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CLASSI. FI CATI (ﬁﬁ BY AGGREGATI NG REPLA %I@;@&ATT
FI'EED OF THE | NVENTI ON The present invention]lrelates to the field of %L?

U

m ngng,and the classification’ of data. BA P updged - d tg pated r
cl assi Fyl ng data and performing data mning BV €lreeh prmeée  tAprgsthers.of
t hese techni ques invol ve decision trees, | néHl Dedvdsgi)f i patd on,. tus eeged .and
associgtion rules. However, each of these te mm Gitest hasp@bgn'bﬁltsggged ,,,,,,,,,,
di sadvant ages. Data m ni ng techni ques have allsa_heen propased Han J.___ ahd
Fu, -Y.,""Exploration of the Power of Attribute- Oriented I nduction in Data

M ning", Advances in KnovCHASSIFICATION BY AGGREGATING ni ng,
AAAI /'M'T Press, 1996, pp. 399-421, disclose one such technique utilising a

dlscrlnlnant rul e i nvol ving an a j§§($ dgﬂg? stances of a

cl ass, but that does not hold angﬁgpggg% lh IBBQJ An evol ution
of regularlty is either a characteristic rule or a dlscrlnlnant rul e when
the cl asses represent datasets at two different tines. The discrimnating
rul e is.found by nerging values according to sonme concept hierarchies and
renovi ng -overl apping tuples in the two classses. However, this is

di sadvant ageous because of exclusiveness restraints. Also this technique
requires a concept hierarchy and nerges val ues. Conventi onal techni ques
do not handle well biased sanple data which has a | arge vol une and hi gh

di nensi ons. They HEDD OP THEINVENRION | gnal s. Thus a need clearly exists
for. an i nproved system of data m ning and cl assifying data.

2 : The asfbeprssar inveatiomuedatesito theafiedd of datcmening avdthd slassiBsation of dita.
exracting rules iin the formof enmerging patterns (EP) and
constructing a classifier fromcorrectly | abelled data (e.g., DNA

sequences) to degiadekRigimnpat egory a sanpl e bel ongs to and/ or
maki ng a prediction on the sanple. The system di scovers features or signals

that di f f &rrmmbeabfsystemsdar elgssifyingfdaticand perfomming dath exiniag avxisdeds a
systemto classif yop %h A number o??ﬁe%é techniques involve decision trees, linear classification
trees, and association rules. However, each of these techniques has significant
disadvantages. Data mining techniques have also been proposed. Han, J., and Fu, Y.,
“Exploration of the Power of Attribute-Oriented Induction in Data Mining”, Advances
in Knowledge Discovery in Databases and Data Mining, AAAUMIT Press, 1996, PP-
399-421, disclose one such technique utilising a discﬁminant rule involving an
assertion that holds on instances of a class, but that does not hold on instances of other
classes. An evolution of regularity is either a characteristic rule or a discriminant rule
when the classes represent datasets at two different times. The discriminating rule is
found by merging values according to some concept hierarchies and removing
overlapping tuples in the two classses. However, this is disadvantageous because of
exclusiveness restraints. Also this technique requires a concept hierarchy and merges

values.

Conventional techniques do not handle well biased sample data which has a large

volume and high dimensions. They tend to ignore weak signals.

Thus a need clearly exists for an improved system of data mining and classifying data.
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Theé .systemis able to handl e wel|l biased data that has a | arge vol une and

hi gh di nensi ons. Al so the system does not ignore weak signals. The
EPs:,are, associ at ed with the ratio 9f change in supports. The system
I s,fobust in thﬁume of biased _ sanpl e data and is scalable in
terns of |arge nu f sanples and in terns of di mrensions in

practical situath©fpects of theAfehfor %e%ié%@@%%&és?%%m%ﬁaﬁg@ﬁfe%}S{l Heher

i ncrease significantly fromone class of data

worgs, it is a Girfdreertging patprisa@PYandednseeding heldsvifiecrapsegectliebdrg of
EPs is noyel . The agcgregati_on of the differentiating strengths,
in tefns of thef#2&HpBNASCIRENCES!P decide whigh gategory a sample belangsfo andins set of

di scovered EPs - i i is. N nded before classifie

const ructi on) tﬁg&ggggﬁﬁiﬁa ?nnté%(vsc $& ﬁl.e %g&ﬁgqogﬁrsg?agwq ar ﬂ%’?f‘lﬁ t&mat

The normal i zat i diffebentidie\onecatggdry ofldta SRnE &R SAPHISMs alsy$thS 18 ekiRSLaenti l e
C

(such as 50% across training instances of all Classes 1s novel.
Qur way to fi ndﬂ’ﬁ@ energing pattern is based on a novel border-based
representation of very | arge coll ections of itensets, and sone novel
al gorithns which derive EPs by operating (such as differentials) on

sonme borders; t'més%rs&hgﬁrablehﬂﬁaﬁéﬁé%eﬂﬁfaﬁe&Jiéf?gﬁgl?ﬁﬁqgrgr@ﬁgh‘?&ﬁﬁ e current

i nventors. These borders are first efficient Scov usi ng X- M ner
These al gori t hnéimeneions; shlap ths systematons nat igmorgwealusipmais. cThe ERY 26 agsbelatei gh
di nensions in . .acti.cal situations. ) The use of EPs is a
novel idea in tWED H?eot%‘? ﬂ} hangs InFUPpoTtss ?Iiﬁetsysg;rpés ToBust in thepagserse ofbiasedm
(This I's 1AM EisRPALH ' 1,0 g i n Ml ecul ar
Bi ol ogy.) our Rl g assisf?ﬁrﬁl‘??’gﬂe@?g&%&gﬁgﬁ’é%ggé&@z}%%&d}s‘ t“(r%%é’? (i)
uses each of t hdisené&iPss iapracticallsitugtionsattri bute test, (iii) aggregates the
power of individual EPs to get raw scores, (iv) normalizes the raw scores

by dividing themusing.so base.scores chosen froma gertai rceptile of
Che'scor es of° mfi}; SRR &ﬁef?%s_upeﬁésnﬁggswﬁc ﬁ;sfmg B Gftaa ©
accuracy on bo@f*% PR &' 15 A QI FERtERS f4CIPE DETMEER EIS tWRARASSSS s &@f GRS &
novel border-b@9¥d- representation of very large collections of itensets.
derives EPs by operating on sone borders (which can also be efficiently

di scovered. |« Ths aggefaiohef the differentiaing|saegehs)itndens of thtiv pepportaast fatig bf change,
di mensi ons in RFaRbf Sothe st bd@bdo¥BRd EPs (whose cardinality is not bounded before classifier

construction) that occur in a new case in a decision step is novel.

o The normalization by dividing by a base score chosen at the same percentile (such as 50%)
across training instances of all classes is novel.

© Our way to finding emerging pattern is based on a novel border-based representation of very
large collections of itemsets, and some novel algorithms which derive EPs by operating (such as
differentials) on some borders; these algorithms were recently designed by two of the current

mventors. These borders are first efficiently discovered using Max-Miner (R J. Bayardo. Efficiently mining
long patiemns from databases,Proceedings of the 1998 ACM-SIGMOD Iuernanonal Conference on Management of Data |, pages 85--93,

1998.] These algorithms are scalable in terms of large number of tuples and high dimensions in
practical situations.

o The use of EPs is a novel idea in the protein translation start-site identification problem. (This
is an example application of CAEP to datamining in Molecular Biology.)

Our CAEP classifier (i) extracts emerging patterns (EPs), (ii) uses each of these EPs as 2 '
‘multiple-attribute test, (iii) aggregates the power of individual EPs to get raw scores, (1.v) normalizes
the raw scores by dividing them using some base scores chosen from a certam pcrc_cnule of the scores
of the training instances. CAEP has near equal prediction accuracy on both the positive and the
negative classes. CAEP is based on a novel border-based representation of very large collections of .
itemsets. It derives EPs by operating on some borders (which can also be efficiently discovered). It is
scalable in terms of large number of wples and high dimensions in practical situations.




DETAI LED DESCRI PTI ON 1 Introduction Classification is an
i nportant problemin data m ning and nachine | earning, ained at
bui | di.ng a classifier fromtraining instgnces for predicting the classes of

neW i nst ances. Recently, datasets ar& becomng increasingly larger in
both vol ume and di mensionality (nunber of attributes); a new chall enge
is the,ability to efficiently build highly accu- rate classifiers from

such datasets. In this paper we propose a new cl assifier, CAEP
(Cassification by Aggregating Enmerging Patterns), which is suitable for
many appli ca- tions, even those with |arge volunes of high di nensional
data.” The classifier is highly accurate, and is usually equally
accurate on all classes even if their popul ations are unbal anced. These
advant ages are achi eved w t hout di nension reduction on dat a. CAEP i s
based on the followi ng two mai n new i deas: (i) We use a new type of
know edge, the so-called energing patterns (EPs), : to
bui | d CAEP. Roughly speaking, EPs are those itensets whose sup- ports
(i.e. frequencies) increase significantly fromone class of data to

anot her. For ex- anple,” the itenset {odor=none, stalk-surface-belowring
= snoot h, ring-nunber=one} in the Mushroom dataset [10] is a typical EP,
whose support increases fromO0.2%in t he poi sonous class to 57.6%in the
edible class, at a growh rate of 288 (=[err]). For us, an itemis a
sinple test on an attribute, and an EP is a multi-attribute test. Each EP
can have very strong power for differentiating the class nenbership of sone
i nst ances. I ndeed, if a new instance s contains the above EP, then with
odds of 99.6% we can ' 4
claimthat [err] belongs to the edible class. In general, the
differentiating power of an EP is roughly proportional to the growth rate

of its supports and its support in the target class. (ii) An individual
EP is usually sharp in telling the class of only a very snmall fraction
(e.g. 3% of all instances, and thus it will have very poor overal

classificati on aBETK iDESdrI®rigeed by itself on all instances. To build
an accurate classifier, we first find, for each class C, all the EPs
meeting some support and growth rate thresholds, fromthe (opponent) set of
all none-C instances to the set of all C instances. Then we aggregate

1 Introduction

Classification is an important problem in data mining and machine learning, aimed at
building a classifier from training instances for predicting the classes of new instances.
Recently, datasets are becoming increasingly larger in both volume and dimensionality
{(number of attributes); a new challenge is the ability to efficiently build highly accu-
rate classifiers from such datasets. In this paper we propose a new classifier, CAEP
(Classification by Aggregating Emerging Patterns), which is suitable for many applica-
tions, even those with large volumes of high dimensional data. The classifier is highly
accurate, and is usually equally accurate on all classes even if their populations are
unbalanced. These advantages are achieved without dimension reduction on data.

