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ABSTRACT

Skyline query processing has received considerable attention in the
recent past. Mainly, the skyline query is used to find a set of non
dominated data points in a multi-dimensional dataset. One of the
major drawbacks of the skyline operator is the high cardinality of
the result set. Providing the most interesting points of the skyline
set (topk) inherently involves the ranking of the skyline points.

In this paper, we propose a method for ranking the skyline points
and therefore for answering tdpskyline queries. First, we in-
troduce the notion of thekyline graph which relies on the dom- | L b
inance relationship of the skyline points in all possible subspaces
of the original data space. Using the aforementioned mapping, we
can apply well-known link-based ranking algorithms on the skyline
graph. Unlike most previously proposed ranking approaches we do
not rely on user defined functions and do not impose arbitrary pref-
erences on some dimensions. An experimental evaluation of the Figure 1: Skyline Example
proposed method is presented illustrating the ranking ability of our

framework.
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1. INTRODUCTION date attributes, and skyline queries generally refer to different sub-
The skyline operator and its computation have attracted much sets of the attributes, henceforth called subspace of the original
attention recently. Skyline queries help users make intelligent de- space, depending on the users’ interests. In our running exam-
cisions over complex data, where different and often conflicting ple, the hotel database could contain many other attributes, such
criteria are considered. Such queries return a set of interestingas price, distance, age and number of rooms. Figure 1 depicts the
data points that are not dominated by any other point on all dimen- skyline points of a query posed by a user who is sensitive in the
sions [5]. Consider for example a database containing information price and the distance attributes.
about hotels. Each tuple of the database is represented as a point One of the major drawbacks of the skyline operator is the high
in a data space consisting of numerous dimensions. In our exam-cardinality of the result set [14, 8]. Especially in the case where
ple, they-dimension represent the price of a room, whereas the the data set is high dimensional or anti-correlated the size of the re-
z-dimension captures the distance of the hotel to a point of interest sult set can be huge. The huge size of the skyline result set hinders
such as the beach (Figure 1). According to the dominance defi- decision-making by the user, and motivates the need for ranking of
nition, a hotel dominates another hotels because it is cheaper andskyline points. The user prefers to view the tbgkyline points in-
closer to the beach. stead of the whole skyline set in a random or algorithmic specified
Skyline analysis applications usually provide numerous candi- order containing possibly thousands data points. By definition, the
skyline operator returns a set of data points that are equivalent in

" importance (all skyline points are equally good based on the users
Fund (75%) and the Greek Ministry of Development-GSRT (25%). . . o i
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2005-011549). The dominance relationship specifies which data points belong

to the skyline set. The importance of the dominance relationship in
subspaces was studied in [22] in order to investigate the semantics
of skyline points. [22] motivates us to rank the skyline points ac-
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between pairs of skyline points in subspaces. Therefore, we map Recently papers focus on algorithms to support subspace sky-

the dominance relationship to a graph, caklegine graph, which line retrieval. In [24] SUBSKY, a non-incremental algorithm, is
allows us to apply well-known link-based ranking algorithms such presented, which transforms the multi-dimensional data to one-
as PageRank [6] or HITS [18]. dimensional values, and then indexes the dataset with a B-Tree.

Result ranking is a cornerstone process in web search applica-In [11] the problem of supporting constrained subspace skylines
tions enabling users to effectively retrieve relevant and important was posed. [25] addresses the computation of subspace skyline
information easily. Similar to the problem of skyline ranking, in queries in large-scale peer-to-peer networks.
web search a set of relevant web pages that are retrieved have to Peiet al. [22] discussed subspace skylines primarily from the
be ordered before returned to the user. Link-based algorithms haveview of the query semantics. They solved the skyline member-
been proposed to deal with equally relevant web documents. Forship query, why and in which subspaces an object belongs to the
example PageRank [6] is a well-known algorithm used for rank- subspace skyline, by using the notion of skyline group. The au-
ing web search results and has received significant attention in thethors in [27] present a pre-processing approach, called SKYCUBE,
related research literature. Furthermore, link-based ranking of re- which is defined as the union of all skyline points of all possible
lational data was studied in [13]. ObjectRank is presented in [1] non-empty subspaces. For this purpose, they explore sharing strate-
that applies authority-based ranking to keyword search in databasegies for answering multiple skyline queries by identifying compu-
modelled as labelled graphs. tational dependencies among skyline queries. Recently, Xia and

