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ABSTRACT: We focus on measuring
relationships between pairs of objects in
Wikipedia whose pages can be regarded as
individual  objects. Two  kinds of
relationships between two objects exist: in
Wikipedia, an explicit relationship is
represented by a single link between the
two pages for the objects, and an implicit
relationship is represented by a link
structure containing the two pages. Some
of the previously proposed methods for
measuring relationships are cohesion-
based methods, which underestimate
objects having high degrees, although such
objects could be important in constituting
relationships in Wikipedia. The other
methods are inadequate for measuring
implicit relationships because they use
only one or two of the following three
important factors: distance, connectivity,
and co citation. We propose a new method
using a generalized maximum flow which
reflects all the three factors and does not
underestimate objects having high degree.
We confirm through experiments that our
method can measure the strength of a
relationship more appropriately than these
previously proposed methods do. Another
remarkable aspect of our method is mining
elucidatory objects, that is, objects
constituting a relationship. We explain that
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mining elucidatory objects would open a
novel way to deeply understand a
relationship.

Keywords: = Explicit and  Implicit
Relationships, Distance, Connectivity,
co citation, THT .

1.1 ANALYSIS OF
IMPLICIT RELATIONSHIP
ON WIKIPEDIA:

Searching Webpages containing a
keyword has grown in this decade, while
knowledge search has recently been

I INTRODUCTION

In Wikipedia, the knowledge of an
object is gathered in a single page updated
constantly by a number of volunteers.
Wikipedia also covers objects in a number
of categories such as people, science,
geography, politic, and history. Therefore,
searching Wikipedia is usually a better
choice for a user to obtain knowledge of a
single object than typical search engines.
A user also might desire to discover a
relationship between two objects.

For example, a user might desire to
know which countries are strongly related
to petroleum or to know why one country
has a stronger relationship to petroleum
than another country. Typical keyword
Search engines can neither measure nor
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explain the strength of a relationship. The
main issue for measuring relationships
arises from the fact that two kinds of
relationships exist they are “Explicit

Relationships” and “Implicit
Relationships.”
In  Wikipedia, an  explicit

relationship is represented by a link. For
example, an explicit relationship between
petroleum and Gulf of Mexico might be
represented by a link from page
“Petroleum” to page “Gulf of Mexico”. A
user could understand its meaning by
reading the text “Oil filed in Gulf of
Mexico is a major petroleum producer”
surrounding the anchor text “Gulf of
Mexico” on page “Petroleum”. An Implicit
relationship is represented by multiple
links and pages. For example, an implicit
relationship between petroleum and the
USA.

It might be represented by links
and pages depicted in Fig.1 for an implicit
relationship between two objects, the
objects have to except the two objects,
constituting the relationship is named
elucidatory objects because such objects
enable us to explain the relationship. For
the example described above, “Gulf of
Mexico” is one of the elucidatory objects.

The wuser can understand an
explicit relationship between two objects
easily by reading the pages for the two
objects in Wikipedia. By contrast, it is
difficult for the user to discover an implicit
relationship and Flucidatory objects
without investigating a number of pages
and links. Therefore, it is an interesting
problem to measure and explain the
strength of an implicit relationship
between two objects in Wikipedia.

Several methods have been
proposed for measuring the strength of a
relationship between two objects on an
information network (V,E)a directed graph
where V is a set of objects; an edge (u, v)
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to E exists if and only if object uto V has
an explicit relationship from vto V .

Itis bounded on the
(4) Gulf of Mexico northeast, north and
northwest by the Gulf
)4 JohnF. Kennedy Caastof the USA

Petroleum Ollfed}—i'—[ Iraq war
Plastic J—l—{ Alabama

USS Gridiey (DLG-2 ,}—»—{L S Navy

Ol field in Gulf of
Mexico is a major
petroleum producer,

Fig. 1. Explaining the relationship between Pefroleum and the USA.

We can define a Wikipedia
information network whose vertices are
pages of Wikipedia and whose edges are
links between pages. Previously proposed
methods then can be applied to Wikipedia
by using a Wikipedia information network.
Concept “cohesion” exists for measuring
the strength of an implicit relationship.

CFEC proposed by Korean et al[1]

and PFIBF proposed by Nakayama et
al[2], [3] are based on cohesion.
We do not adopt the idea of cohesion
based methods, because they always
punish objects having high degrees
although such objects could be important
to some relationships in Wikipedia, as we
will "explain in Section 2.2 Other
previously proposed methods use only one
or two of the three representative concepts
for measuring a relationship like distance,
connectivity, and co citation, although all
the concepts are important factors for
implicit relationships.

Using all the three concepts
together would be appropriate for
measuring an implicit relationship and
mining elucidatory objects. We propose a
new method for measuring a relationship
on Wikipedia by reflecting all the three
concepts such as distance, connectivity,
and co citation to check the implicit
relationship. We measure relationships
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rather than similarities. As discussed in
[4], relationship is a more general concept
than similarity.

