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E S
This document describes how some theories on memory and representation from cognitive
science can be used in the subsetting problem that WP2 addresses. The deliverable is structured into two separate but complementary lines of research (Chapters 2 and 3).
Chapter 2 (authored by José Quesada and Lael J. Schooler at the Max-Planck Institute
for Human Development in Berlin, Germany) looks at how memory structure can be used in
subsetting. Concretely, the statistical structure of semantic networks has been useful to predict different criteria of interest, such as fluency of word retrieval. Since RDF is a directed
graph, some network measures such as centrality may correlate with indices of interest in
a Knowledge base. We look at four different centrality measures: Betweenness, Closeness, Eigenvector, and PageRank. We look at the relationship between spreading activation
mechanisms and network structure. In ACT-R, activation spreads between chunks that are
connected by common elements. Even without knowing the details of how activation works
in ACT-R, it should be clear that the performance of the memory system will depend on
how the network of chunks are connected. In this document we set aside the detailed mechanisms of ACT-R spreading activation, exploring instead properties of the network structure,
but with an eye on the processing mechanism (spreading activation) that will capitalize on
that structure for effective retrieval. In fact, Pagerank is a special case of spreading activation. We use the IMDB database, (1.3 million movies, 1.5 million actors and 11 million
connections) as a first dataset. This is a bipartite network where actors connect to movies
(two different kinds of nodes). Most of the classical centrality measures are not defined on
bipartite networks (for example, PageRank is not). We describe in our method section how
we got around these initial problems. The results section shows that centrality measures do
not correlate with interest as measured by number of votes. We discuss why this might be
and what the consequences are for using centrality measures as a subsetting mechanism for
large knowledge bases.
Chapter 3, (authored by Yi Zeng, Haiyan Zhou, Ning Zhong, Yulin Qin, Shengfu Lu,
Yiyu Yao, Yang Gao at the International WIC Institute, Beijing University of Technology) is
entitled “Cognitive Memory Retention Based Starting Point for Query Extension and Granular Selection” and aims at removing the scalability barriers on the Semantic Web through
granular selection with a starting point which provides query extension from user interests.
In particular, user interests are acquired from user historical data (Web access log, publication, etc.) and derived based on cognitive memory retention models. Granular selection is a
notion for selecting data in the context of multiple levels and multiple views. Multi-level selection emphasizes on selecting data from the multi-level organization of knowledge, which
satisfies user needs in multiple levels. Multi-view selection emphasizes on selecting data
from different viewpoints to satisfy various user needs in different perspectives. Both of the
two strategies can reduce the selection process since they help users to locate on appropriate levels or views for selection and retrieval. Hence, the selection and retrieval processes
will be accelerated. Experimental results in literature search have been provided. In order
to inspire new selection paradigms, further studies on cognitive aspect of human granular
selection have been planned. A short report on recent program development progress is
provided.
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This document describes how some theories on memory and representation
from cognitive science can be used in the subsetting problem that WP2 addresses. The deliverable is structured into two separate but complementary lines
of research (Chapters 2 and 3).
Chapter 2 (authored by José Quesada and Lael J. Schooler at the Max-Planck
Institute for Human Development in Berlin, Germany) looks at how memory
structure can be used in subsetting. Concretely, the statistical structure of semantic networks has been useful to predict different criteria of interest, such as
fluency of word retrieval. Since RDF is a directed graph, some network measures such as centrality may correlate with indices of interest in a Knowledge
base. We look at four different centrality measures: Betweenness, Closeness,
Eigenvector, and PageRank. We look at the relationship between spreading
activation mechanisms and network structure. In ACT-R, activation spreads between chunks that are connected by common elements. Even without knowing
the details of how activation works in ACT-R, it should be clear that the performance of the memory system will depend on how the network of chunks are
connected. In this document we set aside the detailed mechanisms of ACT-R
spreading activation, exploring instead properties of the network structure, but
with an eye on the processing mechanism (spreading activation) that will capitalize on that structure for effective retrieval. In fact, Pagerank is a special case
of spreading activation. We use the IMDB database, (1.3 million movies, 1.5
million actors and 11 million connections) as a first dataset. This is a bipartite
network where actors connect to movies (two different kinds of nodes). Most of
the classical centrality measures are not defined on bipartite networks (for example, PageRank is not). We describe in our method section how we got around
these initial problems. The results section shows that centrality measures do not
correlate with interest as measured by number of votes. We discuss why this
might be and what the consequences are for using centrality measures as a subsetting mechanism for large knowledge bases.
Chapter 3, (authored by Yi Zeng, Haiyan Zhou, Ning Zhong, Yulin Qin,
Shengfu Lu, Yiyu Yao, Yang Gao at the International WIC Institute, Beijing University of Technology) is entitled “Cognitive Memory Retention Based
Starting Point for Query Extension and Granular Selection” and aims at removing the scalability barriers on the Semantic Web through granular selection
with a starting point which provides query extension from user interests. In
particular, user interests are acquired from user historical data (Web access log,
publication, etc.) and derived based on cognitive memory retention models.
Granular selection is a notion for selecting data in the context of multiple levels
and multiple views. Multi-level selection emphasizes on selecting data from
the multi-level organization of knowledge, which satisfies user needs in multiple levels. Multi-view selection emphasizes on selecting data from different
viewpoints to satisfy various user needs in different perspectives. Both of the
two strategies can reduce the selection process since they help users to locate
on appropriate levels or views for selection and retrieval. Hence, the selection
and retrieval processes will be accelerated. Experimental results in literature
search have been provided. In order to inspire new selection paradigms, further
studies on cognitive aspect of human granular selection have been planned. A
short report on recent program development progress is provided.
network, centrality, cluster, starting point, basic level, default view, user interest,
granular selection and reasoning, variable precision logic, acceleration
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1. General Introduction
To deal with the problems posed by massive, incomplete, and inconsistent sources of information, people have developed sophisticated methods for reasoning, decision making and
retrieving information. These very same problems need to be overcome in web-scalable semantic retrieval and reasoning. MPG (in Chapter 2) and WICI (in Chapter 3) address these
problems by taking their cues from the ACT-R (Adaptive Control of Thought-Rational) theory of cognition (Anderson et al., 2004; Anderson, 2007; act-r.psy.cmu.edu). In the ACT-R
frame work, the activation of a chunk of information in long-term memory is divided into
two sources: base level activation and associative activation. The former considers how frequently and recently the information has been needed in the past and the latter considers the
association of those chunks that comprise the current context, or query. Work in WICI is related to the base level activation. WICI explores whether summarizing a users histories with
base level activation accelerates their literature search. MPGs work relates to the spreading
activation. Both WICI and MPG explore what can be gained by considering RDF data sets
from the perspective of network structure. WICI emphasizes what strategies can exploit a
hierarchically structured network. For instance, WICI considers the effect of pivotal (important) nodes for selection in hierarchical networks. Their study suggests that this kind of
strategy is especially suitable for selection with time constraints. MPG explores whether
the structure of a knowledge base (i.e., the Internet Movie Database) can predict what information (i.e., movies) will be most likely to be relevant for users. In particular, they use
centrality measures borrowed from network statistics, which have recently been used to
characterize the structure of human semantic memory, as criteria for selection. In LarKC
deliverable 2.3.1, Cognitive Memories Components, MPG and WICI address the issue of
how to retrieve information based on past history and current context from complementary
perspectives, informed by ACT-Rs model of human memory.
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2.
Subsetting by centrality: Capitalizing on the network
structure of human memory and knowledge bases
2.1

Introduction

In the ACT-R framework (Anderson et al., 2004; Anderson, 2007), human memory is understood as an information retrieval system that has at its core a long-term memory composed
of “chunks” of information. Basically, a chunk is a set of slot-value pairs. Elements of the
current context can constitute a query to long-term memory to which the memory system
responds by retrieving the chunk that is most likely to be relevant. Although chunks are not
exactly equivalent to RDF triples, the analogy is suggestive.
In ACT-R chunks are tagged with activation that can be interpreted as an estimate of
the probability that each chunk in long-term memory is needed to fulfill the current processing goal. The mechanism that calculates activation in ACT-R (Anderson & Milson,
1989; Anderson & Schooler, 1991; Schooler & Anderson, 1997) performs the equivalent of
a Bayesian calculation that yields the posterior probability that any particular chunk will be
needed, given how frequently and recently it had been needed in the past and the association
of that chunk to elements in the current context, or query. In essence, the chunks that the
system retrieves at a given point can be seen as bets about what information will be needed.
One of the key contributions of this work is identifying strong statistical regularities in the
way in which information is needed. These regularities, found in patterns of word use in
language, social contacts (e.g., Anderson & Schooler, 1991; Schooler & Anderson, 1997),
and file access (Recker & Pitkow, 1996), were used to craft ACT-R’s activation calculations.
Activation spreads between chunks that are connected by common elements. Even without knowing the details of how activation works in ACT-R, it should be clear that the performance of the memory system will depend on how the network of chunks are connected. In
this document we set aside the detailed mechanisms of ACT-R spreading activation, exploring instead properties of the network structure, but with an eye on the processing mechanism
(spreading activation) that will capitalize on that structure for effective retrieval.
MPG has three primary goals with this chapter:
1. To get our feet wet with handling large structured data sets.
2. To see whether structural measures, borrowed from network analysis, which have been
of recent interest in work on semantic memory, hint at what part of the Knowledge
Base (KB) network may be a good subset.
3. To propose a way of subsetting a large KB based on the structural measures taken
from network analysis.
The chapter is divided into several sections. First, we present how network structure
has influenced cognitive theories. Second, we describe the problem of query-independent
subsetting and how it relates to network structure. Third, we introduce centrality measures.
Fourth, we present our hypotheses: that centrality measures may correlate with how interested visitors to Internet Movie Database (IMDB) find movies in the IMDB. Then, we
describe our methods and results. Finally, we discuss those results and point to future directions and conclusions.
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2.2

Network structure in cognitive science

Currently, network measures are used in the analysis of social, biological and technological
networks. However, to the best of our knowledge, semantic web practitioners, who indirectly depend on a graph representation, have yet to capitalize on this literature. Even in
cases where the researcher was interested in both semantic web and social networks (e.g.,
Mika, 2007, 2008) the methods for graph analysis were not applied to knowledge bases
directly (although see Graves, Adali, & Hendler, 2008).
Relevant analyses, however, have been carried out in cognitive science. Steyvers &
Tenenbaum (2005) explored the structure of human memory with tools from network analysis. They used the results of word association tests in which people are asked to say what
comes to mind when they are presented with a cue, such as “baby”. Based the responses of
thousands of people they constructed a directed graph, with links from cues to their associates (e.g., “baby” to “bottle”). They set out to see whether human associative memory had
a small world structure with well connected neighborhoods of concepts linked with most
other concepts through relatively short path lengths. It does. They also found this structure
in Wordnet.
Griffiths, Steyvers & Firl (2007) applied the PageRank algorithm to the same word
association data used by Steyvers & Tenenbaum. They demonstrated that the PageRank of
a word could be used to predict human performance on a semantic memory retrieval task.
They argued that the reason PageRank predicts as well as it does is because it is functionally
equivalent to a generic spreading activation mechanism. That is, a basic spreading activation
mechanism yields resting activations of concepts that are proportional to the PageRank of
the concepts.
For our initial experiments we use PageRank as our spreading activation mechanism.
Basically, we are ignoring the subtleties of the ACT-R equations that weight the links between chunks, govern how the activation of chunks decay, and other niceties of ACT-R’s
spreading activation mechanism. In future versions, we will implement ACT-R’s activation
mechanism faithfully. In addition, we hope to express ACT-R’s activation mechanism in
way that relates it mathematically to PageRank. After establishing the connection between
PageRank and ACT-R spreading activation, we should be able to piggy back implementations of spreading activation on implementations of PageRank. In short: PageRank is a
special case of spreading activation!