In this paper, we propose a novel method for ranking the skyline Zhang [26] address the issue of supporting updates in SKYCUBE.
points of a data set. We map the dominance relationship of the Ranking of skyline points was discussed in [7]. The authors
skyline points into a weighted directed graph, cabledine graph. introduce a new metric called skyline frequency, to compare and
More specifically, if a skyline point is dominated by another skyline rank the interestingness of data points based on how often they are
point in a subspace of the data space an edge is added to the skylineeturned in the skyline when different subspaces are considered.
graph. Intuitively, a skyline point that is dominated from another To avoid the2? — 1 skyline computations that are required, they
skyline point in some subspace gives some of its importance to the propose an approximate algorithm for estimating the skyline fre-
dominating point. Thus, link-based ranking techniques applied to quency. Our approach differs to their approach because we do not
the skyline graph are suitable to rank the skyline points. Finally, focus on the number of subspaces but on the dominance relation-
we present a bottom-up algorithm that relies on [27] and computes ship between two skyline points in all possible subspaces. Intu-
the dominance relationships by sharing skyline results. itively, a skyline point that is dominated from another skyline point

To summarize, the key contributions of this paper are: in some subspace gives some of its importance to the dominating

) . point.

e We propose a framevyork fo_r r_gnkln_g the skyline res‘.“t Set "~ our work differs to the traditional top-k query [12, 9] that re-
that respects the skyline definition, in the sense that it does g jires the user to provide a preference function over all dimensions.
not impose arbitrary preferences on certain dimensions, and \;5reover we do not rely on user defined functions and do not im-
does not rely on user defined functions. pose arbitrary preferences on some dimensions [16, 2]. In [16],

e We introduce the notion of the skyline graph which explores the authors present the Telescope algorithm that ranks the skyline
the dominance relationship of skyline points in subspaces of Points by user specified preferences on the available dimensions.
the original data space. In [2] a ranking approach based on user defined regions that domi-

nate all other regions is proposed.

e An efficient bottom-up algorithm is presented in order to  Ranking of query results in a web search-engine is an important
compute the dominance relationships in subspaces which areproblem and has attracted significant attention in the web research
required for the skyline graph construction. community. Link-based ranking techniques like PageRank [6] or

R-HITS [18] assess the importance of web pages based on the Web’s

structure. These two approaches have been extended [17, 15, 20]

and their properties have been studied intensively [3, 4]. Further-

more, link-based ranking of relational data was studied in [13].

e Inour experimental evaluation on real-life data we use Page
ank as the ranking algorithm, and we evaluate the effective-
ness of our approach and the ability of the dominance rela-
tionship to provide a meaningful ranking.

The rest of this paper is organized as follows: We presentrelated3. PRELIMINARIES
work in Section 2, while in Section 3 we provide a brief overview
of the relevant techniques. In Section 4, we introduce the notion of
the skyline graph. Our bottom-up algorithm for the skyline graph
construction is presented in Section 5. In Section 6, we present the
experimental evaluation. Finally, we conclude in Section 7.

In this section we provide a brief overview of the relevant tech-
niques to our approach, namely skyline queries and the PageRank
algorithm. For a complete reference to the symbols used in this
paper see Table 1.

