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PAPER

Mining and Explaining Relationships in Wikipedia

Xinpeng ZHANG†∗a), Nonmember, Yasuhito ASANO†, and Masatoshi YOSHIKAWA†, Members

SUMMARY Mining and explaining relationships between concepts are
challenging tasks in the field of knowledge search. We propose a new ap-
proach for the tasks using disjoint paths formed by links in Wikipedia. Dis-
joint paths are easy to understand and do not contain redundant informa-
tion. To achieve this approach, we propose a naive method, as well as a
generalized flow based method, and a technique for mining more disjoint
paths using the generalized flow based method. We also apply the approach
to classification of relationships. Our experiments reveal that the general-
ized flow based method can mine many disjoint paths important for un-
derstanding a relationship, and the classification is effective for explaining
relationships.
key words: link analysis, generalized max-flow, Wikipedia mining, rela-
tionship

1. Introduction

Wikipedia is widely used for searching knowledge of con-
cepts, such as humans, places or events. In Wikipedia, the
knowledge of a concept is gathered in a single page updated
constantly by a number of volunteers. Wikipedia covers
concepts in numerous categories, such as people, science,
geography, politics, and history. Therefore, Wikipedia is
usually a better choice than typical keyword search engines
for searching knowledge of a single concept.

A user might desire to search not only knowledge about
a single concept, but also knowledge about a relationship be-
tween two concepts. For example, a user may desire to know
the relationship between petroleum and a certain country,
or to know a relationship between two politicians. Typical
keyword search engines offer an easy way for searching web
pages related to two concepts. For example, we could search
web pages related to “Japan” and “Russia” using a query
“Japan Russia.” 11 of the top-20 pages searched using the
query contain some information about the relationship be-
tween “Japan” and “Russia.” However, it is often difficult
for a user to find and organize the information about a re-
lationship from numerous search result web pages. This is
because some pages contain no knowledge about the rela-
tionship, such as a blog page where “japan” and “Russia”
appear independently in different diaries; some pages are
very long; and some pages contain many duplicate informa-
tion. In Sect. 5.2.1, we conduct experiments to confirm that
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most of the top-20 web pages searched by a keyword search
engine using a query “s t” are inadequate for understanding
the relationship between s and t.

The main issue for analyzing relationships arises from
the fact that two kinds of relationships exist: “explicit rela-
tionships” and “implicit relationships.” In Wikipedia, an ex-
plicit relationship is represented as a link. A user could un-
derstand an explicit relationship easily by reading text sur-
rounding the anchor text of the link. For example, an explicit
relationship between petroleum and plastic might be repre-
sented by a link from page “Plastic” to page “Petroleum.”
A user could understand its meaning by reading the text
“plastic is mainly produced from petroleum” surrounding
the anchor text “petroleum” on page “Plastic.” An implicit
relationship is represented by multiple links and pages in
Wikipedia. For example, the Gulf of Mexico is a major
oil producer in the USA. This fact could be an implicit
relationship represented by two links in Wikipedia: one
between “Petroleum” and “Gulf of Mexico” and the other
one between “Gulf of Mexico” and the “USA.” It is diffi-
cult for a user to discover or understand an implicit rela-
tionship without investigating a number of pages and links.
Keyword search engines are also unable to search such an
implicit relationship between s and t described in multiple
Wikipedia pages using a query “s t.” Therefore, it is an inter-
esting problem to mine and explain an implicit relationship
in Wikipedia.

Measuring the strength of an implicit relationship is
one approach for explaining the relationship. Several meth-
ods [1], [2] have been proposed for measuring relationships
on an information network (V, E), a directed graph where V
is a set of concepts; edges in E represents explicit relation-
ships between concepts. We can define a Wikipedia infor-
mation network whose vertices are pages of Wikipedia and
edges are links between pages. Zhang et al. [2] model a re-
lationship between two concepts in a Wikipedia information
network using a generalized max-flow. The model reflects
all three concepts important for measuring relationships:
distance, connectivity and co-citation. Zhang et al. [2] as-
certained a method using the model that can measure the
strength of an implicit relationship in Wikipedia more cor-
rectly than previous methods [1], [3], [4] can do. In addi-
tion to quantitatively measuring the strength of a relation-
ship, it is also very important to inquire about the quality of
information about relationship, as the following problems.
(P1) Can a relationship be displayed to users in a easy-to-
understand manner? (P2) Can we explain the basis of the
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Fig. 1 Explaining the relationship between Petroleum and the USA.

strength of a relationship? And, what constitute a relation-
ship? Such problems have not been well studied so far.
Therefore, in this paper, we propose solutions to solve the
problems.

Regarding problem (P1), we performed a user ques-
tionnaire which will be discussed in Sect. 2 and found that,
in order to explain a relationship between two concepts s
and t on an information network, it is more useful to dis-
play disjoint s-t paths than to present a subgraph containing
the two concepts. Disjoint s-t paths are paths connecting s
and t sharing no vertices except s and t with each other. For
example, four disjoint paths linking “Petroleum” to “USA”
depicted in Fig. 1, explain the implicit relationship between
petroleum and the USA. A user could understand the mean-
ing of a path easily by tracing the links in the path from s
to t. Tracing each link can be done by understanding the
meaning of an explicit relationship represented by the link.
For example, if users read the snippets shown in Fig. 1 from
left to right, then they can understand the top path contain-
ing “Gulf of Mexico”. They can understand why the Gulf of
Mexico is important to the relationship between petroleum
and the USA. An idea of displaying disjoint paths is that the
same or similar paths should not appear multiple times in the
paths shown for explaining a relationship. A similar idea is
widely accepted in the field of document retrieval: a search
result should not contain same or similar documents [5]–[7].
However, to the best of our knowledge, there has been no
study that mines disjoint paths for explaining a relationship
on an information network.

The paths displayed for explaining a relationship
should satisfy the following two requirements, (1) the paths
are useful for understanding the relationship, and (2) the
middle concepts in the paths play important roles in the
relationship. To mine paths meeting the two requirements
for a relationship in Wikipedia, we first propose a naive
method based on CFEC [1], which is a method for measur-
ing the strength of a relationship. The naive method adopts
the scheme for computing the weight of a path of CFEC,
although it cannot mine disjoint paths. We then propose
a method to mine disjoint paths important for a relation-
ship, based on the generalized max-flow model proposed by
Zhang et al. [2]. For a relationship between two concepts
s and t, we first compute a generalized max-flow emanating
from s to t. We then obtain paths along which a large amount
of flow is sent as paths important for understanding the re-
lationship. A generalized flow can be confluent at a vertex
except s and t. Therefore, the obtained paths might contain
some dependent paths. To force a generalized flow to be sent

along disjoint paths as much as possible, we propose a new
technique using vertex capacities, in this paper. We confirm
through experiments discussed in Sect. 5.2.3 that the new
technique is useful for mining more disjoint paths. The ex-
perimental results also reveal that the doubled network pro-
posed in [2] is effective in mining more disjoint paths for
the naive method. However, the naive method still cannot
reach the generalized flow based method for mining disjoint
paths.

Concerning problem (P2), we evaluate the mined paths
through experiments using human subject, as described in
Sect. 5.2. The participants in the experiments judged that the
generalized flow based method mines more paths important
for a relationship than the method based on CFEC does. We
also ascertained that many concepts in the paths mined by
the generalized flow based method play important roles in
constituting a relationship.

As an application of our approach, we propose a
method for classifying relationships between a common
source concept and different destination concepts, e.g. re-
lationships between petroleum and countries, by analyz-
ing mined paths for the relationships. For this example,
the method classifies the countries into two groups which
could correspond to “petroleum exporting countries” and
“petroleum consuming countries.”