2.3

Query independent subsetting

One of the major goals of WP2 is subsetting. Subsetting is simple: given a large KB,
return a subset of it (that is, another KB that is smaller) that does not miss much important
information. Ideally, we would want a method that is both query-independent and KBindependent. As all search is context-dependent, a query-independent and KB-independent
subsetting method may seem very ambitious and unnecessarily hard goal. A subsetting
mechanism answers the question ’What is relevant?’ A query gives us a context: ’What
is relevant with respect to this query?’ Trying to do subsetting without a query leaves us
without many options. Can we say anything relevant on how to do subsetting without having
a context on what the user wants?
But as PageRank and the statistical analyses behind the ACT-R activation equations
have shown, there are regularities in how information is needed that are independent of any
particular query.
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In this chapter we will explore how far we can get without a context by propose an
approach to subsetting based on centrality measures borrowed from network analysis.
The reason we postpone query-based subsetting is that for such a thing we depend on
other facilities that are not yet available. For example, we would need to know if the user
queries come in the form of SPARQL, simple keywords or natural language. Each of these
pose different requirements (not necessarily trivial to implement or adapt from existing solutions). Once settled on a query system, we would need a dataset of queries by real users, as
well of some measure of what they chose from the results displayed (i.e., ’first-click’ data).
These are expensive to get, both time and money-wise. So for a first version, we decided to
focus on a (necessarily less efficient) query-independent way of doing subsetting.

2.4

Centrality measures

Centrality measures of a vertex determine the relative importance of the vertex within the
graph (for example, how important a person is within a social network, or a webpage within
the internet). These measures were originally used in sociology to define prestige (e.g.,
Wasserman & Faust, 1994) but since then they became popular in other disciplines including
citation networks, computer networks, and biological networks. Network researchers have
introduced a large number of centrality indices.
How do these network statistics relate to RDF? A collection of RDF statements intrinsically represents a labeled, directed multi-graph.
A multigraph or pseudograph is a graph which is permitted to have multiple edges, (also
called ”parallel edges”), that is, edges that have the same end vertices. Thus two vertices
may be connected by more than one edge. A labeled multigraph is a labeled graph with
labeled arcs. In the more direct interpretation of RDF as a graph, links will carry the action
(verb).
We will use an IMDB actor-movie network (described below in the Method section) as
an example. The actor-movie network we use is bipartite. A bipartite network consists of
two different kinds of vertices. The links only can exist between two vertices which are from
two distinct sets. The algorithms we are going to talk about here are ’tried and proven’ in
the social network literature for unipartite networks only. Bipartite networks pose a problem
for those algorithms.
The actor-movie network contains only one type of connection. In a sense we remove
the additional complexity of a labeled graph with different labels by allowing only one type
of connection: ”acts-in”. The actor-movie network does not allow parallel edges either,
since one actor can only act in a movie once.
So the actor-movie network is a great simplification compared to what an RDF graph
could be. But even with this simplification, the methods that we can import from social
network theory have problems, which we detail in the method and results sections.
Here we present five very basic measures of centrality that are widely used in network
analysis: degree centrality, betweenness, closeness, eigenvector centrality, and its close relative, PageRank (see Table 1). For each measure, we in addition comment on how long it
takes to calculate and why we believe it may help in providing a useful subset. We provide
an example network in Figure 1 that shows how these measures relate to each other.
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Degree centrality
This is the most basic centrality measure. It simply counts the number of vertices that have
links to a vertex. For directed networks, there is in-degree and out-degree.
Betweenness
Consider the character of Radar from the popular 1970’s television series M*A*S*H. While
he had the lowly rank of company clerk for the 4077th, in many ways he was the center
of power. The company clerks knew what was going on, when there was a problem, it
was the company clerks who solved it. In the network, the clerks formed the channels
of communication. The implication on the series was that without them the army would
collapse into isolated dysfunctional units. This cost of removing a vertex, such as Radar, is
what betweenness centrality measures.
In an RDF graph, interactions between two entities may be mediated by a third one.
Thus, entities that lie on the path of many entities carry special weight. For example, imagine
a chain like A isa B isa C. The reasoner should be able to infer A isa C. However, if a
subsetting plugin would remove B from the network, then the reasoning plugin may never be
able to infer that A isa C. This is captured by betweenness centrality. Removing a vertex with
high betweenness will harm reasoning. For example, removing a vertex high in betweenness
may produce two islands, leaving two large set of vertices unreachable (by connections to
other vertices).
Closeness
Closeness (Freeman, 1979) is the mean geodesic (i.e., shortest-path) distance between a
vertex and all other vertices reachable from it.The closeness centrality of a vertex is defined
by the inverse of the average length of the shortest paths to/from all the other vertices in
the graph. Closeness can be regarded as a measure of how long it will take information to
spread from a given vertex to others in the network. For a simple example, imagine you
are a tourist visiting a town. You want to get accommodation in a place that is the closest
to most attractions in that town. Closeness centrality will measure this. Note that both
closeness and betweenness requires solving the all-pairs shortest-paths problem, and this
has a time complexity of O(V3 ); fortunately, there are approximations to both that speed up
computation.
Eigenvector and PageRank
Eigenvector centrality is another measure of the importance of a vertex in a network. It
assigns relative scores to all vertices in the network based on the principle that connections
to high-scoring vertices contribute more to the score of the vertex in question than equal
connections to low-scoring vertices.
Let A be a linear transformation represented by a matrix A. If there’s a vector X such
that:
AX =λX
for some scalar λ, then λ is called the eigenvalue of A with corresponding eigenvector X.
Every square matrix A can be decomposed into eigenvalues and eigenvectors. There will be
many eigenvalues, but only the greatest eigenvalue results in the desired centrality measure.

15 of 59

FP7 – 215535
Deliverable 2.3.1

PageRank (Brin & Page, 1998) is a variation on the eigenvalue problem, where A is
based on the link structure of the internet. PageRank and eigenvalue centrality are bounded.
The basic idea behind PageRank is the probability that a random surfer would land in a
particular vertex.
Interestingly, Brin and Page considered PageRank to be a model of user behavior. In
their own words, the basic idea behind “[PageRank] is a ’random surfer’ who is given a web
page at random and keeps clicking on links, never hitting ”back” but eventually gets bored
and starts on another random page. The probability that the random surfer visits a page is
its PageRank.” (p. 4).
The complete algorithm that Google uses is a secret. It takes into account lots of other
factors, with only some of them known for obvious reasons1 . Some examples are physical
location, visual factors such as font size, and length of an URL. A particularly interesting
factor is anchor text, the text that describes the link and appears clickable to the end user.
Anchors often provide more accurate descriptions of web pages than the pages themselves.
It is an open question what proportion of the variance in ranking in the proprietary Google
algorithm is due to PageRank.
Connected components (clusters)
A connected component of an undirected graph is a subgraph in which any two vertices are
connected to each other by paths, and to which no more vertices or edges can be added while
preserving its connectivity (Wasserman & Faust, 1994). Consider for example communications among employees in an organization such as an office. If the office graph is connected,
then messages can travel from any employee to any other through pairwise communication.
In terms of triples, this means that any entity can be related to any other entity in the graph.

2.5

Hypothesis

For the rest of the analyses, we need to make an assumption: number of votes reflects
interest.
Note that while the average rating gives us information about the quality of a movie, the
number of votes reflects not quality but interest. That is, there might be movies with lots
of votes but a low average rating. If people took the time to vote those movies down, they
demonstrated a certain amount of interest in the movie, even if their opinion is negative.
Movies that don’t get any votes show that people do not pay any attention to them, or
do not care about the movie enough to spare time to review it or vote for it. These are the
movies that a subsetting mechanism for LarKC could leave out without harming information
retrieval measures much.
An ideal result could be as follows. Imagine a subset in which you take 80% of the
KB. If votes were evenly distributed, then we would expect to loose 20% of the votes in
our subset, but if we only lost 10% of the votes then that’s good subset. In other words, we
reduce the size of the KB by 20% but only lose 10% of the ’interest’.
1

Since having top ranking means lots of attention, companies and individuals spend a considerable amount
of time deliberately manipulating search engines for profit. A public search engine ranking algorithm would
be immediately exploited. The Google algorithm changes every few months and plays defensively because
the search engine optimization (SEO) professionals keep publishing even the slightest flaw that could give a
marketer an advantage.
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Table 2.1: Most common centrality measures and their time complexity.
Method
Formula
Time complexity
Degree

O(E)
Cd (v) =

deg(v)
n−1

Where deg(v) is the number
of connections that v has.
O(V3 )

Closeness
|v| − 1
Cv = P
i,v dvi
Where dvi is the distance between vertex d and i and |v| is
the number of vertices
Betweenness
Bv =

X

giv j /gi j

i, j,i,v, j,v

O(VE) time using Brandes’
(2001) algorithm;
parallelizable (Bader & Madduri,
2006).

Where giv j is the number of
shortest paths between i and j
that pass through v, and gi j is
the number of paths between
i and j that do not go through
v
Eigenvector

O(V)
Ev =

1
Aiv Ei , Ax = λx
λ

Where A is a matrix that represents a linear transformation, and lambda is the scaling factor (eigenvalue) in the
eigenvalue equation (right)
PageRank
|V|

X
1−d
Ev =
+d
Aiv Ei
|V|
i=1
d is the damping factor (set at
.85 in our experiment, as in
the original Brin and Page paper)
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Figure 2.1: All centrality measures applied to an example toy network.
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2.6

Method

Warning: Results will change. We have caught a bug on the mapping between IMDB ids
and vertex ids. The strange results in the graph, where PageRank does worse than random
may be due to this error.
Description of the KB: IMDB
The IMDB snapshot consists of 1.3 million movies, 1.5 million actors and 11 million connections between movies and actors, and total of 127 million votes. One can download
IMDB as plain text files and then transform those text files into a MySQL database. The
distribution of votes is J-shaped. Most movies have not received any votes, and some movies
collect a large number of votes. Since our database contained 11 million connections, this
would be the number of RDF triples we would need to handle if the data was in RDF format. It is not, but since both movies and actors have unique ids, they are good surrogates
for URIs. Note that some algorithms require us to place the connectivity matrix in memory.
All operations thus need to be performed within a sparse matrix format.
This is a bipartite network. A bipartite network (or bigraph) is a graph whose vertices
can be divided into two disjoint sets U and V such that every edge connects a vertex in U to
one in V; that is, U and V are independent sets (Wasserman & Faust, 1994).
Tools
We used igraph 0.6 package (Csardi & Nepusz, 2006). We should note that this is a development branch; the last stable version at the time of this writing is 0.5.1. However, we
needed this branch because the stable does not support bipartite graphs, and our actor-movie
network is obviously bipartite.
Igraph is implemented in C and has interfaces to python, ruby and R. We used the R (R
Team, 2004) interface.

2.7

Results

Betweenness
Betweenness was originally defined only for undirected graphs. This constitutes a rather
severe limit on its potential utility for directed graphs and social networks. There are now
ways to apply it on directed graphs (Borgatti & Everett, 1997) but they do not seem to be
available in igraph. When running betweenness on the directed graph, virtually all vertices
had a betweenness of zero; that is, the algorithm does not work. Thus, here we report
betweenness for the undirected graph case. This is a problem because RDF is clearly a
directed graph.
Overall, undirected betweenness does not correlate with rating not with number of votes,
see Table 2.2.
Time complexity
We have presented the time complexity measures in Table 2.1.
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In all formulas v is a certain vertex, V is the total number of vertices, and A is the
adjacency matrix of the network. An adjacency matrix is simply a square matrix where cells
represent the connections between nodes.
One can observe that Betweenness and Closeness are more demanding than Eigenvector,
degree and PageRank. Betweenness and Closeness are demanding because they need to
compute all paths in a network. For networks in the order of millions, we need to use an
approximation. For betweenness the approximation we used here is described in Brandes
(2001).
Table 2.2: Correlation between different centrality measures in an actor-movie network and
the criterion ‘number of votes’. Note that betweenness centrality was computed on an undirected version of this network.
Degree
Degree
Betweenness
Closeness
PageRank
Rank
Votes