3.1 Skyline Queries

2. RELATED WORK Given a data spade defined by a set of dimensionddy, ..., d, }
Skyline computation has recently received considerable atten- and a data se$ on D, a pointp € S can be represented as=

tion in the database research community. Two algorithms, BNL {p1, ..., p, } where every; is a value on dimensiod; .

and DC are proposed in [5], while SFS [10], is based on the same

principle as BNL, but improves performance by first sorting the Definition 1 (Skyline): A pointp € S is said todominate another

data according to a monotone function. Tetnal. [23] propose pointq € S if (1) on every dimension; € D, p; < ¢;; and (2) on

the first progressive techniques, namely Bitmap and Index method. at least one dimensio;, € D, p; < ¢; denoted a® < ¢. The

In [19], an algorithm based on nearest neighbor search on the in-skyline is a set of pointsSKY C S which are not dominated by

dexed dataset is presented. Then, Papadiak [21] propose a any other point. The points if K'Y are called skyline points.

branch and bound algorithm to progressively output skyline points

on a dataset indexed by an R-Tree, with guaranteed minimum 1/O  The notion of skyline can be extended to subspaces. Each non-

cost. empty subsel of D (U C D) is referred to as aubspace of D.



Notation | Description

S Dataset

n Cardinality ofS

D Data space of

U,v Subspace oD (U,V C D)
d Data dimensionality

d; One dimensionl( < ¢ < d)
D, q Data points

i Value ofp on dimensioni;
p<q p dominatesy

p <vu q | pdominates; on subspac&
SKY Set of the skyline points ab
SKYu Skyline of subspac&
Gsky Skyline graph

Vsky Vertices ofGsky

Esky Edges ofGsky

WSKY Weight function ofG s xy

Table 1: Overview of notation.

Definition 2 (Subspace Skyline): A pointp € S is said todom-
inate another pointy € S on subspacé& C D if (1) on every
dimensiond; € U, p; < ¢; and (2) on at least one dimension
d; € U, p; < q; denoted a® <y ¢. Theskyline of a subspace
U C Dis asetof point$S K'Yy C S which are not dominated by
any other point on subspacg

Consider for example the dataset depicted in Figure 1. The sky-
line points areSKY = {c,a, h}, while for the (non-empty) sub-
spacel/ = {y} the skyline points o/ are SKYy = {h,b}. No-
tice that the poinb is a skyline point on the subspa¢g} but it is
dominated by the poirtt in the spacqx, y}. Generally, a skyline
pointp € SKYy on asubspacE C D is either a skyline point on
D, or is dominated orD by another skyline poinf € SKYy ona
subspacé/ for whichp; = ¢;, Vi : d; € U.

In [5] the authors extended SQL's SELECT statement by an op-
tional SKYLINE OF, such that the users can specify the dimen-
sions as well as the function (MIN, MAX, DIFF) used for the sky-
line query. For example, the query corresponding to Figure 1 is
expressed in SQL as: SELECT * FROM Hotels SKYLINE OF dis-
tance MIN, price MIN. Without loss of generality, we assume that
all dimensions are evaluated according to the min function.

[27] further extends SQL by introducing the SKYCUBE BY
keyword defined as the set of all possible skyline results for any
non-empty subspace of the data spdze For example, for the
hotel dataset shown in Figure 1 the SKYCUBE query can be writ-
ten as: SELECT * FROM Hotels SKYCUBE BY distance MIN,
price MIN. The benefit of SKYCUBE is that the skyline points of
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Figure 2: Lattice structure

chooses to select uniformly one of its outlinka:t(p) and with
probability e to jump to a random page from the entire Wels(a
small real value, usuallg.15). The PageRank score for pagés
defined as the stationary probability of finding the random surfer at

pagep:

PR(pi)
Pi—P Out(ps)

The definition of PageRank is recursive and must be iteratively
evaluated until convergence. This probability is correlated with the
importance of the web page, as it is defined based on the number
and the importance of the pages pointing to it. Intuitively, the basic
idea of PageRank is that if pagehas a link to page’, then the
author ofp is implicitly transferring some importance to page

4. SKYLINE GRAPH

The dominance relationship specifies which data points belong
to the skyline set. The importance of the dominance relationship in
the subspaces was studied in [22] in order to investigate the seman-
tics of the skyline points. In more detail, the authors try to answer
the questions why and in which subspaces an object belongs to the
skyline, by defining the subspace that decides that an object belongs
to the skyline.