CAEP is based on the following two main new ideas:;

(i) We use a new type of knowledge, the so-called emerging patterns (EPs),

, to build CAEP. Roughly speaking, EPs are those itemsets whose sup-
ports (i.e. frequencies) increase significantly from one class of data to anotber. For ex-
ample, the itemset {odor=none, stalk-surface-below-ring = smooth, ring-number=one}
in the Mushroom dataset [10] is a typical EP, whose support increases from 0.2% in
the poisonous class to 57.6% in the edible class, at a growth rate of 288 (= %’:%). For
us, an item is a simple test on an attribute, and an EP is a multi-attribute test. Each EP
can have very strong power for differentiating the class membership of some instances,
Indeed, if a new instance s contains the above EP, then with odds of 99.6% we can



t he. power of the discovered EPs for classifying an instance s:

aggregate differentiating score for each class [err],

dif{ferentiating power of all
i svthen normalized by dividi
training instances of C. Fin
determine the winni ng cl ass.

frequently give higher scores to instances,
CAEP achi eves very good predictive accuracy on al
and it gives better accuracy than C4.5 and CBA on al
dat asets that we

cl asses).
dat asets we tested,

except one of these datasets.

EPs of C that
ng it by sor@

al ly,

occur in [err]; the
base score (e.g. nedi

W derive an

by summ ng the

score for C
an) of the

we let the | argest nornmalized score

Normal i zation is done to reduce the effect of
unbal anced di stribution of EPs anong the classes (classes with nore EPs

( Not e:

we reported all

even to those from

ot her
t he

tested!) We believe that the high accuracy is achi eved because we are using

a new high di mensi ongly, *aagn %ﬁﬁd@ssm e R AR rali@ Fach
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built for large hi gr}1 400 B!;s?e g‘i’gsf gpg?% 1{;1 5| nce

EPs can be di scover g re‘?eih ase or| and

mx M ner [l] Mk C 1é(le v 0 pre 1vea%cur[ac ona sdatfas(?:{s t etds%SUCh as
shroom whose recor ssbeﬁer& cu ’1°?f 6 % o hows

that CPU tinme is 10 Y ,sets e l=Vo ehl Z‘i a ,eve(pased

al gorithms [3) then e i nlo o4 ol hi dunn

several paraneters t% q;lu @nﬁ [i % fomat-

ically, using the pg[ Q%JQ&F&EE eegtegm |er on t & traini ng
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nor mal i zat i on, we haygs édos{is,g % kil ’E’of (6 n%!hea,}emob' em
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supports and growt h oL3lgRom iagaaéeéln Qbirhfy o PUGEort ersPs and

6 on the automatic %ﬁc%ﬁéc'ﬂ?ﬂbé? oriy irdhc wn%mzlawﬁ%%&%s& rice- DNA
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classifiers. 8 cont %M&
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concluding remarks. oo %Cig‘ﬁ%iéiz er[\éﬁéiﬁ

previous classifier §uchQsMﬁs§roUﬁew1Q§erwaﬁs &%t !Q@ (g @11) 5% thItO arrive
at a score for deci ¥QRmERKIODSecorddd! dﬂfd?ﬁ.hreshold of 0.1%. Border-based alg@itil{310f

mul ti-attribute tesgy{BRed md o ia6RdesAes) Mst previous classifiers

consi der only one t?Stn]é?@w&lz%erﬁfp&rrain&%ﬁmﬂ&d%ﬂe'séi&ted%ftﬁé@e%ﬁ&%dt&m X-of -N
[14], CBA [9] and | iQ@aksfasd Mﬂnaﬂ.seeo@&ele%lmngcc@ﬁéﬁe oh aeryam ngt;}@mces as

nul ti-attribute testylfB, PRELsS b

usél o

eganon z48ibn, We Rave not
differentiating powco&ierélff&da&n&ialf&&ﬁmtpr LR érﬂlgmtﬁ’r boost - ing [13],
whi ch mani pul at e the ngwfu oqn

ofoed s and
3§r§r%éa b€ how to 4 dl%%h%% is too

to efficiently discover the EPs, their supports and growth ratcs §5 discusses how to
reduce the number of EPs and §6 on the automatic selection of CAEP’s parameters. §7
discusses the rice-DNA dataset and the need to use sensitiviry and precision to measure
classifiers. §8 contains the experimental results, and §9 offers some concluding remarks.

Related Work: CAEP is fundamentally different from previous classifiers in its use
of the new knowledge type of EPs. To arrive at a score for decision making, CAEP uses

—

t hen aggregate the \‘5,%,{55 a,g §§$}é§‘ern§
weak as a cl assi -



fier.and all the EPs are nore easi |y obtained. Loosel y speaki ng, our
aggregation of the power of EPs in classification is related to the
Bayesi an prediction theory. For an instance r viewed as an itenset,
Bayesi an predic- tion would |abel [err] a8 (Jerr], where the probabllity
[err]([err]) * Pr(Cferr]) is the |argest anong the cl asses. The opti mal
Bayesi an cl assifier needs to "know' the probability Pr([err]) for al
possible t, which is clearly inpractical for high dinmensional datasets.
Roughl y speaki ng, CAEP "approxi mates" Pr([err]) * Pr(CJerr]) using the
normal i zed score. CAEP is the first application of EPs to
classification. Partially influenced by CAEP, [8] proposes a different
classifier, JEP-Classifier, also based on aggregated power of EPs. Major

di fferences include: (i) CAEP uses general EPs, whereas JEP-C assifier uses

excl usi vely junping EPs port i ncreas Lom zer o i n one
dataset to non-zero 45% 'S?k" W?Eg;)g? ; ]i?s M‘?‘—; & %‘ '@‘ I"i‘fﬁre t han
two cl asses, CAEP us°5‘§t°ftﬁ’8° ‘}é 2 Mg asf and linear

JEP-Cl assifier uses qF’ﬁ‘ ?ﬁ‘f"ﬁs o F‘ PRYOR

di f f tiat °§‘l°" PALE B ';(“5 ‘? g‘a g t
and. SUppor & o owt. ﬁwrera& ) léwygr’“ : %dgfé%ﬁ}‘ ggf\?;o'f-ﬁ*&” Ciie
(iv) As CAEP uses E T??t Tﬁs’ i RSN SHE ARSI EPs i s
3“‘
p1
,w

t he

nore com plicated; EP ve infinite
growt h rates and theh:% “’§F ‘éq’ﬁ °g€’ ggprfé ‘fi’?—f ﬁ il 'ﬁlaﬁ Ba is
advant ages: CAEP is [B#P

°h° ‘f

used in CAEP but not' p’ "é E}g?gcm":;;f? g@?%‘?g“éft 2 T’SF%P’ “he:/\;log\ém

supports meet a reas i °§ ’ﬁ?ﬂ lﬁg—éa e agﬁs?%g S|f|er

is better when ther & U I °

ngt ent ![K bett er tlha & o g% rs’;a A, éf.r'%“g;%g"'ahm > r&bﬂhp?” es
sunme the origina S .I‘I 9 1% ance

in the training dat 9}1965 fl" §su?c %/ exa P§i\\@i§r§aj> Smﬁgrli'lgesOf a

total of p class Ial:g;l ivel mpirig EPs (i.e. BPS Wh 'e %zre estt‘ro‘?r(‘z &h dIax'?;}eonp SEtS

ferr], Terr] ... o R ke

Energi ng patterns ar (iym%m

lﬂ Her @ﬁa@: P lse ﬁgrﬂ eo?de Qla i nd
them we may need tqmg‘ g:gagngrmgal wﬁé‘gj;ehc %gr etize
the val ue range of Adrkul%ﬁ et ':Sli&hﬁreés%ﬁdaﬁfﬁ@{ oh ppof$
(attribute, intervaly )vgeed Aﬁﬁémm&ﬂﬁn&& }Jvfam&srkhé:% QinRAMY R stxif:ﬂ&%‘ﬁl i on)
dat abase, which wil lsBeqreRERBRNMRE mﬁﬁmﬁﬁgﬁp@ﬁmﬁﬁm& Srowth M GRY EERctiohN
instance t in ther %ﬂ@&r%ﬁhe%&danw&ndms JBAPEAED Byt Foctif APSALLRQHET t he
bi nary database: t Ra§cihdiferysitet Beit owiladamigls! JARPNOSter theddes (ilh feW)or WRET ©

LdLl

l.

[err] A-value is in pbh@ngidgtEP WBbse bi@bbrts- meiba MisbhrablE BREIRKEGkch b %), BBMeLerr] as

the set of itenms fonEmbiasdhes it bduarkaen there 20 HaSunping EPAESH BELEERERHLALSD t he
datasets [err], [er Isjstenty bedefihii] C45 ad CBRAI Y. Let | be the set of all
itens in the encodi 9. Efferbing Fatlerds avd prayllggglt-,@f |, and its support in a
dataset [err], [err],asie(de ¥ial M0 idBhRSESm bbbl vaRBIEL S ishnce AR v@nApt h rate
of an itenmset X fronadep fs]ass QatddSHithla class 1681 b6 15483 oflp QMM Rod@ESC 8l E
[err] [err]= [err] [vSpakition? into p sets, Dy, D , Dp, with D; containing all instances of class C;.
ENer gi ng patterns [ 3] Koy bRiRlaf dbhch fis BInitS i@ UalzBsRSTI frRMekEWE | £ O
[err]. Definition lpaySked @ enbddE & kaw daBkel Into¥ thhad oBE: Mitdikcre@lehd vAkESRRIE P > 1,
an energing pattern eédar&lanams SiriBRk JardSRENVEIOTY. [BadhI (hiidiButé, Bitbrdval) $aifid chile®NBEL €
where grow h-rate [ @f ftdm in the binary (transaction) database, which will be represented as an integer for

convenience, An instance ¢ in the raw dataset will then be mapped to a transaction of

the binary database: ¢ has the value 1 on exactly those items (4,v) where t's A-value

is in the interval v. We will represent this new t as the set of items for which it takes 1,

and we will assume henceforth the datasets D, Dy, ..., Dj, are binary.