The rest of this paper is organized as follows. Section 3
reviews related work. Section 4 presents the methods for
mining paths important for a relationship in Wikipedia, and
the method for classifying relationships. Section 5 reports
the experimental results. Section 6 concludes the paper.

A preliminary version of the paper was presented in
[8].

2. Mining Disjoint Paths for Explaining Relationships

Users prefer not to read similar documents repeatedly, and
they might desire to obtain various kinds of knowledge
by reading small number of documents. Therefore, re-
cent document information retrieval methods [5]–[7] adopt
an idea that redundant information should be minimized in
the top-ranked documents by removing documents similar
to a higher ranked documents. For example, given a query
“foreign relationships of the USA,” a set of the top-ranked
documents should cover relationships between the USA and
various countries, the set should not contain a number of
similar documents explaining the relationship between the
USA and a certain country.

Applying the idea to the problem of mining paths im-
portant for a relationship on an information network, we
should avoid outputting redundant concepts in the mined
paths. Disjoint paths connecting two concept s and t are
paths sharing no vertices except s and t with each other. If
we could mine disjoint paths connecting s and t, we then
could prevent a concept except s and t from appearing mul-
tiple times in the mined paths.

Figure 2 (A) and (B) depict graphs constituted by three
dependent paths and three disjoint paths, respectively. Both
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graphs explain the relationship about the territorial problem
between Japan and Russia. All the three dependent paths
depicted in Fig. 2 (A) contain the same concept “Northern
Territories dispute” which represents the sovereignty dis-
pute between Japan and Russia on the South Kuril Islands,
including Shikotan, Kunashiri and Habomai rocks. On the
other hand, the three disjoint paths depicted in Fig. 2 (B)
contains no redundant concept. We conducted a ques-
tionnaire on 1000 participants to compare the two graphs
through several questions. As one of these questions, we
asked the participants to select a better one of the two graphs
for understanding the relationship between Japan and Rus-
sia, and to explain reasons for their selection. As presented
in Fig. 3, 52.0% of the 1000 participants thought the graph
depicted in Fig. 2 (B) is better. Most of them gave the reason
that the graph depicted in Fig. 2 (B) contains more knowl-
edge about the relationship between Japan and Russian than
the graph depicted in Fig. 2 (A) does. If a user knows about
the Northern Territories dispute, then the user could not get
any new knowledge from the dependent paths depicted in
Fig. 2 (A). By reading the graph depicted in Fig. 2 (B), a user
could obtain knowledge other than the Northern Territo-
ries dispute, such as knowledge about the “Soviet-Japanese
Joint Decalaration of 1956” and the “Treaty of Shimoda.”
On the other hand, only 24.8% of the 1000 participants
thought the dependent paths depicted in Fig. 2 (A) is better
for understanding the relationship. Most of the 24.8% par-
ticipants selected the graph depicted in Fig. 2 (A) because
they thought the graph is simpler. We also compared an-
other pair of graphs in the questionnaire, and similar results
were obtained. The results of the questionnaire show a large
possibility that users prefer disjoint paths for understand-
ing relationships because disjoint paths contain more diverse
knowledge than dependent paths. The possibility become
one of our motivations for mining disjoint paths.

Fig. 2 Dependent paths (A) and disjoint paths (B) explaining the rela-
tionship between “Japan” and “Russian.”

Fig. 3 Rate of participants according to their selection.

As another motivation for mining disjoint paths, it is
easy to understand the meaning of each disjoint path by trac-
ing the links in the path from left to right, as discussed in
Sect. 1. In contrast, dependent paths make a graph be too
complicated to find out the order of tracing links in some
cases, such as those in the graph depicted in Fig. 4. There-
fore, in this paper, we aim to mine disjoint paths important
for a relationship on an Wikipedia information network.

3. Related Work

Measuring the strength of an implicit relationship is one
approach for explaining the relationship. Zhang et al. [2]
model a relationship between two concepts in a Wikipedia
information network using a generalized max-flow. They
ascertained a method using the model that can measure the
strength of an implicit relationship more correctly than pre-
vious methods can do [1], [3], [4]. Several kinds of questions
about relationships can be answered by measuring relation-
ships. For example, a user could know which one of two
specified countries has a stronger relationship to petroleum.
However, measuring strength alone is insufficient for under-
standing relationships. A user would desire to know what
concepts constitute a relationship or what roles they play in
the relationship.

Another approach to explain relationships might be ex-
tracting a “connection subgraph” [1], [9]–[11]. Faloutsos
et al. [9] model an information network as an electric net-
work [12], and model the weight of a path as the current
delivered by the path. Given two query vertices s and t and
an undirected graph G, they extract a connected subgraph H
containing s and t and limited number of other vertices that
maximize the weight of H, the sum of the weights of all the
paths in H. Extending the problem into more than two query
vertices, Tong and Faloutsos [10] proposed CEPS problem.
Koren et al. [1] proposed CFEC to outputs a small subgraph
on which the strength of the relationship measured approx-
imates to that measured on the original graph. The method
proposed by Cheng et al. [11] first partitions a network into a
set of communities by considering the domains of concepts.
The method then focusing on extracting a connected sub-
graph in each community to which query vertices belongs.

Figure 4 is an example of a connection subgraph pre-
sented by Faloutsos et al. [9]. Vertices in a connection sub-
graph represent concepts that are considered important for
a relationship. Therefore, a user could know what con-
cepts constitute a relationship. However, it is still diffi-
cult to know what roles the concepts play in the relation-
ship using the connection subgraph. In a connection sub-
graph that is constituted by dependent paths, several paths

Fig. 4 A snapshot of a connection subgraph for the relationship between
Kidman and Diaz.
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go through a common concept. For the above example,
over 20 paths connecting “Kidman” and “Diaz” go through
“Anderson,” such as (Kidman, Bullock, Anderson,Diaz),
(Kidman, Anderson, Jolie,Diaz). “Anderson” plays differ-
ent roles of constituting the relationship in different paths.
However, a connection subgraph can not present how to read
the subgraph and how to trace each path contained in it. It is
difficult for a user to find and understand the paths contained
in such a complicated subgraph oneself. Consequently, a
connection subgraph is inadequate for understanding a rela-
tionship.

To create a connection subgraph for a relationship,
the methods [1], [9], [11] discussed above first compute the
weights of paths using random walk [12]. They define the
weight of a path fundamentally as the product of the weights
of the edges composing the path divided by the product of
the weights of the edges incident to every vertex in the path.
Therefore, random walk based methods have a property that
they compute the weight of a path extremely small if a
popular concept—a concept linked by or from many other
concepts—exists in the path. However, a popular concept
might play important role in a relationship in Wikipedia.
We claim that this property is unsuitable for mining paths
important for a relationship through experiments discussed
in Sect. 5.2.

Several studies have been made on giving semantics
to explicit relationships. The DBpedia project [13] extracts
semantic relationships between concepts from the infobox
in Wikipedia articles. For example, the relationship that
“Tokyo” is the “captial” of “Japan”, could be obtained from
the infobox of article “Japan.” Lehmann et al. [14] then de-
veloped a tool for exploring relationships extracted by DB-
pedia. NAGA [15] is also a semantic search engine which
searches semantic relationships, using a semantic knowl-
edge base YAGO [16] extracted from Wikipedia and Word-
Net. Several methods [17], [18] were proposed for extract-
ing paths between two concepts on an RDF graph whose
edges represent explicit relationships with semantics. Both
DBpedia and YAGO do not extract knowledge represented
by the links existing in the body text of Wikipedia articles.
Many explicit relationships existing in the Wikipedia in-
formation network are not included in DBpedia or YAGO.
Therefore, we do not use these semantic knowledge base as
the information source for mining relationships. We pro-
pose methods for mining relationships on the Wikipedia in-
formation network, in this paper. However, it is able to con-
struct an information network using a semantic relationship
database, and to apply our method proposed in Sect. 4.4 on
the information network.