For example, it is hard to say
petroleum is similar to USA, but a
relationship exists between petroleum and
the USA. Our method uses a “generalized
maximum flow” [5], [6] on an information
network to compute the strength of a
relationship from object s to object t using
the value of the flow whose source is s and
destination is t. It introduces a gain for
every edge on the network. The value of a
flow sent along an edge is multiplied by
the gain of the edge. Assignment of the
gain to each edge is important for
measuring a relationship using a
generalized maximum flow.

We propose a heuristic gain
function utilizing the category structure in
Wikipedia. ~ We  confirm  through
experiments that the gain function is
sufficient to measure relationships
appropriately. We evaluate our method
using computational experiments on
Wikipedia. We first select several pages
from Wikipedia as our source objects.

We then compute the strength of
the relationship between a source object
and each of its destination objects, and
rank the destination objects by the
strength. By comparing the rankings
obtained by our method with those
obtained by the “Google Similarity
Distance” (GSD) proposed by Calibres and
Vita'nyi [7], PFIBF and CFEC, we
ascertain that the rankings obtained by our
method are the closest to the rankings
obtained by human subjects.

Especially, we ascertain that only
our method can appropriately measure the
strength of “3-hop implicit relationships”
which abound in Wikipedia. In an
information network, an implicit
relationship between two objects s and t is
represented by a sub graph containing s
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and t. We say that the implicit relationship
is a k-hop implicit relationship if the sub
graph contains a path from s to t whose
length is at least > 1.

Fig 1 depicts an example of a 3-
hop implicit relationship  between
“Petroleum” and the “USA.” Our method
can mine elucidatory objects constituting a
relationship by  outputting  paths
contributing to the generalized maximum
flow, that is, paths along which a large
amount of flow is sent. We will explain in
Section 4.5 that mining elucidatory objects
would ~open a novel way to deeply
understand - a  relationship.  Several
semantic search engines [8] have been
used for searching relationships between
two objects, using a semantic knowledge
base [9] extracted from web or Wikipedia.
However, the semantics in these
knowledge bases, such as “is called”,
“type” and “subclass of”’ are mainly used
to construct an ontology for objects.

Such semantic knowledge bases are
still far from covering relationships
existing in Wikipedia, such as “Gulf of
Mexico” is a major “petroleum” producer.
We do not utilize the semantic knowledge
bases for measuring relationships in this
paper. To understand the relationship
deeply the elucidatory objects are
examined in an appropriate manner.

1.2 MAJOR CONTRIBUTION
METHODS

The major contributions of this
paper are as follows:

1. A detailed and methodical
survey of related work for measuring
relationships or similarities (Section 2).

2. A new method using generalized
maximum flow for measuring the strength
of a relationship between two objects on
Wikipedia, which reflects the three
(Section 3).
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3. Experiments on Wikipedia
showing that our method is the most
appropriate one (Section 4.2).

4. Case studies of mining
elucidatory objects for deeply
understanding a relationship (Section 4.5).

These contributions are majorly
used to find out the implicit relationship
existing between each and every object in
the Wikipedia. The similar relationships
are identified by the methodical survey
whereas the minimum and maximum
strength between two objects depicts in the
section 3.

The experiments -and case studies
of elucidatory objects are widely used to
understand the relationships deeply
without any confusion and congestion.
Therefore all these four contributions are
necessary to construct an implicit
relationship in a generalized flow
methodology. We confirm through
experiments that the gain function is
sufficient ~to  measure relationships
appropriately. We evaluate our method
using computational experiments on
Wikipedia. We first select several pages
from Wikipedia as our source objects and
for each source object we select several
pages as the destination objects.

2. MEASURING IMPLICIT
RELATIONSHIP BETWEEN TWO
OBJECTS ON WIKIPEDIA

We aim to measure implicit
relationships between two objects on the
Wikipedia information network. Although
relationship is a more general concept than
similarity, we discuss existing methods for
measuring  either  relationships  or
similarities, in this section.

2.1 DISTANCE, CONNECTIVITY, CO
CITATION

The Erdo’s number [10] used by
mathematicians is based on distance and
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co authorships. The legendary
mathematician Paul Erdo”s has a number
0, and the people who co wrote a paper
with Erdo”s have a number 1 the people
who co wrote a paper with a person with a
number 1 have a number 2 and so on.

The Erdo’s number is the distance,
or the length of the shortest path, from a
person to FErdo’s on an information
network whose edge represents co
authorship; a shorter path represents a
stronger relationship. However, the Erdo’s
number is inadequate to represent the
implicit relationship between a person and
Erdo’s because the number does not
estimate the connectivity between them.
The hitting time [12] from vertex s to
vertex is defined as the expected number
of steps in a random walk starting from s
before t is visited for the first time.

Actually, the hitting time from s to
t in a network represents the average
length of all the paths connecting s and t.
Sarkar —and ' Moore  [12] proposed
“Truncated _Hitting Time” (THT) to
compute the average length of paths
connecting two vertices whose length are
at-most Lmax only. A smaller distance
represents a larger similarity.

