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Abstract: We validate the research pyramid model of research evolution. Moreover, we propose and evaluate
two algorithms to identify research pyramids. Finally, we improve publication scores in terms of accuracy and

separability via publications” research pyramids. Accurately ranking publications enables users to aggregate
pertinent results quickly and easily. Studies show that citation-based publication-importance functions, e.g.,
PageRank and Citation Count, are extremely skewed and have accuracy problems. Based on the notion of
research pyramids we propose a priori technique to assign more effective and accurate publication importance
scores. We showed that the proposed technique provides more accurate and significantly less skewed
publication scores than citation-based techmques. Owr experiments showed 16-25% unprovement in search

outputs accuracy measured for the top-k search results.
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INTRODUCTION

Searching On-Line Literatwre Digital Libraries
(OLDLs) efficiently and effectively is becoming more and
more mnportant as the size and use of OLDLs expand at
a very high rate. Consider the following three OLDLs as
examples from computer life sciences and from electrical
engineering fields:

*  Incomputer science, ACM digital library (ACM) has
around one million full-text publications collected
over fifty years, all available to search and download

¢ Inelectrical engineering and computer science, [IEEE
xplorer (IEEE), 1s another OLDL that provides its
users with access over the web to more than 1,700
selected conferences proceedings

*  ScienceDirect (ScienceDirect) 1s the world’s leading
scientific, technical and medical information resource
that celebrated its billionth article download back in
November’06 since, it has been launched and put
into service in 1999

From the above stated numbers one may come to
a conclusion that providing accurate publication
unportance scores for search results and ranking
publications retwned as search results accurately can
significantly help OLDL users in reducing the time they
spend in searching OLDLs. Furthermore, accurate and
effective publication rankings can also be useful for

comparative assessments of publications as well as
publication venues and research institutes such as
universities. Yet more, properly ranking authors’
publications may help in comparatively evaluating
sclentists as well.

At the present time, OLDLs lack effective and
accurate publication rankings (Ratprasartporn et al.,
2007). For instance, the ACM Digital Library retwns
unexplained rankings of publication search results that
make this ranking not useful to users (ACM). Moreover,
search output results of OLDLs tend to experience high
level of the topic diffusion problem, which 1s defined as
having large number of search results from multiple
topics that are not of the cumrent user’s interest
(Ratprasartporn and Ozsoyoglu, 2007, Voorhees and
Buckley, 2002; Lin, 2005).

The topic diffusion problem occurs
keyword-based searches produce a large number of
publications over a relatively large number of topics,
thereby producing publication importance scores that are
non-specific to topics (Ratprasartporn and Ozsoyoglu,
2007; Voorhees and Buckley, 2002; Lin, 2005).

Using social networks or bibliometrics, a number of
publication score functions has been defined in literature
(Brin and Page, 1998, Klemberg, 1998; Bam-Ahmad et al.,
2005a). In Bam-Ahmad et al. (2005b), the authors have
comparatively  evaluated  several  citation-based
publication score functions, including, (1) PageRank
proposed Brin and Page (1998), (2) Authorities scores

because
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proposed in Kleinberg (1998), both adopted from the www
research domain and (3) citation-count scores from the
bibliometrics research domain (Chakrabarti, 2003).
Bam-Ahmad et al. (2005a, b) observed that all those three
score functions suffer from the separability problem, that
is; none of these scoring functions assigns scores that
distribute well over a given scale, e.g., [0, 1]. Instead,
scores distributions of the three experimented publication
score functions are found to be highly skewed
(Bani-Ahmad et al, 2005a, b) and decay very fast
(Redner, 2004; Bani-Ahmad et al., 2005a, b), resulting in a
much less useful comparative publication assessment
capability for users.

This lack of separability is caused by the rich gets
richer phenomena identified in (Redner, 2004; L1 and
Chen, 2003). The rich gets richer phenomena mvolves
observing a very small number of publications with
relatively high numbers of in citations. Those highly-cited
publications have even higher chances of receiving new
citations. Further studies show that, yet, these citation-
based scoring functions are also not very accurate,
probably caused by topic diffusion in search outputs
(Haveliwala, 2002).

