ﬁnd Y from X (a forward process
denoted as (Y @X) and ﬁnd X from Y (a backward process denoted as X@Y ).
1
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The CODC(X, Y ) is deﬁned as follows:

CODC(X, Y ) =

0
e

@X)
) α
log( f (Y
× f (X@Y
)
f (X)
f (Y )

if f (Y @X) = 0 or f (X@Y ) = 0
otherwise

(1)
where f (Y @X) is total occurrences of Y in the top N snippets when query X
is submitted to a search engine; similarly, f (X@Y ) is total occurrences of X in
the top N snippets for query Y ; f (X) is total occurrences of X in the top N
snippets of query X, and, similarly, f (Y ) is total occurrences of Y in the top N
snippets of query Y .
To control the size of an evolving social network, we set some conditions. Each
social network derives at most three levels. At level 0, i.e., root, it derives no
more than N ∗ children. The maximal number of children of a node at level (i+1)
is bounded by the number at the level i multiplying by a decreasing rate, r.
2.2

An Example of Evolving Social Network

We utilize the Google search engine (http://www.google.com) and set θ=0.01,
N ∗ =20 and r=0.5 to construct and control our evolving social network. The
process in each query crawls 200 snippets by the search engine, then we employ
the “Stanford Named Entity Recognizer”2 (NER parser) to parse the snippets
and extract person name only.
Consider an example “Roger Federer” (a famous tennis player) to build his
evolving social network. In beginning, the root node “Roger Federer” is regarded
as a query term submitted to the search engine. Then, the NER parser and
CODC checker extract 17 named entities from those returned snippets. Those
named entities are shown in Figure 1(a). In the next iteration, we choose a node
without any children, “Rafael Nadal”, as a new query term by FIFO (First-In
First-Out) criterion. The process repeats the above procedure to extract named
entities. The result is shown in Figure 1(b). The ﬁnal evolving social network is
shown in Figure 1(c).
Some errors will appear in this network. (1) The node is not a named entity
(NE). It is an NE recognizer error. (2) The node is an organization name. We only
allow person names in the social network. Here we also regard it as an NE error.
(3) The node has person name ambiguity problem. For example, ”Lawrence”
maybe is a researcher, an actor or a hockey player. This proposed approach does
not deal with this problem. In the above example, we got 103 pairs. Among them,
90 pairs are related to tennis, 6 pairs are related to biographies, 1 pair is related
to a soccer player and 1 pair is about entertainments. The remaining 5 pairs are
NE errors. For each pair, their potential categories and possible relationships are
many. In next two sections, we will utilize the ODP resource and three ranking
algorithms to extract potential categories deﬁned in the ODP and their possible
relationships.
2
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(a)

(b)

(c)

Fig. 1. The Process of Building Roger Federer’s Evolving Social Network

3

Extracting Potential Categories and Relationships

It is a challenging to detect what the relationships are between named entities. Some existing methods employ the user proﬁle, wikipedia or some websites
which provide the friend of a friend (FOAF) information and interpersonal relations. However, those resources may not available in an open domain. Here,
we adopt the postulation of Mori et al. [11]. That is, if an entity pair shares a
similar relationship, then their local contexts are similar. In this paper, our local
contexts include person names, organization names, location names, and some
other noun phrases. These local contexts are called cue patterns hereafter. We
further postulate that if the cue patterns identify the most representative categories, then they provide important information for relationship ﬁnding. Hence,
labeling problem becomes how to determine potential categories by cue patterns.
Our method is to build a directed graph from those cue patterns, and then to
extract potential categories from the directed graph.
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Fig. 2. A Directed Graph is Built by the ODP Resource