THT does not estimate the
connectivity between two vertices presents
in the hitting time vertices. For example,
suppose only m_1 vertex disjoint paths of
length k connect s to t. THT computes the
distance from s to t to be k for any m_1.
We compare our method with THT
through experiments in Section 4. The
connectivity [5], more precisely the vertex
connectivity, from vertex s to vertex t on a
network is the minimum number of
vertices such that no path exists from s to t
if the vertices are removed.

S has a strong relationship to t if
the connectivity from s to t is large. The
connectivity from s to t is equal to the
value of a maximum flow from s to t,
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where every edge and vertex has capacity
1. However, the distance cannot be
estimated by the maximum flow because
the amount of a flow along a path is
independent of the path length. Lu et al.
[13] proposed a method for computing the
strength of a relationship using a
maximum flow.

They tried to estimate the distance
between two objects using a maximum
flow by setting edge capacities. However,
the value of a maximum flow does not
necessarily decrease by setting - only
capacities even if the distance becomes
larger. Therefore, their method cannot
estimate the distance successfully by the
value of the maximum flow. Instead of
setting capacities, we use a generalized
maximum flow by setting every gain to a
value less than one. Therefore, the value of
a maximum flow in our method decreases
if the distance becomes longer when
compared with the similar one.

Co citation-based methods assume
that two objects have a strong relationship
if the number of objects linked by both the
two objects is large [14]. On the other
hand, co occurrence is a concept by which
the strength is represented by the number
of objects linking to both objects. The
“Google Similarity Distance” proposed by
Calibres and Vitanyi [7] can be regarded
as a co-occurrence based method; it
measures the strength of a relationship
between two words by counting of w
Webpages containing both words.

That is, it implicitly regards the
Webpages as the objects linking to the two
objects representing the two words. In an
information network, an object linked by
both objects becomes an object linking to
the both if the direction of every edge is
reversed. Therefore, co-occurrence can be
regarded as the reverse of the co citation.
We then include co-occurrence-based
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methods among co-citation-based methods
in this paper.

Milne and Witten [15] also
proposed methods measuring relationships
between objects in Wikipedia using
Wikipedia links based on co citation. Co
citation-based methods cannot deal with a
typical implicit relationship, such as
“person w is regarded as a friend by person
v who is regarded as a friend by person u.”
This relationship is represented by the path
formed by two edges (u, v) and dv;wb. In
contrast, measure the typical implicit
relationship.

However, we observed that
SimRank computes the strength of the
relationship = represented by a path
constituted by an odd number of edges to
be 0, even if all edges are bidirectional.
For example, SimRank computes the
strength of the relationship between u and
w to be O if the relationship is represented
by path du;wP or du; vO; vl; wb. Such
paths abound in the Wikipedia information
network. Therefore, SimRank 18
inappropriate for measuring relationships
on Wikipedia.

Instead of setting capacities, we use
a generalized maximum flow by setting
every gain to a value less than one.
Therefore, the value of a maximum flow in
our method decreases if the distance
becomes longer. Co citation-based
methods assume that two objects have a
strong relationship if the number of objects
linked by both the two objects. Such paths
bounds in the Wikipedia information
network. Implicit relationship between
“Petroleum” and the “USA.” Our method
can mine elucidatory objects constituting a
relationship by outputting paths using the
contribution methods.

By contributing to the generalized
maximum flow, that is, paths along which
a large amount of flow is sent. We will
explain in Section 4.5 that mining
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elucidatory objects would open a novel
way to deeply understand a relationship.
Several semantic search engines have been
used for searching relationships between
two objects, using a semantic knowledge
base extracted from web or Wikipedia.

2.2 COHESION

In the field of social network
analysis, cohesion-based methods are
known to measure the strength of a
relationship by counting all paths between
two objects. The original cohesion was
proposed by Hubbell [17], Katz [18],
Wasserman and K. Faust [19]. It has a
property that its value greatly increases if a
popular object, an object linked from or
too many objects, exists.
As pointed out in other researches [20],
[1], [2], this property is a defect for
measuring the strength of a relationship.

Several cohesion-based methods,
such as PFIBF and CFEC explained
below, were proposed to dissolve this
property. Nakayama et al[3], [2] proposed
a cohesion-based method named PFIBF.
Instead of enumerating all paths, PFIBF
approximately counts paths ‘whose length
is at most k>0 using the kth power of the
adjacency matrix of an information
network. However, in the kth power of the
matrix, a path containing a cycle whose
length is at most k _1 would appear.

PFIBF cannot distinguish a path
containing a cycle from a path containing
no cycle. For example, if k_3 and two
edges (u, v) and dv; uP exist, then PFIBF
counts both path (u, v) and path du; v; u;
vP containing a cycle du; v; ub.
Consequently, PFIBF has a property that it
estimates a single path, e.g., (u, v) in the
above example, for multiple times. The
length of a cycle is at least two. No path
containing a cycle appears if k_2.
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In fact, PFIBF usually sets k Y4 2.
Therefore, PFIBF is inappropriate for
measuring a 3-hop implicit relationship.
However, a number of 3-hop implicit
relationships exist in Wikipedia. The
“Effective Conductance” (EC) proposed
by Doyle and Snell [21] is a cohesion-
based method also. EC has the same
drawback as PFIBF, it counts a path
containing a cycle redundantly.

