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Abstract— Fragmentation, allocation and replication are
database distribution design techniques that aim at improving
the system performance. Among the two fragmentation
techniques, vertical fragmentation is often considered more
complicated than horizontal fragmentation, because the huge
number of alternatives makes it nearly impossible to obtain
an optimal solution to the vertical fragmentation problem.
Therefore, we can only expect to nd out a heuristic solution.
Often fragmentation and allocation are considered separately,
disregarding that they are using the same input information
to achieve the same objective, i.e. improve the overall system
performance. This paper addresses vertical fragmentation and
allocation simultaneously in the context of the relational model.
The core of the paper is a heuristic approach to vertical
fragmentation, which uses a cost model and is targeted at
globally minimising these costs.

I. INTRODUCTION

In the literature many algorithms for vertical fragmergati
using attribute af nities have been proposed. Hoffer andefe
ance [2] measure the af nity between pairs of attributes tapd
to cluster attributes according to their pairwise af nity bsing
the bond energy algorithm(BEA). Navatkeal. [8] extend the

BEA approach and propose a two-phase approach for vertic%)
partitioning. In the rst step, they use an Attribute Usage

Matrix (AUM) to construct the attribute af nity matrix (AAM

on which clustering is performed. In the second step, esticha
cost factors, which re ect the physical environment of frag

ment storage, are considered to further re ne the pariitign
schema. Cornell and Yu [3] apply the work of Nava#iel. [8]

to the physical design of relational databases. This agproa
uses speci ¢ physical factors such as the number of ateiut

their length and selectivity, and cardinality of the redati

partitioning problem and derive a partition evaluator fimc
that describes the af nity value for clusters of differeiites.

To build an attribute af nity matrix, an Attribute Usage
Matrix (AUM) and an Attribute Access matrix are used. The
latter one shows where the queries are issued. Howevengduri
the process of building the AUM site information of the qesri
is lost. Attribute af nities between a pair of attributes Ign
measure possibilities that attributes are accessed &g&hly
later, at the stage of allocation, site-specic access nness
are employed to determine the allocation of fragments. We
argue that the site information should already be used at the
stage of fragmentation to meet the needs of data at different
sites and to reduce the query processing costs at the same tim

In a nutshell, we will incorporate all query information,
including the site information, by using a simpli ed cost de
at the stage of vertical fragmentation. Doing this way, we ca
obtain vertical fragmentation and fragment allocationdiar
neously with low computational complexity and resultingfhi
system performance.

The remainder of this paper is organised as follows. We start
with a brief review of vertical fragmentation, a cost modetia
the discussion of the impact of vertical fragmentation oargu
sts in Section 2. In Section 3, we rst present an example
show the problems of some existing approaches of vertical
fragmentation; then introduce a heuristic approach oriozdrt
fragmentation based on a simpli ed cost model, followed by
discussions with examples. We conclude with a short summary
in Section 4.

Il. VERTICAL FRAGMENTATION, ALLOCATION AND A
CosTMODEL

Navathe and Ra [9] construct a graph-based algorithm tesolv

the vertical partitioning problem, where the heuristicedis
includes an intuitive objective function that is not exilic
quanti ed. The algorithm presented ®zsu and Valduriez [10]

Vertical fragmentation and allocation are distributiorside
techniques to improve the system performance by reducing
the total query costs. In this section we rst review vertica

takes AAM as input, employs the Bond Energy algorithm tofragmentation and allocation by presenting formal deaniis,

evaluate the togetherness of a pair of attributes, and psese
an attribute clustering algorithm. Muthuref al [7] propose a

followed by a discussion of the impact of vertical fragmenta
tion on optimised query trees. Then we introduce a cost model

formal approach to address the problem of an n-array vérticéhat can be used to calculate query costs against query trees



A. Vertical Fragmentation and its Impact on Optimised Query For such subqueries we can always assume that an optimal
Trees location assignment will choose the same network nodes for