Betweenness Closeness
Cutoff: 3 Cutoff: 3
0.38

0.67
0.25

PageRank

Mean IMDB
rating

Votes

0.61
0.21
0.16

-0.04
0
-0.05
-0.01

-0.01
0
-0.01
0
0.09

Closeness centrality
Closeness does not correlate with rating not with number of votes (see Table 2.2).
One possible reason for the lack of interesting results with betweenness and closeness
is that we computed an approximation only. This is necessary given the time complexity
of these measures (see Table 2.1). The approximation sets a cutoff of 3. However, see the
results on PageRank for an alternative (and more likely) explanation.
PageRank results
Note that PageRank and Eigenvector produce values so close that we only rectangular matrix
actor-movies. PageRank is defined for directed networks only; in fact, it would not make
sense for an undirected network. For an actor → movie network, the correlations were .61,
.21, and .16, with degree, betweenness and closeness respectively.
PageRank did not correlate with rating or votes, which was our main hypothesis.
As it stands, PageRank was not defined for bipartite networks. We could not find any
paper that used PageRank on a bipartite network. It may well not make any sense to apply
PageRank in this situation. However, the intuition behind the random surfer model is still
applicable.
We created a square matrix including the fact that some connections are not allowed.
In Figure 2.2, we show this way of converting a rectangular matrix into a square one (see
Borgatti & Everett, 1997).
This is a way to force our bipartite network into the common format that PageRank
expects. Applying PageRank to the square matrix produced different PageRank values, but
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Figure 2.2: Square matrix from the two-mode rectangular matrix. The grayed-out areas are
the original rectangular matrix and its transpose. The white areas are square zero matrices
movie by movie and actor by actor; they indicate lack of connections.
again, these did not correlate with ratings nor number of votes, so we do not report them
here.
The next step is to systematically test PageRank as a subsetting mechanism, by sorting
the KB by PageRank and taking slices of different size. The control is simple: pick the same
number of movies in random order.
Figure 2.4 shows the results. The y axis is the cumulative proportion of votes captured.
The x axis shows numbers of movies added to a subset (x 1000). Ideally, we would like a
method that gives us a concave function in Figure 2.4, a method that would capture most of
the votes with as little movies as possible.
When sorting movies according to PageRank (dashed line) we find that the growth in
votes captured is slower than when picking movies at random. The curve is not concave at
all. This is a surprising fact: PageRank seems to pick movies that are particularly bad (in
terms of number of votes).
Table2.3 shows a hint of an explanation. The top movie according to PageRank in the
actor-movie network is a porn movie. It happens to have a degree of 1298. That huge cast
can be justified on a movie where actors are easy to find and hire, the roles are trivial to
prepare, and overall costs are low. This shows that PageRank on this particular network
may not be very useful. It would be hard to justify that the quality of a movie, and the
interest it generates, relates directly to the number of actors in the movie.
Distribution of clusters
Another way to approach subsetting is to look at the size of clusters. A cluster is a subgraph
in which all vertices can reach any other vertex in the cluster. If important movies happened
in large clusters, then subsetting by cluster size would be interesting.
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Degree

Table 2.3: Top movies when sorted by PageRank
PageRank Cluster ImdbID Title

1298

0.000255

0

892090

313
291

0.000108
9.55E-05

0
0

843748
1039509

424

9.33E-05

0

202631

266

8.74E-05

0

972083

631

8.49E-05

0

713297

277

8.07E-05

0

136013

218

6.92E-05

0

84375

231

6.66E-05

0

889669

Dripping Wet Pink 3
(2003) (V)
Chikwembo! (1953)
Lingerie
Seduction
(2006) (V)
Drew Carey Show, The
(1995) We’ll Remember Always, Evaluation
Day
Historias y testigos:
Propriedad
privada
(2004) (TV)
Webster (1983) Dreamland ”
Coming
Attractions
(1991) (2004-08-13)”
Blondi tuli taloon
(1994) Kevätretkiä
Doug MacLeod: Captured Alive (2006) (V)

Rating

Votes

0

0

0
0

0
0

5

7

0

0

0

0

0

0

0

0

0

0

There is not a single large connected component in the actor-movie network. This is
reasonable, since the growing pattern of the movie industry does not fulfill the conditions
described above. The largest component had 256 movies, and the size of the clusters fell
rapidly, with many small clusters. Figure 2.3 shows the distribution of cluster sizes.
Still, if movies with lots of votes cluster together, this would be an interesting finding.
To test this idea, we calculated how many of the votes we would lose if we dropped clusters
of size n from the subset.
We used the same procedure as with PageRank before. When sorting movies according
to cluster size (solid line) we find that the growth in votes captured is slower than when picking movies at random. It seems that movies that appear in larger clusters are not necessarily
better. Tables 5 and 6 show why this might be the case. In Table 2.5, we show ten examples
of movies that are in the largest cluster (cluster size: 256). They are not particularly salient
movies. Compare that we the movies on table 6, which are movies with the largest amount
of votes. These movies are all in clusters size one.
Overall picture
All centrality measures correlate mildly with each other (see Table 2.2). Degree and PageRank show a strong correlation, which is to be expected. But none of the measures correlate
with the criterion, number of votes, a measure of interest. Contrary to our expectation,
within a bipartite actor-movie network from the IMDB dataset centrality measures do not
correlate with ratings nor votes. We discuss these results in the next section.
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Figure 2.3: Distribution of (log) cluster size. It shows a typical jockey stick shape, with a
few clusters of large size and lots of small ones (size one)

Table 2.4: Some example movies in a large cluster (256 vertices). Note that they have low
number of votes
Cluster

Degree

PageRank

Title

11855
11855
11855
11855
11855
11855
11855
11855
11855
11855

1
1
1
1
1
1
1
1
1
1

2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07
2.00E-07

Caddyshack II (1988)
Cadillac Man (1990)
Cactus Flower (1969)
Cadence (1990)
Cadet Kelly (2002) (TV)
Cachorro (2004)
Caduta degli dei, La (1969)
Caccia alla volpe (1966)
Cadillac Records (2008)
Caesar and Cleopatra (1945)
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Rating

Vote

Cluster size

3.4
5.3
6.8
6.3
5.2
7.7
7.4
6.4
6.7
6.4

6866
4924
2464
2248
2126
1982
1903
1050
896
630

256
256
256
256
256
256
256
256
256
256
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Figure 2.4: Cumulative proportion of votes captured by keeping movies in a subset by
PageRank and cluster size. The solid line is cluster size, the dashed line is PageRank and
the dotted line is a random baseline

Table 2.5: Sample movies when sorted by number of votes. Note that they do not have
particularly high PageRank, and they are in a cluster of size one
Cluster Degree PageRank Title
Rating Votes Cluster size
0
0

9
9

7.97E-07
3.20E-07

0
0

48
17

1.75E-06
1.18E-06

0

4

2.30E-07

0
0
0
0
0

23
3
19
13
18

8.53E-07
1.39E-07
3.77E-07
5.58E-07
1.89E-07

Godfather, The (1972)
Dark Knight,
The
(2008)
Fight Club (1999)
Lord of the Rings: The
Return of the King, The
(2003)
American
Beauty
(1999)
Forrest Gump (1994)
Gladiator (2000)
Batman Begins (2005)
Departed, The (2006)
Braveheart (1995)
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9.1 334431
9 328595

1
1

8.7 296105
8.8 290380

1
1

8.6

238264

1

8.5 230821
8.3 219681
8.4 215291
8.5 198197
8.3 196158

1
1
1
1
1
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2.8

Discussion

Vertex-level measures do not predict interest when we define interest as number of votes
in IMDB. Also, if we look at connectedness (clusters), there is no relationship to interest.
These results are surprising. We do not discard that the results are just wrong, and will
keep testing the most obvious issues. For example, the Godfather must be from a larger
cluster with other movies in the trilogy, and they must share actors, so it is implausible
that they are not in the same cluster. It may be that the clustering code does not work
for bipartite networks. We will further check the meaning of those cluster values until it
becomes apparent what the reason for this result is. The strange behavior displayed in
Figure 2.4 is another hint that the clustering may be off: sorting movies by cluster size
performs worse than chance in capturing interest.
We assumed that number of votes would reflect interest, and having a graph-theoretic
measure that correlated with interest would be a good basis for subsetting algorithms. We
still stand by that assumption. The implementation of this hypothesis may well not be the
best possible. However, in retrospect the idea that actor-movie relations must correlate with
quality or interest seems not very appropriate. If it was that easy (i.e., movies with lots of
actors capture lots of interest automatically) the movie industry would have certainly picked
up on it and would produce larger and larger casts.
In this experiment we have a structure (independent variable) and a criterion (dependent
variable) that are basically unrelated. In retrospect, the fact that a movie has many actors—
what these measures are sensitive to—is not very intuitive. If one tries to use a structure that
has no real relationship with the criterion, it will be difficult to capture much variance.
All centrality measures have to operate with is the relationship of actors appearing in
movies. There’s nothing in the network that described quality of the vertices (e.g., Ratings).
The only thing that ’counts’ in this network is whether an actor has been in many movies, or
if a movie had many actors. Those are the building blocks of ’prestige’ in social networks.
However, these factors are pretty unrelated to interest. A movie with a large cast can be bad.
An actor that shows up in many movies may be awful, and viceversa. As we saw in table
4, one of the top movies using these centrality measures was ’dripping wet’, a porn movie.
The porn industry is set up so an actor can be very ’productive’, appearing in many movies
with little effort; however a porn movie rarely is considered to be interesting or high-quality
overall.
Some researchers think that social networks are fundamentally different from any other
network (e.g., Newman & Park, 2003). Maybe using concepts from social networks on
knowledge bases is not a good idea, because knowledge bases do not have the structure that
these methods rely on.

2.9

Future directions

The hypothesis that there might be common properties to all networks, including knowledge
bases in RDF, is not without foundation. The literature is filled with properties that seem to
be common to many different kinds of networks, such as the so-called “small-world effect”
and skewed degree distributions. As a first attempt, we applied only a small sample of the
most common network measures; the fact that they did not render satisfactory results doesn’t
discard the possibility that we will find interesting regularities in KB networks.
Of course, we presented results in only one dataset. The immediate next step is to try
these methods for subsetting with other datasets. We plan on getting an exhaustive set
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of ontologies with large populations of examples and systematically apply these and other
network measures. Also, WP4 (reasoning) may provide situations in which a reasoner may
benefit from certain network structures. If we can find those on the network and orient the
reasoner towards them, it may improve the overall performance of the reasoner.
The good thing about the IMDB dataset is that it provides an external criterion: ratings.
Number of ratings (i.e., votes) may be used as a proxy for interest; this is as independent
from a context as one can be. An obvious candidate is the Netflix movie recommendation
challenge dataset (aka Netflix price, Bennett & Lanning, 2007). In October, 2006 Netflix released a dataset containing 100 million anonymous movie ratings and challenged the
data mining, machine learning and computer science communities to develop systems that
could beat the accuracy of its recommendation system, Cinematch. Netflix provided over
100 million ratings (and their dates) from over 480 thousand randomly-chosen, anonymous
subscribers on nearly 18 thousand movie titles. The contest is still running, and the most
recent ’progress price’ went to a team that got a 9.14% improvement over the Netflix’s own
cinematch.
However, adding the Netflix data do not get us much more in terms of structure; it does
give us another external criterion that we may want to use, but no network.
A more relevant candidate is pubMed, since it is relevant for WP7 and Sheffield will
provide an RDF version of it soon. It is harder to get external criterion for journal article
collections. Of course, the reader will think now that there is a very obvious criterion: how
much people cite a paper. However, the number of citations criterion is network-based too;
it is harder to test network structure hypothesis if your criterion is partly dependent on the
network itself.
Another line of research could be to study how exactly bipartite network methods RDF
graphs.
Last, a completely different approach would involve testing for structural equivalence.
At an intuitive level, a pair of vertices is said to be structurally equivalent to the extent that
they occupy identical locations in a network, meaning that they are connected to exactly the
same others. Structurally equivalent vertices are identical with respect to all structural properties, such as centrality or subgroup membership. In an RDF KB, structurally equivalent
vertices can be removed without affecting much of the knowledge, since they are redundant.
This could be a promising way of tackling subsetting.
Having established the connection between PageRank and spreading activation, we will
work out the mathematical connections between ACT-R spreading activation and PageRank. These results will guide our implementation of ACT-R spreading activation over RDFTriples.