Koren et al[1] proposed cycle-free
effective conductance (CFEC) based on
EC by solving this drawback.

For a positive integer k, CFEC
enumerates - only the k-shortest paths
between s and t, instead of computing all
paths. CFEC does not wuse a path
containing a cycle, although it cannot
count all paths. We below explain that
CFEC and PFIBF are unsuitable for
measuring  relationships in  Wikipedia
because of popular objects.

2.21.  POPULAR OBJECTS IN
WIKIPEDIA

In contrast to the original cohesion,
PFIBF and CFEC underestimate a popular
object. CFEC defines the weight of path.
The property is suitable for several kinds
of networks in which popular objects are
considered as noise, such as stop words or

portal sit.
pathp=(s=v,vy,...,5=1) from s to t as

-

1
wiv;, v;
”"wm(”l) H ( - H—l):
i-1

W (V)

[}
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_ to this example in Wikipedia. , the three
edge weight = | . .
concepts, distance, connectivity, and co
o000 | citation, are important concepts for
— 8V vy i i ips; ion-
".‘» -5 9 8 | measuring relatlopshlps, cohesion l?ased
oV oV 1 methods underestimate popular objects,
(a) va[t]  CFEC(s 14122 although popular objects might be

(b) Zn

Fig.2 CFEC on two networks.

However, this -~ property would
cause undesirable influences if popular
objects might be important for a
relationship. In Wikipedia, pages of
famous people, places or events, are
written to be long and detail these pages
are linked from and linking too many other
pages. Therefore, many popular objects
existing on_ the Wikipedia information
network represent famous people, places
or events. Such popular objects might be
important to some relationships.

Let wus consider the implicit
relationship between the “Rice” and
“Koizumi” depicted in Fig.3 Bush was the
President of the USA, and Rice worked
under the administration of Bush. Koizumi
and Olmert were the prime ministers of
Japan and Israel, respectively.

Koizumi and Olmert were the
prime ministers of Japan and Israel,
respectively. The numbers of objects
linked from or linking to “Bush” and
“Olmert” are 1,265 and 289, respectively,
in Wikipedia. CFEC and PFIBF assign a
smaller weight to path Pbush containing
“Bush” than that to path POlmert
containing “Olmert” because ‘“Bush” is
more popular, although path PBush would
be not less important than path POlmert in
this example. There are many cases similar

CFEC{s 20126 144 14 15

important for relationships in Wikipedia to
represent the relationship between the rice
and koizumi.

Potng

h

Junichiro
Koizumi

Fig 3. A Relationship between
Rice and Koizumi

Therefore, we propose a
generalized maximum flow-based method
which reflects all the three concepts and
does not underestimates popular objects, in
order to measure relationships on
Wikipedia appropriately. For example,
“The Pacific War” category is a
descendant  category of the “Thailand”
category. Such  irrelevant descendant
categories should be excluded from the
group for ci.

We observed that most of the
irrelevant descendant categories of ci are
not direct children of ci, and such
categories are usually linked from more
than three categories other than kin
categories of ci. The three categories are
distance, connectivity and co citation.
Where distance is the length of the shortest
path and it represents a stronger
relationship between the other remaining
two categories equally all the time.

George W, Bus

3. METHOD FOR ANALYSIS OF
IMPLICIT RELATIONSHIPS USING
GENERALIZED FLOW

The numbers of objects linked
from or linking to “Bush” and “Olmert”
are 1,265 and 289, respectively, in
Wikipedia. CFEC and PFIBF assign a
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smaller weight to path Pbush containing
“Bush” than that to path POlmert
containing where w(u, v) is the weight of
edge (u,v) and wsumdvPp is the sum of the
weights of the edges going from vertex v.

Therefore, the weight of a path
becomes extremely small if a popular
object exists in the path. The strength C9s;
tb of the relationship between s and t is the
sum of the weights of all paths from s to t.
Fig.2 depicts two networks and all the
paths between s and t. For simplicity, let
the weight of every edge be one. The
wsum of each vertex is written in the
rectangle near the vertex.

The weight of each path is
presented at the right side of the path. For
the network G1 depicted in Fig.2a, the
wsum of s is 2, and the weight of path Js;
vl; v2; tP is 1. Cds; tP for G1 is 2, which
is equal to the connectivity between s and
t. If we add two edges dv2; v3P and dv3;
v2P to G1, then we obtain network G2 in
Fig.2b.

Two vertices v2 and v3 become
more popular in G2 than they are in Gl,
and C0s; tP decreases from 2 in Gl to 1.5
in G2. Consequently, CFEC  has the
property that it could estimate the strength
of a relationship smaller if popular objects
exist. Similarly, PFIBF has the same
property. The property is suitable for
several kinds of networks in which popular
objects are considered as noise, such as
stop words or portal sites.