Vertical fragmentatiorexploits relation schemata to be sets7% » ¥+ andR, as the two unary operation will only reduce
of attributes. Vertical fragments result from a projectiop- € Size that need to be transferred. _
eration to the original relation. The original relation cea  Vertical fragmentation corresponds to replacigvith some
reconstructed by the joining of the new relations. join Fy / ¢¢& F in the query tree. Another round of
Using Relational Algebrayertical fragmentationcould be ~duery optimisation might shift the selectléf;l and projection
written asF; = Yay (r,)(R) for all j 2 f1;:::;kig. Vertical Yy inside newly introduced join, but the “upper part” of the

fragmentation replace® by a seff F1:: ::; F,g of new relation ~ duery tree Would_ not be aﬁec?ed._Therefore, it is suf ciand
schemata such that: decisive to con;@e_r subqu_erles in the for_m *) a_bovg for the
i . ) S purpose of optimising vertical fragmentation. This disegv

1) the attributes are distributed, i.&, = - Fi, makes the allocation problem simpler than that in [1].

2) each relationr; over F; is split into Telationsr; = According to the analysis of the impact of fragmentation
Ye (r)( = 1;:::;v) such thatr = r; / ¢¢d r,  operations on query costs in [5], if a relatiéh is vertically
holds, fragmented intoF;, F,, then an optimal allocation for the

3) in Relational AlgebraFi = F; / ¢¢¢F , resulting query tree will at most change the allocation of

4) in a special case, a distinguishing new attribdi€  the two predecessors & laballed by a selectio¥s and a
can be added to relatioR as a minimal key to get projection¥x . If , (R) is optimal, at most one of the two
RO then after vertical fragmentatiodif 2 F; for all  fragment will be moved to a new location while the other one
i2f1:::;vg, andR = Ygoi it g(F1/ CCEF ). will reside at the same location.
Not having the distinguished new attributié would require
a lossless join-decomposition, which in turn would mean ¢ha B. A Cost Model
join-dependency must hold. However, a well designed da&@ba  \ye now analyse the query costs in the case of vertical
schema would exclude such dependencies, except for the Caf8 gmentation. The major objective is to base the fragniiemta
whereF;1\¢ ¢ ¢\Fy contains a key. Thus, itis normally required gecision on the ef ciency of the most frequent queries. As a
that the primary key (i.e. a chosen minimal key) is part of allyenera| pragmatic guideline we take the recommended rule of

Fu- _ ) _ thumb to consider only the 20% most frequent queries, agthes
Example 1:Take relation schema HCTURER = fname, g ally account for most of the data access [10].

specialization, location, department, IRD, saggryelationr Crucial to the query costs are the sizes of relations that

can be vertically fragmented in the following two ways: have to be built during query execution, as these sets have to
1) First, alter the relation schema EETURER t0  be stored at secondary storage, retrieved from there agyadh,
LecTURER by attaching a distinguishing new attribute sent between the locations of a network. Therefore, we rst
"dif ' to LECTURER Then, apply projection operation approach an estimation of sizes of relations.
on LECTURER Our starting point is a relation schenfa= fag;:::;ang.
R. = V. o . {LECTURER) Let n denote the average number of tup!es i_n a relatiaqver
1 = @i, specialization, location, departm R, and let'; denote the average space (in bits) for attritajte
R2 = Y4it: name, IRD, salaL ECTUREF) in a tuple inr. The average size of a tuple inwill be =~ °j,
i=1

2) Alternatively, letf name, departmegbe the primary key. and so the average size of a relatiomwill be n ¢F" o
Performing vertical fragmentation we get:

i=1
Using these parameters for a vertical fragmentatiorRof

R1 = Yhame, department, specialization, locaisECTURER) into F1;:::;Fy, the average sizs, of a vertical fragment;
will becom
R2 = Yhame, department, IRD, sala(rL«-ECTUREQ % . o
To evaluate a vertical fragmentation schema we need to 2n¢ o i if dif is not used
analyse how vertical fragmentation affect the total quersts, Sy = apru e
. . > :
for which we focus on query trees. Before fragmentation all -n ¢ai2Fu  + dog, ne if dif is used

leaves of a query tree are relations with their predecessors L . .
of leaves as relational algebra. Heuristic query optinosat The logarithmic summand in the second Ccases arises from
results all query trees having a subqueries of the form the fact that we have different values for the attributdif.
If we assume that these are the numb@rs;:::;ni 1, the
largest of these numbers will requidog, ne bits in a binary
Y (¥4 (R)) (*)  representation.