Let I be the set of all items in the encoding. An itemset X is a subset of I, and its
support in a dataset D', suppp/(X), is 1&1"%%521 Given two datasets D' and D",
the growth rate of an itemset X from D' to D is defined as growth_ratep, o (X) =

-::—;’;%1%(% if suppp, (X) # 0; = 1if suppp,(X) = suppp,(X) = 0; and = oc if

suppp, (X) = 0 # suppp, (X).

———

————



Exanple) . Consider the following training dataset with two classes, P and
[err] (this is actually an encodi ng of the Saturday norning activity
exarn)le from[ll]) %

{ 2,6,7,10} {3,5,7, 10}{ 3,4,8,10}{ 1 6,7,10} { 1,6,7,9)
_{234,89}{1,4,8 10}{ 5810 H 3489}{ 1,5,7,10} {
1,5,8,9} {2,5,7, 9} {2,6,8,10} { 3,5,7,9} Then {[err], 9} is an EP from
class[err] to class [err] with a growh rate [err]; it is also an [err]-EP
for,any 1 < p [err] [err] Some other EPs are given later. 3 :

Cl assification by Aggregati ng EPs W now descri be the major ideas and
conponents of the CAEP classifier: (1) howto partition the dataset to
derive the EPs for use in CAEP, (2) how individual EPs can dif- ferentiate
cl ass nenberships, (3) how to conbine the contribution of individual EPs to
derive the aggregate SEmérgiag padsish [§1 e ilBRwistvarh Repe prawth 2ztes fibm ZAggP'egat e scores

[err]

for deci‘ding class nenbershi We aI So give an overview on how to construct
and use CAEP 3.1 PaPefinitioph f"d%t@ ad a grovileratepipeshald p &1 hos €5TEBE Pt h cl ass
Cerr], we will use ﬁ’%’eﬁ”‘lﬂ?’y ' éoRt *sasvewqtswfremm&erﬁtev[—er (9 2 mgai nst

al| other instances: e i nl b;e pposi ng
nsider the follo ast ith'two classe: and NV (

class, or sinply opp’c'gJr 5’# %? ;g “Ji am{?‘g ymo 1n;%1'a<=t¥n E'j é i 2‘?“}% \% is

given later) the EPs " 0 er® ?op% es Ps as the EPs

of class CJerr], and sorretlrres r?er Ro C[err] as thevtarget]class of

t hese EPs. For Exanpl e 1{2,&0108 711)?{@%& {e;ﬁn]IO(}l{le679}om Pto[err])
are ([err] : {1}, supp[err] @4,&9{ er{aﬁtﬁ@l[oérgiéwz%‘ 57301 73, 0.6,
[err]), ({1, 10}, 0.4, 3.6){lp83} £#25839}d268.! Similhrly, some EPs
of [err]are ({2}, 0. 4y p@ﬂsm&f,&mm@ﬁzdgsmmaemme 03335 1B 7kp 3. 2
Differentiating powef, Q{1 ¢i ghi ot kaghnBR. can s ar|5’ y differentiate
the cl ass nenbership of a fradtion of instances which contain the EP, and

this sharp different3 a'fclﬁlﬁlﬁlﬁ’ﬁ@ﬂ bys;gteé g{ﬁ@pj}:som t he bi g d| fference bet ween

its supports in the %ngs C t| nui n OI’ISI der
the EP ({1, 10}, % > ff frpon '1}?? a}ﬁ’d st ance
Em () atate od Tus m m 1v1 a 5
s o o cthe%on

containing this EP Ch ts ? Fr |vn
that [err] contains eh me’s cgmb 0“01 Wlu 'l
dh kes howtono alzc
i t

9& %
cl asses have roughl fe rr]
= J[err] =[err] c}ag% shle%gg V%J u p err?zi}' Y}%C‘%gut this
assunption, we need ib Papﬁmedsmpmrgt@ﬂsei@ssesupp[err]) by counts (e.g.
supp[err] * count [ erFofeacihadasel,coemill peraisdt of EPs tolzeentistiintisstanees, 7 naphianabshepf cl ass
[err]), and simnm|ar ioskiees:Wrietll¥ -oBt-aDpnxdhe dpbrsing alss, bisittply dripeneEPof Ty sWe 0
differentiating powehenomind (fistusioneshay is pikeatatadaheriPt from Py, & Pu; e eefdE, these
Theref ore, assum ng EHses fhofRslofdldsots, ad songetimes reféres G ratheiarper ctks of thass &l at el y
reflects the ratio in FoeEtampledtsameBBs cdpldss A {i.e.diomdstedV)eas(e : {bluepmby(ekqual
popul ation counts, t&hgroBrhrster_ne : BsRA({1,G}.Qi6fdob {(Hn0} Hde3.60 &{3c4, )é :
member ship with t he - 'e‘i!ralbtilMOmyEEﬁfOf?MW A4 oog{{8)y0-p5883). £4,8},9-38, 1(61)

Lerr]) *lerr] = 25% D1 piGndaBhionP B

7 The fg, o) P a very
Lo 1raction (35 R0 W@.ﬁ%ﬂgmﬁeﬁﬁz@wﬁﬁ S

all instances. HeNC &pervledn 1&%@15}9 in the opposing classes. Continuing with Example 1, consider
the EP ({1, 10},0.40, 3.60) for class NV. Suppose s is an instance containing this EP.
What is the odds that s belongs to N, given that s contains this EP? To simplify
the discussion, we assume all classes have roughly equal population counts; then the
answer i s tRL_— = o Gofg:gﬁp” = 8= = 78%, since suppy =
3.60 * suppp. Without this assumption, we need to replace supports (e.g. suppy) by
counts {(e.g. suppy * count s where county is the number of instances of class \),
and similar odds can be obtained. Observe that this EP has no differentiating power on
instances s that do not contain the EP. Therefore, assuming the population ratio in the
training data accurately reflects the ratio in test instances and all classes have roughly
equal population counts, this EP can be used to differentiate the class membership with
the probability of 78% for roughly SUPRAISUPRP = (5« (1 + 21=) * suppy = 25%
of the tota] population.

|

n-E




yiel-d very accurate predictions if it is used by itself on all instances.
For exanple, if we applied the above EP on all instances, we would arrive
at an overall predictiveaccuracy of roughly 0.25 * 0.78 = 19.5% This woul d
be smuch lower if coverage is only 3% 3.8 Better overall accuracy by
aggregated score W noticed above that a single EP is sharp on predicting
cl ass nenbership of a small fraction of instances, but not on all

i nstances. W now show how to conbine the strength of a set of EPs in order
to produce a classifier with good overall accuracy. Roughl y speaki ng,
given a test instance [err], we let all the EPs of a class (Jerr] that

[err] con- tains contribute to the final decision of whether s should be

| abelled as C[err]. This gives us the advantage of covering nore cases than
each single EP can cover, because differ- ent EPs conpl enent each other in

their applicable popul @k ixRaen ofifknbes YakE &him off BPRLFR 2 mRl Gaclion 35%
largest fraction of BQRULARIEMmMNBAL g 3%5h RdhyGexdnipic)oor 8l indidntds. GRbe, FOMRS | S
around 50% whereas fdfe3aUatepraiciiny 81 i bPiudR ol Mikstareed. FoREngle, FUEN.

| arger conbi ned covenaaeme soMthn b inkthncksShd douldamifeht an overd@edlQiviRc YD1 NE

the differentiating Jpusly P35« Rel 1%y, BRS oy R 18ber Wa¥vetage I Brip e € he
contributions of the indi'vidual EPs. (OQther possibilities exist, but are

beyond t he scope of 3t3hiRettaaqyerall hechioy byhagereghtedwerrd or nul at e t he contri buti on

of a single EP? Roughdnoticedabassthata single BB istshadf or phddiconpasOmanttiessigdf oaalli er and

the fraction of the fpaptefbsahtesbut@bt oh liEingdnees Weinbathoe bow ta camtideehektRBgth Mor e

specifically, |et e obeseast EFFinofdeab products claasifier @fith foed sverald aceamadyr | but i on be

given by [err] OCbser ve&Rohghiytsptaking,fglversd test istancd s we lowa] kile EP4 dfe clesifeibitis oomal

probability that an tdimstaime to the fiml ddciaps ofGvigiherershdubictie ldbhlizdiangit Aicgveeont ai ns

this EP e, and the sethemartae ofcowribgueoré cases thaneactodingle R camrovaiube@ssediffec| ass C

that this EP appl i esat EPheorpiantenticlabtothemin iteir gppbqable papolatins. tTo illustrate, consider

grow h-rate(e) and $wuppflel. The lew}st fagomas\pomiiafiontiet g guglelP @fz. {8}3t2anoesisf or t he

cl asses. Defi niti onrognd 50fvebereanthe sesaniRe given 2baveling3. 5 bave § mpeh) 1@y capibitelPs of a

class C discovered fovwemes reunddhrrfisiTG. data, the aggregate score (or score)

of s for Cis defined Hew dowe combine the differantiaginggowenof } set GfEPs? A natural way isfter r |

We now il lustrate t lsem thacenyibutianeef thef individual ERs UOherpossibiliigiraxish iyt acdeyond  of

i nstances usi ng Exasiseops obihid Perse) Nows hasrdove] fermulate she/comrittionyof agijngle BRfdng EPs

of the growth rate ®Revsilhe ghe gproduct of the oddydisgysped eglien pndtheisagtionsaf e poguf 51

44% 1.11), ({1, 5, l«jpnoffheoglasqythat cqnyain thﬁ%% fﬁ?ﬁécaﬂml%f beandsof Flags C) we ({ 1)
Ta 41

60% 2.7), ({7}, 80%te2cahjribuicpbe givén by - ¢-{sitppéle). @BB&ye iteerm}s) , ({1,
9}, 20% 1.8), ({5, whn isr%ﬂk-c&diﬁoﬁé] robability ins&n&is in(clads C évenzk}at th<0%
[err]), ({1, 7,9}, 2Mffceb&Hains his KP{eDand the sébnd 1e2fd Wthekradtion of th€inaiEHIEREA4E SCOr €
of [err] for [err] icShat &6sOEre4pBlick.CIHE kontributidn@s prbportiokkl &Both dHdddi fbteld) and). 33.
Simlarly, the cont kigle). Weso® befihbQorkOof flancksIbr theRfaisks. ar € respectivel y
0.41,0.56, 0.12, 0.60,0.12, 0.24, 0.31, 0.20, 0.20, 0.12, and their sumis
score(s,[err]) = 2. Definition 24 Giyer sreiritarcaypnd Reet S0 LEAEPstoba phakt € diverversd fom For
each instance [err] thefraining darqutie agaseznth ecors (g aesredef sfasf isdefinedpnsses to predi ct

its class? 8
score(s,C) = Z

growth_rate{e) « suppc(e).
eCs,ecE(C)

growth_rate(e) + 1

‘We now illustrate the calculation of contributions of EPs and scores of instances
using Example 1 and the instance s = {1,5,7,9}. Among EPs of the growth rate
threshold of 1.1, s contains 2 of class P: ({5}, 44%, 1.11), ({1,5,9}, 11%, oo); it
contains 10 of class N: ({1}, 60%, 2.7), ({7}, 80%, 2.4), ({1, 5}, 20%, 1.8), ({1, 7},
60%, o), ({1,9}, 20%, 1.8), ({5, 7}, 40%, 1.8), ({7,9}. 40%, 3.6), ({1,5, 7}, 20%,
00), ({1,7,9}, 20%, o0}, ({5,7,9}, 20%, 1.8). The aggregate score of s for P is:
score(s, P} = piitr #0.44+ 2 +0.11 = 0.52%0.44 + 1% 0.11 = 0.33. Similarly,
the contributions of the 10 EPs for AV are respectively 0.41, 0.56, 0.12, 0.60, 0.12, 0.24,
0.31, 0.20, 0.20, 0.12, and their sum is score(s,N') = 2.88.