However, this property would
cause undesirable influences if popular
objects might be important for a
relationship. In Wikipedia, pages of
famous people, places or events, are
written to be long and detail.

These pages are linked from and
linking to many other pages. Therefore,
many popular objects existing on the
Wikipedia information network represent
famous people, places or events. Such
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popular objects might be important to
some relationships. Let us consider the
implicit relationship between the “Rice”
and “Koizumi” depicted in Fig.3.

Bush was the President of the
USA, and Rice worked under the
administration of Bush. Koizumi and
Olmert were the prime ministers of Japan
and Israel, respectively. The numbers of
objects linked from or linking to “Bush”
and “Olmert” are 1,265 and 289,
respectively, in Wikipedia. CFEC and
PFIBF assign a smaller weight to path
Pbush containing “Bush” than that to path
POImert containing “Olmert” because
“Bush” is more popular, although path
PBush would be not less important than
path POImert in this example.

There are many cases similar to
this example in Wikipedia. Therefore, the
popularity of an object is essentially
independent of the strength of a
relationship in Wikipedia. We ascertain in
Section 4.2 that CFEC and PFIBF are
unsuitable for measuring relationships on
Wikipedia. As discussed in Section 2, the
three concepts, distance, connectivity, and
co citation, are important concepts for
measuring relationships; cohesion-based
methods underestimate popular objects,
although popular objects might be
important for relationships in Wikipedia.

Therefore, we propose a
generalized maximum flow-based method
which reflects all the three concepts and
does not underestimates popular objects, in
order to measure relationships on
Wikipedia appropriately.

In Wikipedia, to rank the
relationships between two objects, the link
will be measured among two pages and
that represent the relationship. The
Existing system could measures the
relationship and it based on one or two
methods of the following factors that is the
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distance, the connectivity and the co
citation.

3.1 GENERALIZED
FLOW

The generalized maximum flow
problem is identical to the classical
maximum flow problem except that every
edge e has a gain 0eP>0; the value of a
flow sent along edge e is multiplied by
deb. Let foeP_0 be the flow f on edge e,
and deP_0 be the capacity of edge e. The
capacity constraint fdeP , deP must hold
for every edge e.

The goal of the problem is to send
a flow emanating from the source vertex s
into the destination vertex t to the greatest
extent possible, subject to the capacity
constraints. Let generalized network G =
(V, E, s, u, t, r) be information network 8V
; EP with the source s to V, the destination
t to V, the capacity and the gain.

MAXIMUM

R
capactty:gain I
—_— ~
Fig.4 Generalized Maximum Flow
Fig.4 depicts an example of a
generalized maximum flow on a
generalized network. One unit of flow is
sent from the source s to vl, i.e., f0s; v1P
% 1, the amount of the flow is multiplied
by _0s; v1P when the flow arrives at vl1.
Consequently, only 0.8 units arrive at vl.
In this way, only 0.512 units arrive at the
destination t. The capacity constraint for
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edge e ¥ (u, v) must hold before the gain
is multiplied with fds; viP %4 1 _8s; v1P
must hold, for example. We propose a new
method for measuring the strength of a
relationship  using the  generalized
maximum flow. The value of flow f is
defined as the total amount of f arriving at
destination t.

To measure the strength of a
relationship from object s to object t, we
use the value of a generalized maximum
flow emanating from s as the source into t
as the destination; a larger value signifies a
stronger. relationship. We regard the
vertices in. the paths composing the
generalized maximum flow as the objects
constituting -~ the  relationship. @~ We
qualitatively ascertain the claim that our
method can reflect the three representative
concepts explained in Section 2 distance,
connectivity and co citation.

Fig. 5 A Doubled Network

Therefore, a shorter path means a
stronger relationship in our method also.
We then discuss the connectivity. In
methods based on connectivity, a strong
relationship is represented by many vertex
disjoint paths from the source to the
destination. The number of vertex disjoint
paths can be computed by solving a
classical maximum flow problem.

The generalized maximum flow
problem is a natural extension of the
classical maximum flow  problem.
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Therefore, it also can be used to estimate
the connectivity. We discuss the co
citation at last.

A flow emanates from the source
into the destination, and therefore the flow
seldom uses an edge whose direction is
opposite that from the source to the
destination. On the other hand, we require
use of both directions to estimate the co
citation of two objects. We consider the
relationship between two objects s and t in
the network presented in Fig.5a. Object u
is co cited by s and t.

This co citation is represented by
two edges 0s; ub and dt; ub. However, we
were unable to send a flow from s to t
along the two edges, unless we reverse the
direction of the edge Ot; uP to du; tb.
Therefore, we construct a doubled network
by adding to every original edge in G a
reversed edge whose direction is opposite
to the original one. For example, Fig.5b
depicts the doubled network for the
network presented in Fig.5a. We present
the definition of a doubled network.

