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Ab the problem returns with a vengeance. For example,
stract o . N assume we know what people bought botta aécord
Frequent item set mining is a major data mining research atgare and am bookstore. Patterns in this example are
Generalising from the standard single table case to a-muylti; .o (R, B), in which R is a set of records and B a set of
relational setting is simple in principle, but hard in practic 0oks k,)oth’ sets bought by the same custoimethis

That is,it is simple to define frequent item sets in the multl ~ . h f f d d f book
relational setting, as well as extending thé#ori algorithm. setting we search for sets of records and sets of books

Itis hard, because the wathown frequent pattern explosion athat are frequentljoought by customers. Chgly, the

low min-sup settings is far worse than it is in the standard cadember of candidates is exponential both in theo$et

In this paper we introduce an effective algorithm for th@cords and in the set of books.

discovery of frequent, muitielational item sets. These Given these two tables with sales transactions of
relational patterns show which item sets occur togethBgoksand Records two transactions are relatedhen a
Answering questions likedVhat type of Books are boughgystomer buydoth sets of products. Finding colleatis
together with what Record tyg@ Hence, they provide ag¢ o ght Recordsand Books provides insight in the
symmetric insight in the relatioand reveal patterns that anla"elated transactions s helps ¢ understand theelation

relevant with respect to thelation It extends our earlier work h bl find f |
on using MDL to discover a small set of characteristic itelp@tween the two tabless we can find frequently €o

sets. The algorithrR-KRiMP, first discovers thesmall set of OCCUITing patternge.g. classical music combines well
characteristic patterns in the single tables and then combié® classic literature).
these to find a small set of characteristic rargtational item Our researched patternsare these symmetric
sets. Thisreducesthe original search spackamaticallyand frequently relating item setd.o find these patterns we
hence brings down the computational cptexity by orders of take a symmetric view of the databa3ais is because
magnitude. In the experiments we show that this approaghyeralBook sets can relate to one certaRecordset,
yields ‘a very good approximation of the naive approacll,y yjice versa. As we find the sales transactions from
Jc;lfl_’ll!’lg all tables into one huge table, while being far MOfoth tables equally important, we will need to base our
efficient. o .

patterns equally on both sides of the relation
Keywords: Frequent Patterns, Relational Mining, MD Our approach answers a different research question
: than MultiRelational Data Mining appazhes like
1. Introduction . ) . WARMR [2]. A main concept in MRDM s thdey
Frequent pattern mining is a major research area in q@ie which specifies the table which has a specific
mining, with frequent item set mining as preMipierest of the user] 6, 13). The patterns in MRDM
example. Given the salescords of a store, we want {Qhqyer questions as to what relational information is
discover all sets of items that customers buy together foiant for the key tabldn our example, this would
at least mirsup times. Clearly, th is an exponential rg|ate to whaRecordsets are frequently bought with
problem, all sets of items are potentially frequent and @}?ecificallygivenBookset.
number of such sets is exponential. The eatbwn A- Our research question is to findsaall characteristic
Priori property[1], howeverensures that large parts 0fg; of relational patterns which havéstsymmetry as
the search space can be .c@lased onthis, many gegcribed abovelo obtain thissmall pattern setwe
algorithms exist that have efficient running times if,et0 procesan exponential number of candidates and
practice. The only placehere the exponential nature of, gxnonential number of resulting frequent patterns.
the problem shows up is in the wehown frequent pqrynately, weare not interested in finding all frequent
patternset explgion. If the m|n|_mal support threshold iSatterns as this set grows exponentiallput only the
set low, the number of candidates and the numberjgh esting onesror this we build on our earlier work in
results explodes. which we use the Minimum Description Length (MDL)

In the generalisation of frequent item set mining Iginciple to discover the intesting frequent atterns
the multirelational casd6], the exponential nature o



bought

Records key [ b ] key Books
A Night at the Opera | Abbey Road | Joshua Tree n n|b m Good Omens | The Colour of Magic
Voodoo Lounge | Abbey Road I, b2 m Kafka on the Shore | The Colour of Magic
Voodoo Lounge n | by m Die Verwandlung
r, | b,
record patterns
(Abbey Road , Kafka on the Shore & The Calour of Magic) - Support:2 Occurrences:{ (r{,b3), (r3,b3) }
(Voodoo Lounge, Die Verwandlung) - Support:2 Occurrences:{ (ry,b3), (r3,b3) }
book patterns
( A Night at the Opera & Abbey Road & Joshua Tree , The Colour of Magic) - Support:2 Occurrences:{ (r1,bq), (rq,b2) }
relation patterns
( Abbey Road , Kafka on the Shore & The Colour of Magic) - Support:2 Occurrences:{ (r1,b3), (r3,b3) }
(Voodoo Lounge, Die Verwandlung) - Support:2 Occurrences:{ (ry,b3), (r3,b3) }
( A Night at the Opera & Abbey Road & Joshua Tree, The Colour of Magic) - Support:2 Occurrences:{ (rq,bq), (rq,by) }