A skyline pointp € SKY on the data spac® either belongs to
the skyline result set on subspdée- D or is dominated by at least
one skyline poiny; € SKY of the data spac®. In order to define
the skyline graph we focus on subspace dominance relationships
of the skyline pointy € SKY, and we map them into a graph.
Each skyline point of the spad®@ is represented as a vertexn
the skyline graph. If a poinf dominates a point in a subspacé&
then we add a edgs,, in the skyline graph.

Over a setS of d-dimensional points (on spad®) there are
2¢ — 1 possible skyline queries on different subspaces. The differ-
ent subspaces can be visualized in a lattice structure, see for exam-
ple Figure 2 where all possible non-empty subspaces of a three di-
mensional space are shown. In addition the lattice structure shows
which subspaces share common dimensions. From the bottom to

e L
IV

PR(p) =(1—¢)- @)

different subspaces can be computed in a coincide and semantiche top of the lattice, we number each level of the subspaces in-
clear query which enables sharing strategies among different sky_z:reasmgly. For two subspacés and V, if V' is a subset o/

line queries.

3.2 PageRank Overview
Brin and Page [6] proposed a link analysis algorithm, called

PageRank, in order to rank web pages, which is based on the ran

dom surfer model. The algorithm models the behavior of a random
surfer, which either chooses an outgoing link of the current page,
or jumps to a random page from the entire Web.

Consider the Web as a directed gra@lV, E'), where the ver-
ticesV represent the web pages and the edgéise links between
them. A surfer on a given page € V with probability 1 — ¢

V C U) and the level ofU is equal to the level of subspaéé
increased by one, then we call the subspica parent subspace
of V, i.e. U = parent(V). Analogously, we call subspadé a
child subspace of subspatle Consider the lattice structure of the
subspaces shown in Figure 2. The subspace} is a parent of

{z}, while the subspacgz, y, z} is not a parent of z}.

Definition 3 (Skyline Graph Gsky): Given ad-dimensional
datasetS on spaceD, the skyline graph is the weighted directed
graphGsky = {Vsky, Esky,wsky } Where:

e Vsky Is the set of vertices. Each vertex corresponds to a
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Table 2: Skyline points of 3d dataset 80 q h K
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skyline pointp € SKY. Thus,Vsxy = {p|p € SKY} ol
20 4
e Egsky is the set of edgesEsky is a set of ordered pairs 0] ea 4o .
epq = (P, q), Where the poinp,q are skyline points on space 0 ‘ — el L
D and there exist two subspadésl/ such that: ° 20 v % 10

— Uis aparent ol
- p,qg € SKYy andq € SKYy

(b) subspacéx,z}

— g dominateg on subspac®” % 1
80 * Ke 1
Thus, the set of edges is defined as: 70
Esxy = {epq = (p,q) |13V,U : U = parent(V),q,p € o1, f
SKY,q € SKYv,q,p € SKYy,q <v p} ol e
e wsky is aweight function defined as: 22 ®
_ times(epq) . a
wsky (epq) = Sre—— fiqmﬁs(%) wheretimes(epq) 12 SRR | | %, e
the number ofU,V such that: U = parent(V),q,p € 0 20 s 60 80 100
SKY,q € SKYv,q,p € SKYu,q <v p. Y
Intuitively, a skyline point of subspacé/ which is dominated (c) subspacgy,z}
by another skyline poing in a child subspac& of subspacd/
transfers some of its importance to the skyline paginsince sky- Figure 3: Two dimensional subspaces.

line point g is at least partial responsible that the pgintooses
its importance considering subspake since it does not belong
to the skyline of subspaceg. Thus, an edge of the skyline graph  the skyline graph that represents the dominance relationships of the
means that a skyline poiptwhich is dominated by a skyline point ~ subspac€z, z}. In Figure 4 the shadowed vertices are the skyline
g in some subspac¥ gives some of its importance/authority to  points of the subspade, z}.
the pointg, in a similar way as a web page than links to another  Notice that based on the skyline frequency considering the two
web page transfers some of its importance to the linked web page.subspacegz, z}, {z,y, z} all skyline points of subspacgr, z}
Therefore, we claim that the propose skyline graph is suitable for have the same frequency namely two, whereas in our approach for
ranking the skyline points by applying link-based ranking algo- example pointz gains more importance thanwhich dominates
rithms such as PageRank. fewer points in the subspade:;, z}. Moreover, skyline poink is