Defimiion 1. Let G = (V,E,s,t ) e o goneralzd -
ok, and ev: £ - 0,1] be o rered e i nchin
for G. The dobld et ok Gy =

=(V.E st ) of G
rev i defnd s folloes: ' consist of oo ypes ofedpes: 1
ey edge efut) € E i plelu,)) = plefu)) ond
Ylel ) = el o)) and 2) one reversd e 0,1
forenery e e{u, 1) € £t e 00 = el ] and

1 ((-rr‘r‘(i": ”‘)) - 1(’1,([(11:1,.)),

A flow on the original network
satisfies the capacity constraint, that is, the
flow is sent along each (u,v) by at most
_0e(u,v)b. The constraint is satisfied on
the doubled network if we introduce a new
constraint fde(u,v)Pfdoerevov; ubbP¥% 0 for
flow f. Fortunately, the value of the
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generalized maximum flow on a doubled
network is unchanged even if the new
constraint is introduced. That is the value
of a flow f and G can be doubled by the
network and g be a generalized maximum
flow in G to satisfy the constrain equation.

Therem 1,2 e e ofa o nd G, el

o, and g e o cenenlzed i Ao n G Lt g
be o maximun flow in G, sefisying the constraint Hha
0u€)9elexes) = 0 for each pair of the edges e and e,,,. Then
equation |g| = g, holds,

To prove this theorem, we explain
a proposition about a flow-absorbing cycle
[6]. A cycle is called flow absorbing if the
product of the gains of the edges
composing the cycle is less than 1.
PROPOSITION 1:

A generalized flow can be
converted into another generalized flow
containing no flow-absorbing cycles by
cancelling  the flow-absorbing cycles.
Cancelling flow-absorbing cycles does not
decrease the value of the flow.

Proof of Theorem 1. Because infroducing a constraint does
not increase the value of the maximum flow, g > g..
For each pair ¢ and e, not satisfying the constraint
gle)gler) = 0, there is a flow-absorbing cycle composed

of ¢ and e,,,. By canceling every such a flow-absorbing
cycle, we can obtain flow ¢ satistying ¢'(e)q/(ey,) = 0 for
every pair. Because g, is the maximum flow satisfying
the constraint, |5, > [¢/|. On the other hand, |¢| > |g
holds by Proposition 1. Therefore, |¢| = |g = |g.| O

In order to determine the
proposition, first consider what kinds of
explicit relationships are important in
constituting an implicit relationship. In a
generalized max-flow problem, a path
composed of edges with large scan
contributes to the value of a flow. To
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realize such a gain assignment, construct
groups of objects in Wikipedia. Categories
cannot be used as groups directly because
the category structure of Wikipedia is too
fractionalized. Mutation can result in
several different types of change in
sequences, Mutations in genes can either
have no effect, alter the product of a gene,
or prevent the gene from functioning
properly or completely.

If there is much irrelevant and
redundant information present or noisy and
unreliable data, then knowledge discovery
during the training phase is more difficult.
Data preparation and filtering steps can
take considerable amount of processing
time.

3.2 GAIN
WIKIPEDIA

In order to determine the gain
function, we consider what kinds of
explicit relationships are important in
constituting an implicit relationship.
Suppose ‘an American politician AQ is
trying to send a message to a Japanese
politician JO in the real life; AO has no
explicit relationship to JO, and another
American politician Al and an Israeli
politician 10 have respective explicit
relationships to JO.

In this case, AO would tend to ask
A1, rather than IO, to help transferring the
message to JO. AO could contact Al easily
compared to JO because AO and A1 belong
to the same group “American politician.”
We  therefore regard the explicit
relationship between Al and JO as
primarily important in constituting the
relationship between A0 and JO.

For the example depicted in Fig.3,
“Rice” would send a message to
“Koizumi” through “Bush” rather than
“Olmert,” an Israeli politician. Let a

FUNCTION FOR
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“group” be a set of similar or related
objects, such as American politicians, or
Japanese politicians. We adopt the
following three assumptions, based on the
discussion above, for analyzing an implicit
relationship between object s in group S
and object t in group T.

1. Explicit relationships between an
object in S and an object in T are primarily
important, such as that between “Bush”
and “Koizumi” in the example above.

2. Explicit relationships between
objects in S or objects in T are secondarily
important, such as that between “Rice” and
“Bush” in the example.

3. Explicit relationships connecting
objects in other groups rather than S and T
are unimportant, such as that connecting
“Rice” and “Olmert” in the example.

We have observed a number of
relationships in Wikipedia, and these
assumptions have been true in most cases.
We will ascertain that these assumptions
are effective in measuring relationships on
Wikipedia _in ~ Section 4.3 through
experiments.

Implicit relationships constituted of
many important explicit relationships are
strong. In a generalized max flow problem,
a path composed of edges with large gains
can contribute to the value of a flow.
Therefore, we assign a larger gain to edges
representing important explicit
relationships to measure relationships.