The calculation of sizes of relations applies also to the hereh h q £ th ¢ h
intermediate results of all queries. However, we can stri whereh ranges over the nodes of the query tree@e, s(h)

our attention to the nodes in the subqueries of the form (*)gre the sizes of the involved sets, adindicates the storage

as the other nodes in the query tree will not be affected

by horizontal fragmentation and subsequent heuristic )querhThe trlanzportatlondcostshof que@ ddef)end'on the;'zﬁzc’f_d
optimisation. Thus, we only have to look at selection andne Involved sets and on the assigned locafions, which deci

projection nodes and ignore all other nodes in query trees. the transport cost factor between every pair of sites. Ithman

. . . ; expressed b
2 The size of a selection nod is p ¢s, wheres is the P y X

X
size of the successor node gmds the probability that an trans (Qj) = C (ho). (h) ¢s(h9):
element in the successor will satisfy h ho

ri .
> The size of a projection nodéx is (1j c) ¢s ¢— where Agalnothe sum ranges over the nodesf the query tree for
(1; ©) is the probability that any two tuples indiffers on Qi+ " runs over the predecessorsfoin the query tree, and
at least one attribute, is the size of relation associated Ci IS @ transportation cost factor for data transport from node
with the successor node, amd is the size of relation Ni 0 nodeN; (i;j 2f1:::;kg). _
Furthermore, for each quel®; we assume a value for its

associated with the projection node. ¢ ¢ The tofal s of all th e
The work in [4] contains a discussion of sizes of results forrequency j- The tota| costs of all the queries @™ are

other algebra operations as well, but we will not need this he the sum of the costs of each query multiplied by its frequency
Once a fragmentation schema has been decided upon, each
fragment must be assigned to one or more nodes in the dis-
tributed database management system. The allocationgonobl
involves nding the “optimal” distribution of the fragmesitto In general, the distribution could be called optimal if wed n
the sites. The discussion of allocation is to nd an allosati a fragmentation and allocation schema such that the regulti

model that minimizes the total costs of processing and géora total query costs are minimal. As this problem is practicall

cost (Qj) ¢f;:
j=1

while trying to meet certain time restrictions [10]. incomputable, we suggest to use a heuristic instead.
For a given set of fragmentkF;:::;F,g with different

sizessy;:::;Sy, if the network has nodeBly;:::; Ny, frag- [1l. A HEURISTICMETHOD FORVERTICAL

ment allocationis to assign a nod&l; to each fragmenk,, FRAGMENTATION AND ALLOCATION

such that the summary of all the transaction and storage cost Usually fragmentation and allocation are treated as two
y 9 Isolated problems during the design of distributed datebas

from all the sites can be kept to a minimum, where theDurin fragmentation no cost model for the evaluation of
transaction and storage costs are calculated according to_a g rag

prede ned cost model the resulting fragmentation schema is involved [9], [8]0][1

Once the fragmentation decision has been made, the pdagsibil
However, the fragments only appear on the leaves of quer . . .