Figure 1: Our example joined relational database with records and books. The join is performed via relatioral tkey
Depending on the focus of interest, we either have frequeotrd patterns,book patterns, orthe patternsthat have our
particular interestthose thatlescribe theelation. In the shown result, only the largest patterns are depicted for clarity.

[10]. In particular, we use theKriMP algorithm patterns that describe the data weldne could
introduced in thapaper to select interesting patterns. paraphrase this by the quasi formula:

present three different methods to obtain théthen we )

approach the problem in a naive manwertake a global ¢ Krimp(./iL, Ti)
view. This GLOBAL algorithm first computes the join of _ Relational Patterns

the tables and computes the frequent patterns from this . o
materialised view. TheGLOBAL algorithm quickly o further illustrate the application of our approach, we

becomes impractical, because the materialised join tat Mtrun alprtlg a? examlgljle:[.Consfldterb?gam d"aaEabas:e .
becomes huge. at consists of a collection of tables, one contains

We solve this first issue andchieve a better SpaCéransaetions of book sales the other table contains record

complexity if we do not materialise the join. The idea ﬁf;ei(v?)?i fl{%'atl)Eazlglt(;a':jﬁic;'Ontﬁg?sﬁgsn g;gg?ns oLor

the LocAL algorithm is to keep the computation loedl examole. this leads (o a nsaac?ion of booksontaiﬁin

the single tablesAssume we have two tableg, and T,. the tit?es: Kafka on the ShoreAND The Colour ng

Fi/ast we compute the /lorojgctions of both tablesl\/lagio@ ) Two transact iaocosomear e r el
T = AT ./ To) and T3 = A(Ty ./ Tp) which can (o boughtwo product setsone from each tabléGiven

be done without materialisinhe join Th/:an we f'”ﬂ this databasewe can pose a number of questions that

fregqent item sets_ forthe serqums Ti .and T2 relate to thaelational nature of thdatabaseFirst of all,

individually. The pairs of frequent item sediscovered |« can be interested in book sales related taeherd

from these tables are then fed iK&iMP to select the ¢ 4 weat bodktitles are sold together with a given
interesting oned._OCAL is superior in space complexityfrequent recorditted . Al ternatively we ¢

to GLOBAL, and evaluates more candidatesead 10 a j, finging record sales withooks Wiat recordtities
bet_ter c_ompreSS|on.LOCAL consujersa candlqate setare sold together with a given frequent bobitted .
which is locally frequent and is exponential the paiterns of both approaches answer a question which is

numberof candidates _ relevant toa giventable of interest.
To reducethe number of candidates, our proposed | ot us know now ask a different questicdvhat

algorithm, calledR-KRrimP, first reduces the frequento oy titles and book titles are frequently sold
item set collections computed frT# and T4 using togethed . This brings the focus f

KRIMP. Then it continues as.OCAL. Since KRIMP yelation itself. For clarityconsider thelepicted example
always gives a dramatic reduction in the number @itapase anits various relational patterns in figure 1.
frequent item setsR-KRIMP is computationally superioryypile the first two question@ecord and book patterns)

to LOCAL. The cost could be that the resulting set gfe handled y MRDM approaches, the lattrelation
frequent patterns is far less descriptive than thqsgiern)is not.

computed byLOCAL. However, with experiments We  Tq answerour question, we do not define a specific

show thatR-KRriMP approximated. ocAL very well; the ey table as all tables are equally relevant. A clear area
results arelmost the sameln other wordsR-KRIMP is  of “interest is formed by applications where relational
efficient in both space capfexity and computationaljnformation is available for eglly interesting entities.

costs. It reduces candidate space efficiently by picki8gme concrete examples that we present in our
the content that is relevant and results in a small set,0f periments incl udewhatitypedi ng pa



of journal paper citesvhat type ofpaper® awhdt 06 - T;is related to the first element of the list and

type ofgenednteract withwhattype of gends . Tj is related to the last element in the list
e LetT; andT; be two related tables, moreover,
3. Problem Statement let t'r'l S E and t?"2 S T] The two transactions