3.4 Normalizing the scores to make decision
For each instance s, how do we use the p scores for all classes to predict its class?




One might be tenpted to assign to s the class label C for which the score
of [err] is the llargest. This turns out to be a bad strategy. The nmain
reason for this is that the nunbers of I%Ps for different classes may not be
bal anced, which is a frequent scenario for applications where sone cl asses
may have nore random (uniform distributions of values and consequently
fewer ,EPs. If a class C has many nore EPs than another class C, then
i nstances usually get higher scores for Cthan for C, even for training
i nstances of class C. This indeed happens, for exanple in the rice-DNA
dat aset (see 6), which consists of a positive class and a negative cl ass.
The negative class contains nostly "randont instances, and the ratio of the
nunber of EPs of the positive to that of the negative is 28:1 when the
support threshold is 3% and the gromh rate threshold is 2. Qur
solution to this probPasmight beéempied kmastipivie”s theadasslelst &for Whichothe/ sediernfjs t hem
using a score at a FkithedudgegeFisepms dubtofbgra bachairategyaThe imaiy réasmptfentbie s ot theach
cl ass. More speci f i euberyof ERs fondiBierent Jasees fnay not becalansbdawhictGs a freguent semwie ( C)
shoul d be first foufetiapplicatinng ykeretspmé qidssey menhavemeaemamiom Ginifordmg distriigions oThe
normal i zed score of vaiss 406 sangeaecatyfesven EPsCI agloss ibesomnemere ERS)thanjagotigeélasned as
the rati o score(s, 2&@&@@3%@6F5§£€9}hng°G§%$wtbdnénrcoemnisrs@mmgmsmaet erm
"nor- malized" is aofslapsghiThisindesd happenscer emamplaivhemdeiDNANatoestd fsessibhawiche > 1. )
| nstead of letting goRwstscf APesite Chsstahba hézgtive Slassy Ehoynegative glasgi qontainembsdy t he
class with the | ar gaandomopsares.2adithe tate of the pumber\nbERsrof thi pesitive kpythatef e ng t he
class with the | ar geestivpiaphyl whep thpsuppast threshold is3Fwndtbe arpsvthiratedhreshoiéisRhe base
scores? We can | et baSw:sptiop i(tidy preflem in to “nerabplize” thefscardsedy divistingshepfusipgie
training instances ¥£faa< figed pesseptileifor thedsaining instamenf each else Marauipedifirglyh nst ances
of C have scores | ot Rastchiaselydate-searel§hshould bofire, @%‘ fromp thd draipipg inhave t o
use 50% in fact, otHes oiferctaenlhemeamalived wemsnf BivREs9iontvermaaghlsyd)ds mi | ar
results. The CAEP W%’f@ﬁ“ﬁﬂ&ﬁ?@?ﬁ%“ﬁ@ﬁﬂcb (%WfQ%%FFPVht‘Hﬁb§@-a good
percentile in thisj olrlngi ‘Sa USESIIEF QURRPTBRIREISt PR FREPeoT 14 Igeadohistipgict ed
classifier on the tPaPHt ﬁé"é”ss°°r?/‘é"”d8°}?b‘f’°‘6\ﬁh‘ﬂ“ﬂt'8° lagsst permelized age on
the two extrene enoG or 8‘ %f ng 5 °le§§th‘5“[@5 pop %Yﬂi‘és usual 'y

asg W @

contain sone outliers, ;FE’F‘?S bs hemesteerf ers gi ve
too nuch influence. ¢ m%{:e%‘i ai‘ff’ E‘ ‘[?f““’ch‘FE“ ti sion
process, assune ther crlpmcn%le % ° a”esuts 5| tive
(+ve) and negative gns\é@il au o alyc 8%sea good percentile in this range, by

+
s\égr teE gJ :]-1/2)9 ;22: 2‘( o *far 3: 1ﬁer Onthe training instances. Wc do
?& 3¢ ;%c r gﬁ:‘z tWo’ extreme énds (e 3%), because th
tli

3.834914 g 37 ;f:?:o llgﬂ::lc::ca:n som iers, and if we use such £ ghoy:g we let thé 016 TS
2.8 5.4 15. 28 0.21 ~ 9.93
4. 97 Example 2. For agimplsfllustration(pf the decision prepess, pssume there are BtrainingTh e

(medi an) .base scor d¥2PEF Qmachobbe posifie (yRiand acgative Gee) dasses awktheinseorssaspect i vel y
15.76 and 5.4. Gven a test |r]mmegssrdn&n(mrrhﬂngMaﬁc&dmthe negative
class) with scores 7.07 and 4. -ve) “’I(sgg, velegat i ve cl asses
respectively, we have nof ml%&or e( 31 )J'g 071 =0. 45

normscore(s, -ve)=4.82/5.4=0. §91576" i S ¢, us I ahel |l e s [negative. Observe
that this decision is made evénlidien s0Has a9mgher49rla score for the
positive class. 3.5 The entire M-BeessO¥nal elilr g ptbcdss for buil ding and
using CAEP is summar |'Iile@hcmﬂ)bwscqsﬁsfumemgpxttvhaﬁnﬁghmdxssegarnahpedaélas&a“lﬁ is

partitioned accor diapf 4 Giverhatestingtance ¢ Graningo be from the negative class) with scores 7.07
and 4.82 for the positive and negative classes respectively, we have

norm.score(s,+ve)=7.07/15.76=0.45 norm.score(s,-ve)=4.82/5.4=0.89

s is thus labelled as negative. Observe that this decision is made even when s has a
higher raw score for the positive class.

3.5 The entire process

The entire process for building and using CAEP is summarized below, assuming that
the original dataset is partitioned according to the class labels.

P



CAEP.(training datasets [err]... ., [err], for'p classes [err],[err] ,

[err]) ;; training phase 1) Mne the EP set E[err] from[err]=[err]
- [err].to [err] for each 1 [err] i [err] [err] ;; A growh rate
threshold is given, or set to a default e?g. 2 2) Optionally, reduce

t he .nunber of EPs in each of Eerr], [err], [err]; 3) Calculate the
aggregate scores of all training instances for all classes; - 4) Cet the
base scores base-score([err]) for each class [err]; ;; testing phase

5) For each test instance s do: 6) Cal cul ate aggregate and nornalized
scores of for each class [err]; 7) Assign to s the class [err] for
which [err] has the largest normalized score. 4 Efficient Mning of EPs
For the discovery of EPs we will be using nethods introduced in [3]. A key

tool used by the efficient methods of [3] is that of borders, useful for

t he conci se represent aCAEM(vainitlg édtdsétcDe Nt , Dftrd ptabsas 6, pn-,6f) | arge col | ections
of itensets. Exanpl e 3Bwaifing guenpl e border is <[err] = {{22), {57}, {61}},
[err] = {{22, 34, 36, HMindilErGit E;Gom BG)D;> D;kbP; foodatlerLii gp;of itensets
represented by this bordeq growh fare heshold if gives, lor sef tea Hdfaudregh2 t hat X [err] Y
[err] [err]}. Represent)diptionelly, fedurs the Sumbere ERCn taoh 6f1F, -bQBer i ncl ude {22},
{22,57}, {36, 57,81, 8fCaknlite thoragzregait @0okes of alllediring ifstaneds fosallxtdssaal | y a bor der
for the EPs fromthe e4iGsi ke tac stdres bpsiseera@i)Joreschslsss Cof an encodi ng of the
Mushr oom dat aset, at sgiaping phakdr eshold [err] = 40%in the poi sonous and
grow h rate threshol d §)&oepchyestinstance sdoT0 cal cul ate the aggregate score
contributed by all thet)ERSlchlaeeggrepgte smermtalidedsbres ofls @ts pachtlasa el ass Cerr],
we need to (i) find thp ERsigob s@eelass|C; fomdhich 4 Has die Beesymurmilizegd scorsupport s and
growh rates. We nowy | gt .t i met hods: The | arge- border based
approach: Max-M nervx[ 1*‘:&#': erﬁwgﬁﬁgigggﬁ% efficiently discover the border of
the large itensets fRoxhs disovely.of EBuedwill bbwing enethods intraduceldn ). Akegaodoseder ,
hence the word "l ar ge theiefficitth enethdslo€ [3pfs thahefdorderp nsstut for dhe bdnciséwepresamtgiion

i tenset s represent edndsfiicichandpipridéon oflarge b¥eagonsobiteasesd i n nenory, then with
one nore scan of [err] and err] we can get {%h}s g ort rowth rates
of the EPs of [err] E’“f"f’”ﬁ FF“E’I-?"% é {2k { 'i 3}_‘ er al |
EPs whose supports | %ol d.
However, because so

g i ggf m% |
candidate itensets, t"&f%é é ’r°t’1 ’r?s "l’ll : ﬁaéjéf %%e’hel din

Q‘)
3:

ﬁﬁ
menory: we need therP class, of ar-gncoding, s"f’ enti al

based approach: W Ft?sgtt“ﬂ"é’%c’ °Sh ?uer ??ﬂ FRyIsofeRReBe &P h°F€1r

borders of the large ig %ﬂ&%eﬁhé gl Sid sbord bl vy R @R &Rt (n[é&rfg]soxﬂ?tﬁx‘e&g
certain support thrgpbok siéass 3N GEncaR S Sndl ; hdalprkSdved sﬁlspeh&nbor der
differential) al gorigdymrits I,o“tlgufwb ksiBlk knethdis. EP borders. Finall
enunmerate the EPs contmj lﬂﬁﬂb&rﬁbrb 84 dpproR AN MAMiner AN iSOuskd 1 G &i&:&}er and
[err] to check thei neSRRQr hélamkd Henihe® b T 38u8Fa boyiet # calidd £RrgbBurgte héncof t he
Mushroom dat aset f OtheSWORE1:54¢PRAKd title B @B AgHredeh.) TG RGe ikthssts PREARE by M
qui ckly found the supp@kcinbe@mbneght«d\d Rericf, @En Qith ¢he IdreBEMm. of Bi; Bt MRl Lbor der
only finds EPs wWhos get3tepipbitsand grotvih@ataat e BPOECA 3t cad be appli@) Bis Jpia{uok t
t hreshol d and i n t hearfdisc@tr al EPawhdse aupporisinad)aichefer haphogitentshppes thakidld. we need
to apply this met ho@owevkd bepduse sbinariaggeiiordeis liay fepreserdexpsneht@ly rhanly aandidatbor der s,
or conbine it wth témssemrosl iasugl pogibicdhesd candijiztes dalnbe Heldjroméngany; wed shad | ST yi ng
t he gi ven support amdcsghotappradck t hr eshol ds.
The border differential based approach: We first use Max-Miner [1] to discover the

two large borders of the large itemsets in D; and the opponent D} having certain support

thresholds. Then we use the MBD-LLborder (multiple-border differential) algorithm of

[3] to find all the EP borders. Finally, we enumerate the EPs contained in the EP borders,

and go through D; and D; to check their supports and growth rates. With 13 EP borders

of the Mushroom dataset for some support thresholds, using this approach we quickly

found the supports and growth rates of 4692 EPs. Since MBD-LLborder only finds

EPs whose supports in the second dataset are > one support threshold and in the first

dataset are < another support threshold, we need to apply this method multiple times

on multiple pairs [3] of large borders, or combine it with the previous method, to get

the important EPs satisfying the given support and growth rate thresholds.




5 Re.duc_tion of EPs Used Gven a class C, we would like to find as many as
as ‘possible to give good coverage of the trai ning i nstances; at the sane
time, we prefer EPs that have relatively |arge supports and growth rates,

as these characteristits correspond to Ia}rcger coverage and stronger
d|ffverent| ating power. Very often, many of the EPs can be renoved w t hout

| oss of, too nuch accuracy, by epr oiting relationshi ps between the EPs.
Reducti on can increase understandability of the classifier, and it may even

i ncrease predictive accuracy. The reduction step is optional, and it
shoul d not be done if it |eads to poor classifi- cation of the training
instances. This is a-training tinme decision. Qur nethod to reduce the

nunber of EPs uses these factors: the absolute strength of EPs, the

rel ati onships between EPs, and the reI ative difference between their
supports and growth Sat}i%?uc% RPY he absol ute strength of EPs using a
new growh rate thresho [err V\/mc shoul d be larger than the growth
rate threshold p forGtVﬁ'@CEW W‘I‘H@"H&FK’ﬁF’%I@&mP)SEPfEfpgﬁlbgé‘tg“teﬂé"d§?‘1°6&‘g’fEPs and
renpve the weaker EPSe#niRginsHacrs ardhasemafime) wrpeelar BPsihat Rauerelaingly liyee puppaser to
the sel ected EPs as #ld@rawdsiatat pythesepharacteristics romespeifh ioglargti GO\E@ge Bf SEApger e

first sort the mineddifffoentipting gowsr. Very pfimemsny of the FERg eenrbs e8ioxrd Wihenblossgftoo
(growth-rate, suppor®yh aqQHECYs Bt exploitiag lafipriships betmeen thegls Reductiprgap jnglessg o t o
contain the first EPuidgstmdabiiRyofgheclassifign and tmageveningreass Jrediglive U Band t hen 2:
1. For each EP in essEhedulustion fepis preipng], ay dé‘r%*’?“"{’@?‘?ijf°”‘r‘%’bﬁ°§’é§’ PP%’F’rais‘ﬁby eif
l.a or 1.bis true “"T%meg?’UW‘HS"'W&%S ¥s asragng e decision ([ err] )

supp(e) >> supp([errl_% Ogrmgthad ‘Bﬁﬁdl‘Fel‘fﬁt“ ?@%‘Pﬁs“{"%rf? cjors: “bﬁﬁi‘ﬂ“éfe’tg@"éssE i f
both 1.a and 1.b are sa‘F‘%’é“““&ﬂ‘éP%“i”S” differgpoe hetweep i JUPRS [ er ]
We select EPs this \A%Wg{%'@dﬁgsew VG ”dbﬁﬂ? Heo¥reD g‘hé’fi;s?”tﬁé ey PirdiEt el y

covers nore mstance%”‘fhﬁ'&rﬁ h°’é‘f‘ hi‘tlé’gg“é“ BioYth rafs, treshold pfor 5-oR er
differentiating powe‘?“a"f g”s Egv the; v Ha"FéPE%

typi cal situation ca‘ﬂ_& °f 51°° 1 S'i an EPWIth
growth rate [err] but rﬁd Sg “‘ 2 s SEPSBSE growt h
rate is | ess than t h&(¥ ﬁ‘f gh ) ‘ %ﬁggl’mtg‘ BREPIRERR [err].
in this case, we pref83F i FEGEREXE f:g’ 86\% ny nmore cases than
[err] and since it hasmescﬁba&lm@wsu&umeélzfrfeﬁscemm airi1agr powede: al ready due
to its growh rate being grasnpestelchayrogeei-stkz) To illustrate this point,

consi der these two EPspofsupgtd > sppiPimige@tratekpsy’ fromthe Iris dat aset
[1 0]: 2. Abied b bssEif béehl 1.9 and i blareF2se, dn@E fslndt a supeBed of anf £ dhle}sE.

100% 22.25) [err] is clearly more useful than e[err] for classification,
since it covers 32 tin¥ %SeFFﬁ‘ré’ |“H$W@t‘o”rﬁ%‘?s“@ﬁﬂmf“i‘%“dsas’éﬂeaféEf’nﬁ'éPd@"e’% 7%
is al so very near t HA(® BFancedhagdice £ Zeqnd s 2 strqngsy differsniating pover than £ o
1.b, we set the def aRiPepausrA hapa \gh?)gr"‘f’@’%‘%’“d}?&altﬂ?t‘ﬂ’é‘faa Tefl DY eopdiSaR st i on of

the condition "supp(¥Ersisan ‘ﬁ‘? 2‘?“ huta "“ % s can
be tuned based on cd¥ 535 P4 D7 but ¢ has “’g”rg’ dpis Ggfes we

Threshol ds and Base ﬁg;@""fémb"lﬁﬁ"&“ @Yﬁgréfaf Q’i‘”‘f’f Q?%: ?éefﬁgyﬂ% aset,
¥ t
52 msc core 8%5 tw@ac‘n%‘l‘ gg g mwl"’ e frog’I he g d5me t hese

we need to select t
growh rate), and a
can be done automatically wh t Jla% guigapge of, L (et fopkHong) data: e start
with some default thresholds and péercentiles for the base scores. Then a
ez is clearly more useful than e; for classification, since it covers 32 times more in-
stances and its associated odds, 95.7%, is also very near that of the other EP, e;. In our
experiments, for 1.b, we set the default value of p' to 20 and the default interpretation of
the condition “supp(e) >> supp(z)” is :%:—%}% > 30. These parameters can be tuned
based on coverage on training instances.

D.l

6 Selection of Thresholds and Base Scores

To build a classifier from a training dataset, we need to select two thresholds (one for
support and one for support growth rate), and a base score for each class.

The selection of these can be done automarically with the guidance of the training
data: We start with some default thresholds and percentiles for the base scores. Then a




classifier is built and its performance on the training instances is found.
We'then let the programtry several alternatives and see if significant

i nprovenents are nmade. The best choice ii then sel ected. W observe
fromour experinents that the | ower the bpport threshol d 6, the higher
predi ctive accuracy the classifier achieves; and for each support

thresheoel d, the higher the growh rate threshold, the higher predictive
accuracy the classifier achieves. Once [err] is lowered to 1% 3% the
classifier usually becones stable in predictive accuracy; if the growh
rate threshold is then raised to the highest possible (see discussion

bel ow), CAEP al nost al ways has better predictive accuracy than C4.5 and
CBA. In our exper- inents reported later, [err] is always between 1% -3%

t he exact choice of [err] is influenced by the how nmuch running tine is

al |l owed for CAEP corssifiscis bwlhand its perfimmnggroo vk krainieg instandes s dévod. Wethep det thas
strong effect on theragrealtiytseveralfalterhativeslandsse if significpt improdeneet are @ade. Therbest al
principle is to (a) choiceds thddselesteih a smal| initial growh rate threshold
such as 2, and (b) autWeebtdrediomnpurs2peitientathitstiedpaer thel smgpbrt gireshuldd, thahigher

t hreshol d gui ded by predietiveaweraggse dissifelagidvestlandRg egh siph@t thregliold] the highest ances.
Cenerally, if the gnavgrdwtl ateehréshald stir-highbriprddiztite@auracygle, cldsdifier edhizgsi Gacer woul d
contain too few EPs ddsidwérttioo ¢%-a%s the clessifisrgualipheconiepsabizdr predictive bewratysi€  of
poor coverage of t hehetgramitiniate ghrésindd ia thes sised tCthe dighgiposibledses discussionBBlsw), S
measur ed by the nunGAEPaimonemayssheobegs: pradicpveachiaeyshao 04.5 sl €BAailmoun gxper-