EntityCube [19] and SPYSEE [20] extract explicit rela-
tionships between pairs of people from the Web. They then
search people having explicit relationship to a given people.
Both EntityCube and SPYSEE do not explain an implicit
relationship between two people.

4. Methods for Mining Disjoint Paths in Wikipedia

We now present our methods for mining disjoint paths im-
portant for explaining a relationship. To the best of our
knowledge, no such method was proposed. We first propose
a naive method based on CFEC [1] in Sect. 4.1. The weight
of a path defined in [9], [11] are similar to that of CFEC.
Therefore, we only apply CFEC to the naive method.

4.1 Naive Method Based on CFEC

Given a graph G, a source vertex s and a destination ver-
tex t, CFEC first finds the n shortest paths between s and t.
It then computes the strength of the relationship between s
and t using random walk on the paths [12]. In CFEC, the
weight of a path p = (s = v1, v2, . . . , v� = t) from s to t is de-
fined as w(v1, v2) �

∏�−1
i=2

w(vi,vi+1)
wsum(vi)

, where w(u, v) is the weight
of edge (u, v) and wsum(v) is the sum of the weights of the
edges going from vertex v. For example, Fig. 5 depicts two
paths between “Rice” and “Koizumi.” The number shown
beside a vertex oi is the number of links going from the ver-
tex, which equals to wsum(oi) if the weight of every edge is
1. The weights of path (A) and path (B) become 1/289 and
1/1265, respectively.

We now propose a naive method for mining paths im-
portant for a relationship between a source concept s and a
destination concept t in Wikipedia based on CFEC [1].

(1) Construct a network G = (V, E) using pages and
links within at most m hop links from s or t in Wikipedia.
(2) Set the weight of every edge e ∈ E to 1, compute the
largest-k paths in decreasing order of the path weight. (3)
For each edge (u, v) in the largest-k paths, extract an ex-
planatory snippet, i.e., text surrounding the anchor text of
link v on page u, using a KWIC concordance tool [21].

The largest-k paths mined by the method probably con-
tain some dependent paths. Although we can select some
disjoint paths among the mined paths, we cannot determine
in advance how many paths should be mined to obtain a
specified number of disjoint paths. Moreover, this method
has a problem because of popular concepts, as discussed in
Sect. 3. For example, in Fig. 5, the weight of path (B) is
significantly smaller than that of path (A), because “Bush”
is more popular, i.e., linked from or to more concepts, than
“Olmert.” Consequently, important paths containing a pop-
ular concept seldom appear in the largest-k paths mined by
the method.

Fig. 5 An example of the relationship between “Rice” and “Koizumi”
for CFEC.
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Fig. 6 A doubled network.

4.2 Improvements Using Doubled Network and Domain-
based Weight

We now discuss two improvements for mining important
paths: a doubled network and an edge weight function using
the category information on Wikipedia. Both improvements
were originally proposed for measuring a relationship [2].

A path constituted by edges of different directions
could be important for a relationship in Wikipedia. For
example, the path (Petroleum, Plastic, Alabama, USA) in
Fig. 1 is formed by edges of different directions. The path
would correspond to an important fact between “Petroleum”
and the “USA” that the Alabama State of the USA produces
a large quantity of plastic from petroleum. To mine such
paths, we construct a doubled network [2] by adding to ev-
ery original edge a reversed edge whose direction is oppo-
site to the original one. For example, Fig. 6 (B) depicts the
doubled network G′ for G in Fig. 6 (A). It is also possible to
construct an undirected network to mine paths constituted
of edges of any direction. An undirected network ignores
the directions of edges, although a path formed by edges of
different directions is usually relatively less important than
a path formed by edges of the same direction. Therefore,
we construct an doubled network instead of an undirected
network. In a doubled network, we set weight γ(e) for edge
e and set weight rev(e) for the reversed edge of e, where
rev(e) = λ × γ(e), 0 ≤ λ < 1. λ is used to adjust the impor-
tance of a reversed edge. Zhang et al. [2] determine through
experiments that λ = 0.8 is appropriate for analyzing re-
lationships in Wikipedia. Using the doubled network, the
naive method was able to mine paths formed by edges of
any direction, and estimate paths formed by edges of differ-
ent directions to be relatively less important.

Paths formed by edges representing important explicit
relationships in constituting a relationship, are usually im-
portant to the relationship. To mine such paths, let us con-
sider what kinds of explicit relationships are important in
constituting an implicit relationship. For the example de-
picted in Fig. 5, suppose American politician “Rice” is try-
ing to send a message to Japanese politician “Koizumi;”
Rice has no explicit relationship to Koizumi, and Ameri-
can politician “Bush” and Israeli politician “Olmert” have
respective explicit relationships to Koizumi. Rice could
contact Bush easily compared to Olmert because both Rice
and Bush belong to the same group “American politician.”
Therefore, Rice would tend to ask Bush, rather than Olmert,
to help transferring the message to Koizumi. The explicit

Fig. 7 Assignment of weights for edges.

relationship between Bush and Koizumi would be primar-
ily important to the relationship between Rice and Koizumi.
Consequently, path (Rice, Bush,Koizumi) containing pri-
marily important edge (Bush,Koizumi) would be more im-
portant than path (Rice,Olmert,Koizumi) to the relation-
ship.

Let a “group” be a set of similar or related concepts,
such as American politicians, or Japanese politicians. Zhang
et al. [2] observed a number of implicit relationships be-
tween concept s in group S and concept t in group T , in
Wikipedia, and found the following.

(1) Most of the S -T explicit relationships between a con-
cept in S and a concept in T are primarily important,
such as that between “Bush” and “Koizumi” in the
above example.

(2) Most of the S -S or T -T explicit relationships between
concepts in S or concepts in T are secondarily impor-
tant, such as that between “Rice” and “Bush” in the
above example.

(3) Most of the other explicit relationships connecting con-
cepts in other groups rather than S and T are unimpor-
tant, such as that connecting “Rice” and “Olmert” in
the above example. However, it does not mean that
such explicit relationships are all meaningless in con-
stituting a relationship.

Zhang et al. [2] then adopt the following three assumptions
according to the above observations, as illustrated in Fig. 7.
(1) S -T explicit relationships are primarily important; (2)
S -S or T -T explicit relationships are secondarily important;
(3) other explicit relationships are unimportant.

To achieve an edge weight function according to the
three assumptions, Zhang et al. [2] first construct groups of
concepts in Wikipedia, such as “Japanese politicians” and
“baseball players”. In Wikipedia, a page corresponding to
a concept belongs to at least one category. For example,
“George W. Bush” belongs to the category “Presidents of
the USA.” However, categories cannot be used as groups
directly because the category structure of Wikipedia is too
fractionalized. Given a category ci, Zhang et al. [2] construct
the group for ci by grouping ci and its descendant categories
which represent sub concepts of ci together. S is then the set
of concepts belonging to a category in the group for a cate-
gory of the source. Similarly, we could obtain T for the des-
tination. As illustrated in Fig. 7, Zhang et al. [2] then assign
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Fig. 8 A generalized max-flow and its decomposition.

a high weight, a medium weight and low weights to edges
representing primarily important, secondarily important and
unimportant explicit relationships, respectively. Zhang et
al. [2] ascertained the appropriateness of the edge weights
function for analyzing relationships in Wikipedia through
experiments. We omit the details of the assignment of the
edge weight here. Please refer to [2] for the details. By
applying the edge weight function to the naive method, the
weights of paths containing important edges become larger
than those of paths containing unimportant edges relatively.
Therefore, the weight function would be useful for mining
important paths.