In this section we first define our data and patterns. In are related iff:

particular we introduce relational item sets and their T Join(T,.T;) (tT1) = T join(T;, ;) (tT2)

support. Moreover, we discuss the relation betwegen . .
relational item sets and their wélhown counteparts, Iglrstly, note .that the requwements that the set of tapleg is
connected is not strictly necessary. However, it is

classical item sets. Next we introme our problem ithout loss of generality. For a database with a
informally. Then we show how MDL can be used fo% 9 Y.

relational item sets and, finally, we state our proble sco'nnected set of tables, one can simply run our
formally. algorithms on the connected components.

Secondly, note that we use the tedwin(T;,T;),
| because whenever we join two related tables, denoted as

frequent pattern mining, we are interested in relatiofigu@l PYZ: > T;, we implicitly use the eqepin with
frequent item setsThat means that the data resides i€ equality restriction odoin (13, T;) [9)]. .
multiple related transaction tables. That is, each of theseNOW that we have o!efmed our data, we can define
tables has one column that stores the transaétioRYr PatternsThe generalisation for a standard item set to
Furthermore, these tables will have one or more colundh&elational item set is straight forward. It is a tuple of
containingidentifiers which are simply natural mbers. it€m sets, one for each table in the database. Thaeis,
These identifiers are not assumed to be unique. Rathg¥e the following definition.

they represent the relations betwebe tables. If two

3.1 Data and Patterns Different from traditiona

tables haveommon identifier colums this means that DEFINITION 1.2. Let db = {T1,...,T;} be a relational

the transactions in the two tables are related. Hence, @psaction database over the set of item sets

data is defined as fallvs. I =A{%,...,Zx}. A relational item set ove? is a k
tuple:

DEFINITION 1.1 Let Z = {Z;,...Z;} be a collection of (I1s-- - Ir) where I; CT;

item sets. For eachl; €7 we have a transactionnote that an/; in a relational item set may be empty,
attribute T'r; with domainDom(1'r;) = P(Z;). The set j o 1. — (. Thatis, relational patterns may haveles.

let Id = {Idy,...,Id,} be a set of identifier attributes.set in a datadse to the relational setting, is also straight
These are attributes with domailom(Id;) C N. A forward. It is simply a tuple of occiences in the

relational transaction databaséh over(Id,Tr) is a set various tables, the support of a relational item set is,
of tables{T1, ..., Ty}, such that again, the number of occurrences in the database. That
e The schema of; = {Ai,..., A, Tri} in which is, we have the following definition.
Aj; € Id andTr, € Tr. Each transaction attribute
is associated with one table @f only.
e A transactiontr in 7, denoted bytr € Tj is a
tuple (i1, . .. im,, t) in whichi; € Dom(A;) and

DEFINITION 1.3. Let db = {T},...,T}} be a relational
transaction database over the set of item sets
I =A{%,...,Zx}. Moreover, letl = (I1,...,I) be a
relational item set oveZ. An occurrence of in dbis a

tCI. . .
" . . le of tran iongtry,...,t with tr; € Tj h
e Let tablesT; and Tj be two tables indb with :Egt('a of transactiongtry, ..., tri), with tr; € T, suc
schema (A1, Amy, T} and 1 4 and tr; are related wheneve¥; and 7; are
{B1,...,Bm;,Tr;}. T; andT; are related iff: related.

Join(Ty, Tj) = {A1,..., Am YV {B1,..., By } £0 2. Vi€Ll...k:l; Cmpy(tr)
_ _ ' The support ofl in db, denoted bysupay(I) is the
e The set of tables is connected. That is, for each PAllmber of occurrences dfin db

of tablesT;, T; € db, there is a list of tables such

tha;" wables in the list lated to thei Note that an ocavence (iri,...,try) contains a
- succgss?S in-the st -are related 1o eIy nsaction from each of the underlying tables.

Paraphrasing, relational item sets may have holes, their
occurrences may not. This may seem a restriction, but it

! Note, this means that we have a +idvF relational database:, . .
we will however use standard relational databaSenot: We return to this point after the formal statement

terminology. of our problem.




