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Abstract. This paper proposes a novel expert peering system for iraftbomex-
change. Our objective is to develop a real-time search erfginan online com-
munity where users can query experts, who are simply otheicipating users
knowledgeable in that area, for help on various topics. Wisicter a graph-based
scheme consisting of an ontology tree where each node eeyigea (sub)topic.
Consequently, the fields of expertise or profiles of the pigdiing experts cor-
respond to subtrees of this ontology. Since user querieslsanbe mapped to
similar tree structures, assigning queries to relevanegggpecomes a problem
of graph matching. A serialization of the ontology tree abous to use simple
dot products on the ontology vector space effectively ta@sklithis problem. As
a demonstrative example, we conduct extensive experinvéttisdifferent pa-
rameterizations. We observe that our approach is efficieditygelds promising
results.

1 Introduction

Document retrieval studies the problem of matching userigsi¢o a given set of typi-
cally unstructured text records such as webpages or doden®&nce user queries may
also be unstructured and can range from a few keywords té-saritenced descriptions
of the desired information, pre-processing steps suchoas/gbrd removal, stemming,
and keyword spotting usually precede the actual retrieval.

Given similarly purged dictionaries, most systems for doeunt retrieval and text
classification rely on theector space model of documents. It represents documents
and queries by term-by-document vectors and allows foraaabres based on statistical
learning. Recent research in this area includes the useppbstivector machines [1],
probabilistic semantic indexing [2], or spectral clustgr|3].

However, despite their dominant role, methods relying emtby-document vec-
tors suffer from several drawbacks. For instance, they aacepture relations among
terms in a single document and have to assume a static dicyiam order to fix the
dimension of the vectors. Graph-based models, in contrasily cope with these short-
comings, providing a promising alternative approach toutloent retrieval.

In an early contribution Miller [4] has considered bipatihatchings between doc-
uments and queries which are given in terms of co-occurrgragghs. More recently,
Schenker et al. [5, 6] have proposed a graph structure farrdents and queries that
accounts for sequences of words. Matches are computed basek-nearest neigh-
bors ¢NN) criterion for graphs and it has been shown that this afibpes common
vector-base@NN retrieval.



In this paper, we assume a different view on graph-basedudenctretrieval. Focus-
ing on development of a peer-to-peer (P2P) communicatiochar@sm for an online
community, we describe a retrieval system that exploitsas#in structures for text-
based classification. The online community users identiBntselves as experts for
certain domains and fields of knowledge. Users may eithaeaddhe community with
problems they need help on, or —if they are qualified— caromdfo other users’ ques-
tions. Rather than mediating the communication betweemuanity members by an
online user forum (offline) mechanism, we aim at a soluti@t dutomatically proposes
appropriate experts given a user query in real time, who eacoltacted directly via,
for example, instant messaging.

Our approach is based on a comprehensive ontology treeiltiagarelevant fields
of knowledge where each node corresponds to a single sulnjeapic described by
a bag of words. Similarly, we associate each query and exy#rta bag of words
of flexible size and define a similarity measure to compare duch bags. Utilizing
an algorithm which will be described in detail in Section istformulation enables
us to represent entities such as queries or experts as esibtréhe ontology at hand.
Furthermore, serialization of the ontology tree allowsdefining anontol ogy-space.
Therefore, queries as well as experts can equivalentlyfresented as vectors in this
linear vector space. The problem of peering queries andedben becomes a problem
of tree matching which is addressed using dot product ojpasabetween the respective
vectors.

1.1 Related work

Ontology-based document retrieval and search has redestlyme an active area of
research. Especially ontology building from a set of docotmeand term similarity
measures have found increased attention [7, 8]. In a recerit more closely related
to our scenario, Wu et al. [9] have studied an expert matcpinglem similar to ours.
However, their approach differs from our solution for th@ply ontologies to compute
path-length-based distances between concepts upon viigghhase several definitions
of similarity measures for documents. Our work, in contrasploits hierarchal coarse-
to-fine information contained in the ontology and measu@suchent similarities in
semantics induced vector spaces. Moreover, while theithgos in [9] require manual
intervention, our scheme is fully automatic. Finally, pméhary experiments we con-
duct demonstrate that our approach leads to a higher peafarenin terms of precision
and recall than the one in [9].

1.2 Organization

The rest of the paper is structured as follows: in Section 2egeribe our approach and
algorithms developed in detail. Section 3 presents a detraiive experimental study
and discusses its results. The paper concludes with a symandrremarks on future
research directions in Section 4.