. . f nding the optimal allocation schema of the fragments

trees. More generally, we must associate a nofle) with

; L is restricted. Therefore, a cost model should come into play
each nodeh in each relevant query tree(h) indicates the o ; : .
: . . . hen we make decision of fragmentation. In this section we
node in the network, at which the intermediate query resul : :
: : concentrate on vertical fragmentation.
corresponding tdn will be stored.
Given a location assignment we can compute the to-

tal costs of query processing. Let the set of queries bA. A Motivating Example

Q" = fQi1;:::;Qmg. Query costs are composed Of_tWO We rst look at the following example to see the restriction
parts: storage costsand transportation costscosts (Qj) = of nding an optimal allocation for a given fragmentation

stor (Q;) + trans (Q;). The storage costs give a measureschema, which has been decided at the rst stage withougusin
for retrieving the data back from secondary storage, whsch i ¢ost model.

mainly det_ermined by the size of the d_ata. The transportatio Example 2:Consider a relation being fragmented into sev-
costs provide a measure for transporting between two nodesy) fragments according to the af nities between each pir
of the network. _ attributes. Among these fragments there is one fragrignt
The storage costs of a queq; depend on the size of paying four attributesy; a; as; a4 and being accessed by two
the intermediate results and on the assigned Iocatlons;hNhlquerieS with accessing frequencikes f, respectively. Query
decide the storage cost facgg)rs. It can be expressed as Q, needs to access attributas a,; as; a; while Q, needs to
stor (Q;) = s(h) ¢d (ny; accessag; as- First we assume bot,; Q, are iss_ued at _site
h N:. The optimal allocation is to allocate, to site N1, in



which case there is no transportation costs needed to execut

both Qq; Q». This scenario is illustrated in Fig. 1.

Now we assume thaD, is issued at sitdN,. The change
of issuing site ofQ, does not affect the weights of edges on
the af nity graph. Therefore the fragmentation schema wloul
be same. FoF, the optimal allocation depends on the value
of f1;f,. There are two situations that may occur:

. Iy + 12
: jffy- (1+ ) ¢f; then, (Fy) = N3

I3+ 14

. 1+ 1o
2 jf fo > (1+ —) ¢f, then, (F,) = Ny

3+ 14

The rst situation is illustrated in Fig. 2 as Scenario II.
In this scenario, transportation costs are involved to etec

transy, (Q2) =f2 *(ls +la)

Fig. 2. Scenario II: Fragmentation with two queries at déferlocation

Query Q.. As the transportation costs dominant the total

query costs, we get:
costs , ¥atrans | (q,) = f2¢("3+ "4) Ccr2

The second situation is illustrated in Fig. 3 as Scenario llI
In this scenario, transportation costs are involved to ateec
QueryQ:. Then, we get:

costs , Yatrans (q,) = f1¢(1+ "2+ "3+ '4) CCat

Assuming fo, > f ., if we do not perform vertical
fragmentation using af nities but consider both vertical
fragmentation and allocation together to nd an optimal
solution we can have two fragments,; fa;;axg
Fu2 = fas; a4g and allocatd-, to siteN,. This fragmentation
and allocation are illustrated in Scenario IV in Fig. 4. listh
case, total query costs are

cost , Yatrans ,q,) = f1¢( "3+ "4) Ccy

Assumingci; = C; = 1, we compare query costs in
Scenario IV to that in Scenario Il and get

cost, = cost,+frC( 3+ 4)i f1¢(3+ "4)
= COSt>3+(‘3+‘4)¢(f2i f1)
> cost ,
Fig. 1. Scenario I: Fragmentation with two queries at onetlona

~
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trans,(Q1) =f1 *(l1 +l2+ls +la)

Fig. 3. Scenario lll: Fragmentation with two queries at df& location

Comparing with query costs in Scenario IV to that in Scenario
I, we get

cost , cost , + f1 CCa+ "2+ "3+ 4)j f1¢(C3+ "4)
cost , + f1¢(C1+ 7o)
> cost ,

Obviously, the fragmentation and allocation in Scenario IV
is the best solution, which results from comparing with guer
costs while making decision of fragmentation. That is, tb ge
an optimal solution of fragmentation and allocation we need
employ a cost model, with which we can achieve an optimal
fragmentation and allocation simultaneously. With thetcos
model, any change of the query information, including the
site information of queries, will be re ected in the desigh o
fragmentation and allocation. But the approaches of \artic
fragmentation using the value of af nities can not re ecigh
change.