2.10

Conclusion: Lesson learned

In the introduction, our first goal was to get our feet wet with handling large structured data
sets. A methodological conclusion is that the tools we chose (igraph) can certainly deal
with millions of connections and apply network-theoretical measures within the limits of
current off-the-shelf hardware. The entire IMDB network, with metadata, uses only 400 mb
of memory in R. R is not necessarily memory-efficient since it is a statistical package. In
production (i.e., as a LarKC plugin), we expect that memory usage can be improved. Computing PageRank on this network takes seconds, and the approximations for closeness and
betweenness hours. Once the network measures are computed, queries should be instantaneous, and subsetting (extracting a subgraph) too.
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Our second goal was to see whether network measures hint at what part of the network
may be of interest for subsetting, and our third goal was to implement a subsetting mechanism based on centrality measures. Even though none of the current centrality measures
seems promising the overall methodology will still be useful to test future subsetting methods. We tested the most basic centrality measures. The fact that we have not found evidence
for them being relevant subsetting mechanisms does not really discard network measures
as a viable option. There is a very large literature that we barely scratched for additional
network methods, and also a large pool of datasets that may well be more suitable for these
tools.
Another methodological conclusion relates to using bipartite networks. We learned that
Bipartite network methods are not as advanced as those for networks with a single type of
vertices (Borgatti & Everett, 1997; Borgatti, forthcomming). In fact, the network package
that we used, igraph (Csardi & Nepusz, 2006) just introduced constructors for bipartite
networks in a development branch. That is, we are using bleeding edge tools (not yet released). In fact, to our knowledge PageRank is not defined for bipartite networks. The fact
that igraph has a constructor for bipartite functions doesn’t mean that the functions in this
package will make sense for bipartite graphs. When asked in the mailing list, Gabor Csardi,
author of igraph, answered: “If the manual does not say that the function supports bipartite
graphs, then it doesn’t.” So we are still concerned that our results are incorrect. We will
continue checking these results while the deliverable is processed.
Unimode networks are better understood. Why not use some simpler unimode networks
then? It seems it’s an open question how to project a bipartite network to two uni-mode
networks. This is something we will investigate further. Alternatively, we can follow ACTR’s strategy to treat long-term memory as unimode network. Although chunks in ACT-R
are typed, these types are ignored by the spreading activation mechanisms
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3.
Cognitive Memory Retention Based Starting Point for
Query Extension and Granular Selection
3.1

Introduction

The idea of “unifying reasoning and search” at the Web scale started from the introduction
of bounded rationality to reasoning and search with incompleteness (Fensel & Harmelen,
2007; Fensel et al., 2008). It emphasizes on making a more intelligent selection of RDF
triples in a reasonable time with user involvement (Fensel & Harmelen, 2007; Fensel et
al., 2008). Current plugins of our LarKC project focus on automatic reasoning, and some
of them have added time constraint to previous selection and reasoning methods. In these
methods, the number of retrieved triples for user inspection can be very huge, if we do not
put some constraints during the selection and reasoning process.
A standard setting of Web scale reasoning on the Semantic Web consists of taking a
SPARQL query from users or tasks and doing retrieval and reasoning on RDF triple sets.
One of the key questions is how to do selection, retrieval and reasoning as quickly as possible
(at least in a user/task acceptable time). Moreover, the question is made even more difficult
when user queries or tasks are incomplete or vague. A default setting for query processing
is that if the input query constraint is the same, the results should be exactly the same. The
diversity of user backgrounds and needs is not taken into consideration. But, different users
may request different answers from the same query. This raises the following question:
Should the retrieval process always start from the same point when the same query made
by different users? Furthermore, if the query cannot describe user needs as precisely as
possible, a good selection based on the query may not come out, which will in turn affect on
the reasoning results.
When a user submits a query, it is likely that he/she wants to learn new knowledge
or to recall some old knowledge in order to make a connection between what he/she has
learned and the knowledge structure in his/her own memory (Bransford, Brown, & Cocking,
2000; Minsky, 2006). The background knowledge of the user is of vital importance in the
knowledge query process. If the selection and reasoning can be based on user interests, the
selected knowledge for reasoning and related results may be closer to what the user really
wants. We propose a way to reduce the selection and reasoning space by user interests based
on user profiles and through more user involvement.
When facing the problem of “where to start”, especially for users who do not have
sufficient experiences to provide all necessary query constraints, a user query may not necessarily the best place to start the retrieval process. We propose a “starting point”, that starts
a query task from an input query together with constraints (such as user interests) derived
from a user profile. By using such a “starting point”, we can refine the query using user’s
own information (e.g. user interests), to reduce the result set, and to accelerate the selection and reasoning process. Expanding queries from user profiles has been studied in the
field of information retrieval and Semantic Web search (Bhatia, 1992; Pretschner & Gauch,
1999). The results would be useful for Web scale reasoning in the LarKC project. In existing
studies, one of the most important methods is to use a forgetting mechanism to model the
shifting process. Koychev has used a linear gradual forgetting function to model the shift
of user interests and applied it to user modeling in a recommender system (Koychev, 2000).
The linear model is a simplification of the forgetting mechanism. In our study, a comparative study of interest retention using both an exponential law and a power law based models
is provided.
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Knowledge query needs to vary among different users and can be satisfied in different
levels of grain sizes and from different viewpoints (if the knowledge is general, we say it
has a coarser grain size, and if it is more specific, we say it has a finer grain size.). If a user’s
need can be satisfied in a very high or abstract level, we will not move to lower or more
detailed levels. Furthermore, if a user’s need can be satisfied in one perspective, we will
not provide other perspectives. Thus, a better organization of the knowledge source is very
important. The development of selection and reasoning based on a multi-level and multiview organization of knowledge may be a step towards removing the scalability barriers for
reasoning and searching on the Semantic Web.
Granular selection and reasoning (Zhong et al., 2008) is a notion for user centered multilevel and multi-view selection and reasoning. Granular selection of information is a foundation for granular reasoning on the selected information. This deliverable focuses on granular
selection related issues. A brief introduction of granular reasoning will be given in a later
paragraph of this section, and the detailed report will be provided in the next Work Package
4 deliverable.
For granular selection, it emphasizes on multi-level and multi-view selection of relevant
knowledge in the process of user-Web interaction, and it is based on granular organization
of knowledge. Knowledge can be represented in multiple levels and from multiple perspectives (Minsky, 2006). If the organization is a hierarchical structure (e.g. tree style structure),
knowledge is represented in multiple grain sizes (i.e. granularities). Psychologists found that
people retrieve or select concepts in the intermediate level more correctly and quickly than
that either in the general or in the specific levels. This phenomenon is called basic-level advantage, first found by Rosch (Rosch, Mervis, Gray, Johnson, & Boyes-Braem, 1976). We
think that if a problem can be located to the basic level (an appropriate level for a user concerning his/her own background), the problem solving process can be accelerated (Rogers
& Patterson, 2007). In the context of knowledge query on the Semantic Web, if the basic
level of a user can be found, the whole query process might be faster than starting from other
levels. In most cases, the basic level should be the level of knowledge that users are most
familiar with and is very relevant to user interests. In a multi-level knowledge structure, the
starting point of a query task is the basic level. On the other hand, considering from different
perspectives, knowledge can be organized into different kinds of structures (e.g., a network
style structure can be viewed from different perspectives concerning various centric points).
Based on their own background knowledge, users may have different interests or the most
familiar related knowledge, namely a default view, to investigate a knowledge structure.
From the multiple views perspective, the starting point is a query with constraints from a
default view. By using the starting point, a selection of useful knowledge on an appropriate
level or view can be achieved.
We first give a brief introduction to granular reasoning, as it is very relevant to and based
on granular selection. Granular reasoning emphasizes on user centric reasoning with multiple levels and multiple views. From the multi-level point of view, the variable precision
logic is relevant. Variable precision can be divided into two types, namely, variable specificity and variable certainty (Michalski & Winston, 1986). A variable specificity system
can provide a more specific answer, while a variable certainty system can provide a more
certain answer (Michalski & Winston, 1986). For example, if a user asks “what is my friend
Marry always doing in the weekend?” and requires an answer quickly, the system may give
an answer “Marry is always not at home” by reasoning on the historical data. If the user
feels that the result is not good enough, the system can provide an answer: “Marry always
goes out for sports, and sometimes for a picnic.” Both of the answers are right, and they
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just present an answer with different levels of specificity. Consider another example. If a
user asks a granular reasoning system “how many students did not pass the Semantic Web
course examination?” the system can just do reasoning on some classes, and give an answer: “in the observed classes, no one failed, but given just 50% of the classes involved, I
am not very certain about the rest ones.” If more time is allowed, the system may give an
answer: “according to all the records for all the classes, no one failed in the exam.” This
example provides answers with multi-level of certainty. Based on this idea, LarKC can provide knowledge query-answers with multi-level of specificity and multi-level of certainty.
Furthermore, from the multi-view point of view, reasoning can be investigated based on
different viewpoints of the RDF triple organizations. We would like to emphasize that reasoning based on multiple levels and multiple views is under constraints, which is consistent
with the characteristics of human problem solving and the basic ideas of LarKC (Fensel
& Harmelen, 2007). With user involvement, switching among different levels and views
during the process of reasoning is the basic philosophy of granular reasoning. Through interaction between users and such knowledge structures, the reasoning process is not fully
automatic, but is an interactive process among users and the Web. In the following sections,
we will present experimental results with respect to granular selection and reasoning, which
can reduce the knowledge selection and query process and provide better solutions.
The remainder of this chapter is organized as follows. Section 3.2 introduces two types
of cognitive memory retention based methods that are used to acquire user interests from
user profiles. Section 3.3 gives some preliminary discussion on how to use the acquired user
interests as constraints to refine incomplete or vague queries, and to form a starting point for
query process. Section 3.4 describes the granular organizations of knowledge structures as a
foundation for granular selection and reasoning. Section 3.5 discusses how to use a starting
point to accelerate granular selection. Results in this deliverable are based on previous
studies and recent progress in cognitive science. To study the notion of granular selection
from the human perspective, new paradigms and more inspirations can be produced for
building LarKC selection plugins. Section 3.6 is a brief description of experiments recently
designed to explore the human granular selection from the cognitive aspects. This research
motivates further research on human granular selection strategies which is introduced in
Section 3.7 and is planned to perform soon. Section 3.8 is a report on recent program
development progress which is related to this deliverable. Finally, Section 3.9 concludes the
deliverable by highlighting the major contributions of our work.

3.2

Cognitive Memory Retention Based User Interest Discovery

For the current stage, the sources of acquiring users’ background information are some
what limited. The main sources may be either from users’ Web logs (they may be stored
in Web browsers, or can be tracked using accounts), or from users public information (i.e.
some background information that users may not mind to share with the public). In order
to provide better knowledge query results, we may focus on user interests, which may be
directly related to their query motivation.
As an illustrative example, we consider a scenario of scientific literature search by a
researcher. For example, the researcher’s interests are available to us through their own
publications. There are many literature search systems which provide author publication
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lists (e.g. Web of Science, CiteSeerX, PubMed, Google Scholar, etc.). In our study, the
publication lists from DBLP are used to acquire user interests.
For simplicity, we provide a model of measuring research interests by counting keywords
or terms appearing in all publications based on the following equation:

T RI(i) =

n
X

m(i, j),

(3.1)

j=1

where j ∈ [1, n] is the number of years involved, m(i, j) is the number of appearances of
term i in the year j, T RI(i) reflects the value of total research interest on topic i, namely,
how many times has a research interest appeared in the considered years.
The above computation may not correctly reflect a researcher’s current research interests.
For example, he/she has shifted the research interest, but the accumulated publications in an
old research field may still be higher than that in a new field.
Research interests are to some extent similar to memory in cognitive psychology. The
loss of interest in an area can be regarded as forgetting of a previously remembered knowledge. We propose a way to model the retention of research interests based on memory
retention. Memory retention models can be categorized into two types, that based on exponential law (Ebbinghaus, 1913; Loftus, 1985) or that based on power law (Anderson, 1982;
Newell & P.S., 1981; Wickelgren, 1976). We will provide a comparative study with some
experimental results.
The forgetting curve proposed by Ebbinghaus in 1885 (Ebbinghaus, 1913) was originally
for calculating memory retention. Loftus suggested that the forgetting function satisfied an
exponential formula P = Ae−bT , where P represented the performance measure of memory
retention, A and b were two parameters for the model, and T was the period of time remembered (delay time) (Anderson & Schooler, 1991; Loftus, 1985). Based on the exponential
formula, the retention of a research interest can be denoted as:

RRI(i) =

n
X

m(i, j) × Ae−bTi ,

(3.2)

j=1

where we consider the time remembered T i for a topic i in a yearly manner. For each year
j, there might be m(i, j) publications on a specific topic i, and each of them will contribute
a value Ae−bTi to the total retention of a research interest contributed by that year, where A
and b are constants. The value RRI(i) is the total retention of a research interest i through
all the years; it is consistent with the current research interests for a researcher.
Another model for retention of research interests can be represented based on a power
function for memory retention (Anderson & Schooler, 1991; Wickelgren, 1976):

RRI(i) =

n
X

m(i, j) × AT i−b ,

(3.3)

j=1

where T i is the number of years interested in topic i until a specified year, m(i, j) is the
number of publications on a specified topic i in the year j, and m(i, j) × AT i−b is the total
retention of a research interest contributed by that year.
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To sum up, T RI(i) reflects an author’s interest on topic i through all the counted years,
which reflects the total interest value through an author’s academic life. RRI(i) reflects an
author’s current interest on topic i, and it focuses on the interest retention on the topic in
more recent years.
In our study, we use the SwetoDBLP dataset (Aleman-Meza, Arpinar, & Sheth, 2007),
an RDF version of the DBLP dataset. Table 3.1 is a comparative study on the prediction
effect of two models for current research interests. Zhisheng Huang is taken as an example for the study (the numbers after the names of interests are values for current research
interests). An analysis of former publications (from the first counted year, in this example,
the year 1990, to one year before the prediction time) and actual publication numbers of the
predicted years have been provided as comparisons. In the column for actual publication,
the numbers after the names of interests represent the appearing times in total during the
considered period of time.
As a first try, the parameters in the power law model are chosen as A = 0.855 and b =
1.295. The value for Spearman’s rank order correlation coefficient between the prediction
and the real data is γ ≈ 0.107, and for 1-tail t-test, ρ = 0.237. For the exponential law model,
the parameters are chosen as A = 0.535 and b = 0.382. The rank correlation coefficient is
γ ≈ 0.168, and for 1-tail t-testing, ρ = 0.129. The results are, to some extent, close to
statistical significance. In order to test the parameters in larger range, in our initial work,
we choose all the authors from the SwetoDBLP dataset whose number of publications are
above 100 (1226 authors in all). Using power functions and relevant parameters introduced
above, we extract top 9 interests from their interest lists from the year 2000 to 2007 (hence,
1226×8 sets of data are involved). A comparative study on the actual interests and predicted
interests has been done. According to the experiment results, 0.98% of the prediction can
match at least 7 interests, 3.22% can match 6 interests, 8.35% can match 5 interests, 15.66%
can match 4 interests, and 21.33% can match 3 interests. Hence, in all, 49.54% of the
predictions can match at least 3 interests in the top 9 interests in our experiment. From
this experiment result, we can conclude that, to some extent, the prediction of our model
has some degree of relation with the actual publication numbers, even though there is some
gap from statistically significant for the test of Spearman’s rank order correlation coefficient
between the model prediction results and the real data. We are still working on this issue for
better prediction.
The major reasons for some predicted values not so close to the actual values might be:
• Although interests and publications are related, there is a lag between authors’ current
interests and what they have published. However, we need to assume that they are very
related if we want to model user interest retention based on these publication data. The
same problem exists if we consider predicting Web pages by viewing through previous
access log.
• A burst of interest in a certain topic has not been considered in the model (e.g. the
author might find that many problems need to be solved and he could solve them in
a relatively short period of time, such as the field of “Agent” in the year 2003 for
Zhisheng Huang.). The traditional model for memory retention also cannot predict
exceptions such as the events that are hard to forget.
• A sudden loss of interest in an area. It may be caused by an area that is getting very
mature and does not have many unsolved problems, or because other areas (or a new
area) have much more attraction to the author and he/she has no time or interest to
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work on the old interested fields. An example is that since 2004, Zhisheng Huang has
no any publication in “Agent”, but has an obvious growth of publications in the areas
of “Web”, “Semantics”, “Ontology” and “Reasoning” as shown in Table 3.2.
• The effect from coauthors. One may have many collaborators in a short period of time
in an area and hence he/she, as a coauthor, may have a burst of publication in that area.
The weight of author interests needs to be considered. We take a simple assumption:
the interest weight for each author in a contributed paper with title i can be denoted
as:

ωi (m) =

n−m+1
Pn
,
j=1 j

(3.4)

where n is the total number of authors for a paper, m is the mth author for the paper.
And we should notice that this equation only make sense when the order of the authorship is not based on the alphabetic one. Related results will be provided in the
next deliverable.
• Other environmental factors, such as a sudden event or a breakthrough in a field,
may attract some authors working on related topics. No matter they have continuous
interests in these areas.
• The dataset is very small. We plan to select more authors from the SwetoDBLP dataset
whose publications are larger than 50, and do data fitting on these data to see whether
we can get better results.

A comparative study of Zhisheng Huang’s total research interests and current research
interests (through the values of interest retention by an exponential law (A = 0.535 and b =
0.382) model and a power law (A = 0.855 and b = 1.295) model) are shown in Tables 3.1,
3.3, and Figures 3.1, 3.2, respectively. We can see that by using the two models, users’
background information can be obtained for further use in the knowledge query process.
From Table 3.3, we can observe that for some research interests, even if they have a
big value on the total research interest through Zhisheng Huang’s research life (up to now),
they may not be his current major research interests. Taking “Agents” as an example, it has
the highest value of total research interests, but has very low current research interest based
on the computation of his research interests retention. Although it is in the third place of
the total research interests, “Ontology” is the number 1 current research interest based on
both the power law model and the exponential law model. The results shown in Table 3.4
are obtained by using the power law model, which illustrates that they will have different
degrees of effect on current research interests if one has different number of publications in
a specified year. Although through not many years later, no matter how many papers he/she
has published on a specified interest in the past, the effect will be very limited to current
research interests. Again, “Agent” is a good example here.
Based on the power law model, in order to keep a good result in the t-test, we have
b = 1.295. It shows that recent changes on the interests will have great effects on the
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Table 3.1: Research interests retention based on a power (A = 0.855, b = 1.295) and an
exponential (A = 0.535, b = 0.382) models
The power model
Agent(1.1365)
Web(0.8550)
Logic(0.5546)
Dynamic(0.3481)
Agent(1.4293)
Web(0.3484)
Logic(0.2945)
Dynamic(0.1904)
Agent(1.5968)
Web(1.0611)
Logic(1.0919)
Dynamic(1.008)
Agent(5.9920)
Web(2.2004)
Logic(1.4014)
Dynamics(0.4751)
Web(1.0094)
Logic(0.7243)
Agent(3.5429)
Dynamics(0.3137)
Web(2.3482)
Ontology(3.4200)
Reasoning(2.5650)
Semantics(1.71)
Agent(1.8755)
Logic(1.3515)
Dynamic(0.2350)
Web(2.0111)
Reasoning(1.0453)
Ontology(2.2488)
Semantics(1.5519)
Inconsistent(0.6969)
Logic(0.7284)
Agent(1.2961)
Dynamic(0.1880)
Ontology(1.1729)
Web(1.9124)
Semantics(0.7607)
Reasoning(1.4733)
Inconsistent(0.6969)
Prolog(0.8550)
Logic(0.5145)
Agent(0.9823)
Dynamic(0.1565)

The exponential model
Agent(0.5605)
Web(0.535)
Logic(0.3887)
Dynamic(0.2862)
Agent(0.7477)
Web(0.2492)
Logic(0.1811)
Dynamic(0.1333)
Agent(0.8754)
Web(0.5352)
Logic(1.5513)
Dynamic(0.4561)
Agent(2.7937)
Web(1.0956)
Logic(0.6987)
Dynamics(0.3113)
Web(0.7477)
Logic(0.4768)
Agent(2.2718)
Dynamic(0.2125)
Web(1.2406)
Ontology(1.4605)
Reasoning(1.0954)
Semantics(0.7303)
Agent(1.4250)
Logic(0.6906)
Dynamic(0.1450)
Web(1.2118)
Reasoning(0.7476)
Ontology(1.3619)
Semantics(0.8635)
Inconsistent(0.4984)
Logic(0.4713)
Agent(0.9726)
Dynamic(0.0990)
Ontology(0.9295)
Web(1.1670)
Semantics(0.5894)
Reasoning(0.8754)
Inconsistent(0.4984)
Prolog(0.3651)
Logic(0.3217)
Agent(0.6638)
Dynamic(0.0675)
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Actual publications
Agent(1)
Web(0)
Logic(0)
Dynamic(0)
Agent(1)
Web(1)
Logic (1)
Dynamic(1)
Agent(6)
Web(2)
Logic(1)
Dynamic(0)
Agent(1)
Web(0)
Logic(0)
Dynamics(0)
Web(2)
Logic(1)
Agent(0)
Dynamic(0)
Web(1)
Ontology(1)
Reasoning(0)
Semantics(1)
Agent(0)
Logic(0)
Dynamic(0)
Web(1)
Reasoning(1)
Ontology(0)
Semantics(0)
Inconsistent(0)
Logic(0)
Agent(0)
Dynamic(0)
Ontology(6)
Web(4)
Semantics(3)
Reasoning(2)
Inconsistent(1)
Prolog(1)
Logic(1)
Dynamic(1)
Agent(0)

Years

2001

2002

2003

2004

2005

2006

2007

2008
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Table 3.2: Statistics of yearly publication of Zhisheng Huang on every major topic
Web
Ontology
Agent
Semantics
Logic
2008
4
2008
6
2004
1
2008
3
2008
1
2007
1
2007
0
2003
6
2007
0
2005
1
2006
1
2002
1
2006
1
2003
1
2006
1
2005
2
2005
4
2001
1
2005
2
2002
1
2004
0
2000
1
2004
0
1998
1
2004
0
2003
2
...
0
1996
2
...
.
1996
1
...
.
1994
1
...
.
...
.
2002
1
2001
0
...
.
1993
0
...
.
...
.
...
.
...
.
...
.
...
.
2000
1
1999
0
...
.
...
.
...
.
...
.
...
.
...
.
...
.
...
.
...
.
1990
.
1990
.
1990
.
1990
2
1990
.
Reasoning
Dynamic
Inconsistent
Prolog
Operator
2008
2
2008
1
2008
1
2008
1
2008
2
2007
1
2002
1
2005
2
2007
1
2007
0
1997
1
2004
0
2006
0
...
.
2005
3
2004
0
1996
1
...
.
...
.
...
.
...
.
...
0
...
.
...
.
...
.
1990
.
1990
.
1990
.
1990
.
1990
.

Table 3.3: A comparative study of total research interests
and current research interests (2009) of Zhisheng Huang
based on the DBLP publication list
Total RI
RRI (Power)
RRI (Exponential)
Agent(13)
Ontology(5.9041)
Ontology(4.8218)
Web(12)
Web(4.5450)
Semantics(2.5867)
Ontology(11)
Semantics(3.0551)
Reasoning(2.4257)
Logic(7)
Reasoning(2.4845)
Web(2.2742)
Semantic(6)
Prolog(1.2034)
Inconsistent(1.2383)
Reasoning(6) Inconsistent(1.2672)
Prolog(0.6143)
Dynamic(4)
Logic(1.2567)
Logic(0.5847)
Inconsistent(3)
Dynamic(0.9889)
Agent(0.4921)
Prolog(2)
Agent(0.8741)
Dynamic(0.4112)
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Table 3.4: Contributions of publications
from different years to
current research interests based on the power
law model (A = 0.855,
b = 1.295)
Year
2008
2007
2006
2005
2003
2002
2000
1998
1996
1990

Web
3.4200
0.3484
0.2061
0.2840
0.1680
0.0688
0.0497
0
0
0

Logic
0.8550
0
0
0.1420
0.0840
0.0688
0
0.0383
0.0309
0.0378
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Figure 3.1: A comparative study of total research interests through the
years 1990-2008 and current research interests in 2009 (based on both
the power law and exponential law models)

Figure 3.2: Difference on the contribution values from papers published
in different years
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Figure 3.3: A comparative study on the prediction and real publication numbers by the
power law model

Figure 3.4: A comparative study on the prediction and real publication numbers by the
exponential law model
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interest retention, but the effects will not continue very long. Since previous interests also
take some effects, the current interests do not just rely on the most recent appeared terms, as
shown in Figure 3.3. In the exponential law model, to keep a good result in t-test, we have
b = 0.382, and one can observe a similar phenomenon in Figure 3.4.
Although the value of correlation coefficient is not very good, the results from t-test
show that to some extent, the model can provide predictions of future interests for users.
Hence, the ranking list of research interests can be represented as added RDF triples to the
original datasets and used to act as a new source. The SPARQL query transferred from the
user input needs to be extended based on user interests constraints, so that the query process
can be accelerated.