There is an alternative way to dadithe occuence e There exists a bijection); from the relational
and the support of a relational item set. We can define  jtem sets ovefZ to the classical item sets over

them directly on the join of all the tables ith. More iU UT.
precisely, let/(db) be the join of all these tables, i.e, o There is a bijection’, from the occurrences df
J(db) =Ty >4 --- > Ty, in db to the occurrences ofyy(I) in

Now that we have joined all tables, all relationships that S(R(J(db)). ,

were represented by the identifier attributes are now® Hence, the support dfin db equals the support
explicit in J(db). Hence, without loss of information, we of ¢1(I) in S(R(J(db))).

can reduce J(db) by projecting out all identifier

attributes. The reduced databa®,/(db)), contains k Civen that we can always make tlig € Z mutually
tuples of the form: disjoint, e.g., by appending the table naffigto the

(try....,try) with tr; in 7. (T}) elements ofZ;, the reader may now think: why all the
] ’ ) ) fuss? First we define relational item sets, their
We can now define aaccurrenceof the relational item qccyrrences and their support and then we show that this

set I=(I,....Iy) in R(J(db)) as a Kuple jscompletely equivalent to the classical, standard, case.
(tri.....trg) € R(J(db)) such that It is, however, always true for multi relational data
Vi€e{l,....k}:I; Citr, mining that one could join all the tablesthe database

The support of a relational item set is now again defindP one table an(_j _analyse that t?b'e- The point of mult
as the total number of ocaences inR(.J(db)). Given relational data mining, however, is that the tables have
that our joins are equins, there is a orene semantics. Retaining those semantics makes the results

correspondence between the two approaches. Mf easier tointerpret Moreover, the multi relational

precisely, we have the following simple lemma se?ting allows for strictly more expressive models.
' ' Finally, a more practical aspect is that joining all tables

LEMMA 1.1. Let db={Ti,...,T;} be a relational into one often produces a truly gigantic table, which is

transaction database 0\;er ’the set of item sé S costly tq analyse. . oo

T—{T.,...,Tx}. Moreover, letl — (I,...,1;) be a So, the importance of the theorgm is not thgt it yle_lds
Lok ' Lotk a good computationalparoach. Its importance is that it

relational item set ove¥. . shows that the way we generalised item sets, their
 There exists a bijective functienthat maps each gccurences and support is sound.

occurrence ofl in db onto an occurrence of in

R(J(db)) and vice versa. 3.2 The Problem: Informally The relational patterns
e The support of in db equals the support df in  satisfy the A-Priori principle, just like their classical
R(J(dD)). counterpart[5]. The order on relational patterns is

simply derived from the classical order on item sets
If we assume that all the elements BHfare mutually
disjoint, we can go even further. We camguash DEFINITION1.4.Let] = (I3,...,I}) and
R(J(db)) into a classical item set database, denoted by= (J1,- - - Ji) be two relational item set ovef. [ is
S(R(J(db))) over the set of item&; U - - - U Zy by: more general thad, denoted by < J, if
VZE {1,,]6}]1 QJL

Itis easy to sethat! < J — supgp(I) > supap(J).
Which means that the requiredXiori principle holds,
and we can mine for frequent relational item sets using,

S(”’l?""trk):trlU'“Utrk

Note thatS is, again, a bijection, because all theare
mutually disjoint. Obviously we can appl§ also to
relat!onal _|tem sets.S is then a bijection f_rom_ thee.g.,alevel wise search algorithm.

relational item sets defined afb to the classical item “\ypije simple in theory, it is, unfortunately, not so

sets onS(R(J(db))); again, because tHg; are mutually easy in practice. W have already seen in the previous
disjoint. Hence, we have the following result. subsection that this problem is equivalent to computing
frequent item sets on the join of all tables in the
THEOREM 1.1. Let db = {T1,...,T};} be a relational database. This table is often hugéat is, the well
transaction database over the set of item séisown frequent item set explosion at low minsup
T ={Z,...,Zx}. Moreover, letl be a relational item settings eturns with a vengeance. Practice shows that
set overZ. Finally, let S(R(.J(db))) be the squashed,the larger the tables are, the more frequent item sets are
reduced version ofdb. If the Z; € Z are mutually returned. In other words, while we could mine for all
disjoint, then frequent relational item sets, the result would not be that
useful.