However, if a relation has nonprimary key attributes, the
possible fragments are given by tigell humber which is
approximatelyB (m) ¥ m™. With this number of possible
fragments, the following up allocation, using the cost mode
introduced previously, is of the complexikf™" ) with k as the
number of network nodes. Therefore, it is impossible to het t



Site Ny other indicating the frequency of the queries. The values on

. a column indicate the frequendy; of the queryQ; that
T‘ \ use the corresponding attributes grouped by the site that
\ jfl"fz | issues queries. Note that we treat the same query at differen
¥ ~ sites as different queries. Doing this way we only need one

i matrix to record all the information rather than two matsice
j Attribute Usage Matrix and Access Matrix, that are used in
/ [9]. Subsequently, the following up calculation is easy ® b
y formulated.
N . From one site each attribute is requested by multiple gsierie
- Therequestof an attribute at a sith is the sum of frequencies
of all queries at the site accessing the attribute. It can be
Fig. 4. Scenario IV: Fragmentation with two queries at déferlocation calculated with the formula below:
X
request,(a;) = fii
optimal solutions to the vertical fragmentation and altowa i=1;(Q))=h
problems. We can only expect to nd a heuristic solution. In Letf; be the frequency of a query accessing to an attribute
the remaining of this section, we rst de ne some terms. Then,, of a fragmentF, of a type E, |; be the length of the
we introduce a heuristic approach to vertical fragmentediod attripyte. Theneedof a fragment at a sith is calculated with
allocation. This approach adapts a simpli ed cost modellevhi {he following formula:
making decision of vertical fragmentation.

- ————————

/
,
o
L]
N
N

gransy(Q1)=f *(ls +|;)

xn X0
need, (Fy) = Ti ofi
B. Requests and Needs at Sites j=1: (Qj)=hi=l;ai2A,
We now de ne some terms that will be used in our discus- ©F 0
sion. Assume a relatioR = fay;:::;a,g being accessed by need,(Fy) = sji Of;
a set of querieQ™ = fQq;:::;Qj;::: Qmg with frequencies j=1: (Q)=h

with s;; as the size of data volume required by qu&syfrom
fragmentF, .

We can also calculate theeed of an attribute using the
above formula.

relation R is vertically fragmented into a set of fragments

R is of average length;. Note that the maximum number
of fragments isk, i.e.y - k. We use, (Q;j) to indicate the
site that issues quer®;, and useA; = fajf; = f;gto
indicate the set of attributes that are accessedQby with
f;i as the frequency of the query; accessing attributes; .
Here,f;; = f; if the attributea; is accessed b); . Otherwise,
f; =0. In distributed databases, costs of queries are dominated

From the discussion in the previous section we know thapy the cost of data transportation from a remote site to the
to get a optimal vertical fragmentation we need to employ &ite that issued the queries. To compare different vertical
cost model which take input information as: fragmentation schemata we would like to compare how it &ffec

2 the frequency of queries that access the object; when tHBe transportation costs. So we can simplify the cost madel i

same query is issued at different sites, it is treated a§ection II-B as following:

need (&)

|
_./
L34
—

j=1:,(Qj)=h
i ¢request(a;)

different queries; XX
2 the subset of the attributes used by queries; cost = need, (Fy) ¢chno (?
2 the size of each attribute of the object. h=1 u=1
2 the site that issue the queries Note that the cost factagio = 0, if h = h°.
To record the above input information we introdutiribute Example 3:Assume a fragmerfE being accessed by three

Usage Frequency MatriXAUFM). Each row represents one queries from three different siteg; b; G respectively. If we
query Q;; the head of column is the set of attributes ofallocate fragmenf to sitec, , (F) = c, then the costs of all
a relationE. In addition, there are two columns with one queries that access this attribute can be calculated by sugnm
column indicating the site that issues the queries and thgp theneed at sitea multiply with the cost factoc,; and the



2

need at siteb multiply with the cost factorc.,. Using formula
(?) we have:

cost (g)= ¢ = needy(F) ¢ceq + needy(F) Ccep
Finally, we introduce a ternpay to measure the costs of
allocating a single attribute to a network node. Ty of
allocating an attributes; to a siteh measures the costs of
accessing attribute; from all queries at the other site¥,
which is different fromh. It can be calculated using the

following formula: with

The second heuristic allocates to a network nodeN,,

such thatrequest, (a;) is maximal. i.e., we choose the
network node with the highesequest of the attributes; .