Let D = {z, z, y} be the data space of the dataSetn Table 2 dominated by many points in the subspdaez}, while the point
we show the skyline pointS K'Y of the datasef. In Figure 3 we f is dominated only by the poirt Thus, the skyline poinf trans-

show the two dimensional projection of the skyline poift&Y fers all its importance to the point indicating that if the poinb

of the datasef on spaceD. Notice that some skyline points are  was removed from the datasgtthe pointf would become a sky-
dominated in the @ subspaces, for example the skyline padiris line point in the subspacgr, z}. Furthermore, the importance of
dominated in the subspaéé = {z, z} from the skyline point. skyline pointk is shared through the skyline graph edges to many

To illustrate how complex the dominance relationships in all sub- skyline points, because the poikhtcannot a skyline point in the
spaces between the skyline points are, consider the skyline pointssubspacex, z} by removing only one point from the datas®t

j andk. The skyline pointj dominates the skyline poiritin sub- This example indicates the expressiveness of the proposed skyline
space{z,y} (Figure 3(a)), while in subspacly, z} the skyline graph.

point £ dominates the skyline point(Figure 3(c)). Furthermore, In our future work we aim to study the ability of the skyline

in subspacq z, z} (Figure 3(b)) neither the skyline poigtnor the graph to determine which points should be removed so that a par-

skyline pointk is a subspace skyline point. In general, as higher ticular point becomes a skyline point in a given subspace. In ad-
the dataset dimensionality is, the more complex the dominance re-dition we aim to answer with the skyline graph queries about the
lationships between skyline points are. Figure 4 depicts the part of decisive subspace [22], i.e. the subspaces which decide that a point



Algorithm 1 Skyline graph construction
1: Input: U denotes the subspagethe new skyline point
2: SKYy «— SKYy U{p}
3: if I(p € Vsky) then

4. Vsky « Vsixy U{p}
5: end if
6: for (each child subspadé of U) do
7. if (p € SKYv)then
8: for (each poiny such thaiy <y p) do
9: if (epq € Esky)then
10: Esky «— Esky U{epq}
; . ; 11: else

Figure 4: Part of the skyline graph. 1 wscy (eq) = Wiy (epg) + 1
13: end if
14: end for

is a skyline point. Thus, we consider enhancing edges in the sky- 15:  end if
line graph with a label indicating the subspaces for which this edge 16: end for
occurs.

5 SKYLINE GRAPH CONSTRUCTION strategies to reduce the computation cost. Throughout the descrip-

tion of BUS we assume that the distinct value condition [27] holds,

We present a bottom-up algorithm that relies on [27] that al- j.e. no pair of points share the same value on any dimension. As
lows us to compute the dominance relationships by sharing skyline shown in [27], BUS can easily be extended to handle duplicate val-
results. Since our algorithm for computing the dominance rela- yes.
tionship among the skyline points in different subspaces relies on  |n order to compute the skyline points on a subsgécthe SFS
SKYCUBE, our approach can easily be extended in order to pro- algorithm is applied. The main difference to SFS is that data points
vide different ranking for each subspace. However, we focus on are not sorted based on their entropy on subsgacbut one of
providing a ranking of the skyline points in the original data space the dimensionsl; € U is used for sorting. Thus, the data points
where the cardinality of the result set is much higher. Notice that are examined in the order computed so far, reducing the number of
our approach is not applicable for ranking skyline points of one- sorting operations frora® — 1 to d.
dimensional data spaces but this case is trivial since there are only  For each skyline computation on subspatéhe data points are
few (duplicate) values. accessed and compared against the candidate list as in SFS. Since