The research-evolution model proposed by Aya et al.
(2005) supgested that citation relationships between
research publications produce multiple, small pyramid-like
structures, where each pyramid represents a set of
publications that are related to a highly specific research
topic. A research pyramid is defined (Ava et al., 2005) as
a set of publications that represent a highly specific
research topic and usually has a pyramid-like structure in
terms of its nternal citation graph (Aya et al.,, 2005).

Publications within an individual research pyramid
are: (1) motivated by earlier publications in the topic area
(e.g., this paper is motivated in part by citations
(Ratprasartporn et al., 2007, Aya et al., 2005), or (2) use
techniques proposed in publications from other research
pyramids (e.g., this study in part uses some of the
techniques presented in citations (Brin and Page, 1998;
Kleinberg, 1998)). Other reasons for citations may also be
observed (Aya et al., 2005).

PROBLEM STATEMENT

In this study, our goals are to (1) provide a solution
to the OLDI, search output ranking problem due to the
topic diffusion problem, by grouping search outputs at
the most-specific (detailed) topic level and without
identifying the topics themselves, (2) eliminate the low
separability problem of score functions and (3) improve
the accuracy of three score functions, namely, PageRank,

authorities and citation count score functions. Our

approach uses the research pyramid (RP-) model to
improve the separability and accuracy of publication
scores and is based on normalizing publication scores
within a limited scope, namely, within individual research
pyramids. These improvements come from the fact that
publications are now compared to their peers within their
peer groups, namely, their own research pyramid
publications that are on the same topic.

This study proposes and empirically evaluates two
approaches to identify research pyramids. The first, called
LB-TdentifyRP, wuses link-based research pyramid
identification, which captures research pyramids by
identifying pyramid-like structires from the citation graph
of the publication set. The second approach, called
PB-IdentifyRP, uses proximity-based research pyramid
identification, utilizes a graph-based proximity measure,
namely SimRank (Jeh and Widom, 2002), to compute
similarities between publications and then restructures the
k-most-similar publications into a research pyramid.

This study’s contributions are:

»  Validate the research pyramid model of research
evolution

»  Propose and evaluate two algorithms to identify
research pyramids

»  Improve publication scores in terms of accuracy and
separability via publications’ research pyramids

As a testbed, we have utilized AnthP, a publication
set of 14,891 publications from the ACM SIGMOD
Anthology. Our experimental results show that:

¢ The complete publication citation graph (of AnthP)
is highly clustered

»  Each cluster of the complete publication set has a
pyramid-like structure in terms of the citation graph
of the cluster

¢  FEach cluster represents a highly specific research
topic. Note that the above three findings validate the
research pyramid model proposed by Aya et al
(2005)

+  Topic similarities decay over both the citation age
and citation paths

We used the two topic similarity decay curves to
guide the RP construction:

¢ Within RP citation graphs, the average number of in
cltations per paper varles, pointing to the importance
of comparative publication scores within RPs

»  Publication scores within RPs are accurate, due to
our approach where each publication s compared
only to its peer (research pyramid paper) group
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CITATION-BASED PUBLICATION SCORES

Existing citation-based publication score functions
are all based on the notion of prestige in social networks
(Wasserman and Faust, 1994) and bibliometry
(Chakrabarti, 2003). Tn this study, as publication score
functions we use:

PageRank (Brin and Page, 1998) algorithm: PageRank
score Pp_ o, of a publication P is recursively computed as
the normalized sum of PageRank scores of documents
citing P.

Authority score of the HITS (hyperlink induced topic
search) algorithm (Kleinberg, 1998): Each document P
gets two scores, namely hub and authority scores. Hub
score of P is computed by summing up authority scores
of the publications that P cites and the Authority score of
P, denoted by P,,. i3 computed by summing the hub
scores of publication citing P.