This guarantees that there are no transport costs asgbciate
with data of attributea; for those queries that need the
data ofa; most frequently. In addition, the availability of
data of attributea; will be maximised.

Taking the rst heuristic we perform vertical fragmentatio

the following steps. We do not distinguish read and evrit

queries because replication is not considered at this .sTdge

pays (&) = requestyo(a;) ¢chno

ho=1;h6 ho 1)

We do not include attribute length in the formula because 2)
when we compare thpay of an attribute at different sites, 3
attribute length will always be the same. )
4)

C. Heuristics for Vertical Fragmentation

As in [8], we assume a simple transaction model, using g
which the system collects the information at the site of the
query and executes the query there. In this case we can &valua 6)
costs of allocating a single attribute to network nodes and
then make decision by choosing a site that leads to the least
query costs. Also, according to our discussion of how valtic
fragmentation affect query costs, the allocation of fragtee
to network nodes, following the cost minimisation heudsti
already determine the location assignment provided that an
optimal location assignment for the queries was given prio
to the fragmentation.

Al

second heuristic is easy to be formulated.

Take the most frequently used 20% quei@$.

Optimise all the queries and constructAdFM for each
database typ& based on the queries.

Calculate theequest at each site for each attribute to
construct an Attributeequest Matrix.

Calculate thepay at each site for each attribute to
construct an Attributgpay Matrix.

Cluster all attributes to the site which has the lowest
value of thepay.

Attach the primary key to each of the fragments.

This procedure is formally described as the algorithm below

gorithm 1 (Allocation of Vertical Fragments):
R -—

The AUFM of R

6utput: vertical fragmentation schema and fragment allocation

Taking the simplied cost model introduced above Weschgma
now analyse the relationships betwesst, the pay and the Begn .
request. We compute the following fomulae: for eachh2f1;:::;kglet F, = endfor
for each attributea; 2 R;1- i- ndo
for each nodeh 2f1;:::;kg
cost (a) = need,o(a;) ¢chpo do calculaterequest, (a;)
ho=1:h6 ho endfor
XK X0 for each nodeh2f1;:::;kg
= Ti Cfji CChpo do calculatepay, (&)
ho=1;h% hj=1; (Qj)= ho endfor
XK X0 choosew such thatpay, (a;) = min ﬁzl payh (a;)
= ¢ fii CChno /* nd the minimum
ho=1;h% hj=1: (Q;)= ho adda; to Fy,
3 /* allocate the attribute into the corresponding node
= ¢ request,o(a;) ¢chno endfor
ho=1 :h0% h The above algorithm rst nds the site that has the smallest
= ¢payn(a) value of the pay then allocates the attribute to the site.

) ) ) .. A vertical fragmentation and allocation schema are obthine
The above formula gives rise to two alternative heu”St'C%imultaneously

for the allocation of an attribute; (i =1;:::;n).
= The rst heuristic allocates; to a network nodé\,, such
thatpayy (a;) is minimal, i.e., we choose a network node
in such a way that the total transport costs for all queries The advantages of our heuristic approach for vertical frag-
arising from the allocation are minimised. mentation and fragment allocation are:

D. Discussion



TABLE V

> Except key attributes, there is no overlap among all
ATTRIBUTE ALLOCATION

the vertical fragments. Therefore, we do not need extra

procedure to remove overlaps. [attributea; [ 1 [ 2] 3[4 [5[6]7[8]9]10]
2 The change of queries will be re ected by the fragmen- [[(siteN;] [2[2[2[3[2[3[2]2]2] |

tation solution. Query information may re ect the needs

to retain attributes from some sites more often than some

other sites. Even though on the af nity graph the cutting Lets now compare our fragmentation schema with the

edges will be the same. fragmentation decision in [8], [9]. In [8], [9] the relation
= The complexity of this approach is low. Leta be the is rst fragmented into three fragment&; = fas;as; a70,
number of queriesn be the number of attributek, be F2 = fap;as;ag;agsg and F3 = fas;as;a100. Then, at

the number of network nodes. The complexity of ourthe re nement stageF; and F, are allocated at the same
approach, which dealing with vertical fragmentation andsite. That means that the nal fragmentation schema is
allocation, isO(m ¢n + k2 ¢n), while the complexity of fay;ay;as; as; ar; as; asy; f au; as; @109, which is same as our
graphical approach in [9] i©(n? ¢m + k") for the whole  results. However, our approach is of less complexity.
design procedure, including building the af nity matrix, Lets take the example problem in [8] again and move all
vertical fragmentation and allocation. gueriesT, from site 2 to site 1. In this case, the af nity graph

= This approach suits the situation that for each relatiomloes not change; therefore the resulting fragmentatioarsah
the number of attributes is small and the number ofs not changed. But using our approach we get a different
queries is big. Usually, the number of queries taken intdragmentation scheméay; agg; f a1 ; as; as; a70; f as; as; a109.
consideration is bigger than the number of attributes of a To compare the two solutions we use the simplied

relation. cost model introduced in Section Ill. The total query costs
result from fragmentation schentfea,; agg;fa;;as; as; asQ,
E. An Example fas;as; @109 is 64255 and the optimal allocation of frag-

We will take the same example problem in [8], [9] to illus- mentation scheméa, ; as; a9, faz; as; ag; 490, fau; as; 2109

trate how our approach works and compare our fragmentatiq'b 64580.th0bvr|]ously, (:cu_r aptproach _Iefads tt(') a _better ?e;u_gn
decision with that in (8], [9]. Firstly, we take the Attrimt Dccause the change of input query information is re ected in
Usage Matrix and Attribute Access Matrix in [8] to construct ISt g ' u query

an AUFM grouped by site that issues the queries. The AUFM We conclude that our heuristic approach to vertical frag-
is shown in Table | mentation improves the de ciencies of all the other velitica

Secondly, we compute threquest for each attribute at each fragmen.tgtion approaches, Wh.iCh makg decision f”‘ccor“‘mg t
site and get the a AttributeequestMatrix shown in Table II. the' afmhes between each pair of attnbutgs, by |ntrod1g;|
Thirdly, assuming we have been given the values of trand simpli ed CQSt model at th_e stage .Of ve_rt|cal fragmentatio
portation cost factors in Table lll, we can now calculatepbg Also, the vertlca! fragmentatlon_algorlthn_w Is of Iovyer cdmp
of each attribute at each site using the values ofrewiest ity than the vertical fragmentation algorithms using afies.

in Table Il and values of cost factors in Table Ill. The result
are shown in a Attributgpay Matrix in Table IV. IV. CONCLUSION

Finally, for each attribute we compare all thay at all sites In this paper we presented a heuristic approach to vertical
to nd the minimal one. We then allocate attribudeto the site  fragmentation for relational datamodel. The major objecti
that of the minimalpay. The allocation of attribute is shown is to provide a tractable approach to minimising the query

in Table V. processing costs for the most frequent queries. In genéial,
Therefore, relatiorR has been fragmented into two frag- would require to consider all possible fragmentations alhd a
ments with F; = fa;;ap;as;as;ar7;ag;a9g and F, = possible allocations of intermediate query results to thées
fay;as; @109, which have been allocated to site 2 and 3of a network, which is intractable. Instead of this we sugges
respectively. consider vertical fragmentation and allocation using costlel
at the same time.
TABLE IlI The next step of our work is to adapt the heuristic approach
TRANSPORTATIONCOST FACTORS to complex value databases, which cover the common aspects
steT T T 237 4 of object-oriented databases, object-relational datshaand
1 [0 [10]|25] 20 databases based on the eXtensible Markup Language (XML).
g %g 200 200 12 For this, complex data types should be covered by the cost
2 |20l15| 15| 0o model. The procedure of vertical fragmentation should be