Fig. 1. An example ontology tree where each node is associated witigaset) of words. In
our implementation, the bag of words of a higher level nodetaias keywords regarding the
corresponding topic as well as the union of all bags of wofdsalescendants.

2 Model and Approach

We present an ontology-based semantic model and approadttess the query-expert
peering problem. Specifically, we describe the structutb@bntology, a simple simi-
larity measure, and a mapping algorithm followed by the epeering scheme.

2.1 The Ontology

We consider a strictly hierarchical ontology or knowledgef" = (N, X) consisting

of a set of nodes or subject§ = {ni,...,ny} and a set of edge¥s between them
such that each subjeet € N has a unique parent node corresponding to a broader
subject (see Fig.1). Other than this assumption the apbroaaevelop in this paper is
independent of the nature and contents of the specific antdiee chosen.

Let us define for notational convenien€én) as the set of children ane(n) as
the unique parent of node. We associate each nodewith a representativbag of
words B(n) := {wy, ..., ws, }, wherew; denotes thé'" word. This set (bag) of words
can be for example obtained by processing a collection aftedltexts from online
and encyclopedic resources using well-known natural laggyrocessing methods.
Subsequently, we optimize all of the bag of wotfls the ontology both vertically and
horizontally in order to strengthen the hierarchical s of the tree and to reduce
redundancies, respectively. First, in the vertical ditgtwe find the union of bag of
words of each node and the ones of its childreBi(n) = B(n) U [Ujec(n)B(3)]. Then,
we replace3(n) with B(n) for all n € N. We repeat this process starting from leaf
nodes until the root of the tree is reached. Next, in the lotal direction, we find the
overlapping words among all children of a nade3(n) = Niec(n)B(7), subtract these

from eachi € C(n) such that3(i) = B(i) \ B(n), and repeat this for alt € N.

2.2 Mapping to Ontology-space

The ontology tree can easily be serialized by, for exampidering its nodes from
top to bottom and left to right. Hence, we obtain an assogigtetor representation



(a) An expert on two topics represented by leaves of the ogyotan be modeled as a subtree.

(b) A query on a topic represented by a leave of the ontologybeamodeled as a subtree.

Fig. 2. Experts and queries can be mapped to subtrees of an ontelbi)) creates the basis of
the peering scheme proposed..

of the treev(T) € R™. An important aspect of our algorithm is the representatibn
entities as subtrees of the ontology (see Fig. 2) and equntiglas vectors on the so
calledontology-space S(7) ¢ R¥, which is a compact subset Bf¥. In order to map
expert profiles and queries, which are given by arbitrarywad lists, onto subtrees
we use a similarity measure between any entity representabh bag of words and
the ontology tree. In this paper, we choose the subsequéetigribed measure and
mapping algorithm. However, a variety of similarity measican be used towards this
end.

Let us consider the following example scenario to furthetivate this mapping
scheme (see Fig. 2). A query on electromagnetism (a topiesepted by a leave node)
is, in a wider sense, a query on theoretical physics whictyrim is a query in the area
of physics in general. Therefore, even if there is no expeglectromagnetism is found
an expert on quantum mechanics and computational physgist iné able to help the
user as these are subbranches of theoretical physics.

Let us define, for analysis purposes, a global dictionarylset U, B(n) of
cardinality M and anM -dimensionabictionary-space S(D) ¢ R™ by choosing an
arbitrary ordering. Thus, each node or itéris associated with an occurrence vector
w (%) in the dictionary space indicating whether or not a word appé the respective
bag of words:

w(i) = [I(w1),...,I(wpn)], w(i)e S(D), 1)



Input: bag of words3(z), ontology tre€l’, similarity measure:
Output: corresponding subtree describing entignd its vector representatior:)

* Compute the similarity between the given entity’s bag of words 3(¢) and the ones of the

tree nodes iteratively fromtop to bottom */

1. consider the highest semantic categofies, , . . ., nny, }, i.e. each node immediately
below the root node, and compute the similaritiés n)

2. determine the nodey, € {ns,, ..., nn, } wWith the highest similarity

3. addny, to the resulting subtree and set the corresponding entheirector tol

4. consider the child nod€su.,, . . ., nc. } of ni and for each child node compute
the similaritiesr (¢, n)

5. compute the megnm and the standard deviatienof the resulting similarities

6. consider all nodeény, } in the current set of children for whieh(¢, n,) > p + ac
wherea > 0 is a fixed parameter

7. for each nodex, in the set{n; } continue with step 3, until the lowest level of the tree
is reached

Fig. 3. Algorithm to map an entity characterized by an arbitrary list of keywords to a subtiffee o
an ontology whose nodes are associated with bags of words.

wherel(w;) = 1if w; € B(#) andI(w;) = 0 otherwise. Note that the vectons are
usually sparse as the cardinalityBf7) is usually much smaller than the one®f

We now define an example similarity measu(é j) between two entities and j
(with respective bag of wordB(i), B(j) and vectorsw (i), w(j)):

i) e ABGNBGI
VIBO VI BG) ]

where| - | denotes the cardinality of a set. Note that this measureigzorresponds
to the the cosine of the angle between occurrence vectorddary does not require
to assemble a global dictionafy for its computation.