4.3 Generalized Max-Flow Model

The naive method was unable to mine disjoint paths, even
after using the doubled network and the weight function dis-
cussed in Sect. 4.2. We propose a generalized flow based
method that could mine disjoint paths in Sect. 4.4. Before
introducing the method, we explain its basis: the generalized
max-flow model proposed by Zhang et al. [2] for computing
the strength of a relationship.

The generalized max-flow problem [22], [23] is identi-
cal to the classical max-flow problem except that every edge
e has a gain γ(e) > 0; the value of a flow sent along edge e is
multiplied by γ(e). Let f (e) ≥ 0 be the amount of flow f on
edge e, and μ(e) ≥ 0 be the capacity of edge e. The capac-
ity constraint f (e) ≤ μ(e) must hold for every edge e. The
goal of the problem is to send a flow emanating from the
source into the destination to the greatest extent possible,
subject to the capacity constraints. Let generalized network
G = (V, E, s, t, μ, γ) be information network (V, E) with the
source s ∈ V , the destination t ∈ V , the capacity μ, and the
gain γ. Figure 8 depicts an example of a generalized max-
flow. 0.4 units and 0.2 units of the flow arrive at “USA”
along path (A) and path (B), respectively. As illustrated in
Fig. 8, a large amount of flow is usually sent along paths
which are short and are formed by edges having high gains.

To use edges of both directions, Zhang et al. [2] con-
struct a doubled network, as discussed in Sect. 4.2. The
reversed edge erev for every edge e in G is assigned with

μ(erev) = μ(e) and γ(erev) = rev(e) = λ × γ(e), 0 ≤ λ ≤ 1, as
depicted in Fig. 6 (B). Also, a new constraint f (e) f (erev) = 0
for every edge e is introduced to satisfy the capacity con-
straint on the doubled network. To assign gain for edges,
Zhang et al. [2] use the edge weight function introduced in
Sect. 4.2.

The model reflects all the three concepts important for
measuring a relationship: distance, connectivity and co-
citation. Zhang et al. [2] ascertained the model can measure
the strength of relationships in Wikipedia more correctly
than previous methods [1], [3], [4] can.

4.4 A Generalized Flow Based Method

We propose a generalized flow based method to mine dis-
joint paths important for a relationship from concept s to
concept t in Wikipedia. We use a new technique for avoid-
ing “confluences” of a generalized max-flow by setting ver-
tex capacities.

We first present the method as follows.

(1) Construct a generalized network G = (V, E, s, t, μ, γ)
using pages and links within at most m hop links from
s or t in Wikipedia.

(2) Construct the doubled network G′ for G, determine
edge gain γ using the edge weight function discussed
in Sect. 4.2, set capacity μ = 1 for every edge, and set
vertex capacities discussed later.

(3) Compute a generalized max-flow f emanating from s
into t on G′.

(4) Decompose the flow f into flows on a set P of paths.
Let d f (pi) denote the value of flow on a path pi, for
i = 1, 2, . . . , |P|. For example, the flow on the net-
work depicted in Fig. 8 is decomposed into flows on
two paths (A) and (B). The value of the decomposed
flow on path (A) is 0.4; that on path (B) is 0.2.

(5) Output the largest-k paths in decreasing order of
d f (pi).

(6) For each edge (u, v) in the largest-k paths, extracts an
explanatory snippet, i.e., text surrounding the anchor
text of link v on page u, using a KWIC concordance
tool [21].

As explained in Sect. 4.3, in the generalized max-flow
model, a large amount of flow is usually sent along paths
which are short and are formed by edges having high gains,
such as, in Fig. 8, the flow is sent along path (A) and path
(B), and the value of the flow on path (A) is larger than that
on path (B). Consequently, the largest-k paths that hold high
values of flows usually are short and are formed by edges
having high gains. It is observed that most of the edges as-
signed with high gains are important in constituting an rela-
tionship, as discussed in Sect. 4.2. Therefore, the largest-k
paths usually are short and are formed by important edges.
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Fig. 9 The flow confluence problem.

Generally, short paths are more important for a relationship
than long paths, as discussed in [1], [9]–[11]. Also, there is
a high possibility that paths formed by important edges are
important. Therefore, we claim that a high possibility ex-
ists that the largest-k paths mined by the generalized flow
based method are important to a relationship. We ascertain
the claim through experiments described in Sect. 5.2.2.

We next discuss the new technique of setting vertex ca-
pacity. The generalized max-flow problem is a natural ex-
tension of the classical max-flow problem whose flow is al-
ways sent along disjoint paths. A problem arises, however,
which is attributable to the gain: a flow can be confluent
at a vertex except s and t. For example, Fig. 9 (A) depicts
a confluence of flow at vertex v3; the amount of the flow
sent along (v1, v3) becomes 0.64 at v3. That along (v2, v3)
becomes 0.36. The flow can be confluent at v3 and can be
sent along (v3, t). If a generalized max-flow is confluent at
many vertices, then the paths composing the flow become
dependent paths. Consequently, the largest-k paths obtained
in the step (5) might contain some dependent paths. One
idea to solve the problem is to introduce a constraint that
a flow must be sent along vertex disjoint paths. Unfortu-
nately, no polynomial-time algorithm exists, to the best of
our knowledge, to solve the generalized max-flow with the
constraint.

We propose an approach to prevent a flow from being
confluent to the greatest extent possible. Concretely, we set
the capacity of every edge to one and set the capacity of
every vertex v, except s and t, to

μ′(v) = max
p∈P

∏

e∈p

γ(e),

the maximum production of the gains of the edges in a path,
where P is the set of all paths from s to v. The vertex capac-
ity of s or t is set to∞. The capacities of all the vertices can
be computed easily by solving a single source shortest path
problem setting the length of edge e to − log(γ(e)). Because
the capacity of every edge is setting to 1, the largest value
of the flow could be sent to node v along a single path going
from s to v is μ′(v). Therefore, by setting the capacity of ver-
tex v to μ′(v), most of the time, we could prevent a flow to be
sent to v along more than one paths. For example, Fig. 9 (B)
depicts the vertex capacity function for the generalized net-
work depicted in Fig. 9 (A). Although a flow is confluent
at vertex v3 in Fig. 9 (A), the confluence does not happen in
Fig. 9 (B) because of the vertex capacity. We examine how
effective the vertex capacity function is using experiments
discussed in Sect. 5.2.

4.5 Theoretical Analysis

In this section we compare the naive method with the gen-
eralized flow based method through theoretical analysis.

First, let us consider the qualities of the largest-k paths
mined by each method. The naive method always consid-
ers popular concepts having high degrees are unimportant,
and degrade paths containing popular concepts. For exam-
ple, in Fig 5, the naive method underestimates path (B) be-
cause “Bush” is a popular concept. However, in Wikipedia,
pages of famous people, places or events, are linked from
and linking to many other pages. Consequently, many popu-
lar concepts existing on the Wikipedia information network
represent famous people, places, or events. Such popular
concepts might be as important as other concepts to some
relationships, such as “Bush” depicted in Fig 5. The degree
of a concept is essentially independent of its importance to a
relationship. Therefore, estimating the importance of paths
according to the degrees of the concepts in the paths would
be inappropriate.

On the other hand, the generalized flow based method
neither overestimates nor underestimates popular concepts,
and estimates the importance of a path according to the im-
portance of edges in the path. The importance of edges is
determined using the edge weight function introduced in
Sect. 4.2.