altered accordingly. Also, we need to integrate the handing



TABLE |
ATTRIBUTE USAGE FREQUENCY MATRIX

[ Site [ Query | Frequency[ ai [ a2 |

a3 [ a4 [as [as [a7 [ag | a0 [ a0 |

1 T 10 0[] 0[O0 [0[10]0[10[0]0]O
1 T2 10 o|10[10|0f[0|0|0]|10]|10] 0
1 Ta 10 0 10| O 0 0 0 10 | 10| O 0
1 Te 10 10|o|o0|ofw|of|o|lo|o]| o0
1 Ts 5 5 5 5 0 5 0 5 5 5 0
1 T7 5 0 0 5 0 0 0 0 0 5 0
1 Te 5 ojlo|s5|5|o|5|0o]o]|5]s
2 T 20 0 20[20] 0] 0] 0[0]20[20] 0
2 T1 15 15| 0 0 0 15 0 15 0 0 0
2 Ts 10 10(10[10| 0 |20 0 |10[10[10] O
2 T7 10 0 0 10 0 0 0 0 0 10 0
2 Te 5 5 0 0 0 5 0 0 0 0 0
2 Ts 5 0 0 5 5 0 5 0 0 5 5
3 T3 15 0 0 0 15 0 15 0 0 0 15
3 T, 15 o150 0|lo|o|15]15) 0] 0
3 T2 10 o|10[10|0[0|0|0]|12]|10] 0
3 Ts 5 5 5 5 0 5 0 5 5 5 0
3 Ts 5 5|/ o0lo|o|[s5|0|0]|0|o0] o0
3 T 5 o|lo|s5|ofo|o|o|o|5]| o0
3 Ts 3 0 0 3 3 0 3 0 0 3 3
2 T 10 0 [10[10]0[0[0][0[10]10] 0
4 Ts 10 o|lo|o|1|0|120|0]|0]| 0] 10
4 Ta 10 0 10| O 0 0 0 10 | 10| O 0
4 Ts 5 5|5 (5|0[5|0|5]|5|5]0
4 Ts 5 5|/ o0lo|o|[s5|0|0o]|0|o0] o0
4 T7 5 0 0 5 0 0 0 0 0 5 0
4 Tg 2 ojlol2]2]of2]ofo|2]2

[ Length | | [10][ 8][4 [ 6[15]14[ 3 ][5 9 ] 12 |

TABLE Il

ATTRIBUTE requestMATRIX

[ Site | Query [ Frequency] a1 [ a2 [ a3 [ a4 [as [as [ a7 [ ag | a0 [ a0 |
1 request 25251 25] 5 [ 25] 5 [ 25] 25 25 5
2 request 30 30 45| 5 |30 5 [25]30] 45 5
3 request 10 30 | 23| 18| 10| 18| 20| 30 | 23 | 18
4 request 10| 25| 22 | 12 | 10 | 12 | 15| 25 | 22 12

TABLE IV
ATTRIBUTE pay MATRIX
[aftibute | 1 [ 2 [ 3 [ 4] 5 [ 6 [ 7 [ 8 ] 9 [10]

payi(ai) | 750 | 1550 | 1465 | 740
payz(aj) | 600 | 1225 | 1040 | 590
pays(aj) | 1375 | 1600 | 1855 | 405
pata(a;) 1100 | 1400 | 1520 | 445

750 | 740 | 1050 | 1550 | 1465 | 740
600 | 590 | 875 | 1225 | 1040 | 590
1375 | 405 | 1350 | 1600 | 1855 | 405
1100 | 445 | 1175 | 1400 | 1520 | 445

of horizontal fragmentation, which has been discussed
[6], and vertical fragmentation with the consideration bé t
requirement of global optimisation.
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