Hence, we do not want to returall frequent @,...,0,{1},0,...,0)
relational item sets. Rather, we would like to compute That is, all entries but one are the empty set and

(and return) a smallcharacteristic, set of frequent the one norempty set entry is a singleton set.
relational item sets. In previous wofk(], we studied 2. The second column contains elements fdm
the same problem in the context of classical fregue such that each element®bccursat most once.

item set mining. That is, we formulated the problem i rejational item set ovef occurs inCT, denoted by
terms of the Minimum Description Length (MDL); ¢ o7 iff I occurs in the first column & T; similarly
principle [3] and introduced th&RIMP algorithn?, that for a codeC € C. For I € CT, codecr(I) denotes its

approximates the optimal resullt. In subsequent.reseag He i.e, the corresponding element in the second
we have shown that the resulting small sets of item sg un’m- '

(or better, thecodetablesthey cane from; see the next

subsection) characterise the underlying database VBefore we can define how a database is encoded with a
weIII.n this paper we extend this approach to relatio cqde table, we fst have to decide what we are going to
bap PP code Each table in the database contains one or more

gi?aussee: g}'?&g'eIzi\?;:gﬁféebg@e'; ?r:ec?:;%nglaﬂegtiﬁer attributes, as well as a transaction attribute.
q R identifiers represent the relationships between

the classial case. However, as pointed out before, tq'r%nsactions only. That is, if we, e.g., add 1ech

eq_uwalencg might b? very |neff|p|ent. Hence, the k?(yentifier, the identifiers still represent the same
point of this paper is that we introduce a far mo

efficient algorithm, calledR-KrRImMP, for the relational lationships. In other words, the actual value of
. 9 v . ’ . identifier attributes is immaterial, our results should not
case in the next section. First, however, weulis MDL

) . : . depend on these values.
in the relational setting after which we state our problem That is, encoding the transactions should be

formally; this discussion is adapted frg@ 10]. independent of th identifiers. That is, we encasl

R(J(db)). J(db -
3.3 MDL for Relational Item Sets MDL (minimum (7(db)). Recall that the elements &i(./(db)) arek

description length)[3], like its close cousin MML tuples ¢ = (try,...,try) of related transactions in
(minimum message lengtf}2], is a practical version of 11 >+ > Tk. Moreover, let/ = (I1,...,Ix) be a
Kolmogorov Complexity[8]. All three embrace the'elational item setf is an occurence of, denoted by
slogan Induction by CompressionFor MDL, this Ict,if
principle can be roughly described as followgiven a Vie{l,....k}; Ct;
set of modef$7, the best model € H is the one that Finally, by ¢\ I we denote the tuple:
minimisesL(H) + L(D|H) in which ’
e [L(H)is the length, in bits, othe description of tNT= (1 \ Iyt \ Ig)
H,and dightly abusing notation, we will write € db rather
e L(D|H) is the length, in bits, of the descriptionhant € R(J(db)).
of the data when encoded with.
With this definitionin place, we can describe how a
In order to use this principle for our problem statemegtde table”'T is used to encode a relational transaction
we need tadefine our collection of models and how t@atabaselb. The main ingredient is th€over
encode the data with such a model. MoreOVer, we n%nthm givenin ﬁgure 2. Its parameters are a code
to determine how many bits are necessary to encodgie C'T and a transactio, the result is a set of
model and how many are necessary for the coded datgjements of " that covert. To encode databas, we
Similar to[10] we uscodetablesfor our models. simply replace each reductdnsactiort € db by the
codes of the item sets in its cover:

DEFINIT!ON 15.LetZ = {Z4,...,Zx} be a collection of t — {codecr(I) | I € COVER(CT, 1)}
sets of items an@ a set of code words. A code talilg’
for 7 andC is a two column table such that: Note, to ensure that we can decode an encode database
1. The first column contains relational item setdniquely; we assume thétis aprefix code _
overZ, this column contains at least alhgjleton Since MDL is concerned with the best compression,
relational item sets. Thesk-tuples are of the the codes inC'T" should be chosen such that the most
form: often used code has the shortest length. That is, we

should use an optimal prefix code, i.e., the Shannon
code. To define this foour code tables, we need to
know how often a certain code is used. We call this the
frequency of an item set inC7T. Normalised, this

2 Although, not yet by that name.
3 MDL-theorists tend to talk abotypothesisn this context,
hence th&1; se€[3] for the details.



COvER(CT, t) Lor(db) = Y ler(t)

S := first elementc € CT tedb freq (1)
s “Mdb
ﬁoz zvgl(;h@c Ct I;ffre%b(l) log (ZJeCT freqdb(J)>
then Res := {S} where we sum over the reduced transaction®in
elseRes:= {S} U Cover(C,t\ S)
return Res The remaining problenis, what is the size of a code
table? For the second column this is clear as we know
Figure 2: The cover algorithm the size of each of the codes, but what about the first

. column? For this, we use the simplede table, i.e, the
frequency represents the probability that that code iy taple that contains only the singleton elements.

used in the encoding of an arbitrarg db. The optimal Tig code table, with optimal code lengths for database
code length is then-log of this probability and the gy s called the standard code table #r denoted by
coding table is optimal if all its codes have their optimat; \vith this choice, we have the following lemma:
length. More formally, we have the following definition.