Given the similarity measure we present an efficient mapfiimm the dictionary
space to the ontology-spas€D) — S(T) through the algorithm in Fig. 3. Using this
algorithm, any itemy can be represented as a subtree of the ontology or altezhyativ
as a vectowv (i) € S(T) with one-zero entries on the ontology-space. We note that
the algorithm in Fig. 3 is inherently robust due to its topbtmtom iterative nature
and usage of the ontology’s hierarchical structure. In ot ds, it solves a series of
classification problems at each level of the tree with insirgadifficulty but in a sense
of decreasing importance. We will discuss this in the negtise in more detail. The
optimizations of the ontology tree described in Sectiona?sb add to the robustness of
the mapping, especially the aggregation of bag of words feawes to the root.

()

2.3 Query-Expert Peering

As the first step of query-expert peering, we convert eachycfioea bag of words and
associate each expert with its own bag. The experts bag afsaaan be derived, for



example, by processing personal documents such as reswelggages, blogs, etc.
The algorithm in Fig. 3 enables us then to represent any quegypert as a subtree of
the ontology as well as a binary vector on the ontology-sp&leas, the query-expert
peering problem becomes one of graph (tree) matching whelnvwurn address by
using the ontology tree to span the corresponding linearesgdnere are two important
advantages of this approach:

1. The ontology (vector) space has a much smaller dimens@mnthe commonly used
term-by-document spaces. It also avoids the need for niaingglarge, inefficient,
and static dictionaries.

2. Each dimension of the ontology-space, which actuallyesponds to a node (sub-
ject), has inherent semantic relations with other nodes. $dich relation is hierar-
chical and immediately follows from the tree structure @& tmtology. However, it
is also possible to define other graph theoretic relatiarseXample, by defining
overlay graphs.

We now describe a basic scheme for query-expert peeringud.efenote by; a
query with its bag of word#(q) and by = {e1, ..., eg} a set of experts represented
by the respective bag of word¥e;), i = 1,..., E. Our objective is to find the best set
of experts given the query. Using the approach in Sectiom.ghap the query and ex-
perts to subtrees of the ontology, and hence obtain veetgisandv(e,), ..., v(eg),
respectively, on the ontology spa6éT’). Then, we define a matching scarebetween
a query and an expert

m(g,e) :==v(q) - v(e), 3)

as the dot product of their vectors. Subsequently, thoserexwith the highest ranking
matching scores are assigned to the query.

3 Experiments

We conduct a set of preliminary offline experiments to nug@ly study the perfor-
mance of the system developed. We present next the expérasieip followed by the
numerical results and their interpretation.

3.1 Experiment Setup

We begin the experimental setup by selecting an ontologyaamsdciate each of its
nodes with a bag of words as described in Section 2.1. In #pepwe choose (rather
arbitrarily) a245 node subset of an ontologprepared by the Higher Education Statis-
tics Agency (HESA), an educational institution in the Udit€ingdom. The bag of
words for each node is obtained via the following procedure:

1. The node’s name is used in findih@top ranked documents throuyghoo! search
web services.

! http://www.hesa.ac.uk/jacs/completeclassificatian. ht
2 http://developer.yahoo.com/search/



2. The obtained HTML documents are converted to text (ASfotinat and concate-
nated into a single document.

3. This resulting document is further processed using theifdaLanguage Toolkit
(NLTK) [10] by (a) tokenizing, (b) stop word removal, and (sfemming with
Porter's stemmer [11], which finally yields the bag of words.

We next randomly generate experts for the purpose of offippeements. We con-
sider three types of experts: one knowledgeable in a siqgeific topic (represented
by a subtree of ontology ending at a single leaf node ), onk Wb specific topics
(branches), and one with three topics. Each randomly getepool of experts con-
tains equal number of each type.