3.3

User Interest Constraints for Incomplete Query

In general, user interests are not described in the original RDF datasets (e.g. SwetoDBLP
dataset used in this study). The observed interests need to be represented as RDF files and
added to the original dataset, so that they can be used in the future reasoning process. Several
studies on using RDF to represent user profiles have been reported (Edwards, Grimnes, &
Preece, 2002; Palmisano et al., 2006). For a more practical purpose, vocabularies from the
FOAF project are used in our study, so that the created RDF files to represent author interests
are more applicable by other applications and services on the Semantic Web. We hold 7 to 9
interest terms for each author, since in most cases, it will be very hard for an author to hold
a large number of interests at the same period of time (Further studies need to be done to
check whether these numbers are suitable in our problem setting). Furthermore, the picking
of interests is based on their ranking from the calculation of interest retention.
The following is a sample RDF file representing Zhisheng Huang’s current research
interests (using an exponential law model) through analysis of his publications from 1990
to 2008:
<?xml version="1.0" encoding="ISO-8859-1"?> <!DOCTYPE rdf:RDF [
<!ENTITY xsd "http://www.w3.org/2001/XMLSchema#">
]>
<rdf:RDF
xmlns:rdf="http://www.w3.org/1999/02/22-rdf-syntax-ns#"
xmlns:foaf="http://xmlns.com/foaf/0.1/">
<foaf:Person>
<foaf:name>Zhisheng Huang</foaf:name>
<foaf:workplaceHomepage
rdf:resource="http://wasp.cs.vu.nl/˜huang/" />
<foaf:mbox rdf:resource="mailto:huang@cs.vu.nl" />
<rdf:Seq>
<foaf:topic_interest>Ontology</foaf:topic_interest>
<foaf:topic_interest>Web</foaf:topic_interest>
<foaf:topic_interest>Semantics</foaf:topic_interest>
<foaf:topic_interest>Reasoning</foaf:topic_interest>
</rdf:Seq>
</foaf:Person>
</rdf:RDF>
38 of 59

FP7 – 215535
Deliverable 2.3.1

where we use foaf:topic interest to describe the author’s interests and the RDF sequence
container to describe the order of interests. If Zhisheng Huang posts a query, constraints
from his interests can be added to the original query constraints as refinement and both parts
will be transformed into a standard SPARQL query. For example, if Zhisheng Huang posts
a query that is used to find literatures in SwetoDBLP datasets which contains the keyword
“learning”, in a traditional query system, a SPARQL query will be generated based on the
input keyword, as shown in the following example:
PREFIX rdf: <http://www.w3.org/1999/02/22-rdf-syntax-ns#> PREFIX
rdfs: <http://www.w3.org/2000/01/rdf-schema#> PREFIX foaf:
<http://xmlns.com/foaf/0.1/> SELECT DISTINCT ?label WHERE { ?x
rdfs:label ?label
FILTER regex(?label, "ˆlearning")
}
However, when user interests are involved, the “WHERE” part in the query needs to be
refined as follows to shrink the selection result space and accelerate the selection process:
WHERE { {?x rdfs:label ?label FILTER
regex(?label,"(Ontology|Web|Semantics|Reasoning)+.*(learning)")}
UNION {?x rdfs:label ?label FILTER
regex(?label,"(learning)+.*(Ontology|Web|Semantics|Reasoning)")} }
In our experiment, we use the SwetoDBLP datasets and the literature name is tagged within
the label < rd f s : label >, the query constraints from user interests are added as an extension
to the original query. In this way, the query results which satisfy both the input query and
constraints from user interests will be ranked as top ones in the acquired query result set. In
the future studies, we will add values for each interests.

3.4

Granular Organization of Knowledge Structures

If we want to get knowledge quickly by selection and retrieval, the knowledge sources need
to be well organized. A better organization of knowledge is the foundation for selection.
Many results in Cognitive Psychology and Artificial Intelligence emphasize that knowledge
needs to be organized in multiple levels and multiple views both in human mind and in
machine. In the studies of the semantic networks, Collins and Quillian emphasize that
knowledge is stored as a system of propositions organized hierarchically in memory (Collins
& Quillian, 1969; Quillian, 1969). Minsky emphasizes that in order to avoid the failure of
understanding knowledge in one way, knowledge need to be represented in different points
of view (Minsky, 2006).
Although RDF, as a knowledge representation method on the Semantic Web, does not
force a hierarchical organization of knowledge, it implicitly contains the structure in the
RDF graph that reflects the nature of knowledge structure. In order to provide effective
selection and retrieval on the Web scale datasets, we need to make the implicit structure
explicit and provide even better organization of the knowledge sources.
If there are hierarchical structures embedded in the knowledge sources (e.g. RDF files),
with coarser-grained knowledge in a more abstract level and finer-grained knowledge in a
more concrete level, it can be represented in a multi-way tree style structure, which induces a
multi-level representation of the knowledge sources. Figure 3.5 shows a multi-level knowl39 of 59
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Figure 3.5: A partial multi-level knowledge structure of Artificial Intelligence according to analysis on proceedings indexes of
IJCAI 1969-2007.

Figure 3.6: Finer grained sub knowledge structure on robotics in
the structure of Artificial Intelligence.
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Figure 3.7: A knowledge structure according to
an analysis on literature titles in the 2007-2008
International Workshops on New Forms of Reasoning for the Semantic Web.

Figure 3.8: A simplified structure of Figure 1.6 containing only
pivotal nodes which appears at least 2 times.

edge structure of the field “Artificial Intelligence”, which is based on an analysis of proceedings indexes of the 1969-2007 International Joint Conferences on Artificial Intelligence
(IJCAI). We can infer that if one needs very general information with respect to the field
“Artificial Intelligence,” he/she may just want the knowledge in the second level (the first
level just has one node “Artificial Intelligence”), which includes around 110 branches of AI
(in fact, if we do not organize the index of these proceedings into a hierarchical knowledge
structure, one can get around 450 branches which are a mess in one level). Furthermore, if
he/she needs more detailed knowledge concerning one branch of AI, say “Robotics”, he/she
can choose “Robotics” and get a finer grained structure, as shown in Figure 3.6. In this
way, we can produce a scalable knowledge structure which provides the knowledge source
in different levels of details with an interactive manner concerning different user needs.
In some situations, it may be difficult to find a hierarchical relation on the knowledge
source. Instead, it can be represented as a network style structure with many concepts that
interconnect with each other. Figure 3.7 illustrates an analysis of literature titles in the
2007-2008 International Workshops on New Forms of Reasoning for the Semantic Web.
Concepts are connected with each other by their co-occurrence in the same paper. One
can also acquire scalable knowledge representation based on a network style knowledge
structure by choosing important nodes to build a simplified structure. If the knowledge
source is complex enough, the knowledge structure containing all the concepts and relations
may be too complex for users. Instead of showing all the structures, one may choose to
show a sub-structure that only contains pivotal nodes and their interrelationships. Figure 3.8
only shows the pivotal concepts (in this example, the level of importance is weighted by the
number of connections) and their interrelationships of Figure 3.7, which is much simpler,
but has shown major thoughts of the more complex structure. In this way, we can represent
a network style knowledge structure in multi-level of importance.
For the idea of multi-level representation of knowledge structures, and concerning scalability, in the tree-style knowledge structure, we provide a way of presenting knowledge in
different levels of details, and in the network-style knowledge structure, we provide a way of
presenting knowledge structures concerning their different levels of importance in the whole
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Figure 3.9: “Reasoning” centric network-style knowledge structure according to an analysis
on literature titles in NEFORS 2007-2008.
structure.
In a network-style knowledge structure, concepts (more specifically, resources in RDF
triples) are organized in one level. If we choose different viewpoints to investigate on the
structure, different hints can be observed to help satisfying various needs. First, we examine
the change of viewpoints by choosing centric concepts. Figure 3.7 shows a network-style
knowledge structure with the centric concept “Web”, which emphasizes on how other concepts are related to “Web”. Figure 3.9 gives a structure from the same source but with the
centric concept “Reasoning”, which emphasizes on how other concepts are related to “Reasoning”. Other methods can also be applied to achieve the goal of multi-view organization
of knowledge structures. For example, one can organize authors from Artificial Intelligence
community from the following perspectives: specialties in branch domains, name in alphabetical order, journal or conference publication authors, affiliations, etc (Cronin & Atkins,
2000). Each organization perspective shows a unique view to understand the knowledge
source.
We provide an example which shows a synergy of multi-level and multi-view organization of knowledge structures. The SwetoDBLP dataset can be considered as a big networkstyle knowledge structure, which contains nodes, such as author names, publications, coauthor relationships, etc. One can judge the importance of each node by its degree of
connections. Consider a scenario that a user submits a query “important authors in Artificial Intelligence”. Since there are too many authors in the dataset, one can provide results
in multi-level of importance. The system can judge the degree of importance through the
following views:
• Degree of importance evaluated by the number of publications (e.g. an author with
10, 100, or 200 papers related to Artificial Intelligence, etc.);
• Degree of importance evaluated by the number of coauthors (judging the degree of
connections among authors from the co-author network);
• Degree of importance evaluated by publication sources based on conference ranking
(e.g. computer science conference ranking) and impact factors of journals (e.g. Web
of Science journal impact factors).
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One can provide results in multi-level of importance based on each view and let users choose
which view he/she may want. This example provides a synergy of multi-level and multiview reasoning, and more detailed discussion can be found in future Work Package 4 deliverables.
In this section, we have presented our ideas on the multi-level and multi-view organization of knowledge structures. However, we have not discussed how these structures can
be interactively used by combining the results from Section 3.2 to accelerate knowledge
query. In the next section, we will discuss this issue based on user interests, and how to use
these two types of structures interactively to reduce and simplify the selection and reasoning
process.

3.5

Using a “Starting Point” to Accelerate Granular Selection

For knowledge query on the Semantic Web, we have the problem known as “where to start
a query?” A query process may not just start with the user inputs in the query box, because
sometimes the query is not precise. With the original query, the system may provide a
huge amount of irrelevant information. For example, when a machine learning researcher
searches “Tom” on Google, he/she may get more than 496,000,000 webpages containing
“Tom Hanks”, “Tom Cruise”, “Tom and Jerry”, and “Tom Mitchell”, etc. What he/she really
needs may be just those webpages that contain “Tom Mitchell” (around 31,600 webpages).
The user has to refine the query or try to find what he/she really wants through a list of query
results with many irrelevant ones.
Instead of starting a task with an input query by a user, we propose a “starting point”,
that starts a query task from a query modified by the user’s interests. This helps the user to
locate what he/she really wants quickly and hence accelerates the selection and reasoning
process.
The tree-style knowledge structure organizes knowledge into different levels of details,
which can help users to understand the represented knowledge in a multi-level manner.
However, when the structure contains too many levels, it may be very hard for users to locate on the appropriate level that they may need. Through psychological experiments on
human, Rogers found that if people can be navigated by a “basic level” (where people found
convenient to start according to their own background knowledge), the problem solving process will be accelerated (Rogers & Patterson, 2007). Wisniewski emphasizes that concepts
in a basic level are used more frequently than other terms (Wisniewski & Murphy, 1989).
Following the results from cognitive psychology, we assume that, in our study, a user’s basic level is closely related to user interest. User interests can be used to help navigating and
finding the basic level to accelerate the process of finding useful knowledge.
Taking Zhisheng Huang as an example again, if he wants to use the multi-level knowledge structure of “Artificial Intelligence” based on our analysis on proceedings indexes of
the 1969-2007 IJCAI conferences, what he wants to know about may be not branches of
AI in general (which are shown in the second level), but something related to his research
interests. Based on his “total research interests (T RI)” developed in Section 3.2, the system
may suggest a sub-structure as shown in Figure 3.10, which has been navigated to the third
level which contains much more information on “Agent” which Zhisheng Huang may have
much interest according to the highest value in T RI.
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Figure 3.10: Automatic navigation to the “Basic Level” that may contain more interesting
contents (“Agents” which has the highest value in T RI) for Zhisheng Huang.