To realize such a gain assignment,
we need to construct groups of objects in
Wikipedia. In Wikipedia, the page
corresponding to an object belongs to at
least one category. For example, the
Japanese politician “Junichiro Koizumi”
belongs to the category “Members of the
Diet of Japan.” We then could define the
pages belonging to a same category as a

group.

3.2.1 CATEGORY GROUPING
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A category ci representing a
concept might have descendant categories
each representing its sub concept. We
should aggregate ci and its descendant
categories as a group for ci. However, a
part of descendant categories do not
represent sub concepts of one represented
by ci. For example, “The Pacific War”
category is a descendant category of the
“Thailand” category. Such irrelevant
descendant categories should be excluded
from the group for ci. We observed that
most of the irrelevant descendant
categories of ci are not direct children of
ci, and such categories are usually linked
from more than ~ three categories.
Therefore, we decide to construct a
“category group” for a specified category
ci in the following way.

For category ci of Wikipedia, let
AdciP be the set of sibling categories of ci,
parent categories of ci, grandparent
categories of ci, and brother categories of
the parents or the grandparents. Categories
in AdciP are depicted by trapezoids in
Figh. A Wikipedia is a type of content
management system, it differs most other
such systems in that the content is created
without any defined owner or leader, and
Wikipedia have some implicit structure
allowing to emerge according to the needs
of the users. The Wikipedia is the most
famous wiki on the public web, but there
are many sites running different kinds of
wiki software.

Let DdciP be the set of descendant
categories of ci, which are depicted by
triangles in Fig 6. We regard AdciP [
DdciP [ fcig is the set of kin categories of
ci. Categories other than the kin categories
are depicted by stars in Fig 6. We then
regard a category in DdciP as an Irrelevant
descendant if the category is not a child of
ci and is linked from ci.
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Fig. 6 Grouping for Category ci

Irrelevant descendants are depicted
by filled triangles in Fig 6. Let DOdciP be
a subset of DdciP, which is obtained by
removing the irrelevant descendants from
DOdcib. Then, we define D0dciP [fcig as
the category group for ci. However,
categories cannot be used as groups
directly because the category structure of
Wikipedia is too fractionalized. Therefore,
we aggregate related categories as groups
at below.
3.2.2 THE GAIN FUNCTION

We now propose the gain function
for Wikipedia. Given a relationship
between two objects s and t, we construct
two sets S and T of objects belonging to
the same groups as s and t belongs to,
respectively, in the following way. We
first specify a set Cs of categories to which
s belongs. Similarly, we specify a set Ct
for t. In Wikipedia, a page is allocated to
several categories. It is simple to use all
the categories allocated to s or t as Cs or
Ct, respectively. However, several
categories contain too many unrelated
pages. For example, category ‘“Living
people” for page “George W. Bush”
contains many people totally unrelated to
each other. Such categories are unsuitable
for grouping related objects.
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Therefore, through the paper we
assume that such categories are manually
removed from Cs or Ct. In preliminary
experiments, we ascertain that using the
assumption improves the precision of our
method slightly. Alternatively, it is
possible to determine categories for pages
automatically using the query domain
detection method proposed by Nakatani et
al. [22].

{ 0
» 9
oob & 0 %é
&gé %%
iy v

unimportant

dle)=3 _ die)=3

Fig. 7 Gain Function

We then construct a category group
for every category in Cs. The set S for s
consists of objects belonging to any
category in the category groups for Cs.
Similarly, we obtain the set-T for t. The
assumptions discussed in the beginning of
this section can be formalized using S and
T respectively every time.

The edges (u, v) such that u
ue SAveT or ue ThveS  are  the

edges representing primarily important
explicit  relationships. = The  edges
representing secondarily important explicit
relationships are inside S or T, and the
edges representing unimportant explicit
relationships are outside S and T.

In order to determine the gain
function, first consider what kinds of
explicit relationships are important in
constituting an implicit relationship. In a
generalized max-flow problem, a path
composed of edges with large gain scan
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contributes to the value of a flow. To
realize such a gain assignment, construct
groups of objects in Wikipedia. Fig 7
illustrates the three kinds of edges and
reveals that edges distant from primarily
important edges are  unimportant.
Therefore, we assign the gain for an edge e
Y (u, v) depending on a distance function
d(e), defined as follows:

If
wue SAvET or ue TAvVES . then
d(e) 4 0;

ifu€S~rve

S oru 2T v 2 T, then
dley=0,ifue SAve
setto 1

Plus the number of edges,
including e itself, in the shortest path from
e to arbitrary vertex in S or T, computed
by ignoring the directions of edges. Fig 7
depicts the definition of d(e). We express
the gain function for edge e depending on
d(e) with two parameters a and [ as

Ye)=axf 0<a<1,0<f<,

otherwise, d(e) is

and the reverse gain function is
represented with parameter A as

rev(ie) = A x y(e),0 <A < 1.

If the value of a is fixed, a smaller
B produces larger differences between the
gains for edges representing primarily
important explicit relationships and those
for other edges. A is used to adjust the
importance of a reversed edge. We
conduct experiments to determine a, 3, and
A in Section 4.3.