i nst ances: The f ewerniménseeponsiiger, Of alweysbetyveamrl @s3%; e ckeet dheaice dfldds iofuesmedge) On
the other hand, if ibythebowioechdmnieg timt isaliviwed for@xEPrgnstrivgorcover age of trai ni ng
i nst ances, raising thé&hggrowh e threshold hisel atrotlg »ifatt lotlthaduakity of thedaskifiss pion a
classifier wth higldesed @ueghadl prireipdd (amine EXSwith s initixbgdveh sleohiesbdidit Wi t h
support threshol d 1%scB% 2, brdéd)aifbmatiadlla seddcsa largen fihal growth mtechreshdidgraded biynber  of
EPs with growt h rat esvefapanfsdecedEPsen the thiRing stbid, Gratrdlyiifthagroetk cagpbrieshn, see
Section 7). The aut olas foe bigh.hecrssfen wguld vankeinr tet few ERy and thel cthssifier mayilzave y
around 15. 7 Ri ce- BNfaccuBenbrcause/ifpyor gondraly of dhe srining i@ancesCovergs ofa sétof nor e
accur at e neasure of EBf mespshicdpythe ovraber 6fr 257 sednes iypradeceppythel tizipineinstéraesai | abl e
at http://adeni ne. kit fewerghestymBa D £4ro srotss A loesientky eoverege) Oodhetalienhand, if | ce-
DNA Kozak sequences it can be danegrithentilawveripg/the coverags phtiaipips dnslamces, Frssing|tsrendyalt  of { A,
C: T, G. The cont exate thigshpld Hield 2lwes resples ims Jaseifien with highst raedichive 2stwacy. Osi te of a
gene is called the RepgaRensasbYch &ith 5ipportibresholdtl %r-if tiei iG] detesed psvally ik h st art
sites froma |ong géhessremiongd ERewittegiewsh eates frem | © oa RiestDNY datadis angaeeptignd noney
in identifying gene&eSrrtiehAtThe anemeateadly chose expvhrite fethaldiisusuglly arpundilpe A-T- G
sequence. The context surr ding,.the A-T-G has been the nost inportant
information to dist ﬁng@cgwwgéﬂgttm%n@gmmm non-start sites. A context

s typically taken GL0m Bt Qor biord A6 WRasie oP AR é%m-ﬁoﬁlth_lﬁcc%ﬁs down
SLream S0 & Kozak spAlsRolRhng ASRUAARSE s Plolsse ke sl ahierl, 25
-Z:-;;%l DNA

, bl
| etters (excluding pRa séghences. | N the genomc sequences, nhon-start

sites (negative) over TN 3 S loglovi ke SSpbR AL &, 480). ik Loy @ Tali O
of 24:1 or nore. SO udipRhedtahdlaibn {teditbE gode if e e KBzaWNGudRL B Bbrd.S t hat
the number of i nst apkeRficibn drbiRh it RSG8ns pibic BRA YeqhHPAaRB0EH0r AL makes
the treannent of thbg aflBthaheah B yEngChiehiel bttt Seqhedicel ThR btart £ is e QG
posi tives, which i ssdmine:. THER&Hdxetirounting BEAITIVhas besn théhostRIpBridal WRfoMRAG 1 L Y-
Wth this very unbajcamesgisiRkiaag ies Béfhol-Ra ditSA cnXrif9pied B tkid fr up WHi Ch
al ways predicts an {oNSbaRe siréand s ATBGAS il Bases Wbl strbay So @RoAN Sgidnbe—6,C UT ACY
of [err] = 96% Unf @eputpoaé titis wome—Eonsifts df 5 lelied (cldREingth€ATIE real start site
has been identified, Wih&dindnfic BrYRicGSdhced, Wbn-Rdrikitd (nefatiae) SVefwheRl b Qart sites

(positive) typically at a ratio of 24:1 or more. So a distinctive feature of the rice-DNA

dataset is that the number of instances of the two datasets are very unbalanced. What

makes the treatment of this dataset more difficult is that the number of positives, which

is more important in reality, is far more the minority. With this very unbalanced dataset,

even the just-say-no classifier, which always predicts an instance 1o be negative, will

have an overall accuracy of g——; = 96%. Unfortunately, the fact is that not a single real

start site has been identified, which is against our aim of classification.




Fromthis analysis we can see that in evaluating a cIaSS|f|cat|on met hod
nore mean- ingful neasures than accuracy or error rate on the whol e dataset
art desirable. We will use a neasure in terns of two paraneters, nanely
sensitivity and precision, for each cl asg,2 whi ch have | ong been used in the
signals world and in information retrieval [4]. Definition 3. Gven [err]

i nstances whose class is known to be C, for a classifier P, [err] |abels
[err] instances as of class C, of which Nl err] are indeed to be of class C,
then [err]/[err] is called P[err] sensitivity on C, denoted sens(C), and
[err] /[err] is called P's precision on C, denoted prec(C). For the speci al
case of [err] =0, we define sens(C) = [err]prec(C =0 From t he above
definition we can set that sensitivity on a class Cis an indication of the
strength of a classifier on C and precision tells us how nuch confidence

the classifier has on g5 Ag sﬁsh@canr&aﬁm1n%va1ua%cxm&ilbﬂMem&ﬂfomm ogy,
sensitivity for the EE%% s Surdc§ BY HSERE Sn thd WhoRALERIASBE, WGl
mnorities caught by,fhe . classy %hwo%ﬁ&k:&k QbndyOdensirfBy 4H BRESbA RS
represents the per Ceags?‘%xcﬁ)ﬁavé Qgstféerpdsai' xmﬁgméngls Q&]&Bdfr)hﬁorﬁ?ﬂm%ﬂ%l@ ass are

indeed in the mnority class, Cearly these are a nore accurate descrlptlon
of the perfornmance oPeéfinjtignd %@l"fi"é‘ﬁ"‘éﬁ”@f%@&“@"mﬁ(&fﬁq frach ﬁ\‘ieﬁ Iﬁe ratio
of negative to posi t4“9@1Vrf§’f“&fféé’s"f6’f‘”§4"fr”“‘hWef’elﬁ"g""éfe JFf%"f Mr mance
of the just-say-no cis&dks Fisensigity pHe derored s°[‘5l@e”d SN p/d fs called P"“’S‘m’ °“c
sens(+ve) = 0 denoted prccg,'l) é’el(tl]q,vgiaalcqge of N' =0, we define sens(@e-ng (pre\tf‘@y =0.

[err] =100% pr ec( - Vefrom te@bdvé defifi8h vwal cirCsee thi) eenS@irS brl d claisd §/is amniddi@ti@df S| on on
the positive class atheswapiteofh OREfidr 8¢ ank PrecitibiRells bshow mifionfab@e it classifier can
concl ude that the | ugsk oS@Ysig the MamGit v@ "mP@itf adriiolu@l s¢nshaily for heminbrity

ri ce- DNA dat aset andciwereplaghth tle eeeektageal the minfities Gibght By the clasSifiéyqpeisionint al
Results We conpar e GAERinwity ¢last Rereseitithepetientiga of tissd clarthaisshefof be sinGdtpclasnd CBA.
(CBA was re- ported iroinbedin t4miborjtPdlasy. (leadye pkse fuea morccassuDttAdesSipiondf fhor it s
description), the dapesfersiancenishardagsifier en diasgin t he UCI nachine | earning .

repository [10]. Fur Qﬁﬁimr@ven%r&%% ne; Efto &m%s@%&g&Mltlgu@eﬂaﬁfngﬁenumer
of records and wher epd el B s sr.k@.no it UD8E BeoISNA S5 5 Of CA. CBA
are known to us. cret Idé"%k‘i"%f contl nulpfou a)tct“ butes is dolnebby t he
entropy nethod [7], using co it e lLpe arning library
[6]. All the results are obt &PH&D 20‘%‘% Tgrﬁ%/al’ﬁéfa Tabl e 1.
conpares the overal ISlpﬂeékﬁls@ﬁ“vféﬂb@mﬁ’a&?“‘bﬂfP°E5QEF’aSSS&“B’e(‘W‘t“H“‘&T§’€P%ﬂ'| za-
tion) and CBA. DasheBNA fsetaresangengludp patiieyust-say-w cpssifisaperfgmsaery badly opfhe yrms 2,
3 and 4 describe thé"ﬂﬁ%"é?%e‘a“tiWé“&%‘f’rﬁé‘l‘%""‘ﬁflaﬁs’éﬁér ds, of attributes and of

o
[e®]

cl asses respecti vel y shr oom-are the nost challenging
dat asets, having bot xlpﬁlf i nst ances and hi %g di rrenS| onality.
Cbserve that datasetWe gqmpgre A'é?l&'"b?’éﬁ”‘ﬁﬁf’@*‘ﬁ%%@?%%anﬁ & W38 Fd t hat

CAEP perforns equal | Rpriggsp peat C4.5 [9Exgens for S NA (gpe 59 fPé“%‘}?écnaW? &ljéa‘f)‘F‘édl ctive
accuracy of C4.5 and*Tppersiys the BT maghipe legmingaergsitpry (194 FB‘FP“-‘“E’I‘FSD tGARE 7 and
8 are that of CAEP, TP(P@H”%%’F‘B 2 &rfﬂl‘maf"ﬁéf‘“?’@dﬂﬂ:‘fliefﬁfachéﬁqﬂ ng W0 g ve
t he average nunber o‘Fs“E%f ‘é‘ﬂ"“ bef o e and reduct i on.
can be seen that alt g‘ﬁ ‘Flﬁ‘i'r yg‘é 1 g?bs}"g %duced
after the reduction § E g RacPine jegming | d fejrgu r"’g’cﬁ R acy
and often there is a a el compearels %\%%a edx:ﬁve accuracy of CAEP, C4.5 (with discretiza-
tion) and CBA. Dashes indicate that results are unavailable.
Columns 2, 3 and 4 describe the datasets: the numbers of records, of attributes and
of classes respectively. Rice-DNA and Mushroom are the most challenging datasets,
having both a large number of instances and high dimensionality. Observe that datasets
of 2, 3 and even more classes are included, and that CAEP performs equally well.
Columns 5 and 6 give the average predictive accuracy of C4.5 and CBA over 10-
fold cross-validation, and Columns 7 and 8 are that of CAEP, both before and after
reduction. Columns % and 10 give the average number of EPs in the classifier, before and
after reduction. It can be seen that although the number of EPs has been dramatically
reduced after the reduction process, there is no big loss in predictive accuracy and often
there is an increase in accuracy.
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Table 1: Accuracy Conparison Dat aset #records #attri but es #cl asses