Our algorithm for the skyline graph computation relies on BNL [5], the complexity of the dominance testG¥d), which might be ex-
SFS [10], BUS [27], thus we first present a short overview of the pensive wheml increases, BUS aims to reduce the number of dom-
existing algorithms and then we discuss how to include the skyline jnance tests. When the next data pairitelongs to the skyline set

graph computation. SKYy of any subspac& C U then the poinp is added to the
. candidate list without any dominance test.
5.1 BNLand SFS A|gOI’I'[th BUS also applies a filter functionf(p) = > y,.4.cp i) In
The authors in [5] introduce the BNL {8k Nested loop) al- order to reduce even more the number of dominance tests. The

gorithm. BNL scans the dataset once and keeps a list of candidatemonotonicity of the filter functionfy ensures that for two data
skyline points. Initially, the candidate list is empty. Each data point pointp andg, if fu(p) < fu(q) theng does not dominatg on
pis compared to every poigtin the candidate list. If the data point ~ subspacd/. Therefore, BUS keeps the candidate list sorted in
p is dominated by at least one candidate skyline pgjrihen the a non-decreasing order of their filter values. When evaluating a
data poinfp is discarded. Otherwise the data pqiris added to the data pointy against a skyline point, BUS first compares their fil-
candidate list, and all candidate skyline points that are dominated ter values. If the filter valugy (¢) of ¢ is smaller tharp’s filter
by the data poinp are removed. After examining all data points, value fy (p), p and all the skyline points after cannot dominate
BNL outputs all points in the candidate list as skyline points. In ¢. Therefore, it is immediately known thatis a new skyline on
case that the candidate list becomes too large to fitin main-memory, subspacé/ and the skyline points are computed incrementally.
a temporary file is used. . .

SFS (®rt Flter Skyline) [10] improves the performance of BNL 5.3 Bottom-up Skyline Graph Algorithm
by reducing the number of pairwise comparisons between the data |n this subsection we present a bottom-up algorithm to compute
points. SFS presorts the data points according to the entropy valuethe skyline graph of a datasSton the data spac®. Our algo-
of a data pointp (E(p) = >_,.,4(Inp(a:) + 1). The gain of rithm aims to determine the dominance relationships of the sky-
sorting is twofold. First due to the monotonicity of the entropy line points among the different subspaces, while minimizing the
function, a data poing can be dominated only by points that have  required comparisons and dominance tests. Thus, we rely on BUS
a smaller entropy value. Secondly, the smaller an entropy value is, and we compute the dominance relationships during the subspace
the less likely the data point is dominated by others. Therefore, the skyline computation.
number of comparisons between data points and candidate skyline |n a similar way to BUS the skyline results are computed ac-
points is reduced. The SFS algorithm examines the data pointscording to a bottom-up traversal of the subspace skyline lattice. For
ordered according to the entropy value in a similar way as BNL.  each subspadé the data points are retrieved and compared against

. the already found skyline points. As in BUS for each data ppint

5.2 BUS Algomhm first we examine if there exists a child subsp&tef U on which

BUS (Bottom Up Skycube) algorithm [27] computes the SKY-  the pointp belongs to the skylin€ K'Yy . Otherwise the filter val-
CUBE level by level in a bottom-up fashion, while applying sharing ues are examined and if this test fails a dominance test occurs. If



a new skyline poinp is found, then the process differs from BUS, (@) Skyline graph approach

since the skyline graph has to be updated. Before inserting the new year name
skyline pointp into the skyline list, we examine the dominance re- 1 | 1989 Hakeem Olajuwon
lationship between the new skyline pojntaaind the skyline points 2 | 1975| Kareem Abdul-jabbar
g on every child subspacé C U of subspacé/. For each child 3 | 1978 Moses Malone
subspacéd” wherep is a skyline, no edge is added to the skyline 4 | 1973 Julius Erving
graph. For each child subspakewherep is a not a skyline we 5 | 1975 Julius Erving
retrieve all skyline pointg that dominate in subspacé” and add 6 | 1988 Michael Jordan
an edges,, to the skyline graph. If the edgg, already exists we 7 | 1992 Hakeem Olajuwon
just increase the number of occurrences of the egge After alll 8 | 1988 Hakeem Olajuwon
skyline points of the data spade are retrieved, we calculate the 9 | 1987 Michael Jordan
weight functionws xy by normalizing the edges’ occurrences. 10 | 1979 | Michealray Richardsor