3.1

Building a Directed Graph by Cue Patterns

Given a named entity pair, identifying potential categories process ﬁrstly submit
them to a search engine, and extract cue patterns from those returned snippets
by an N ER parse and a N P chunker. Maguitman et al. [9], and Ferragina and
Gulli [4] utilize the ODP resource to detect semantic relationships and cluster
snippets. Based on their ideas, we submits each cue pattern to an ODP search
engine, and crawl top N taxonomy paths returned by the ODP search engine.
For example, those taxonomy paths like “Sports > Tennis > Tournaments >
Grand Slams (GS)”, “Arts > Movies > Titles > Wimbledon”, and so on, are
retrieved for “Wimbledon”. Next, the taxonomy nodes and edges in the paths
are collected. In the above example, the set of the nodes is {Sports, Tennis,
Tournaments, GS, Arts, Movies, Titles, Wimbledon} and the set of the edges is
{(Sports, Tennis), (Tennis, Tournaments), (Tournaments, GS), (Arts, Movies),
(Movies, Titles), (Titles, Wimbledon)}. Finally, a directed graph G = {V, E} is
built, where V is the set of the taxonomy nodes and E is the set of the edges
between two nodes. Each edge, u → v, has a weight in terms of its frequency.
Consider a named entity pair, “Roger Federer” and “Rafael Nadal”. We treat
“Roger Federer” and “Rafael Nadal” as a query term to Google search engine.
After parsing the returned snippets, the process extracts a lot of cue patterns.
Submitting those patterns to Google directory search engine3 , an ODP search
engine, the process can extract a set of taxonomy nodes, V , and a set of edges,
E. If a node includes un-ASCII codes like, ä, ë, ÿ, and so on, we will ﬁlter it
out and label it as “xx”. This process could be termed text normalization. A
directed graph G = {V, E} is built. Figure 2 shows the directed graph. We can
3
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ﬁnd that “Tennis”, “Male”, “Ballsport”, and “Players” have many in-degrees
and our-degrees. In the graph, many nodes have zero in-degrees or out-degrees,
or low frequencies. Most sub-graphs are small. The graph is similar to web page
connection graphs. All ranking algorithms of web pages can be use to extract
critical nodes, i.e., potential categories. In this approach, we adopt three ranking
algorithms, PageRank (a surfer on a node with probability 0 to random jump to
other nodes), HITS and a Markov chain random process, to extract those critical
nodes from the directed graph. Section 4 speciﬁes how the 3rd method works.
3.2

Relationships Labeling

After identifying some critical nodes by a ranking algorithm, we will select the
most representative snippets and extract potential relationships according to
those critical nodes. A function F with two parameters, a cue pattern and a
critical node, is deﬁned. If the cue pattern can identify the critical node, then
F returns 1, else 0. Suppose that M critical nodes are extracted by the ranking
algorithm, and a snippet has S cue patterns. Formula 2 computes a score for
each snippet.
S 
M

(tf idf (Pi ) × F (Pi , Cj ))
(2)
Snpscore =
i=1 j=1

where tf idf (Pi ) is tf × idf score of the cue pattern Pi and critical node Cj is
extracted by the ranking algorithm. The tf is a pattern frequency and the idf
is an invert document (snippet) frequency in those returned snippets.