Categories cannot be used as
groups directly because the category
structure ~ of  Wikipedia is  too
fractionalized. Mutation can result in
several different types of change in

All Rights Reserved © 2018 IJARTET 266



=

Vol. 5, Special Issue 4, February 2018

sequences, Mutations in genes can either
have no effect, alter the product of a gene,
or prevent the gene from functioning
properly or completely.

3.3 SUMMARY OF THE PROPOSED
METHOD

We summarize our method for
measuring a relationship from s to t as
follows:

1. Construct a generalized network
G=(V, E, s, t, i, y) containing s and t from
Wikipedia, by determining the parameters
and explained in Section 3.2. We set the
capacity of every edge to one.2. Determine
the parameter explained in Section 3.2 for
reversed edge gain rev for G, and construct
the doubled network Grev of G for rev.3.
Compute a generalized maximum flow g
in Grev.

2. Let deg doP denote the number
of objects linked from or to object o in
Wikipedia. Output the value of the flow

divided by degls) = deg(t)

strength of the relationship.

3.. As those constituting the
relationship,  output  several  paths
contributing to the flow.Computation on a
large network is practically impossible.As
discussed in [1], [16], only a part of the
network is significant for measuring a
relationship.

For Wikipedia, we construct G at
step 1 using pages and links within at most
k hop links from s or t in Wikipedia.
Careful observation of pages in Wikipedia
revealed that several paths composed of
three  links  are  interesting  for
understanding a relationship, although we
were able to find few interesting paths
composed of four links. Furthermore, in
preliminary experiments, we constructed G
using three and four hop links, separately,
and obtained the ranking according to the
strength of relationships computed by our

the
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method. However, the ranking obtained
using four hop links is almost identical to
that obtained using three hop links.
Therefore, we usually set k %4 3 at step 1.
Our method can be applied to both
directed network and undirected network.

For an undirected network, we set
_ %l to use both directions of an edge
equally. We construct the generalized
network G for s and t using pages and
links within at most 3 hop links from s or t
in Wikipedia. G becomes large if degdspP
or degdtp is large, and vice versa. The size
of G affects the value of the generalized
maximum flow; the value becomes large if
the size is large. Consequently, the value
of the flow becomes large if degdsPor
degdth is large. On the other hand, the
strength of the relationship between s and t
is expected to be independent of degdsp
and degotb.

Therefore, we decide to divide the
value of ~the flow by function

D(s,t) = \/rff:‘g{s]  deg(t)
step 2.

at

{58) = el deft) or s, = g et

We also tried several other
functions such as in the preliminary
experiments, we observed that D(s, t)
performs the best among all functions,
because D(s, t) represents the effect of the
size of G on the value of the flow more
closely than DO or D0OO does. If we use DO
instead of D, then the value of DO
excessively dominates the strength of a
relationship, because the value increases
much faster according to the increase of
degdsP and degdtpb than the effect of the
size G does; on the other hand, the value of
D00 is too small to represent the effect.

For creating a ranking according to
the strength of relationships from a fixed
source s to several destinations.
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We compute the strength of
relationships by dividing the value of a

flow by Videg(t), pecause estimating

Vdeg(t), does not affect the ranking. [11]
proposed a system in which FASTRA
downloads and data transfers can be
carried over a high speed internet network.
On enhancement of the algorithm, the new
algorithm holds the key for many new
frontiers to be explored in case of
congestion control. The congestion control
algorithm is currently running on Linux
platform. The Windows platform is the
widely used one. By proper Simulation
applications, in Windows we can
implement the same congestion control
algorithm for Windows platform also. The
Torrents application which we are
currently using can achieve speeds similar
to or better than —Rapid share (premium
user) application

VI CONCLUSION

We have proposed a new method
of measuring the strength of a relationship
between two objects on Wikipedia. By
using a generalized maximum flow, the
three representative concepts, - distance,
connectivity, and co citation, can be
reflected in our method. Furthermore, our
method does not underestimate objects
having high degrees.

We have ascertained that we can
obtain a fairly reasonable ranking
according to the strength of relationships
by our method compared with those by
GSD [7], PFIBF [3], [2], CFEC [1], and
THT [12]. Particularly, our method is the
only choice for measuring 3-hop implicit
relationships.

We have also confirmed that
elucidatory objects are helpful to deeply
understand a relationship. Some future
challenges remain. We are also interested
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in seeking possibilities of the elucidatory
objects constituting a relationship mined
by our method. We plan to quantitatively
evaluate the elucidatory objects. We are
developing a tool for deeply understanding
relationships by utilizing elucidatory
objects.

Thus this method can measure the
strength of a relationship between two
objects on Wikipedia and rank them.
Furthermore, this method does not
underestimate objects having high degrees.
This paper plans to form a relation tree, a
directed  tree with a wunique node
corresponding to the most recent common
ancestor of all the entities at the leaves of
the tree.
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