Algorithm 1 sketches the procedure followed when a new skyline
pointp in the subspac¥ is found. (b) Skyline frequency approach

year name
6. EXPERIMENTAL EVALUATION 1 [1976[  Tom Henderson
. . . 2 | 1968 Walt Bellamy

In this section we evaluate the effectiveness of the proposed rank- 3 | 1975 Garfield Heard
ing approach using real-life data. We conducted experiments on the 4 | 1977 Kevin Porter
NBA dataset (available from www.nba.com) which consist$o6f 5 | 2003 Theo Ratliff
dimensional statistics about all players who have played in the NBA 6 | 1996 Mark Jackson
from 1946 to 2003. Each dimension represents a certain character- 7 | 1961 | Wilt Chamberlain
istic of the player such as game points, number of fouls, rebounds, 8 | 1973 Artis Gilmore
ste_al; and so on. Thgre_ are ouér 000 tuples, each of them de- 9 | 1975 | Kareem Abdul-jabbar
scribing the characteristic of a player for a certain year. Therefore, 10 | 1974 George Mcginnis

it is possible to have several tuples for the same player, each tuple
referring to a different year.

All the experiments were carried out on low-end commodity Table 3: Top-10 NBA players based onl0 dimensions
hardware §-GHz Pentium PC with GB of memory and local IDE
disk, under Windows XP).

. skylines since the NBA is a real dataset and there are correlations

6.1 Ranking Results on NBA Dataset between some dimensions. . o

In this section we validate the ranking quality of our approach  Figure 5(b) shows the number of the dominance relationships
that relies on the skyline graph and the dominance relationships While varying the dimensionality frorfi to 10. The number of of
among skyline points on different subspaces. We construct the sky-the dominance relationships is plotted in a Ioggrlthmlc scal_e. As
line graph by using the proposed bottom-up algorithm. Thereafter, expected, the number of domlnance'relatlonshlps among dlffere_nt
we apply PageRank as the ranking algorithm to evaluate the ability SUPSPaces increases even more rapidly than the number of skyline
of the dominance relationship to provide a meaningful ranking. We points. This verifies our intuition that the complexity of the dom-
compare our ranking results to the skyline frequency metric pro- inance relationships increases as the dimensionality of the dataset
pOSEd in [7] Increases.

In Table3(a) and in Table3(b), we present the topo NBA play-

ers as resulting by our approach and the skyline frequency metric.7. CONCLUSIONS

The results in Table 3 rely on the 10 out of 17 dimension of the Skyline has been proposed as an important operator for many ap-

NBA dataset. We similarly report in Table 4 our results for the top- . .= : . . !
) . . plications. The main drawback of the skyline operator is the high
10 NBA players in the case where the 5 out of 17 dimensions of the cardinality of the result set. Providing the most interested points of

NBA dataset are considered. Again we rank the NBA players using the skyline set (topk) inherently i :
; ) y involves the ranking of the sky-
both our proposed ranking approach (Table)) and the skyline line points. In this paper, we propose a method for ranking the

frequency metric (Tablé(b)). skyline points of a data set that allows us to return to the user the
- top-k skyline points. We map the dominance relationship in differ-

6.2 Scalablllty StUdy ent subspaces among skyline points into a weighted directed graph,
In the next series of experiments we evaluate the scalability of called skyline graph. Using the aforementioned method, we are

the skyline graph, by means of the number of skylines and the able to apply link-based techniques to rank the skyline points. We

dominance relationships among the skyline points in different sub- present a bottom-up algorithm that relies on [27] that allows us to

spaces. Recall that the number of skylines is equal to the num- compute efficiently the dominance relationships by sharing skyline

ber of vertices of the skyline graph. The number of dominance results. Using PageRank as the ranking algorithm, in the experi-

relationships among the skyline points relates to the number of ments on real-life data, we evaluate the ability of the dominance

edges and the weight function of the skyline graph, i.e. the number relationship to provide a meaningful ranking.

of dominance relationships is equal¥d,, .., times(e:;).

Figure 5(a) depicts the number of skylineé, i.e. graph vertices, for 8. REFERENCES
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