LEMMA 1.3. Let db be a relational transaction database
overZ and letC'T be a code table that is code optimal
for db. The size of2T, denoted byLq,(CT), is given

DEFINITION 1.7. Let db be a relation transaction
database overZ, t € db a reduced transaction{ a
prefix code andCT a code table forZ and C. The

frequency of item sdte C'T is defined by: by:
freqy,(I) = |{t € db| I € COVER(CT,t)}| La(CT) = Z |codesr(I)| + |codecr(I)]
The probability off is defined by: , feet _
freq(I) With the two Iemmas_, we know the total size of our
P(Ildb) = —"22 encoded database. It is simply the sum of the size of the
> sez freqa(J) encoded database plus the size of the code table. That is,
The codeodecr (1) is optimal fordb iff we have thdollowing theorem.

|coder (1) = —log(P(1|db)) THEOREM 12. Let db be a relational transaction
CT is codeoptimal fordb if all its codesC' € CT are database ovef and letCT be a code table that is code
optimal fordb. optimal fordb. The total sizeof the encoded database,
A J o (zjenoted byL(CT,db), is given by:

From now on, we assume that code tables are-code
optimal, unless we state differently. L(CT, db) = Ler(db) + Lan(CT)

For any databaséb and any (codeptimal) code NOW that we know how to compute(CT', db), we can
table CT, we can now compute.(db|H). For the formaliseour problem using MDL.
encoded size of a transaction is simply the sum of the )
sizes of the codes of the item sets in its cover. The sizé Problem  Statement: Formaly Given the
of a database is simply the sum of the sizes of gefinition of our class of models, code tables, and a way
transactions. In other words, we have the followil§ compute the total size of the encoded database, we
trivial lemma.

LocAaL = CoMPRESS(R(J(db), C ANvLocaL)
LEMMA 1.2.Let db be a relational transaction database GLOBAL = COMPRESS(R(J(db), CANGiopa)
over Z and letCT be a code table that is code optima VKRIMP = COMPRESS(R(J(db), CANR 1)
for db. CoMPRESS(R(J(db)), CAN)
1. For a reduced transactiont € db its encoded CTE, = CTi}]flit
length, denoted bie(¢), is givenby: foreach can € CAN do
CTE ., = CTT + add can in order
ler() = >, —log(P(I|b)) foreacht € R(J(db)) do

I€CovER(CT,t)
2. The total encoded size @b, denoted byl.cr(db),
is given by

CovEr(CT,t)
if Lopr (R(J(dD)) < Lopr(R(J(db))) then
CcTR =CTk,
return CTT®

Figure 3: The main algorithmésee also 4.2 and fig. .5)
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Figure 4: (left) A part of thejoined table is coverelderewith a code table elemenfright) A visualization of a relational cod
table. For visual clarity, we have grouped item sets where possible. Each column covers a different part of the joived
see that patterns are best described either over the colf@labies) or subparts (2 tables) of the relation.

can state our problem formally in terms of MDL. introduce these algorithms, however, we first briefly

Formal Problem Statement:Let db = {T},...,T;} be introduce the KRiMP algorithm from [10] that,

a relational transaction database over the set of itesn ggproximately, solves trgngle tablecase.

T ={Ty,...,Zx}. Find a code tabl€'T that minimises

L(CT,db). 4.1 KrRiMP The KRIMP algorithm is a very simple
Note that in view of the equivalence betweedlgorithm. It starts with the standard code table

relational item sets on relational transaction databaégBgetons ory). At every steptiadds an item set to the

and the classical setting of item sets on transactkfifle table. If this new code table yields a better

databases, we alreadpdw howto solve this poblem. compression than the previous one, this becomes the

First transformdb into S(R(J(db))) Then apply the new code table. If the new code table does not produce

KRIMP algorithm from[10]. Finally, transform the item better compression, the update is rejected. _
sets inthe resulting code table back to relational item Moreover, each existing code table element is
sets, and yaiie done. However, as noted before, this fonsidered for pruning when a new datate has been

not likely to be an efficient approach. Therefore, t

fglded. Remove that element and compute the new

algorithm that solves this problem.

element out, otherwise put it back.