Normalized citation count score: For a particular paper P
that receives C, citations, the normalized citation count
P Giooue 18 the ratio of Coto the number C, . of in-citations
of the most cited paper in the publication set.

Figure 1a-c show that the three score functions, namely,
Progerats P and, Py, are highly skewed and do not
separate scores well. Notice that the papers that are cited
the most have the score of 1.0. Those papers are very few
(less than one percent). The majority of scores cluster
around the 0.1 wvalue. This is because that, in the
publication set used, 73.2% of the papers have received
two citations or less. Thus, the majority of the publication
set papers has received low scores that cluster around the
0.1 value.

Pan (2006), the author observed the skewness and
inseparability of these functions mndependently in
computer science and life sciences publications (70,000
documents in each) as welll And, it is shown
(Redner, 2004; Li and Chen, 2003) that distributions of
citation-based score functions are also highly skewed and
decay very fast. We think that the cause is topic diffusion
since scores are computed with respect to the full
publication set. By using the research-pyramid model
proposed by Aya et al. (2005), we normalize scores of
publications within their own research pyramids, which
allows for a fair comparative assessment of publications
as publications are compared to their peers i their own
research pyramids.

a
80- (@) 20 (b)
A
60 60
i ol E o
Ay -1
20 20
0- - poess
000 014 028 042 056 070 0384 098 000 014 028 042 056 070 084 098
Seore Score
©)
80+
601
g 40+
[-4
204
-lpenes
000 014 028 042 056 070 084 098
Score

Fig. 1: Histograms of (a) CitCnt, (b) Auth and (c¢) PageRank. Score distribution of the three publication score functions.
Publication set used consists of 15,000 publications from ACM Anthology all from the domain of data mining
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Fig. 5: SimRank score change with citation age

From Fig. 5, in the AnthP set, after a citation age of
about 5 years, the topic similarty between the citing and
cited papers decays significantly. We refer to this value
by CagemtesTupicnensy L 1S observation led us to build RPs in
the experimental results section such that the maximum
citation age within an RP 13 5 years.

Next we present the two characteristics that identify
a research pyramid RP.

RP-property 1 (high topic specificity): An RP, usually
organizable into a pyramid, is a set of publications that
represent a highly specific research topic.

We maintain high topic specificity of RPs by
applying properties 3 and 4 and keepmg the height of
research pyramids low (property 3). Note that we make no
attempts to identify the topic associated with an RP, as
our approach does not need the topics explicitly. But, in
interactive environments, providing topics to users is
useful (Ratprasartporn and Ozsoyoglu, 2007).

RP-property 2 (research pyramid construction): RPs are
arranged 1nto pyramid structures either directly by using
citation graphs (1.e., the link-based approach) (Aya et al.,

2005) or indirectly using the publication times and close
proximity of papers (i.e., the proximity-based approach).

RESEARCH PYRAMID IDENTIFICATION
PROCEDURES

Based on the properties of publications and
characteristics of RPs, next we propose two offline
research pyramid identification procedures, namely, the
Link-Based (I.B) and the Proximity-Based (PB) RP
identification procedures.

Both procedures start by choosing a candidate root
node for an RP, called the comerstone paper. The paper
that is located at the root of a research pyramid receives
more citations than others as other publications within the
research pyramid are motivated by it and directly or
indirectly cite it. Thus, our approach is to identify papers
with high in-citations as cornerstone papers (i.e., the
roots) of RPs to be constructed.

The link-based procedure locates research pyramids
by identifying pyramid-like structures in the citation graph
of the publication set. In summary, within an individual
RP, publications are topically related (Aya et af., 2005)
and motivated by each other (Fig. 3) (Aya et al., 2005) and
we use the four properties of section 3 to identify
citations within RPs-as summarized next.