Second, we consider the quantities of the disjoint paths
could be mined by each method. As discussed in Sect. 2,
disjoint paths are easy to understand and do not contain re-
dundant information. The naive method outputs paths in-
cluding dependent paths and independent paths which have
high weights as the largest-k paths. On the other hand, as
discussed in Sect. 4.4, a flow is usually sent along disjoint
paths on a generalized network after setting the vertex ca-
pacity. The generalized flow based method outputs the paths
along which a large amount of flow is sent as the largest-k
paths. Therefore, the largest-k paths obtained by the gener-
alized flow based method are almost all disjoint paths.

We confirm our analysis described above through ex-
periments, in Sect. 5.

4.6 Algorithm

We implement the naive method using the implementation
of Yen’s ranking K shortest loopless paths algorithm [24],
according to the algorithms of CFEC described in [1]. Given
a network G = (V, E), the implementation [24] presents
O (K|V | (|E| + |V |log|V |)) computational complexity order.

We use the rounded primal-dual algorithm [22] to com-
pute an approximately maximum generalized flow for the
generalized flow based method. For given approximation
parameter 0 < α < 1, the algorithm outputs a general-
ized flow on a network G = (V, E) whose value is at least
as much α times as the value of a generalized maximum
flow. The algorithm iteratively computes maximum flows
on G for at most O

(
|V |2(1 − α)−1 log2 B

)
times, each itera-
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Fig. 10 Elucidatory concepts for the relationships from petroleum to
each country.

tion requires O
(
|V |2 √|E|

)
time, where log2 B is the largest

number of bits to store each capacity and gain. Totally, in
O
(
|V |4 √|E|(1 − α)−1 log2 B

)
time the algorithm computes a

maximum generalized flow. We observe that the largest-100
paths for a relationship can be obtained at the first 3–10 iter-
ations of the computation of maximum flows, in the experi-
ments described in Sect. 5. Therefore, we stop the iterations
when we could obtain the largest-k paths instead of comput-
ing a maximum generalized flow completely. Finally, our
implementation for the generalized flow based method com-
putes the largest-100 paths in O

(
|V |2 √|E|

)
.

4.7 Classification for Relationships

In this section, given a set of relationships between a com-
mon source concept and different destination concepts, we
apply our method for mining paths to classify the destination
concepts in the relationships. For example, given a set of
relationships between petroleum and countries, we classify
the countries into groups. We first mine the largest-k paths
for each relationship, say k = 50. We define elucidatory
concepts for a relationship as the concepts in the paths, ex-
cept the source and destination. Intuitively, similar relation-
ships share many common elucidatory concepts. For exam-
ple, Fig. 10 presents some elucidatory concepts for Japan,
Saudi Arabia, and Kuwait. Saudi Arabia and Kuwait, which
are both oil-producing countries in the Middle East, share
many common elucidatory concepts. On the other hand,
Japan shares almost no elucidatory concepts with them.

We apply a frequent itemsets based clustering method
named FIHC [25] to our classification. In fact, FIHC is used
to classify documents using sets of words appearing together
in many documents. Using elucidatory concepts instead of
words, we can obtain clusters of relationships. Every clus-
ter is also assigned a label which is a set of elucidatory con-
cepts shared by every relationship in the cluster. In some
cases, the clusters obtained by FIHC could be too numer-
ous for a user to understand. Our classification method uni-
fies them into fewer groups in response to a user’s request.
We first divide a set of the clusters into exactly two sets
of clusters. Then, recursively divide one of the sets into
two sets, until we obtain the desired number of sets. Each
set is regarded as a group of destinations. For dividing a
set, we first construct a feature vector for each destination
in the set using its frequent items. Let the cluster whose
label has items more than that of any other cluster be the
center cluster. We then compute the similarity sim(i) be-
tween the center cluster and each cluster i in the set by the

Fig. 11 Classification for the relationships between petroleum and coun-
tries.

group average method using the feature vector. We define
the distance between two sets S 1 and S 2 based on the sim-
ilarities, dist(S 1, S 2), as mini∈S 1, j∈S 2 |sim(i) − sim( j)|. We
finally determine which one of two sets S 1 and S 2 every
cluster belongs to so that the distance dist(S 1, S 2) is max-
imized. As an example, our method classifies the relation-
ships from petroleum to the top-10 countries strongly related
to petroleum into two groups. Figure 11 presents the groups
of the countries. By investigating the labels of groups, a user
could understand that group 0 and group 1 respectively cor-
respond to “petroleum exporting countries” and “petroleum
consuming countries.”

5. Experiments and Evaluation

5.1 Dataset and Environment

We perform experiments on a Japanese Wikipedia dataset
(2009/05/13 snapshot). We first extract 27,380,916 links
that appeared in all pages. We then remove pages that are
not corresponding to concepts, such as each day, month, cat-
egory, person list, and portal. We also remove links to such
pages, and obtain 11,504,720 remaining links.

We implemented our program in Java and performed
experiments on a PC with four 3.0 GHz CPUs (Xeon),
64 GB of RAM, and a 64-bit operating system (Windows
Vista).

5.2 Evaluation of Mined Paths

In this section, we first investigate whether paths mined by
our methods are actually important for a relationship. We
then examine how many of the mined paths are disjoint.

Let the following six symbols represent our methods
below. (o) is the naive method explained in Sect. 4.1. (e),
(d), (de) are the naive methods using improvements de-
scribed in Sect. 4.2: (e) the edge weight function, (d) the
doubled network, and (de) the both ones. (g,w/vc) and
(g,wo/vc) are the generalized flow based method with the
vertex capacity and that without setting the vertex capacity
proposed in Sect. 4.4, respectively. We select 200 relation-
ships between two concepts of 16 types: two politicians,
two countries, a politician and a country, petroleum and a
country, Buddhism and a country, two countries’ cuisines,
global warming and an industry, headache and a domain
of medicine, Apple Inc. and a company, Earthquake and a
landform, Japanese and a race, informatics and an academic
field, Greenhouse gas and a country, Olympic Games and
a country, Human and an animal, Cao Cao and a people in
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Fig. 12 NDCGs of the result pages searched for each relationship.

Chinese history. We evaluate the paths mined for 20 rela-
tionships of the 16 types by human subject in Sect. 5.2.2. We
select the 16 types because the concepts of the 16 types are
familiar to the participants joining the human subjects. The
human subjects requires the participants to read a lot of text
information related to the concepts. It is hard for them to
understand the text information, if they are unfamiliar with
the concepts. To mine paths important for a relationship
between s and t, we construct a network G using pages and
links within at most three hop links from s or t in Wikipedia,
for all methods. Careful observation of Wikipedia pages re-
vealed that several 3 hops paths are useful for understanding
a relationship, such as the paths depicted in Fig. 1. However,
we were able to find few useful 4 hops paths. In preliminary
experiments, we also find that paths formed by four links
seldom appear in the largest-k paths mined on G constructed
using four hop links.

5.2.1 Preliminary Experiment for Web Search Engines

In this section, we quantitatively evaluate how many re-
sult pages searched using a query “s t” contain informa-
tion about the relationship between s and t. We first ob-
tain Google’s Top-20 pages using query “s t” for each of the
20 relationships between s and t presented in Table 1. We
then use Normalized Discounted Cumulative Gain (NDCG)
to measure the top-n pages described at below:

NDCGn = NFn

n∑

i=1

2reli − 1
log2(1 + i)

,

where reli = 1 if the i-th page contains any information
about the relationship, otherwise reli = 0, and NFn is a
normalization factor calculated to make NDCGn equal to
1 when all reli = 1, 1 ≤ i ≤ n. NDCGn varies from 0 to 1.
NDCGn of a ranking of web pages becomes larger if more
pages in the ranking contain information about the relation-
ship, and those pages are ranked high.