4

Extracting Critical Nodes from a Directed Graph

A Markov chain random process is a probability based framework. At ﬁrst, we
transform a graph G = {V, E} into an adjacency matrix M . Let V denote the
set of nodes of matrix M . The value of an element mij is the weight of edge
eij . Formula 3 transforms the matrix M into a stochastic matrix P with state
|V |
space V . For each state i, j=1 pij equals to 1. If the probability of element mii
equals to 1, the state i is an absorbing state. An absorbing state is a stop point
in which out-degree is zero.
⎧
|V |
|V |
⎪
m / k=1 mij if k=1 mij = 0
⎪
⎨ ij
pij =
(3)
⎪
1 if i = j
⎪
⎩
otherwise
0 if i = j
In the Markov chain random process, P n is an n-step stochastic matrix. pnij is
the probability of which the state i will pass to the state j in n steps. A state i
could be a transient state, i.e., pnii = 0, or an absorbing state, i.e., pnii = 1, when
n limits to inﬁnite. Analyzing the limiting behavior of a stochastic matrix, each
state can get a stationary distribution. The stationary distribution is similar to
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the PageRank for an indicator of a page weight [5]. For each transient state,
the stationary distribution is an expected number in which the state was visited
from other transient states and then end to an absorbing state. An important
state will be visited many times by other states. If a stochastic matrix P is a
nonnegative and irreducible matrix, then we can apply Jordan form decomposition to get the unique distribution for each i when n limits to inﬁnite [2]. In
general, our stochastic matrix is not an irreducible matrix. We need another
method to calculate the stationary distribution.
Here, we partition those absorbing states and transient states into a set of
mutually disjoint classes and check that each transient state will be absorbed on
which absorbing states. We deﬁne a structure, S =< R, T >, where R is a set
of absorbing states and T is a set of transient states which will be absorbed on
R. The structure is an element for the partition. Suppose that the Markov chain
random process has k absorbing states. For each absorbing state, x, we have a
pair, Sx =< Rx = {x}, Tx = {nodes: x s ancestry in the directed graph G}>. If
state x is an isolate node, then Tx is assigned to be an empty set. Let the initial
partition be {S1 , S2 , ..., Sx , ..., Sk }. The process which get mutually disjoint
classes consists of two steps shown as follows:
Step1: For any two records, Sx and Sy , in the partition, if intersection of Tx
and Ty is not empty, then we set a new record S =< R = merge(Rx , Ry )
and T = merge(Tx , Ty ) > to replace Sx and Sy in the partition.
Step2: We repeat the intersection and merge operations until no records in the
partition can be merged.
Finally, the partition set is {. . . , Sz ,. . . }, where Sz is < Rz , Tz >. Now, we
rearrange the stochastic matrix P into the following form:
⎞
⎛
P1
⎟
⎜
..
⎟
⎜
.
⎟
⎜
⎟
⎜
Pz
0
⎟
⎜
⎟
⎜
..
⎟
⎜
.
⎟,
P =⎜
⎟
⎜
⎟
⎜ ..
.
.
..
⎟
⎜
⎟
⎜
⎟
⎜
Z
Q
⎟
⎜
⎠
⎝
..
.
.
..
where Z is a sub-matrix with indexing Tz × Rz , and Pz and Q are two submatrices with indexing Rz × Rz and Tz × Tz , respectively.
Let i and j be two transient states in Tz and Ei [Nj ] be the expected number of
state i visiting state j until the end comes to Rz . The Ei [Nj ] < ∞, because i and
j are transient states. The Piin → 0 implies Qn → 0 , when n limits to inﬁnite.
That is, all eigenvalues of Q have absolute values less than 1. Hence, (I − Q)
is invertible, because the diagonal elements are not zero. Formula 4 speciﬁes
Ei [Nj ]. The 1j (Xn ) is state i in time n visiting state j. The element matrix I
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supports initial state as the ﬁrst visit. Finally, the stationary distribution (SD)
of the state i can be calculated by operation of an inverse matrix as Formula 5.
∞
∞
Ei [Nj ] = Ei [ n=0 1j (Xn )] = n=0 Piin
= (I + P + . . . + Pn + · · · )
(4)
= (I + Q + . . . + Qn + · · · )
−1
= (I − Q)ij