C4.5 CBA CAEP Accuracy #EPs/class (disc) red

breast-w 699 | O 2 96. 1% 96. | % 97. 85% 97. 70% 7647 233

i onosphere 351 34 2 92.0% 92. 1%392. 39% 91. 41% 1813464 7906

iri’s, 150 4 3 94.7%92.9%8. 62% 100% 40 4

mushroom 8124 . 22 2 - - 98.82% 98.93% 823649 2738 pi ma

768 8 2 72.5%/3. 0996. 23% 96. 56% 1427 57 rice-DNA 15760

28 - 2 -- 70. 92% * 42576  ** sonar 208 60 2

72.2%/8. 3983. 90% 90% 651864 4608 tic-tac-toe 958 9 2

99. 494.00999. 06% 96. 87% 5707 682 vehicle 846 18. 4 -

66. 4968. 8%06. 28%6. 17% 324048 14857 wine 178 13 3

92. 1991. 6999. 38% 99. 44% 175384 1859 Tabl e 2:

Precision and Sensitivity of CAEP Table 1 Accuracy ColdpdisdB €t Cl ass(i nst ance

dist.) sensitivity [Proatades [#tords[#attributes]ficiasses] CAY ca:BAemsmeﬁacmesy ed.

breast-w benign (669 . 96 7A2% 7.%700 | O &%Zgﬁ% Mo 9770 wio red. rt;d.

i 0, 0 Teaat-W7 IS 0 3

Erglll:)/ognant 52_45/%% 182/ ospheze ‘r:?”d.”%";’ 92.0%192.1% 921%%.91,‘4; gl%aal'%o% good

88. 33% 88. 65991. 33% 8 -fRetrIaor 5 b )0 %%
~VIE 5% 06D 18290%7_| 100%

100% 100% 100% pima_| 768 | %

96.33% 100% Tice-DNA | 15760 |28/ T]gion] Ea— (|34 703299&*003/4251500% 100%
O 5%

0 82

100% rrushg%m Be ('fano/f,i D

poi sonous (48% 98. 1§ BEP 3669 - g 76‘28% R LAk positive

(29% 05, 520 04 03p BlopoBal sdly 1 thezisLiaes 1o MaTEIg sy £0° )

97. 23% 98. 18% 97. 95% rice-DNA positrve (4% 7. 75%  **

9.64%  ** . 0B1 Alpke¥iGonlaREUkitivity of CAEPS%  ** 98.75%  **

sonar R (46% 83. 3B FaYntAhccR D) SEnsttidp precision M
549 © 84.09% 87. 27988, 46% 94, 29% _ iwlored 1ed Iwfoged- toe positive

E65(§3 99. 52% 96. 01989. 07%199“.“'2%?16@;65@@ 916@72;? iy 100% i vep(35%

98. 199 98. 49999. 13% 93. 1206 [ e R, o e 15e)  48.68%

DS IES IR

b1 !
wlsels
'

53. 95% 64. 22% 62. 94% bad (36%) 38385 {335H91.33% 81,6888 . 62% 65. 00%
59. 23% 61. 16% ihs  [Seiosk(BS)[ 275900%  100% |0 0%O80). 72% 89. 01%
88.93% ope L ) | do | HoeD 6 088 31% 90. 54%
wine class 1 (40% 98. 5 e (52 '983%'9939% 08.32% 98.46%

class 2 (33% 100% 100P0 _ 10pSwnouskibe)o 195.16% 98.35%(99.38% 99.34% class 3
(27% 100% 98.00% 98.0 A)pin.i_aOQ%mve&P% pt?ﬁ.iwb H91%|PAed% 9B.60% akes t he CAEP
classifier alnobst no tine tg.-d@@- 298540 97 23 2l Even for a
classifier with 10000 EPs, 1&gk 98t gdeai de the class
| abel of an instance. Thig sﬁdaxCe

B2 i ent from
datasets in the UCl repositlary ttion of EPs of

either class as this |eads t“&“‘b‘ﬁﬁ S‘G ge?ﬁ;taggggg 7;2?@@"‘1 nstances. This
decision is made at trai ni nNgyAEe m(;e%)Tau. it a0 <% 69% 6405 geodast ai | ed

characterization of CAEP on the daiiasedhs; s@n&itesued|w.289d1.pseci sion on each
class, before and after reducti onbus@i® |i st|8s4 % Bh) gg'fCAEP general ly
has good sensitivity and prieeisi-dfPSdH® 38@’"799'}*

tive

I . cl > 9K
sensitivity and precision gn The aﬁi:ﬂg, d qggggat]m t han the best
neural -net results known td_us. |cass3(27%) 100% 98.00%|98.00% 100%

We point out that it takes the CAEP classifier almost no time to decide the class of
an instance. Even for a classifier with 10000 EPs, it takes only 0.01 second to decide
the class label of an instance.

The rice-DNA dataset is quite different from datasets in the UCI repository, and we
do not recommend reduction of EPs of either class as this leads to poor coverage of the
training instances. This decision is made at training time.

Table 2 gives a more detailed characterization of CAEP on the datasets; sensitivity
and precision on each class, before and after reduction, are listed. It shows that CAEP
generally has good sensitivity and precision on each class.

The positive sensitivity and precision on the rice-DNA dataset are better than the
best neural-net results known to us. T
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9 Conclusion In this paper we have proposed a cl assi f| cation rret hod V\:hl ch
is fundamental ly dif- ferent fromprevious classifiers, including C4.5 or
CBA. It is based on a new kind of know edge m ned fromthe traini ng
dat:aset: energing patterns (EPs). Spetd fically, our classifier CAEP is
based on aggregating the contribution of all EPs for differentiating

i nstances of different classes. The aggregate score is proposed to quantify
the overall contribution of all the EPs. The contribution of an EP takes
into account both the support and growmh rate of the EP. W then nornalize
the aggregate scores to classify instances, by dividing the scores by the
base scores (chosen at a certain percentile of training instance scores) of
t he correspondi ng cl asses. The resulting clas- sifier CAEP is in general
nore accurate than C4 5 and CBA, is a lot nore accurate than them over
datasets where they ¢ glrl ESW,F good performance. CAEP is equall y accurate
on all classes, and can t efficiently fromlar even hi
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concisely represents all frequent itensets. Max-M ner is shown to W
present a pattern-mining algorithmthat scales roughly linearly result in

two or nore orders of magnitude i E?HE D§H$? in the
nunber of nmaxi mal paterns enbed%é |ﬁpg a deése i nprovenents over
Apriori on sone data- sef, M her -dat a-se in & nunber
where the patterns ar eﬁﬁ"(ﬂen%%{hf}ﬁ‘&l‘opﬁZ’aggﬁigorgr%at%a%% nodest. In
spective of the length of the | ongebértdEBaREdL Jrl N conmpari son, previ-
practice. Max-M ner is denonstrated to run in time that is roughly ous

al gorithns based on Apriori scale exponentially wi th |ongest linear in

Bper i montLeCPEL Sl Ry A FRErebl bt full i pLab 0" N

irrespective of the size of the longest frequent itenset. ternms are |ong,
our algorithmis nore efficient by an order of nagni- Max- M ner is
successful because it abandons a strict botomup tude or nore.

traversal of the search space, and instead always attenpts to "l ook

ahead" in order to quickly identify long frequent itensets. By 1.

I ntroduction

identifying a long frequent itenset early on. Max-M ner can prun Finding
patterns in databases is the fundanental operation behind all its subsets
from consideration. Max-M ner uses a heuristic to several comon
data-m ni ng tasks including association rule [13 tune its search in an
efforn to identify long frequent itensets as early and sequential pattern
mning (4]. For the nost part, pattern mning as possible. It also uses
a technique that can often determ ne when a al gorithns have been devel oped
to operate on databases where the new candi date itenset is frequent

bef ore accessing the database. |ongest patterns are relatively short. This
| eaves data outside this The idea is to use information gathered during
previ ous dat abase nol d unexpl orabl e using current techniques. Interesting
dat a- set s passes to conpute a good | ower-bound on the nunmber of wth,

| ong patterns include those conposed of questionnaire results

transactions that contain the itenset.



(people tend to answer simlarly to many questions), sales The

techni ques we introduce in this paper are flexible and can be tansactions
detailing the purchases made by regul ar custoners over extended in
various ways and applied to other algoritigrs. To a large tinme w ndow, and
bi ol ogi cal data fr[gvn;tgtela@mt»to@l)mmtAéRtsléthdﬁtﬁpr@tfroamatemnsofDm Big3. e optim ze

Apriori with the r=——and—proternm—anatysts—ivbst L.d.LUgUIIL.d.IIy-V&' ued

fundament al cEicienthp Wh“g 1g-LoRg Palterns feom Databases.)

al so limtations of Apr| ori hoﬁgﬁggcéggéé?dggtter n I ength remain. tend

to have | ong patterns because th meduent |y per f or mance
is inproved by an order of WIEV urring itenms and
have a wi de average record le ﬁ:f”é?;@rﬁ){&ﬁ /pe %@ayaﬂﬁg show how
Max- M ner can be extended to expl Jﬁy ﬂ r%gltu ,%ﬂur ecent | y-proposed
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6.2 Max-Miner Scaling il ]
For every data set at the support levels we looked at, the lower the a8
suppont, the more maximal-frequent patterns were found. Figure 15 | ;
14 plots the amount of time spent by Max-Miner per maximal T
frequent itemset against the number of maximal frequent itemsets 10 + o eI 4
found during a given run of the algorithm. The support values used e L
to generate this data are the same ones that appear in the previous S pr . . s : . ]
graphs. Max-Miner’s performance per maximal frequent itemset 5 16 15 20 25 30 35 40

remains relatively constant as the number of maximal frequent
itemsets increases, even though the size of the longest itemsets
vaties significantly. For instance, for the pumsb* data set, the left-
most point arises from a run at 35% support where the longest
frequent itemsets contain 15 items. The right-most point is for a
run at 5% support where the longest frequent itemsets contain 40
itemns. Even so, the performance per maximal frequent itemset
varies no more than 25%, indicating Max-Miner is scaling roughly
linearly with the number of maximal frequent itemsets.

The chess data-set exhibits the most non-linear increase in
difficulty with the number of maximal frequent itemsets, though
this increase is still relatively subdued (within a factor of 2.5)
considering the large increase in the number of maximal frequent
itemsets and their length. It is possible that the curve for the chess
data-set would begin to decrease had we mined at even lower levels
of support. We were unable to determine this because of the
explosion in the number of maximal frequent itemsets at low
supports -- already there are over half a million maximal frequent
itemsets at a minsup of 20%. The other data-sets all begin to get
easier as the number of maximal frequent patterns increases
beyond some point. This is certainly in part due to the fact that
itemsets with lower support incur less overhead since they are
contained by fewer database transactions. However, as support
decreases, maximal frequent itemsets become longer, which Ieads
to an increase in storage and indexing overhead.