One can devise a variety of methods for random query gepardtiowever, the
procedure for generating queries with a known answer (aarorg of best matching
experts) is more involved. We overcome this difficulty by geating a separate “query”
bag of words for each node of the ontology following the st@ipgve. We ensure that
these bags of words are obtained from documents compleigbird from the ones
used to obtain node-associated bag of words. Thus, we dergraries by randomly
choosing a node from the ontology and a certain number of keys\from its “query”
bag of words. Since we know which node the query belongs teasiy find a “ground
truth” subtree or vector associated with the query whichuim @allows computing the
“best” ordering of experts for peering. This yields a basiscomparison with the result
obtained from the generated query.

Finally, we use the similarity measure and mapping algorittescribed in Sec-
tion 2 to compute the expert peering, i.e. the set of exgef¢s with highest matching
scores given a query. Then, as described above the “ground truth” vectors ard use
to calculate the set of “correct” expertyq). The recall and precision measures are
calculated as the average®f= 1000 such queries in these experiments:

Agi i A( i
recall = Z —| Al (|q )| , precision = Z —| | 1)?(%) (|q ) |

3.2 Numerical Results

We next present and discuss the numerical results. In therexents we choose the
following specific parameter values: the number of queryags (out of respective
“query” bag of words)Y 20, 40, 60, 80, 100}, the number of experts0, 100}, and
the parameter of the algorithm in Fig. 0.0, 1.0}.

We first limit the cardinality ofd to one, i.e. there is only a single expertin the “cor-
rect” peering set. The precision and recall versus the rahgarameters in this case is
shown in Figures 4(a) and (b), respectively. Aiming to fintiydhe single best matching
expertis clearly over restrictive and leads to poor reslitact, given the uncertainties
within the underlying representation mechanisms it isvegivery meaningful to expect
such degree of accuracy nor required for the applicatioasarensidered.

Next, the best matching experts are defined as the ones wittophthree highest
ranking scores. Notice that this set may contain more thaetexperts in some cases.
The precision and recall improve drastically for all paréenehoices as observed in
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Fig. 5. (a) Precision and (b) recall for a range of parameters whefingehe set of experts with

the top three rankings to each query.

Figures 5(a) and (b), respectively. This result demoresréite robustness of our expert
peering scheme: its performance improves gradually whearacy restrictions are
eased. This is further illustrated by Figures 6(a) and (hgne the performance further
increases when the set of best matching experts is definedebgrtes belonging to
the top six ranks. It is important to note that for each cases#t of “correct” experts
obtained from the “ground truth” vectors is defined as thesekperts with the single
highest ranking value. Our observations on and interpegtsif results with respect
to the values of other parameters include:

1. Choosing the largeir = 1 value for the algorithm in Fig. 3 leads to improved
results. Since this parameter affects the branching tbteéskalue when mapping
gueries to a subtree of ontology we conclude that increasiagtricts unnecessary

branching, and hence noise.
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Fig. 6. (a) Precision and (b) recall for a range of parameters whefingdehe set of experts with
the top six rankings to each query.

2. The precision remains high regardless of the number afrexpndx in Figures 5
and 6. We attribute this result to hierarchical structurembustness of our system.

3. With the correct set of parameters we observe in Fig. 5 apdaally Fig. 6 that
both the precision and recall are relatively insensitivahi® number of experts
which indicates scalability.

4. Althoughthe precision and recall slightly increase wittreasing number of words
in the queries these curves are rather flat demonstratingtinaystem performs
well in peering the experts even when given limited inforioat

4 Conclusion

In this paper we have presented an ontology-based approaeh £xpert peering and
search system. We have studied the underlying principlesreal-time search engine
for an online community where users can ask experts, whoiamglys other partici-
pating users knowledgeable in that area, for help on vatimpiss. We have described
a graph-based representation scheme consisting of arogptoke where each node
corresponds to a (sub)topic and is associated with a bagrofsa®his allows us to rep-
resent the fields of expertise (profile) of the participaxgerts as well as incoming
gueries as subtrees of the ontology. Subsequently, we kavessed the resulting graph
matching problem of assigning queries to relevant experes\eector space, which fol-
lows from a serialization of the ontology tree, using simghe products of respective
vectors.

Preliminary experiments utilizing an example ontology dastrate the efficiency,
robustness, and high performance of our algorithm over geraf parameters. These
promising results also open the way for future research. ®search direction is the
refinement of our algorithm toward an adaptive update oftlparameter that controls
the branching behavior in subtree generation. Anotheréastang question is how to
make the underlying ontology dynamic by adding, deleting] energing nodes. Yet



another direction is the study of time-varying expert pesfiand it's analysis as a dy-
namic system. We finally note that although the expert pggrinblem we focus on in
this paper has specific properties differing from documetniaval our approach can be
applied to that area as well.
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