SD(i) = PiRz =
(I − Q)−1
(5)
ij
j∈Tz

5

Experiments

We prepare six seeds for generating their evolving social networks. They are
two tennis players, “Rafael Nadal” and “Roger Federer”, two baseball players,
“Derek Jeter” and “Ichiro Suzuki”, and two pioneers, “Bill Gates” and “Sergey
Brin”. They are shown in Table 1. In the table, the number of social chains
for a seed denotes the number of pairs in their evolving social network. Totally,
we have 618 named entity pairs to try to extract their potential categories and
relationships. In extracting cue patterns, we employ the “Stanford Named Entity
Recognizer” parser and a YamCha4 chunker to extract them. When we submit
each named entity pair to the Google web search engine, we can get a set of
cue patterns for each pair. Each pattern in the cue pattern set will be submit
to the Google directory search engine to crawl taxonomy nodes. We pick and
choose top 10 nodes with high frequencies as our baseline model, and pick and
choose top 120 nodes to ask 6 assessors to try to select about 5 critical nodes
as answer keys. If NE error appears in the pair, assessors are asked to label it
with ’NE-Error’. Besides, assessors are asked to label ’Non-Category’ when no
categories are applicable to the pair. Table 1 shows the numbers of NE-Errors,
Non-Categories, and the numbers of categories by assessors for each evolving
social network.
We adopt the reciprocal rank of the top relevant taxonomy nodes (abbreviated
as recip rank) to evaluate the performance. There are four possible types of cue
patterns, including noun phrase (NP), organization name (Org), location name
(Loc), and person name (PN). We explore diﬀerent combinations to determine
which types are more important for extracting potential categories. A string
with four bits is used to represent the 15 possible combinations. The 1st , 2nd ,
3rd , and 4th bit from left to right of the string represent NP, Org, Loc, and PN,
respectively. For example, a bit string ”1111” (mixer type 15) denotes all the
four types are used. Table 2 shows the results of the baseline model with various
combinations. In the cases of the players, the most helpful type is PN, i.e., 0001.
In pioneer cases, the most helpful type is Org, i.e., 0100. In summary, the order
of helpful types is PN > Org > NP > Loc.
4
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Table 1. Statistics of 6 Evolving Social Networks
# of
# of
# of
# of Categories
Seed
Social Chains NE-Errors non-Categories by Assessors
Roger Federer∗
103
5
0
551 (5.62)
Rafael Nadal∗
107
11
0
540 (5.63)
Derek Jeterx×
107
3
1
485 (4.70)
Ichiro Suzukix×
102
1
2
487 (4.92)
Bill Gates+
100
11
7
383 (4.67)
Sergey Brin+
99
20
7
295 (4.01)

Table 2. Recip Scores of the Baseline Model

N(Mixer)
1 (0001)
2 (0010)
3 (0011)
4 (0100)
5 (0101)
6 (0110)
7 (0111)
8 (1000)
9 (1001)
10 (1010)
11 (1011)
12 (1100)
13 (1101)
14 (1110)
15 (1111)

5.1

Roger
Federer∗
0.7882
0.1772
0.7506
0.6993
0.7704
0.4955
0.7739
0.5718
0.7597
0.467
0.7508
0.7145
0.7597
0.5831
0.766

Rafael
Nadal∗
0.7751
0.2231
0.7541
0.7051
0.7714
0.4742
0.7625
0.505
0.7736
0.4342
0.7637
0.6999
0.7637
0.5677
0.762

Derek
Jeterx×
0.4069
0.2503
0.3949
0.3883
0.4146
0.3846
0.4126
0.2728
0.4123
0.3003
0.4087
0.3802
0.4225
0.3883
0.4161

Ichiro
Suzukix×
0.4096
0.2254
0.4051
0.3655
0.4209
0.3167
0.3972
0.3013
0.4118
0.2777
0.396
0.3868
0.4277
0.3577
0.4145

Bill
Gates+
0.2108
0.1666
0.2314
0.2299
0.2257
0.2014
0.233
0.2029
0.2179
0.2026
0.2187
0.2232
0.2333
0.2111
0.2302

Sergey
Brin+
0.2005
0.148
0.2092
0.246
0.223
0.2446
0.2273
0.2221
0.218
0.2382
0.2433
0.2469
0.2242
0.2543
0.2374

Extracting Potential Categories

Diﬀerent cue patterns crawl diﬀerent taxonomy nodes, and diﬀerent nodes can
build diﬀerent directed graphs. In a directed graph, each edge, u → v, has a
weight, which is a frequency of (u, v). Now, we analyze what weighting scheme
in which combination can get a best score. If a link is weak, i.e., the weight of
an edge is less than a predeﬁned threshold, it will be removed from the directed
graph. The three ranking algorithms, PageRank, HITS and the Markov chain
random process (SD), are employed to extract 10 critical nodes from the directed
graph.Figure 3 shows the recip rank scores of three evolving social networks with
diﬀerent thresholds. The numbers above the x-axis denote the combinations.
Figures 3(a) and 3(c) show that the cue patterns, PN and Org, are most helpful,
i.e., 5 (0101). We also ﬁnd that the curve of the SD is similar to the PageRank.
If a node does not have any in-degrees, the ranking score of its HITS is null. But
those nodes are important. When we increase the thresholds, the curve of the
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(a)