Figure 12 presents the NDCG5, NDCG10, and
NDCG20 of the result pages for each of the 20 relationships.
The indices in the x-axis correspond to the indices of the 20
relationships presented in Table 1. The NDCGs vary greatly
from 0.21 to 1.00 among the relationships. The average
NDCG5, NDCG10, and NDCG20 for all the 20 relationships
are 0.71, 0.68, and 0.66, respectively. On average, 64.5%
of the top-20 pages searched for a relationship contain some
information about the relationship, without considering the
quality and the quantity of the information. That is, av-
eragely, 66% of the top-20 pages searched for a relation-

ship contains information about the relationship. However,
Fig. 12 is rather inflated because neither the quality nor the
quantity of the information is considered. In fact, we found
that some of the top-20 pages contain many duplicate infor-
mation, and some pages are too long to read. For example,
6 pages searched for the 9th relationship between “George
W. Bush” and “Junichiro Koizumi” contain duplicate infor-
mation; 4 pages searched for the 17th relationship between
“Greenhouse Gas” and “German” contain about 70 thou-
sands characters. Therefore, it is too hard to read all the top-
20 pages for a relationship and to organize knowledge about
the relationship from the top-20 pages manually. Moreover,
as discussed in Sect. 1, Web search engines are unable to
search information about implicit relationships which is de-
scribed in multiple pages, such as the one depicted in Fig. 1.
Therefore, we propose methods to mine important paths ex-
plaining an implicit relationship in Wikipedia.

5.2.2 Path Importance

In this section, we evaluate the importance of the mined
paths obtained by every method by human subjects. To the
best of our knowledge, there is no benchmark dataset for
evaluating the importance of paths for a relationship. We
discussed methods [1], [9], [11] which extract a subgraph
for explaining a relationship in Sect. 3. The importance or
goodness of the subgraphs extracted by these methods are
only evaluated by case studies in [1], [9], [11].

We first randomly select 20 from the 200 relationships
(one or two from each of the 16 types) explained above. For
each relationship, we mine a set of the largest-20 paths by
each of our six methods. Let P be the union of these six sets.
On average, P contains 50-60 paths, because the sets mined
by different methods usually overlap. We then ask 10 partic-
ipants to evaluate every path p in P and every edge e(u, v) in
p. Totally, every participant evaluates 1072 paths and 2714
edges. To each edge e(u, v), every tester assigns an integer
score 0, 1, or 2 representing the strength of the explicit rela-
tionship between u and v, by reading the explanatory snippet
of e(u, v). A higher score was assigned to a stronger explicit
relationship. To each path p, every tester assigns an inte-
ger score 0, 1, or 2 to judge whether an implicit relationship
between the source and the destination could be established
through the connection of the explicit relationships repre-
sented by the edges in p. A higher score was assigned to
a path representing a stronger implicit relationship. Partici-
pants are not allowed to evaluate paths and edges using their
own knowledge about the concepts appearing in the paths.
Instead, explanatory snippets extracted for each edge from
Wikipedia are provided for the evaluation. We then com-
pute the average score of every edge and every path for each
relationship.

We present some examples of the assignments here.
All the testers assigned score 2 to the top path and the two
edges in the path depicted in Fig. 1. For the relationship
from petroleum to Saudi Arabia, path (Petroleum, Burgan
Field, Saudi Arabia) is mined. The snippet of edge (Bur-
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gan Field, Saudi Arabia) is “Burgan Field in Kuwait is still
one of the world’s easiest production sites now, which dif-
fers from the Ghawar Field in Saudi Arabia.” Most testers
assigned score 0 to the path and the edge. Let us con-
sider another path (George W. Bush, Yasuo Fukuda, Ju-
nichiro Koizumi). Each of “Yasuo Fukuda” and “Junichiro
Koizumi” was a prime minister of Japan during the tenure
of “George W. Bush” as the president of the USA. Most
testers think that both the two edges in the path repre-
sent strong explicit relationships. However, they think that
“Yasuo Fukuda” is unimportant in the relationship. Conse-
quently, they assigned score 0 to the path.

Our methods output largest-k important paths ranked in
a decreasing order of importance for a relationship. We use
Normalized Discounted Cumulative Gain (NDCG) to mea-
sure the importance of the largest-k paths based on their
ranking. Let 0 ≤ scorei ≤ 2 denote the average of the
scores given by the participants for the path ranked ith. The
NDCGn at rank position n is computed as follows:

NDCGn = NFn

n∑

i=1

2scorei − 1
log2(1 + i)

,

where NFn is a normalization factor calculated to make
NDCGn equal to 1 when all scorei = 2, 1 ≤ i ≤ n. NDCGn

varies from 0 to 1. NDCGn of a ranking of paths becomes
larger if more paths in the ranking having large score, and
the paths having large score are ranked high. Similarly, we
compute NDCGn for the edges in the largest-n paths.

Table 1 presents the NDCGs of paths obtained by ev-
ery of the six methods (g,w/vc), (g,wo/vc), (d), (de), (o),
and (e) for the 20 relationships. The shaded cells emphasize
the maximum NDCG of each relationship. The generalized
flow based method with vertex capacity (g,w/vc) yields most
of the highest NDCGs. The NDCGs obtained by the meth-
ods without the double network, (o) and (e), are significantly
low for some relationships, such as the relationship between
petroleum and the USA. Using only the original directions
of edges, few paths formed by edges in the direction from
the source to the destination only, exist in the network. How-
ever, several important paths containing edges in the inverse
direction form the destination to the source, are mined by
using the doubled network.

Figure 13 presents the average NDCGs of the edges
of all the 20 relationships obtained by each method. Simi-
larly, Fig. 14 presents the average NDCGs of the paths of
the 20 relationships. For both paths and edges, methods
(g,w/vc) and (g,wo/vc) produce the highest and the second
highest average NDCGs, respectively. All methods yield
high average NDCGs of edges, they can mine many edges
representing strong explicit relationships. However, such
edges do not necessarily constitute a path important for a
relationship. For example, the path (George W. Bush, Ya-
suo Fukuda, Junichiro Koizumi) discussed above is consti-
tuted by such edges. Most participants think that the path
is unimportant because “Yasuo Fukuda” is unimportant in
the relationship between “George W. Bush” and “Junichiro

Table 1 NDCGs of paths.

method NDCG5 NDCG10 NDCG20 NDCG5 NDCG10 NDCG20
1. Japan
– Russia

11. Global warming
– Agriculture

g,w/vc 0.88 0.85 0.73 0.76 0.67 0.62
g,wo/vc 0.69 0.66 0.49 0.73 0.70 0.61

d 0.76 0.59 0.54 0.64 0.59 0.58
de 0.85 0.72 0.63 0.73 0.67 0.61
o 0.55 0.52 0.45 0.63 0.56 0.52
e 0.70 0.60 0.51 0.65 0.60 0.57

2. Japan
– China

12. Headache
– Internal medicine

g,w/vc 0.73 0.66 0.59 0.48 0.51 0.51
g,wo/vc 0.66 0.56 0.43 0.32 0.35 0.39

d 0.59 0.49 0.41 0.49 0.43 0.36
de 0.70 0.52 0.45 0.49 0.43 0.38
o 0.57 0.56 0.55 0.44 0.48 0.44
e 0.62 0.59 0.61 0.45 0.45 0.47

3. Petroleum
– USA

13. Apple Inc.
– IBM

g,w/vc 0.89 0.74 0.65 0.75 0.59 0.57
g,wo/vc 0.77 0.61 0.56 0.68 0.64 0.61

d 0.33 0.29 0.35 0.64 0.59 0.57
de 0.69 0.54 0.47 0.85 0.78 0.65
o 0.00 0.00 0.00 0.61 0.66 0.61
e 0.00 0.00 0.00 0.69 0.71 0.65