In AnthP, the average number of citations to a paper
{(1in-citations), denoted by C,, 15 2.066. Note that, in our
experiments, we consider only the AnthP citations that are
completely within AnthP; any citation from a paper within
AnthP to a paper that 13 not in AnthP is removed. Using
Property 3 and RP-Property 1, we limit RP heights to 3.
Thus, the expected number of papers within a research
pyramid RP, with paper P as the root and with height 3 1s
[RP|=1+C,+C}+C 715, Of course, the actual identified
RP sizes (the number of papers in RP;) vary. Some RPs
may deal with active research topics and, in such cases,
the number of in-citations of publications are noticeably
higher than C, leading to noticeably higher RP sizes as
well.

Figure 6a presents the link-based L.B-TdentifyRP()
procedure that utilizes citation-relationships between
publications to  identify  the
structures of the publication set at hand. The procedure
LB-TdentifyRP() (1) selects a cornerstone paper P from the
existing publication set (originally, say, AnthP) as an RP
root, by simply picking the current most-cited publication
{only citations that are C, . romoes ©ld according to
property 4 above), (2) calls LB-FormRP() to locate the RP
set RP, of P and (3) eliminates RP, from the current
publication set CiurAnthP and repeats (a)-(c) again, until
no more publications are left in CurAnthP.

research-pyramid
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()

proc LB-IdentifyRP(AnthP, RP-Sets)

{RP-Sets :=(;

CurrAnthP = AnthP;

while (CurrentAnthP = &)
§Root:=ChooseRoot(CurrAnthP);
RP=LB-FOMRP(ROOL L ng. ogercsy)
RP-Sets:=RP-Sets U RPy_
CurrAnthP:=CurrAnthP-RPy,..;
1}

M)

Tunct ChooseRoot(CurrAnthP)
return Top Citedpg,p...,(CurrAnthP);

©

funct LB-FormRP(P, Ly,,,)

{Set RP:={P}; Queue Q;

Q.Enqueue({P},0);

while(Q is not empty)
§<Pu==0Q.Dequeue;
il(/<Lyy,then
{CiterSet=Citers(P,, I, C, i TopisDeoay)s
Q.Enqueue(CiterSet, (I+1));
RP, =RP, +CiterSet;
11}

Return RP:}

@

Funct PB-FormRP(P, L)

§Set RP;={P}; Queue Q;

Q.Enqueue(P,0);

while(Q is not empty)

§<P, £ =Q.Dequeue;

il(/<Lyg,) then

{CiterSet(P):=Citers(P;, I, Cypeptux TogicDecsy)
TopSimSet:=TopSim(P,|CiterS et(Py) . C.opu TopicDecar)s
Q.Enqueue(Top8imSet, I+1);
RP.=RP:+TopSimSet;

1}

Return RP:}

Fig. 6 Functions of LB- and PB-TdentifyRP algorithms. (a)
procedure LB-IdentifyRP, (b) function
ChooseRoot, (¢) function LB-FormRP() and (d)
function PB-FormRP()

Note that our approach in this paper is to create
distinet and nonoverlapping research pyramids. An
alternative approach 1s to allow overlapping research
pyramids as follows: Do not eliminate any papers from the
original publication set (i.e., remove step (c) above);
mstead, simply color each selected publication and
continue until all publications are colored, meaning that,
when the algorithm ends, each paper belongs to at least
one RP set and possibly more.

The two main functions
LB-IdentifyRP() procedure are

of the hnk-based
ChooseRoot() and

LB-FormRP(). ChooseRoot() (Fig. 6b) chooses
publications that are cornerstone papers, or roots of
research pyramids. The function LB-FormRP() (Fig. 6¢)
forms the RP; of a root publication P by adding direct
citers of P (i.e., level-1 citers) into RP; and indirect citers
of P at a level up to the L. in experiments, we choose
Ly 88 3, by following the property 3. The fimction citers
(P, I, CpomtaTopic-nessy) TetUINS the set of publications that
cite P at a level 1 (which is at most L,,.,,) where the citation
age of the citing paper with respect to P is less than the
maximum citation age C v Topicbesy> (PTOperties 1 and 4).
In more detail:

»  Paper-id pid; of root P along with its level O is
mserted mto RP, and the queue Q, which holds
paper-ids for future expansions and their distances to
the root paper P

¢+  Two-tuple <P, 1> in Q is dequeued and expanded by
locating direct or indirect citers of P; so long as their
levels with respect to P is at most Ly topicnecsy (1.8, 3)
and their citation age with respect to P (the root) 1s
less than the maximum citation age C_ e Topicbeos
(1e., 5). All expanded publications and their level info
with respect to P are inserted into the queue Q

»  The above two steps are repeated until Q) is empty;
then RP; 1s returned

The proximity-based PB-TdentifyRP() is similar to the
link-based, except that the function call to LB-FormRP() is
replaced by the function call PB-FormRP(). The function
PB-FormRP() (Fig. 6d) of the proximity-based approach
utilizes a graph-based proximity measure, namely SimRank
(Teh and Widom, 2002), to compute similarities between
publications. Tt captures RP; of the root publication by
locating publications that are most similar to P and yet (a)
are linked to P with a citation path length of at most
L Mazmopicnecey @0d (b) have a citation time distance less than
C pgema Topicversy: SLUMRank iteratively computes similarity
scores between nodes in a graph G following the rule that
two nodes are similar if they are linked with similar nodes.
In other words, the SimRank similarity between two nodes
aandb, S(a, b), is iteratively computed using the formula
(until the similarity scores converge):

[LéalITCkl
s(ab) =[C/| 1@ 110} ] Y Y S, @)1 ) @

=1 =1

where, I (a) and I (b) are sources of in-links of a and b,
respectively. C is the decay factor between 0 and 1. We
choose C = 0.8 (Teh and Widom, 2002). If [T (a)|or|T (b)| =
0 then S(a, b) = Oby definition, in the case where a= b,

1098



Inform. Technol J., 9 (6): 1093-1103, 2010

S (a, b) = 1. The space complexity of the naive SimRank
algorithm is O(N?) where N is the graph size (the citation
graph in publication domain). We prune as in Jeh and
Widom (2002) by considering node pairs that are near
each other in the range of radius r. We choose r = 6, which
1s twice the value of the expected research pyramid height
as also explained in earlier.

PB-FormRP() receives as mput the root P, the
maximum level T, from root and utilizes the maximum
oitation age C. m Topenensy (88 3) and returns the RP set RP;
of publication P following the same main steps of
LB-FormRP() with one main difference: the way the
two-tuple <P, I» dequeued from Q is expanded, as follows:

¢ Top |Citers(P; , cagema Togicpess)| SIMilar papers, based on
SimRank, to P, are identified. The number of citers of
P; is used to capture the density of the RP being
identified and thus to expand RP at P, accordingly

¢ The identified similar papers are added to RP, and
also enqueued to Q for further expansion, this time
with the level increased by 1. Similar to L.B- FormRP()
a maximum level of L. rpiopes (Which is 3) is
employed

Advantage of PB-FormRP() over LB-FormRP() is that
1t successfully captures co-existing members of RP as well
as those that are not reachable through any citation path
from RP’s root (as shown in Fig. 3 above). We give an
example.

Example: Figure 7 shows two RPs; RP, and RP,. RP,
contains two co-existing roots A and B. Such a case
occurs when two researchers work on the same problem
simultanecusly. At some point of our RP identification
process, A will probably be recognized as a root of a new
RP, say RP;, as it has more in-citations than B. And, since
B is not reachable through any path from A, LB-FormRP()
will fail to identify B as amember of RP,. PB-FormRP() will
succeed to place both A and B into RP; in this case as B
1s very similar to A. A similar problem will be observed
with paper C that is not reachable through any path from
the root. Furthermore, LB-FormRP() may mcomrectly

Fig. 7: Examples where PB-FormRP() 1s more successful
than LB-FormRP()

identify F, that probably uses a technique proposed in A,
as a member of RP; when F 1s really a member of RP,
which co-exists with RP;. PB-FormRP() successfully repels
F from RP, as ¥ is not similar to A or any of RP;’s
members, based on SimRank.

