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Contributions

 We propose 10 query dependent schemes for
computing similarity between 2 profiles

* We obtain resources such as the topic
taxonomy from Wikipedia, Authors’ profiles
from ArnetMiner, and author and paper
databases from Citeseer*.

* We provide anecdotal results that show great
promises on the proposed schemes.



Definition: Topic Taxonomy and Topic
Library

* A topic taxonomy is a hierarchy of topics,
where a node is a topic and each edge

represents sub-topic relationship.
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* A topic library is a set of topics taken from a
topic taxonomy.



Definition: User Profile

* Given a topic library T.

* Profile of user U is defined by a set of
weighted topics:

PU — {< bul, Wyl >y ey, < tyn, Wyn >}

* Where{t,, ..., t,,} ETand {w, ..., w,,} are
real numbers between 0 and 1.



Definition: Query

* Given a topic library T.
* Query Q is defined by a set of weighted topics:

Q = {< g1, Wq1 >, ..., < lgk, Wqk >}

* Where {t y, ..., ty} S Tand {wg,, ..., Wy} are
real numbers between 0 and 1.



Problem Definition

* Given Profile of two users P, and Pg, and a
query Q

* We aim to compute:
— ProfileSimilarity (Q, PA, PB)

— A function that returns a real number between O
and 1, representing the level of profile similarity.



Resources

* Topic Taxonomy from Wikipedia
* Author research interests from ArnetMiner
* Author and Paper Databases from Citeseer*



Topic Taxonomy from Wikipedia

* Extract 758,336 topics and their sub-topics
relationship from Wikipedia.

* Pre-compute a shortest path between each
pair of topics for fast look-ups, producing
139,736,685 shortest path entries.



http://en.wikipedia.org/wiki/Wikipedia:Categorization

Author research interests from
ArnetMiner

* Use research interests to define user profiles.

— Extract each research interest (as a keyword) from
ArnetMiner.org and map the keyword to topics
using WikipediaMiner

ArnetMiner ™ o]
Topic | weight
Library_science 0.07692308
Data_mining 0.07692308
Machine_learning 0.05128205
Computational_neuroscience 0.05128205
Neural_networks 0.05128205
Archival_science 0.05128205
Digital_Humanities 0.05128205
Digital_libraries 0.05128205
Data_analysis 0.05128205
Formal_sciences 0.05128205
Software_architecture 0.02564103
Web_applications 0.02564103

C Lee Giles’ Profile



Author and Paper Databases from
Citeseer®

» Citeseer®hosts over 1.5 million scholarly
documents.

 The author information (names, affiliations,
lists of publications, etc.) is extracted from the
documents as part of the meta-data

extraction.
 We obtain a database of 307,262 authors from
1,077,513 documents. Cite
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Topic Similarity Function T5(t,, t,, t,)

* An atomic function that computes the
similarity between two topics t, and t,, given a
query topic t,.

ILCP(t,, ta,t)]
min(|SP(tq,ta)|, |[SP(tq,tu)|)

TS(ty, ta,ty) =

* SP(t,,., t..q) is @ shortest path from topic ¢,
to topic t, , in the topic taxonomy

* LCP(t,, t,, t,) is the longest common path
between SP(t,, t,) and SP(t,, t,).

tart



Profile Similarity Schemes

 We propose 10 query dependent schemes for
calculating profile similarity, divided into 3
families: Topic Overlap based, Summation based,
and Maximization based.

Family Scheme Name Acronym
User Uniform Overlap Uuvuo
User Weighted Overlap UWO
User Weighted Sum, Query Weighted | UWS-QW
User Weighted Sum, Query Uniform UWS-QU

Topic Overlap

Summation User Uniform Sum, Query Weighted UUS-QW
User Uniform Sum, Query Uniform UuUsS-QU
User Weighted Max, Query Weighted | UWM-QW
Masximizati User Weighted Max, Query Uniform UWNM-QU
Maximization

User Uniform Max, Query Weighted UUM-QW
User Uniform Max, Query Uniform UUM-QU




Schemes: Topic Overlap Based

* Measure the topic overlapness of the two

. 1 TS(tg.ta.tn) if tag =t
ProfileSimprpyo(Q., Pa. Pp) = — - Z { ( q[] @b :Dthgrwisbc
VU  <tq,wg> <tp,wp>
eP\ ePp
U 1 Weq + w TSt tq, t 1if tg =t
ProfileSimpryw (@, Pa. Pp) = — Z Z {( a b) 0 (tg.ta,ty) :.thlzru!igﬁé_
L:LE-"' "-fta we -~ "'-::tb U_b"'} .



Schemes: Summation Based

* Sum over the similarity of each pair of topics
between two users and takes the average.
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Schemes: Maximization Based

* Pick the pair of topics between the two users that
maximizes the similarity.
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Anecdotal Results

e 34 authors are chosen from 9 different
computer science disciplines.

* |Inter-similaities are compute between them
using paper “TextTiling: Segmenting Text into
Multi-paragraph Subtopic Passages”, as the
guery.



Summation Topic Overlap

Maximization

Anecdotal Results (cont.)
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= Authors from IR field

Very Similar

Not Similar

Expected to see:

1. High Similarity among
authors in same disciplines.
(Diagonal blue trend across
the heatmap)

2. Profile similarities between
C. Lee Giles, who is the
representative of IR
discipline, and the other
authorsin IR field (i.e.
Prasenjit Mitra, James Z.
Wang, Bingjun Sun, and
Saurabh Kataria) are highly
prominent compared to
authors from other
disciplines.



Anecdotal Results (cont.)
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However, the similarity levels are
very strict—the heatmaps display
only either dark blue grids or
green (even white) grids. These

Summation Topic Overlap
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The summation based schemes
are able to compute partial
similarities. However, these
schemes do not yield accurate
results. First, the profile
similarities are not distinctive
across the disciplines—the
heatmaps show light blue grids
spreading all over. Second,
sometimes self-similarity levels
are inferior to the similarities
against others, which is not
intuitive. For example, the
similarities between C. Lee Giles
and himself are even less than
the similarities between C. Lee
Giles and Bingjun Sun.
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The maximization based
schemes yield both correct and
more accurate results than the
other two families. Especially, the
UWM-QU and UWM-QW
schemes show promising
diagonal blue patterns across the

heatmaps. Furthermore, the
profile similarities between C.
Lee Giles, who is the
representative of IR discipline,
and the other authors in IR field
(i.e. Prasenjit Mitra, James Z.
Wang, Bingjun Sun, and Saurabh
Kataria) are highly prominent
compared to authors from other
disciplines. This is expected since
the query that we use is a

publication from the IR field.



Conclusions

* We propose 10 schemes for profile similarity
calculation divided into three families: topic overlap
based, summation based, and maximization based.

* The anecdotal results show that the maximization
based schemes, especially UWM-QU and UWM-QW,
vield most accurate results as they are able to capture
partial similarity between two topics.

* We also invest our efforts harvesting resources such as
the topic taxonomy from Wikipedia, the high quality
list of authors from CiteseerX, and the author research
interests from ArnetMiner.
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