A second remark is that one might object that we do There are threBparametenrsin this scheme:

not compress the complete database. For, if there is al
transactiont¢ in, say 7i, that is not related to any
transaction in the othéF}'s, thent is not encoded at all.

In other words, there are transactions in our database that
are not characterised by the resulting code table.

To characterise the complete database, we need £
stratified approach. Letlb = {Ty,...,Tx}. First we
compute the code tabl€Ty,  xy for {11,...,T%}.
Then we onsider thek databases wittk — 1 tables,
db; = db\ T;. From each table idb, we remove those
transactions that are characterised ®¥,,... x1.
we compute a code table for each of these database,

The set of candidates, i.e., the item sets that are
considered for entry into the code table. For
KRIMP these are all frequent item sets for a user
defined minsup threshold. The lower minsup, the
better the results.

The order in which theandidates are considered.
For KRiMP, the candidates are sorted
descendingly, first on support, then on length.

3. The order in which the item sets are placed in the

code table. FOKRIMP this order is the reverse
order of the candidates. That is, they argesb
ascendingly on support and length.

characterising relationships bf— 1 transations that are 4 5 The Relational CaseThe relational case is very
not part of ak transactions relations. Repeat thigimilar to KriMP as discussed above. If we define the

stratification until finally all transactions
characterised by a code table. Since the problem (@g

ar%r:gth of a relational item set as the sum of the sizes of
omponents, the order of the candidates and ttie co

thus the algorithm) is the same in each step on the W@pje are as foKRIMP. The question is: which candidates

we concentrate on one step only.

4. Algorithms

In this section we introduce three algorithms that,
approximately, solve our formal prim. Before we

do we consider? There are three options:



databases # relations width 7 s T T =Ty (=< T3)
2-table relations
KDDcup 1999 loani transaction 54694 17 54694 682 929798
KDDcup 2001 genei interaction 150376 18 2437 5450 2706768
KDDcup 2003 papeti paper 4585 12 1441 1366 55020
KDDcup 2004 bioi hemat 50766 15 689 32756 761490
KDDcup 2004 bio7 ifn 334 12 334 197 4008
KDDcup 2004 hemat ifn 16956 18 16956 197 305208
3-table relations
KDDcup 2003 paperi paperi paper 11445 18 1065 913 1021 206010
KDDcup 2004 bio1 ifn T hemat 31379 22 334 197 16956 690338

Table 1: Database characteristics fall database We list the amount of relations, the amount of items in each joir
transactior(width), and the amount of transactions per tablee most right column shows the size of the joined table.

1. First compute the join of all tables, then apply
KRIMP to this huge table. This is th&LOBAL
algorithm. Given the potentially huge size of join
result, GLOBAL does have a rather bad spaci
complexity. Moreover, the number of candidate:
that KrRIMP will have to consider is also huge,
hence, the computational complexity is not ver
good either.

2. The first step towards improvement is the
realisation that we do not have to materialise th
full join over all tables. Rather, we can first
fiblow-upo each imlividual table as follows:

T;r :WTi(Tl > [><1T]C)

which can be computed without storing the ful
join. Next, we compute the frequent item sets o
T7. The candidates we consider dre¢uples of
theseflocal® candidates. This algorithm is called
LocaL. Clearly, theLocAL algorithm has a far
better space complexity thabLOBAL. However,
the computational complexity might be worse
Some tuples of item sets that are locally frequel
will not be frequenglobally. In other words, we
may consider far more candidates. While thi:
leads to a better code table, it takes more time.

3. The third option is based on the observation th:
KRIMP produces a code table that characterises
table rather well. So, why do we consider al
frequent sets ofl;"? We can also compute a code

tableC'T; onI" and consider only these ashl -
In our experiments we have used freely available
relationaldatabasg from previously held KDDcups.

candidates. This algorithm is calleR-KRIMP.
Clearly, it enjoys the space complexitylafCAL,
while having a far better computational

CANGLOBAL (TfryTgr)
FT := Freq(17), F5 := Freq(T5),CAN =0
foreach (f!, f7), f € FT, f} € F¥ do

CAN := CANU{(f!, f)} < supportry Ty (fH ) >0
return CAN

CANLOCAL ( Tfrv T27r )
FT" = Freq(17), F5 := Freq(T5")
CANr, =0,CANg, =0,CAN =0
foreach f! € FT do
CANz, := CANr, U{f'} < supportrs(f!) >0
foreach f; € F¥ do
CANr, := CANr, U{f?} < supportry (f7) > 60
CAN := CANy, x CANp,
return CAN

CANRg.krime ( 1T, T27r)
CT7 = Krimp(17), CTy := KrimMpP(Ty ), CAN =0
foreacha; € CTT do

CTT := CTT \{a}} < supportry (oj) < 0
foreacha? € CT5 do

CT3 := CT5 \{aj} < supportry (oF) < 0
CAN := CTT x CTF
return CAN

Figure 5: Generating the different candidate sets.