Figure 3.11: Network-style knowledge structure on proceedings of the 2007-2008 NeFORS
workshops based on Dieter Fensel and Frank van Harmelen’s current research interests (Web
centric).
For a network-style knowledge structure, it might be very hard to find a “basic level”
to accelerate the search and reasoning process, since concepts are just interconnected with
each other without a hierarchical representation in these structures. Users can be navigated
to an appropriate view for investigating the structure. We propose a “default view” that is
consistent to user interests from user profiles for accelerating the process.
Consider again Figure 3.7. Based on current research interests of Dieter Fensel and
Frank van Harmelen (as shown in Table 3.5), the system may provide a “Web” centric network structure as shown in Figure 3.11. If Zhisheng Huang uses the system, according to his
research interests retention in 2009, Figure 3.12 may be more convenient since based on our
study of research interests retention, his current biggest research interest is on “Ontology”
(as shown in Table 3.3). Based on these two structures, the three authors could start their
own query and exploration on proceedings of the 2007-2008 NeFORS Workshops more
efficiently. This example shows the effect of default view for different users, even for the
same knowledge source, various users holding different background will have different understanding. If an appropriate view is selected and provided, the knowledge query process
can be reduced.
The system does not have to provide the organization and selection results with every
possible levels and views, and an appropriate level or view is decided with rational choice
from users in the process of user-Web interaction. In our initial work, we propose to provide
7 to 9 levels or views for granular knowledge organization and selection in each task. Furthermore, in order to meet various levels of needs, users can choose among levels and make
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Figure 3.12: Network-style knowledge structure on proceedings of the 2007-2008 NeFORS
workshops based on Zhisheng Huang’s current research interests (Ontology centric).

Table 3.5: Current research interests from different authors
Dieter Fensel
Service
Web
Semantic
Architecture
Computing
Agent
Middleware
Reasoning
Rule

Frank van Harmelen
1.462
Web
1.355
Semantic
0.876
Ontology
0.322
Search
0.205
Medical
0.199
Knowledge
0.185
Reasoning
0.154
Clinical
0.154
Extraction
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further division in levels holding the same principle. Further experiments need to be done
to find appropriate numbers for dividing levels and views.
From the above discussion, we conclude that if a knowledge source is organized in a
multi-level structure, the starting point is a query combined with the “basic level;” if it is
organized in a network structure, the starting point is a query combined with the “default
view.” When locating on a “starting point,” the complexity and time for selection and reasoning can be reduced since it helps an input query to get more relevant to users’ real needs.
We reports several results of our studies concerning cognitive memory retention and
granular selection with a starting point. It is necessary to study the notion of granular selection from the human perspective in depth, to produce new paradigms and more inspirations
for building LarKC selection plugins. The following sections will summarize our recent
study from this perspective.

3.6

Cognitive Aspects of Human Granular Selection

Humans have to deal with massive, incomplete, and inconsistent information sources, and
they have developed sophisticated retrieving and selecting skills in reasoning, problem solving and decision making. Results from cognitive science show that a “starting point” exists
during the human cognitive processing. The inspiration from humans may be helpful and
beneficial for LarKC to accelerate retrieval and selection.
When adults are shown a picture (e.g. some animal) and asked to name the picture. The
answer of “a beagle”, “a dog”, and “an animal” may be all correct, but located in different
knowledge levels of specificity. The concept of “beagle” is in the most specific level, with
lots of specific features and details for the semantic representation of the picture; while
the concept of “animal” is in the most general level, with the most general and abstract
information about the picture; in addition, “dog” is located in the intermediate level of
specificity between “beagle” and “animal”. The phenomenon of retrieving information from
multiple levels to an identical problem suggests that knowledge in human mind can be stored
in multiple grain sizes (i.e. granularities).
As mentioned in Section 3.1, the phenomenon of basic-level advantage found in psychology shows that people retrieve or select concepts in the intermediate level more correctly and
quickly than that either in the general or in the specific levels. For basic level advantage,
Rogers also emphasizes that although all the various concepts could correspond to a given
item, some appear to be more readily accessible to the human mind than others (Rogers &
Patterson, 2007). Some researchers thought that the basic level advantage was the result of
the processing histories, such as frequency of retrieval (Wisniewski & Murphy, 1989); and
others thought that the concepts in a basic level achieved the optimal balance between informativeness and distinctiveness, which led to the advantage effect (Murphy, 1991). Hence,
human being would not only use the “correct” information sources to solve problem, but
also selectively retrieve knowledge that is most easy to get from his/her own memory system or best satisfy the constrains in the problem situation. That means that human takes
retrieving knowledge in the basic level as a “starting point” to solve problem.
On the other hand, the basic level advantage would disappear in some cases. For example, patients with semantic dementia (SD) retrieve the concept in a general level more
correctly and quickly than that in the basic level (Rogers et al., 2006; Rogers & Patterson, 2007). In addition, researchers also found the reversals of basic level advantage under
speeded responding in normal subjects (Rogers & Patterson, 2007). When normal subjects
were demanded to respond in a limited time, they preferred to retrieve concepts in a general
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level instead of that in the basic level. The reversal effect of basic level advantage suggests
that the starting point is not always located in the basic level, and it will switch to the more
general level when there are some constraints to satisfy, such as limited information sources
or limited time. From the above discussion, we can conclude that based on the processing
histories, information granules in the basic level are usually used as the starting point to
simplify retrieval and selection in human problem solving, and the starting point will switch
between granules when enough information sources and information processing time are
not available.
Researchers explained that concepts in a general level (such as “animal”) was first activated, and concepts in the more specific levels, including both in the basic level (such as
“dog”) and a specific level (such as “beagle”) was activated later because of the hierarchical
structure of knowledge. However, concepts in the basic level would accelerate most quickly
and achieve the threshold of activation first usually. An ERP (event-related potential) study
found that the earlier component introduced by the concepts in a general level had a shorter
latency than that in other levels (Large, Kiss, & McMullen, 2004), providing a piece of
neuroscience evidence for the explanation of basic level advantage and its reversals. And
an fMRI (functional Magnetic Resonance Imaging) study also suggested that the area of
anterior temporal cortex was related to information generalization and granulation based on
similarity (Rogers et al., 2006).
The “starting point” switches between variable levels of concepts (granules) in human
being, accelerating the retrieval and selection from the scalable knowledge memory system.
The strategies of starting point switching might be beneficial for information system to deal
with scalable information repository. Obviously the human brain is in charge of this kind
of granular selection. Although researches on cognitive neuroscience provide a rough view
of the neural mechanism, we still do not know how the areas in human brain are cooperated
and modulated to achieve the flexible switching between granules. If we view the human
brain as an effective and sufficient information system, clarifying its working principles may
inspire to develop more intelligent systems for LarKC. Based on the previous studies about
basic level advantage and its reversal effect, we will use fMRI to investigate the following
issues: (1) When the starting point locates in the basic level, how the neural system cooperates and coordinates with each other; (2) When the starting point switches to a more general
level, how the brain modulates and adapts to the change. We will carry out 3 experiments to
investigate these issues. Experiment 1 will focus on the brain activity for the effect of basic
level advantage. Both Experiments 2 and 3 will care about the brain activity for the reversals
of basic level advantage. The limited information processing time and limited information
processing capacity will both reduce the possibility to access specific and detailed information. We will simulate the situation that the LarKC system may have to make decision with
very limited information available, with the experiment 2 considering the limited information processing time and the experiment 3 considering the limited information processing
capacity (caused by the damaged brain), respectively.
By comparing the activity patterns in human brain, we will know more about the neural mechanism of granular selection, which will provide further inspiration to develop and
manage huge information systems in LarKC.
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Figure 3.13: Task of category matching.