4. Petroleum
– Saudi Arabia

14. Earthquake
– Volcano

g,w/vc 0.87 0.84 0.75 0.79 0.71 0.61
g,wo/vc 0.80 0.73 0.61 0.78 0.64 0.57

d 0.80 0.68 0.54 0.55 0.53 0.52
de 0.80 0.71 0.58 0.69 0.62 0.55
o 0.83 0.60 0.55 0.56 0.67 0.55
e 0.83 0.71 0.56 0.75 0.64 0.61

5. Buddhism
– Sri Lanka

15. Japanese
– Chinese

g,w/vc 0.98 0.84 0.77 0.32 0.34 0.33
g,wo/vc 0.86 0.76 0.65 0.32 0.34 0.33

d 0.81 0.80 0.73 0.19 0.23 0.23
de 0.81 0.80 0.73 0.22 0.25 0.24
o 0.93 0.84 0.77 0.40 0.36 0.29
e 0.93 0.86 0.77 0.48 0.38 0.30

6. Japanese cuisine
– Chinese cuisine

16. Informatics
– Mathematics

g,w/vc 0.77 0.65 0.62 0.54 0.50 0.43
g,wo/vc 0.78 0.68 0.50 0.53 0.41 0.39

d 0.53 0.35 0.23 0.47 0.43 0.42
de 0.56 0.38 0.28 0.53 0.46 0.44
o 0.60 0.58 0.51 0.50 0.46 0.42
e 0.60 0.63 0.57 0.69 0.57 0.54

7. Yoshiro Mori
– China

17. Greenhouse gas
– German

g,w/vc 0.30 0.34 0.34 0.67 0.63 0.56
g,wo/vc 0.29 0.25 0.27 0.49 0.48 0.50

d 0.49 0.44 0.33 0.60 0.58 0.58
de 0.50 0.44 0.34 0.60 0.58 0.62
o 0.29 0.23 0.20 0.23 0.23 0.21
e 0.32 0.26 0.21 0.23 0.23 0.21

8. Yasuo Fukuda
– USA

18. Olympic Games
– Greece

g,w/vc 0.49 0.46 0.30 0.83 0.77 0.64
g,wo/vc 0.64 0.47 0.33 0.83 0.77 0.64

d 0.15 0.23 0.23 0.77 0.63 0.47
de 0.16 0.29 0.26 0.82 0.64 0.47
o 0.00 0.00 0.00 0.81 0.73 0.60
e 0.00 0.00 0.00 0.81 0.71 0.57

9. George W. Bush
– Junichiro Koizumi

19. Human
– Common chimpanzee

g,w/vc 0.75 0.59 0.51 0.30 0.40 0.44
g,wo/vc 0.62 0.54 0.43 0.39 0.32 0.37

d 0.57 0.47 0.39 0.50 0.43 0.40
de 0.57 0.49 0.41 0.44 0.41 0.39
o 0.63 0.52 0.45 0.47 0.53 0.48
e 0.72 0.52 0.46 0.49 0.51 0.49

10. Ichiro Ozawa
– Taro Aso

20. Cao Cao
– Zhuge Liang

g,w/vc 0.28 0.27 0.27 0.52 0.50 0.46
g,wo/vc 0.31 0.30 0.26 0.58 0.53 0.47

d 0.42 0.31 0.28 0.38 0.37 0.32
de 0.41 0.32 0.27 0.38 0.35 0.29
o 0.33 0.25 0.24 0.14 0.15 0.29
e 0.27 0.28 0.25 0.14 0.29 0.31
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Fig. 13 Average NDCGs of edges of all the 20 relationships.

Fig. 14 Average NDCGs of paths of all the 20 relationships.

Koizumi.” With respect to paths, method (g,w/vc) produces
significantly higher average NDCGs than the other methods.

The vertex capacity improves the average NDCGs of
the generalized flow based method, although the vertex ca-
pacity is originally proposed to mine more disjoint paths.
As discussed later in Sect. 5.2.3, method (g,w/vc) with
the vertex capacity mines more disjoint paths than method
(g,wo/vc). k disjoint paths include more information than k
dependent paths containing duplicate concepts do. Conse-
quently, disjoint paths produce higher NDCGs than depen-
dent paths, in most cases. The experimental results are simi-
lar to that removing redundancies in search results improves
recall and precision in information retrieval system [5]–[7].

With respect to paths, the methods using the doubled
network, (d) and (de), produce higher NDCGs than methods
without using the doubled network, (o) and (e), respectively.
Without using the doubled network, the naive method mines
paths formed by edges in the direction from the source to the
destination only. By using the doubled network, the naive
method can mine paths formed by edges of any direction,
and estimate paths formed by edges of different directions to
be relatively less important, as discussed in Sect. 4.2. There-
fore, the doubled network improves NDCG for the naive
method. The methods without the edge weight function, (o)
and (d), produce lower NDCGs for paths than those using
the edge weight, (e) and (de), respectively.

As a result of the above discussion, we conclude that
the generalized flow based method with the vertex capac-
ity is the best for mining many paths important for relation-
ships, and that setting vertex capacity, the doubled network,
and the edge weight function are effective.

The generalized flow based method with the vertex ca-
pacity and the naive method took 1063 seconds and 1217
seconds, respectively, to mine largest-100 paths for the se-
lected 200 relationships. We focus on the accuracy problem
in this paper. As one of our future work, we plan to imple-
ment the generalized flow based method using parallel pro-
cessing to accelerate computation. We also plan to construct
a relationship search system to visualize the largest-10 paths
for a given relationship.

Fig. 15 Number of disjoint paths mined by each method.

Fig. 16 Average concept frequency in the largest-k paths of each method.

5.2.3 Evaluation of Disjoint Paths

We have proposed a technique for avoiding confluences us-
ing the vertex capacity function in Sect. 4.4. We examine
how many disjoint paths were mined by each method, and
how effective the technique is. For the selected 200 relation-
ships, we first mine the top 20 and the top 50 paths by each
of our six methods and the generalized flow based method
without the technique. We then count the disjoint paths in
the mined paths for each relationship. Figure 15 (A) and
Fig. 15 (B) depict the average number of disjoint paths in
the largest-20 and that in the largest-50 paths, respectively.
The symbol (g, w/ vc) denotes the generalized flow based
method with the technique, and (g, w/o vc) denotes that
without the technique. Method (g, w/ vc) produced the high-
est average number for both the largest-20 and largest-50
paths; especially, all the largest-20 paths are disjoint for all
the 200 relationships. The naive methods without the dou-
bled network, (o) and (e), produced the lowest average num-
bers. Consequently, we observed the following three facts:
(1) Our technique is effective in mining disjoint paths. (2)
The naive method is inadequate for mining disjoint paths.
(3) The doubled network is effective in mining disjoint paths
formed by edges of different directions.

As discussed in Sect. 2, we mine disjoint path to pre-
vent a concept appearing multiple times in the mined paths.
Therefore, we also evaluate how frequent a concept appears
in the largest-k paths. We compute the average concept fre-
quency f @k in the largest-k paths important for a relation-
ship between s and t mined by each method. Let Ok be the
set of concepts in the largest-k paths, except s and t, and
let nk, j denote how many times the j-th concept ok, j ∈ Ok

appears in the largest-k paths. Then, the average concept
frequency is defined as

f @k =

∑
j nk, j

|Ok | .

Note that f @k is at least 1. If f @k = 1, then every concept
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Table 2 concepts in the paths for relationship between “Japanese cui-
sine” and “Chinese cuisine”.