Experiments

complexity; far fewer candidates are consideresl.l Hepatitis Database From the KDDcup 2004 data
There is a risk involved, however. Because veet we have selected a number détabase thatis
consider far fewerandidates, our final code tableomprisel of data from hepatitis medical analysi$n
might be far worse than the one computed legch table, patient medical test information is stored that
LocAL. Only experiments can tell whether or nas linked to a central patient table containitigeir

R-KRIMP is a viable approach.
These three algorithms are depicted in fighre

personal details. From this relatiorddtabaseve have
selected a number of tablebio, a table containing

biopsy results,ifn contains informtion on interferon

“ http://lisp.vse.cz/challenge/



strengthfields to it. After extension the complete related
transaction (t},t?) therefore contains the following
fields: t}: (essential, class, complex, phenotype, motif,
chromosome number, function, and Iocaliza)jotﬁ:
(essential, class, complex, phenotype, motif,
chromosome number, function, localizatiamteraction
type and bond strengdth

5.3 High Energy Physics paperDatabase For the
KDDcup 2003, a large collection oHigh Energy
Physicspapers were made available. From this large
databasea relationaldatabasés made available, which
we have adaptefor our ug®. It consists ofHEP papers
that are linked to journals, authors and other papers
based on citations and authorshifye focushere on
which paper properties are often linked through citations
to other papersFrom the databaseve have selected
available attributes of interest:topic aea, being
published year of publication number of authors
numberof times citedand thenumberof citations to
papers After this selection, we again projected the
relation to create binned versions of thetabase An
example pattern thatould be found in théwo tables
would be of the form:tépic areg numberof authors&
being published

Figure 6: Incorporating relational information revea
patterns that would otherwise have been hidden.
surprisingly from relational perspective, we see that pa
are more often cited when they are written by more autl
and when published. 5.4 Financial DatabaseThe lastdatabase&eomes from

the KDDcup 1999 where financial informatios linked
therapy, and hemat which contains results onvia relatios’. In this databaseinformation is stored
hematological analysis. about customers, loans, and their financial transactions.

In all cases, the original tables were converted \fde have selected features of provided loans and

item setdatabase As the databases containadissing observedfinancial transaction features that are linked
datg we haveassignedheseitemswith specific labeldo through the involved customer. The goal is to find
mark them From thegeneratedrequent pattern set werelated patterns of transaction tiges that result in
have filtered the patterns containingssingvalues.As provided loan features and vice versghe seleted
such, n our cover processhése unknown valueare attributes for thdoan table aredate number duration,
forced to becovered by their singleton representativegaymentsandstatus For thetransactiongable we have:
Therefore,none of the added caal table elements will date type operation number balance symbo] bank
contain missing data. andaccount Given two tables, an example pattern could

be of the following type: lumber, balance& bank).

5.2 Genelnteraction Database Another databaseis
derived from the KDDcup 200land contains g Results
information oninteracting genés The originaldatabase
consisted of 2 tablegienesandinteractions Thegenes
table consists of the following fieldgene id essential, ) o )
class complex phenotype motif, chromosome numb,erG-l-l Relational Patterns Before_gomg into detail on
function andlocalization In additionto thedefinition of Now well our methosl performs in terms of reducing
relationships between genes,the interaction table COMPlexity, we will first focus on ouderivedpatterns.
containsthe relation typesthat were detected betweer\S defined in sectior8, we are interested in finding
genes (e.g. physicabr geneticinteraction and thebond small set ofcharacteristiaelated patterns. In our code
strength As our method does not incorporate labelldgble, @ code table element consists of a tuple af ite
links, we created @econd gene tablgenes2which was Seb (z},23). As an example, usinB-KRiMP, we find a
augmented withthis information;adding the type and

6.1 Describingthe Relations

6 http://kdl.cs.umass.edu/data/index.html
Shttp://pages.cs.wisc.edu/~dpage/kddcup2001/ " http:/lisp.vse.cz/challenge/