We observe here that PB-FormRP() may capture
pyramid-like  structures, but not exactly pyramid
structures. SimRank computes similarity between two
papers P, and P, by averaging the similarity of the
citers of both. However, note that similar papers to a
member of an RP will be the other members of the same RP
since members of an RP are usually cited by each other
(as they are motivated by each other).

EMPIRICAL EVALUATIONS OF SCORE
FUNCTIONS

AnthP, utilized as the OLDL testbed here, 15 a
publication set of 14,891 publications from the ACM
SIGMOD Anthology. After eliminating citations to papers
outside AnthP, the average in-citations per AnthP paper
15 2.066.

The three citation-based publication score functions
(PageRank, Authorities and Citation count) have
separability (high skew) and accuracy problems. We have
observed that 99% of AnthP publications have scores
below 0.1. This is because in-citations conform to the
power law distribution, which describes the scale
invariance found in many natural phenomena including
publication citation graphs. As for low accuracy
(probably due to topic diffusion problem (Haveliwala,
2002)), different research topics differ in their citation
graph densities. Thus, a paper P’s chances of receiving
new citations depends on how dense the citation graph of
the research topic of P 1s.

Observation: AnthP RPs (that represent specific research
topics) have an almost normal distribution in the average
in-citations received by members of an RP (Fig. 8a, b).

15]® ®
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=
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Fig. 8 Variance of citation-graph densities m different
topics. (a) LB and (b) PB
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Fig. 10: Score distributions of PageRank normalized within
Rps. (a) LB PageRank and (b) PB PageRank

For separability, first we verify the RP model on the
AnthP set. We have experimentally observed that only
3.32% of SimRank scores are higher than 0.1, indicating
that AnthP is highly clustered.

Observation: Average size of AnthP RP is 15.
Figure 9a and b show the distribution of the observed
RP sizes within AnthP. Note that the PB approach

identified larger RP sizes as it can identify co-existing RP
roots and members that are not reachable through any
citation path from the roots.

Figure 10a and b shown that P g5 and Po gy e
publication scores distribute much better overthe interval
[0, 1]. As for the citation-count-based scores, Pyeypp and
Peiscnerss Fig. 11a and b show that they also distribute
much better over the mterval [0, 1].

Observation: For RP-based scores, the observed skew
values (Table 1) range between (-0.05) and (1.88) in the
RP-based scores (zero skew indicates that the distribution
is symimetric).

In comparison, the original scores showed highly
skewed values that range between 8.12 and 13.04, which
means that they are sharply left-skewed.

Observation: For RP-based scores, kurtosis values (that
measure how sharply peaked a distribution is) range
between (-0.26) to (2.65) (near zero Kurtosis values
indicate normally peaked data).

In comparison, in the case of globally normalized
scores, Kurtosis values range between (113.28) and
(291.10). The enhancement of score distribution comes
from the fact that publications are being compared to their
peer groups, Le., publications that belong to the same
scope and thus have the same chances of receiving new
citations.

The above on PageRank (P, q..
Porancips Prgranre) @lso apply to Authorities scores (P,
Pawnies P oawnre. Here, we report only PageRank-related
results as we have observed that P,,; and Py, scores
are highly correlated with a correlation coefficient of 0.98
and the correlation between P, and P, is 0.74
(Bami-Ahmad et al., 2005a, b).

observations

Observation: Each author in AnthP is identified with
(1.e., author papers in) 2.19 and 2.16 LB and PB research
pyramids (Fig. 12a, b).

This indicates that publications within an RP are
highly related and, thus, the identified RPs are accurate.