The generalized flow base method (g)
Karaage (269), Chili pepper (402), Soy milk (103), Sesame oil (95),
Mochi (345), Dashi (305), Ginger (344), Donburi (119), Tonkatsu
(215), Sashimi (477), Fried vegetables (87), Jiaozi (341), Jellied fish
(45), Yatai (412), Chazuke (164), Kenchin soup (47), Western Cuisine
(77), Crab stick (58), Japanese noodle (1038)

The naive method (de)
Nouvelle Chinois (12), Three major world cuisine (10), Seafood (12),
Wynn Macau (13), Cooking School of West Japan (15), The Family
Restaurant (15), Kazuhiko Cheng (31), Radisson Hotel Bangkok (21),
Hotel Laforet Tokyo (17), Banyan Tree Bangkok (18), Jellied fish (45),
West (Japanese restaurant chain) (19), Soup spoon (38), Grand Hyatt
Fukuoka (20), Grand Hyatt Singapore (16), Ship dish person (20), Re-
sort Okinawa Marriott & Spa (21), Hyatt Regency Osaka (22)

appears only once in the largest-k paths; if a number of con-
cepts appear many times in the largest-k paths, then f @k be-
comes larger than 1. Figure 16 illustrates the average value
of f @k in the largest-k paths mined by each method, for the
selected 200 relationships. The method (g, w/ vc) has the
lowest f @k among all methods; especially, f @100 = 1.06
is almost equal to 1. That is, almost all concepts appear
only once in the largest-100 paths mined by the method (g,
w/ vc). The method without setting the vertex capacity (g,
w/o vc) has higher f @k than the method (g, w/ vc). The
naive method without using the doubled network and the
weight function, (o), produced the highest f @k; the values
of f @k increase dramatically as k increases. Consequently,
we conclude that our technique of using the vertex capacity
function is effective for avoiding redundant concepts in the
mined paths. Many concepts appear frequently in the paths
mined by the naive methods, although the doubled network
is helpful for alleviating the redundancy issue.

5.2.4 Case Studies for Understanding Relationships

Table 2 presents the elucidatory concepts in the largest-20
paths important for the relationship between “Japanese cui-
sine” and “Chinese cuisine,” mined by methods (g,w/vc) and
(de), respectively. Both methods (g,w/vc) and (de) use the
doubled network. The number in the parentheses behind
each concept is the number of links going from or to the
page representing the concept in Wikipedia. Each concept
shown in Table 2 constitutes a mined path, e.g. “Karaage”
constitutes (Japanese cuisine, Karaage, Chinese cuisine).
Method (g,w/vc) mines many Japanese foods originated in
China, such as karaage, mochi, fried vegetables, jiaozi,
Japanese noodle, and soy milk. Method (g,w/vc) also mines
some cooking ingredients used in both cuisines, such as chili
pepper, sesame oil, and ginger. On the other hand, most elu-
cidatory concepts mined by method (de) are hotels or restau-
rants purveying both cuisines. The elucidatory concepts in
the mined paths for a relationship should play important
roles in the relationship. In Japan or other Asian countries,
it is common that hotels supply both Japanese and Chinese
cuisines. These hotels and restaurants are not important
parts constituting the relationship between Japanese cuisines

Fig. 17 Five paths with rankings obtained by (g,w/vc) and (de).

Fig. 18 Classification for relationships between CO2 and industries.

and Chinese cuisines. As discussed in Sect. 3, random walk
based methods always underestimate popular concepts; in-
versely, paths constituted by concepts having few links are
always overestimated. As shown in Table 2, these hotels
and restaurants have few links in Wikipedia. Therefore, the
naive methods based on CFEC overestimate paths consti-
tuted by concepts corresponding to these pages. However,
method (g,w/vc) mined many important concepts regardless
of how many links the concepts have.

We present five paths which are underestimated by the
naive method (de), in Fig. 17. The column “Score” repre-
sents the average scores given by the participants for each
path. Every one of the five paths is judged as important path
for its relationship by the participants. By reading the “Brief
Explanation,” we could understand the importance of every
path. The generalized flow based method (g,w/vc) correctly
ranks the five paths high. By contrast, method (de) inappro-
priately ranks the five paths very low just because elucida-
tory concepts in the five paths have many links. The number
in the parenthesis following each elucidatory concept repre-
sents its number of links. Again, we verified that the naive
method always inappropriately degrades paths containing
popular concepts.

From the above case studies, we ascertain that the gen-
eralized flow based method is more appropriate than the
naive methods for mining paths important to a relationship
in Wikipedia.

5.3 Case Study: Classification for Relationships

We present an example of our classification for relationships
from carbon dioxide, CO2, to the top-10 industries strongly
related to CO2. Our method discussed in Sect. 4.7 then clas-
sifies the 10 industries into three groups. Figure 18 presents
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the groups and the label for each group. By investigat-
ing the groups and the labels, a user could understand the
classification. In fact, the groups 0, 1, and 2 respectively
correspond to the tertiary sector, the secondary sector, and
the primary sector of the economy. The label for group 2
includes “Afforestation,” “Local production for local con-
sumption,” “Biodiesel,” “Biomass,” and “Biofuel,” which
are approaches performed in “Agriculture,” “Forestry,” or
“Fishing industry,” for decreasing CO2 emissions. The label
for group 0 also contains concepts related to CO2 emitted by
the industries in the group. For example, “Shima Spain Vil-
lage” is a famous amusement park in Japan, and “Senko Co.
Ltd.” is a Japanese Logistics company, both of which use
renewable energy; “Niigata” is one of the top three cities
having high CO2 emissions per capita in the transportation
industry of Japan. Similarly, the label for group 1 is help-
ful for understanding the relationships between CO2 and the
industries in group 1. Consequently, we confirmed that our
classification method could give a user a better understand-
ing of relationships.

6. Conclusion

We proposed a new approach for explaining a relationship
between two concepts by mining disjoint paths connecting
the concepts on Wikipedia. We achieved the approach by
proposing the naive method and the generalized flow based
method. Our experiments revealed that the generalized flow
based method is more appropriate than the naive methods
for mining paths important to a relationship. We confirmed
that the proposed technique of setting vertex capacity is very
effective in improving the generalized flow based method
for mining many disjoint paths. We ascertained that our
classification, proposed as an application of our approach,
is also helpful for understanding relationships.

In the future, we plan to implement the generalized
flow based method using parallel processing to accelerate
computation. We also plan to apply the mined paths for a
relationship to Web search of images and texts explaining
the relationship.

Acknowledgements

This work was supported by Grant-in-Aid for Scientific Re-
search(B) (20300036) and Grant-in-Aid for Young Scien-
tists (B) (23700116).

References

[1] Y. Koren, S.C. North, and C. Volinsky, “Measuring and extract-
ing proximity in networks,” Proc. 12th ACM SIGKDD Conference,
pp.245–255, 2006.

[2] X. Zhang, Y. Asano, and M. Yoshikawa, “A generalized flow based
method for analysis of implicit relationships on wikipedia,” IEEE
Trans. Knowl. Data Eng., Nov. 2011. IEEE Computer Society Digi-
tal Library.

[3] K. Nakayama, T. Hara, and S. Nishio, “Wikipedia mining for an
association web thesaurus construction,” Proc. 8th WISE, pp.322–
334, 2007.

[4] G. Jeh and J. Widom, “Simrank: A measure of structural-context
similarity,” Proc. 8th ACM SIGKDD Conference, pp.538–543,
2002.

[5] B. Zhang, H. Li, Y. Liu, L. Ji, W. Xi, W. Fan, Z. Chen, and W.Y.
Ma, “Improving web search results using affinity graph,” Proc. 28th
SIGIR, pp.504–511, 2005.

[6] H. Chen and D.R. Karger, “Less is more: Probabilistic models for re-
trieving fewer relevant documents,” Proc. 29th SIGIR, pp.429–436,
2006.

[7] C.L. Clarke, M. Kolla, G.V. Cormack, O. Vechtomova, A. Ashkan,
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