(b)

(c)
Fig. 3. Recip Ranks of HIT, PageRank, and Markov Chain Random Process on (a)
Rafael Nadal, (b) Derek Jeter and (c) Bill Gates
Table 3. SD Compare with Baseline Model, HITS, and PageRank

Recip scores
Baseline
HITS
PageRank
SD

Roger
Federer∗
0.7882
0.8107
0.7809
0.8110

Rafael
Nadal∗
0.7751
0.8002
0.7792
0.7826

Derek
Jeter×
0.4225
0.4953
0.4248
0.5501

Ichiro
Suzuki×
0.4277
0.4967
0.4673
0.5621

Bill
Gates+
0.2333
0.3025
0.2989
0.3361

Sergey
Brin+
0.2543
0.2521
0.2445
0.2519

HITS will decrease more quickly than the PageRank and SD. It means that the
PageRank and the SD are more robust than the HITS.
Most of cue patterns are NPs. Figure 3(b) shows the helpful type is NPs, i.e.,
8 (1000). They can determine the correct critical nodes. Thus, when we increase
the threshold, the reciprocal rank score decreases very slowly. Many absorbing
nodes, i.e., those stop nodes without out-degree, are not important. The SD is
diﬀerent from the PageRank in that the SD ﬁlters out absorbing nodes (refer to
Formula 4). Table 3 summarizes the experimental results. The SD is better than
the PageRank in all cases, and outperform the HITS as well as baseline model
in all cases except Nadal and Brin, respectively.
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Labeling Relationships

Table 4 shows some results by using the Markov chain random process. The
extracted categories are listed in the last column. The relationships are extracted
by Formula 2 and are listed in the 4th column. In the 1st case, the named
entity pair is two hottest tennis players “Roger Federer vs. Rafael Nadal.” The
relationship “the hottest feud ” is quite good. In the 2nd case, Bill Gates and his
wife Melinda Gates, their relationships are “Gates Foundation”, “The enormous
endowment ”, “a charitable organization” and “Harvard University”. In the 3rd
case, Micro is not a named entity. It is marked as an NE-Error by assessors. Our
process cannot detect the NE error, and it still extracts their potential categories
and relationships. The “Cruzer” is a storage facility. In the last case, “Sergey
Brin vs. Larry Page”, they all are the Google CEO. Using “search engine” or
“young men” to describe them is reasonable. In summary, the cue patterns
determine the correct categories, and provide important information for correct
relationships ﬁnding.
Table 4. Four Examples for Potential Categories and Relationships Labeling
Seed

1 Roger Federer

2

Bill Gates

3

Bill Gates

4

6

Sergy Brin

Name Pair

Extracted Relationship

Roger Federer 1. a worthy successor
vs.
2. the tennis court.
Rafael Nadal 3. the hottest feud
1. Gates Foundation
Bill Gates 2. The enormous endowment
vs.
3. archival articles
Melinda Gates 4. a charitable organization,
5. Harvard University
1. prices, read reviews
Micro
2. Compare products,
vs.
3. comparison shop
Cruzer
4. the best place
5. store ratings
1. search engine,
Sergey Brin 2. young men,
vs.
3. Steve Jobs,
Larry Page 4. Fujio Cho,
5. the ﬁrst time

Potential Categories
Tennis
Male
Ballsport
Players
Sport
Regional
Massachusetts
Pioneers

Hardware
Business and Economy

Reference
Catholicism
Denominations
Ranking
File Sharing

Concluding Remarks

This paper introduces an evolving social network construction method. It not
only sets up a network of named entities incrementally, but also labels the relationships between named entities. Two traditional link analysis algorithms, i.e.,
PageRank and HITS, and a probability-based framework, Markov chain random
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process, are employed to extract the potential categories. Markov chain random
process performs the best using the reciprocal rank metric. Name disambiguation can reduce the errors in an evolving social network. In current experiments,
we only consider the co-occurrence score of the parent-child pairs. Merging all
the siblings will be investigated. In addition, we will study learning methods to
decide important snippets and extract critical noun phrases.
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