We used expert knowledge in the data management
field to manually evaluate the accuracy of searching via
RPs. For this purpose, we built a prototype keyword-
based search system that:

¢+ Sends search keywords to Microsoft’s Fulltext
Search engme (MsFTS), that indexes the titles of
AnthP publications. In turn, MsFTS generates a
list of relevant publications (result set) along
with rank values (which measures text-based
relevancy between the publications and the search
keywords)
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Table 2: Sample results of the complexity of join query. Quality is computed using RP-based PageRank along with the average relevancy scores as assigned

by experts
Quality Publication title Relevancy
1 Measuring the complexity of join enumeration in query optimization 2.0
0.487889 On the complexity of testing implications of functional and join dependencies 4.0
0.449827 Distributive join a new algorithm for joining relations R85
0.449827 The value of merge join and hash join in Sql server 2.0
0.449827 Multi table joins through bitmapped join indices 4.0
0.351713 Diag join an opportunistic join algorithm for 1 N relationships 8.0
0.339844 Ttilizing page level join index for optimization in parallel join execution 4.5
0.315144 Evaluation of main memory join algorithms for joins with set comparison join predicates 8.0
0.287197 Join algorithm costs revisited 10.0
0.287197 Heuristic and randomized optimization for the join ordering problem 9.5
0.287197 Seeking the truth about ad hoc join costs 10.0

Table 3: Sample results of the complexity of join query. Quality is computed using the globally-normalized PageRank along with the average relevancy scores

as assigned by experts

Quality Publication title Relevancy
0.148119 Measuring the complexity of join enumeration in query optimization 9.0
0.074381 Multiprocessor hash based join algorithms 55
0.067604 Efficient processing of spatial joins using R trees 7.0
0.062389 Join processing in database systems with large main memories 15
0.061929 On the complexity of testing implications of functional and join dependencies 4.0
0.060843 Join And semi join algorithms for a multiprocessor database machine 6.5
0.060467 Evaluation of main memory join algorithms for joins with set comparison join predicates 8.0
0.059288 Multi table joins through bitmapped join indices 4.0
0.055105 Partition based spatial merge join 2.0
0.053342 Multi step processing of spatial joins 2.0
0.05314 Tradeoffs in processing complex join queries via hashing in multiprocessor database machines 8.0

Observation: Quality scores of search results distribute
better when computed based on RP-based publication
score functions (Table 2, 3).

The average expert relevancy scores assigned to
publications of Samples of Table 2 and those of Table 3
are 7.07 and 5.77 (Table 2). The above observation
indicates that searching via RP-based publication scores
is more accurate than globally normalized publication
scores.

THE CASE EXPLORER PROJECT

The research conducted in this study is part of the
CASE EXPLORER project (2003-2008). The project 1s
resumed by Sulieman Bam-Ahmad at Al-Balga Applied
University in Jordan. The CASE EXPLORER is a score-
guided searching and querying prototype portal for ACM
SIGMOD Anthology, a digital library for the database
systems research commumty, contaiming about 15,000
papers. CASE EXPLORER has a powerful user interface
that allows users to pose score-guided ad hoc queries to
search the Anthology, automatically computes the scores
of query results from the scores of database objects
(papers, authors, publication venues) and returns either
the top-k results or results with high scores. CASE
EXPLORER database 1s built by extracting metadata from
the Anthology, storing it in a database, deriving multiple
scores for papers, authors and publication venues.
Propagating database scores to query outputs is achieved

by a unique score propagation methodology. A rich set of
queries are offered to users using a powerful and
mmnovative user mterface that allows users to add
arbitrarily many conditions to their queries.

As an extension of the CASE EXPLORER project,
Bani-Ahmad resumed the project m Jordan and 1s
currently working on enhancing example-based search in
literature digital libraries.
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CONCLUSIONS

In this study, we validated the Research-Pyramid
model proposed by Aya et al. (2005). We proposed two
algorithms to identify the research pyramids of a given
collection. We also used the research pyramid model and
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the identified research pyramids to solve the separability
and accuracy problems of publication score functions.
We showed that normalizing publication scores within
their research pyramids provides more accurate and
separable (less skewed scores). Moreover, we showed
that ranking search results by these scores promises to
give higher accuracy compared to ranking by globally
normalized publication scores due to reduction of topic
diffusion effect.
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