3.7

Planned Research on Human Granular Selection Strategies

We will use fMRI technology to investigate what is the neural mechanism of starting points
of switching. Based on the previous studies on basic level advantage, we will adopt the
category matching task in our research, as shown in Figure 3.13. In this task, a priming
word name of a concept is shown to participants first and then a picture will be presented.
Participants will be demanded to judge whether the picture matches the word name or not
and pressed the index keys for corresponding responds.
Experiment 1
The basic goal of this experiment is to find how human brain cooperates and coordinates
to the basic level advantage of retrieval and selection. By comparing retrieving concepts in
different levels, we try to find the basic neural mechanism of granular selection.
Participants. 20 healthy graduate and undergraduate students from Beijing University
of Technology will participate in this experiment and will be paid for their participation. All
participants will be right-handed, native Chinese speakers, and have normal or corrected-tonormal vision.
Design. In this basic experiment, we will use an event-related design, manipulating one
factor of granularity. To investigate the principles of information retrieval from a multi-level
structure, we choose following three typical levels:
• Specific: Concepts in this level will be the most specific. For example, milk cow has
more specific features than cow.
• Intermediate (basic level): Concepts in this level will be more general than that in the
specific one, but not as general as that in a general level. For example, cow is more
general than milk cow, but not as general as animal.
• General: Concepts in this level will be the most general. For example, animal is the
concept not only generalize to cow but also to other kinds of animals.
Materials. The experimental stimuli will be consisted of 72 color photographs of living
and manmade. They will include a range of living and manmade objects for classification at
the general level; a set of cows, sheep, cabinets, and tables for classification at the intermediate level (basic level); and three different photographs for each of eight specific categories:
milk cow, water buffalo, jumbuck, goat, bureau, book cabinet, dining table and secretaire.
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Each photograph will appear once as a target and once as a distractor, yielding 144 trials in
total. In the specific conditions, distractors will be always items with the same intermediate
level concept as the target. For instance, if the concept name is “milk cow”, the distractor
will be a photograph of a different kind of cow. In the intermediate condition, distractors
will be always with the same superordinate concept as the target: for the category name
“cow”, the distractor will be always another kind of sheep. In the general condition, distractors will be selected from a different superordinate concept than the target (e.g., for “living”,
the distractor will be a cabinet or table.)
Procedure. There will be 4 sessions in all, including 36 trials in each session which
will last for 6 minutes. For a trail, firstly a red star will be presented on screen for 500 ms
followed by a concept word name for 1500 ms, and then a picture will be presented on
screen for 500 ms followed by a blank with 1500 ms. Participants will be asked to respond
in 2 seconds. Otherwise, the trial will end with an error response. The reaction time (RT)
will be recorded against the time that the picture is presented. After feedback for 500 ms
and a cross for 5500 ms (waiting for the BOLD (blood-oxygen-level dependent) signals goes
back to the baseline), the next trial will start. Participants will be encouraged to perform the
task as correctly and quickly as possible. Both behavioral patterns and BOLD signals will
be recorded and analyzed.
The Protocol of the fMRI Scanning and fMRI Data Analysis. The scanning will
be performed on Siemens Magnetom Trio Tim 3.0 T system using a standard whole-head
coil. Functional data will be acquired using a gradient echo planar pulse sequence (TR=2s,
TE=31 ms, 32 axial slices (with AC-PC through the 23rd slice from the top of the brain),
3.125 × 3.125 × 3.2mm3 voxels, 0 mm inter-slice gap, 90 flip angle, 64 × 64 matrix size in
200 × 200 mm2 field of view). The imaging sequence will be optimized for detection of the
BOLD effect including local shimming and 14s of scanning prior to data collection to allow
the MR signal to reach equilibrium. To minimize head motion, bi-temporal pressure pads
will be employed. The scanner will be synchronized with the presentation of every trial.
We will perform two kinds of data analysis. The first one is called confirmation analysis,
in which the major ROIs (regions of interest) involved in the problem solving found by
ACT-R group (Anderson, M., Qin, & Stocco, 2008) will be checked, an ACT-R model will
be developed to predict the BOLD effects in these ROIs (Anderson et al., 2004). The second
one is called exploratory analysis in which the ROIs will be defined based on activations.
Pattern recognition techniques may be used in this analysis. The general conclusions and
remarks will be generated based on the results of both analyses.
Modeling. The model developed in the confirmation analysis will be used to explain
the process of granular reasoning in the brain during retrieving information from variable
granularities.
Experiment 2
The goal of this experiment is to investigate how human brain is modulated and adapted
to the starting point of retrieval and selection switched to the general level. According
to previous studies, we will reduce available information sources by limiting picture presentation time to produce reversal effect of basic level advantage. Based on the result of
Experiment 1, we hope to clarify the neural mechanism for granular selection by comparing
the brain activity patterns between basic level advantage and its reversals.
Participants. 20 healthy graduate and undergraduate students from Beijing University
of Technology, without taking part in Experiment 1, will participate in this experiment and
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will be paid for their participation. All participants will be right-handed, native Chinese
speakers, and have normal or corrected-to-normal vision.
Design. In this experiment, we will also use an event-related design, manipulating one
factor of granularity, which will have the same three typical levels as in the Experiment 1:
• Specific: Concepts in this level will be the most specific. For example, milk cow has
more specific features than cow.
• Intermediate (basic level): Concepts in this level will be more general than that in the
specific one, but not as general as that in the general level. For example, cow is more
general than milk cow, but not as general as animal.
• General: Concepts in this level will be the most general. For example, animal is the
concept not only generalize to cow but also to other kinds of animals.
Materials and Procedures. Same 72 color photographs of living and manmade will
be used for stimuli that are the same as in Experiment 1. In this experiment, there will be
4 sessions in all, including 36 trials in each session. Each session will last for 6 minutes
too. The procedure will also be similar to Experiment 1. For a trail, a red star will be
firstly presented on screen for 500 ms followed by a category word name for 1500 ms. And
then a picture will be presented on screen for 25 ms (instead of 500 ms in Experiment 1),
which will be the only difference from Experiment 1, followed by a blank with 1975 ms.
Participants will be asked to respond in 2 seconds. Otherwise, this trial will end with an
error response. The reaction time (RT) will be recorded against the time that the picture
is presented. After feedback for 500 ms and a cross for 5500 ms (waiting for the BOLD
signals goes back to the baseline), the next trial will begin. Participants will be encouraged
to perform the task as correctly and quickly as possible. In this experiment, participants will
have limited time to percept object and retrieve concepts from his/her own memory system.
Both behavioral patterns and BOLD signals will be recorded and analyzed.
The Protocol of the fMRI Scanning and fMRI Data Analysis. The protocol of the
fMRI scanning is similar to Experiment 1. We will also perform both confirmation and exploratory analysis in Experiment 2. The general conclusions and remarks will be generated
based on the results of both analyses. The model developed in the confirmation analysis will
be used to explain the process of granular reasoning in the brain during retrieving information from variable granularities.
Experiment 3
Experiment 3 also focuses on the neural mechanism for the starting points of retrieval
and selection switched to the general level. Because the knowledge systems are damaged
and not complete in patients with semantic dementia, so we will reduce the available information by limited information processing capacity (caused by damaged brain) to further
clarify the neural mechanism for granular selection by comparing brain activities between
patients and normal participants.
Participants. Two groups of participants, patients with semantic dementia and normal
controls, will take part in this experiment, including 20 participants in each group. The two
groups of participants will match age, gender, visual, education, social status and so on. The
only difference between the two groups will be semantic system damaged in patients while
intact in control group.
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Design. In Experiment 3, we also will use the same event-related design that is the same
as in Experiment 1, manipulating one factor of granularity, which will have the same three
levels: Specific, Intermediate and General.
Materials and Procedures. Same 72 color photographs and procedure as in Experiment 1 will be used in this experiment.
The Protocol of the fMRI Scanning and fMRI Data Analysis. The protocol of the
fMRI scanning is similar to the one in Experiment 1. We will also perform both confirmation and exploratory analysis in Experiment 3. The general conclusions and remarks will be
generated based on the results of both analyses. The model developed in the confirmation
analysis will be used to explain the process of granular reasoning in the brain during retrieving information from variable granularities.
Expectation and Discussion
Although cognitive psychology and neuroscience have found that information processing history (e.g., frequency) and problem situation (e.g., limited time or limited information
source) affect the starting point during human information processing, we do not know how
the brain, as a sufficient information system, achieves to a successful information retrieval
and selection during starting point switching. Obviously, cognitive processing is the result
of the cooperation and coordination of all parts in the brain system. So we will check the activities in some regions of interest (ROIs) to outline the working principles of starting point
locating and switching during information retrieval and selection in human brain. According to ACT-R, activity in a lateral inferior prefrontal region reflects retrieval of information
in a declarative module, and activity in the anterior cingulate cortex reflects the update of
control information in a goal module (Anderson et al., 2008). We will expect weaker activation in the prefrontal region and weaker activation in the anterior cingulate cortex when
retrieving information in the basic level comparing to that in the general or specific level
when in the normal information retrieval and selection, because information in the basic
level is easier to access based on processing history and needs less effort to satisfy the goal
achieving. However, the advantage of basic level will disappear and the brain activity pattern will change when the starting point switches to the general level. We will expect that
weaker activation will appear in the prefrontal region and anterior cingulate cortex when
starting points located in the general level than that in the basic level, because the limited
time or limited information sources will need more efforts to satisfy the goal if the starting
point still locates in the basic level in these problem situations. Although the information in
the general level is first activated as shown in the ERP study (Large et al., 2004) and incomplete general information could also be a correct answer to the problem, human brain might
choose the less effortful cognitive state. In other words, if we would observe both weaker
activity patterns no matter the starting point located in the basic level or general level, we
will provide the neural evidence of limited rationality in human brain. As connections with
LarKC, we think granular selection is a useful and beneficial way to deal with massive,
incomplete, inconsistent information sources, since it is very relevant to variable precision
logic. The effect of basic level advantage and its reversals suggest that the starting point
switches flexibly in human cognitive processing according to knowledge memory system
and problem situation. Although we are trying to develop plugin of selector based on a
starting point under the view of granular selection, there is still an attempt and the first step
to improve information selection. If the working principles of limited rationality in human
brain can be understood deeply, we may provide more suggestions about goal-state matching (or query-answer matching) for information retrieval. For example, we might encourage
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the plugin based on granular selection to develop the evaluation or satisfaction mechanism
considering user query’s identification and effort cost checking.

3.8

Program Development Progress

As a preliminary study, we have developed two programs using our methods proposed in
this deliverable. Both of them are based on the SwetoDBLP dataset (Aleman-Meza et al.,
2007), and are developed using Java 1.6.
• Research Interests Extraction System. This system extracts 615416 author information (including author names, publication lists and corresponding years) from the
SwetoDBLP dataset (RDF version of DBLP dataset) (Aleman-Meza et al., 2007),
version April 2008, and reports their current interests based on the power law model
and the exponential law model introduced in this deliverable. Given the corresponding
name, one can search any authors’ current interests based on their previous publications. One can also search on a specified interest and get the corresponding value of
that interest. A screenshot of the system is shown in Figure 3.14.
• User Centered Computer Science Literature Search System. This system allows an
author to log in using his/her own name which is consistent in the DBLP publication
list, then the system will generate a series of interest keywords from his/her own
publication list. When the user inputs a query in the search box, the system will
automatically add constraints from the user interest list to the original query, and
two lists of search results are provided. The first list is produced using the original
query, and the second list is produced using the refined query which includes the top 9
interest keywords from the user interest list. A screen print of the system is shown in
Figure 3.15. Furthermore, Table 3.6 gives an example produced by this system. After
logging in by Dieter Fensel, a query input has been provided, and different results
are presented according to the original query and the extended query. As we can see,
the one with interest constraints is much closer to the user’s interests, and the interest
constraints do not need to be added manually in the original query.
In the current version of the two programs, the 1.03G RDF data are stored locally, and
some temporary files are generated from the analysis of the dataset. The keyword matching
program developed by ourselves is used in the current version, and we will change it to
SPARQL query in the program. In the near future, we are going to release the RDF dataset
which includes current research interests of all computer scientists listed in the SwetoDBLP dataset, so that other institutions could create their own application using this semantic
dataset. More functionalities concerning granular selection will be also added to the system in the near future. Finally, we hope to implement a granular selector plugin for LarKC
which includes the features and functionalities introduced in this deliverable.

3.9

Conclusion

In this deliverable, we have presented a way of modeling research interests as an example of
finding users’ interests from user historical data. The proposed method is applicable to other
scenarios. For example, one can model users’ interests on visiting Web resources using the
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Figure 3.14: Computer scientists research interests extraction from SwetoDBLP.

Figure 3.15: User centered computer science literature search system.
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Table 3.6: A comparative study of search results from the original query and the extended
query with users’ current interests
Log in name
Dieter Fensel
Top 9 interests
Web, Service, Semantic, Architecture, Model, Ontology, Knowledge, Computing, Language
Query :
Artificial Intelligence
List 1 :
without current interests constraints
* PROLOG Programming for Artificial Intelligence, Second Edition.
* Artificial Intelligence Architectures for Composition and Performance Environment.
* Artificial Intelligence in Music Education: A Critical Review.
* Music, Intelligence and Artificiality. Artificial Intelligence and
Music Education.
* Musical Knowledge: What can Artificial Intelligence Bring to
the Musician?
* Readings in Music and Artificial Intelligence Artificial Intelligence Techniques in Medicine and Healthcare.
* Artificial Intelligence in the HyperClass: Design Issues.
* Essentials of Artificial Intelligence.
* ......
List 2 :
with current interests constraints
* Web Intelligence and Artificial Intelligence in Education.
* Artificial Intelligence Exchange and Service Tie to All Test Environments (AI-ESTATE)-A New Standard for System Diagnostics.
* Semantic Model for Artificial Intelligence Based on Molecular
Computing.
* Open Information Systems Semantics for Distributed Artificial
Intelligence.
* Artificial Intelligence and Financial Services.
* Artificial Intelligence Techniques in Retrieval of Visual Data
Semantic Information.
* Semantic Optimization in Data Bases Using Artificial Intelligence Techniques.
* Artificial Intelligence for Semantic Understanding.
* Natural Semantics in Artificial Intelligence.
......
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same method. This can be easily done by changing the literatures to webpages, and the
publication time to the visiting time.
We need to emphasize that when facing the problem of “where to start a query”, it is
effective to start a knowledge query task from a “starting point”, which is constructed from
a query input by a user with constraints of user’s interests obtained from his/her own profile
(e.g. Web access log, publication list, etc.). Results presented in this deliverable have shown
that, with a starting point, better retrieval results and better selection of samples during the
process of query can be achieved. In a tree-style structure, we need to locate on the “basic
level” as a “starting point”, in a network-style structure, we need to locate on the “default
view” as a “starting point”, to accelerate the query process.
In a knowledge query task, users judge whether the reasoning results are good or bad.
If the results cannot be provided to users in an appropriate way, users may get misleading
and make wrong choices even through the results may be good enough for him/her. From
the knowledge representation perspective, a multi-level and multi-view organization of the
knowledge sources in an interactive way naturally provides scalability characteristics and
acts as a basis for granular selection and reasoning.
In human problem solving, more specifically in selection and reasoning tasks, humans
always can focus on appropriate levels or views to do selection and reasoning in a rational
time, ignoring irrelevant information or details. The nature of granular selection and reasoning is a mapping of human reasoning methodologies to the physical machine, which is
selecting and reasoning with multi-levels and multi-views with bounded rationality. With
the results organized in multiple levels and multiple views in a rational time, the scalability
barriers can be partially removed and various user needs can be satisfied.
From the human aspect, more granular selection strategies will be studied through the
planned cognitive experiments introduced in this deliverable and we hope to provide some
significant results in the next deliverables, which can be used to inspire possible selection
plugins in the near future.
The results have shown that granular selection and reasoning with a starting point for the
Semantic Web, the knowledge query process can be accelerated. Our study could contribute
to some extent towards a better LarKC.
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4. Conclusion
For both technological systems and the human brain, information structure and processing
strategies are two critical aspects that determine performance. We aim to build and develop
technological systems inspired by human cognition. Granular selection, an example from
Chapter 3, emphasizes the utility of how storing knowledge in a hierarchical structure, as
people may do, facilitates flexible selection from a multi-level and multi-view perspective.
As another example, the experiments reported in Chapter 2, motivated by work on the organization of human semantic memory, explore how information is networked together. A
better understanding of these networks should provide guidance for how to tailor ACT-Rs
activation mechanisms that will be incorporated in future plug-ins.
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