Figure 15. Number of candidate groups considered per maximal

frequent itemset.
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Figure 16 plots the number of database passes performed by Max-
Miner against the length of the longest patterns identified during
each run. The worst-case number of passes is represented by the
diagonal. While the number of database passes increases with
pattem length, it is usually far from the worst-case. Though not
illustrated, Apriori-LB was often able to skip one or two database
passes because all candidates were lower-bounded above minsup.
This had a relatively small effect on performance compared to the
amount of reduction in overhead from computing the support of
fewer candidates. The reductions in database passes tended not to
have as dramatic an effect on performance as might be expected
from experiments on small-pattern data because the overhead of
candidate itemset Jookup largely exceeded that of data access.

6.3 Effects of Max-Miner Optimizations

Support lower-bounding is a beneficial optimization on the data-
sets with long patterns for Max-Miner as well as Apriori. For
example, after turning off support lower-bounding, Max-Miner’s
performance dropped by approximately four-fold at all levels of
support on the chess data-set due to a four-fold increase in the
number of candidate groups to be counted. On the retail data-set,
the optimization’s effects were negligible. The item-(re)ordeting
heuristic was beneficial, usually dramatically so, on every data-set
we looked at. For example, at 80% support on the chess data set,
turning off item ordering (which caused the algorithm to default to
a static lexical item ordering) resulted in an order of magnitude
decrease in performance, with the performance gap widening even
farther as support was decreased. decrease in performance was
due to an increase in candidate groups resulting primarily from less
opportunities for superset-frequency pruning.

! The plot for the connect-4 data-set is ifficult to make out because
it lies directly along the lower-left portion of the plot for chess.
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pn with Pincer-Search

Because our work was done concurrently, we have thus far only
had the opportunity to perform a preliminary comparison with Lin
and Kedem’s Pincer-Search algorithm [8]. We have run Max-
Miner on the data-set from their evaluation with the longest
frequent itemsets (T20.115.D100K). Unfortunately, it was not
challenging enough for either algorithm to draw any solid
conclusions. The only clear case of one algorithm appearing
supetior over the other is at 8% minsup where Pincer-Search
requires over 20,000 seconds and considers over 150,000 candidate
itemsets. At this same support value Max-Miner requires 125
seconds and considers 1?ss than 22,000 candidate itemsets (within
4,894 candidate groups)*.

Pincer-Search uses a candidate itemset generation procedure that
couples Apriori candidate generation with another technique for
generating long candidate itemsets used for superset-frequency
pruning. The Jong candidate generation procedure is seeded with
one itemset that contains every frequent item. For each infrequent
itemset encountered after a database pass, any long itemset
containing the infrequent itemset is replaced by itemsets that do
not contain the mfrequent itemset. The new itemsets are formed by
removing a single item from the original, and keeping only those
itemsets that are not subsets of any other long candidate itemset.
The process is iterated until no long itemset contains any known
infrequent itemset.

After the second database pass, the Pincer-Search long candidate
itemset generation procedure amounts to identifying all the
maximal cliques in a graph where the nodes are the frequent 1-
itemsets and the edges are the frequent 2-itemsets, much as Zaki’s
MaxCligue algorithm {16]. Unlike MaxClique, Pinces-Search uses
a top-down instead of bottom-up approach for finding the cliques.
But due to the fact that the problem is NP-hard, any approach at
generating candidates in this manner may be prone to performance
problems when the frequent itemsets (and hence the maximal
cliques) are long.

1 Candidate itemset counts for both Pincer-Search and Max-Miner
do not include the 1 and 2-itemsets. Runtimes are not directly
coraparable due to differences in hardware and implementation
details.
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itemsets increases, even though the size of the |ongest itensets varies
significantly. For instance, for the punsb* data set, the left- Figure 16
pi ots the nunber of database passes perforned by Max- nost point arises
froma run at 35% support where the | ongest M ner agai nst the | ength
of the | ongest patterns identified during frequent itensets contain 15
itens. The right-nmost point is for a eddh run. The worst-case nunber of
passes is represented by the run at 5% support where the | ongest frequent
itensets contain 40 di agonal . Wile the nunber of dat abase passes
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exhibits @lizatiosaed Perfoedtice Impove@asdn i n amount of reduction in

over head fﬁ@@ﬁ&&ﬁbﬁﬂﬁﬁﬁ°1$%W@@ﬁﬁ@?f“ﬂ?ddrffrculty with the nunber of

maxi mal fr%quent itensets, though fewer candi dates. The reductions in
dat abase passes tended not to this increase is still relatively subdued
(within a factor of 2.5) have as dramatic an effect on perfornmance as

m ght be expected considering the large increase in the nunber of naxinal
frequent fromexperiments on snall-pattern data because the overhead of
itenmsets and their length. It is possible that the curve for the chess
candidate itenset | ookup |argely exceeded that of data access. data-set
woul d begin to decrease had we m ned at even | ower |evels of support. W
were unable to determ ne this because of the 6.3 Effects of

Max- M ner Optim zations explosion in the nunber of nmaximal frequent
itensets at | ow Support |ower-bounding is a beneficial optimzation
on the data- supports -- already there are over half a mllion maxi na
frequent sets with long patterns for Max-Mner as well as Apriori. For
itenmsets at a mnsup of 20% The other data-sets all begin to get exanple,
after turning off support |ower-bounding, Max-M ner's easier as the nunber
of maxi mal frequent patterns increases per formance dropped by
approximately four-fold at all |evels of beyond sone point. This is
certainly in part due to the fact that support on the chess data-set due
to a four-fold increase in the itensets with | ower support incur |ess

over head since they are nunber of candi date groups to be counted. On the
retail data-set, contained by fewer database transactions. However, as
support the optim zation's effects were negligible. The
item(re)ordering decreases, naximal frequent itensets becone | onger, which
| eads heuristic was beneficial, usually dramatically so, on every

data-set to an increase in storage and indexing overhead.

we | ooked at. For exanple, at 80% support on the chess data set,

turning off itemordering (which caused the algorithmto default to a
static lexical itemordering) resulted in an order of magnitude

decrease in performance, with the performance gap w dening even further
as support was decreased. The decrease in performance was due to
an increase in candidate groups resulting primarily fromless
opportunities for superset-frequency pruning.

23 Though simlar in principle, Max-Mner and Pincer-Search are
quite different in their details. We | ook forward to perfornmance a

nore exhaustive conparison and feel it is likely that the algorithns

wi |l prove conplenentary.

7. Concl usi ons

We have presented and eval uated the Max-M ner al gorithmfor m ni ng
maxi mal frequent itensets from |arge databases. Max-

M ner applies several new techni ques for reducing the space of

itensets considered through superset-frequency based pruning —The result
is orders of magnitude in performance inprovenents

over Apriori -like algorithns when frequent itensets are Tong, and

nore nodest though still substantial inprovenents when frequent

itensets are short. Max-Mner is also easily made to incorporate
additional constraints on the set of frequent itensets identified.

| ncorporating these constraints into the search is the only way to
achieve tractable conpleteness at |ow supports on conplex data- sets. It
|s therefore t hese extensions which we feel warrant the nost 6.4

AnA c . e




Figure 17 shows the runtinme of Max-M ner-LO on the data sets expl oi t
many of the wide variety of interestingness constraints with the |ongest
frequent itensets. W chose very | ow support during the search rather
than applying themonly in a post- values for these runs to illustrate how
additional constraints can processing filtering step. nmake m ning feasible
even when the nunber of nmaxinmal frequent j4enmsets is too |arge. Note that
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call ed |nterva cl ose |f for aII X, Z [err] S and for all_Y,
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t hat ara.va.l SRR T procedure, called BORDER-DIFF, is given first. Then the main algorithm, MBD-

LLBORDER, using BORDER-DIFF as a subroutine, is given.

BORDER-DIFF aims to derive the differential between a pair of borders with a special form: Given a pair of
borders <{0},{U}> and <{0#},R1>, BORDER-DIFF derives another border <L»,{U}> such that [£2,{U} =

{0}, {U}] - [{8}, Rl

BoRDER-DIFr(<{8}, {U}>, <{®},{S1,S2,---,Sk}>) ;; improved version
s return border of {0}, {U}] — ({0}, {51, 52, -, Sk}

1) initialize £ to {{z} | z € U - S1};

2) for i =2 to k do

3) L+{XuU{z}]| XeLlzecU-S}

4) remove all Y in £ that are not minimal;

5) return <L, {U}>;

We now illustrate how BORDER-DIFF works on the arguments of <{@},{1,2,3,4}> and <{8}, {{3.4}, {24},
{2,3}}>. It first initializes £ to {{1}, {2}} since U —S1 = {1,2}. Then it updates £ to {{1}, {1,2}, {1,3},{2,3}}
since U — S3 = {1,3}, and reduces it to {{1},{2,3}}. Finally it updates £ to {{1}, {1,2,3}, {1,4}, {2,3,4}}
since I7 — S3 = {1,4}, and reduces it to {{1},{2,3,4}}.

1A collection S of sets is an antichain if X and Y are incomparable sets (i.e. X € Y and Y € X) forall X,Y € S.
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of {1, 2} and subsets of either {1, 2,3,4,5} or {1,2,4,5,6}. Many sinple
borders[err] set intervals are very large collections: e.g. there are
2[.err] itenmsets in the set interval of <{{1}}, {{1, 2,3,4,5,6,7,8,09,
1Q,11;12}}>. There is a one-to-one correspondence between borders and
interval -closed col | ections: Each interval-closed collec- tion S of sets
has a_uni que border <[err], R> where [er2} is the collection of m ninal
sets in Sand Ris the collection of nmaximal sets in S. Qur border-based
al gor i Aksme ahadifemo UarceBIRDERSDYat ikgdly (Gr1gCa: - €Ekt} ai (hishy F?pmsqnt%@n%lﬁligmt?wsets
and t heymdey) tahd . AnéRBvBOEREDY) re <A ), (B, Bh.ermebit)s fof soperdyardy %ﬁéisfé"'@g Petwi*dnslhen
fact, MBRD-BheoRIERpigoGReSWiDfindpls EByetisfyins: ERer suppartyiis Df eret 2R ¢k Wy sypegidsint o
deal wiihrebod.ders: They will take borders, that represent collections of

| arge itensets, as inputs; they only manipul ate borders in the internal
process; angptieyrPEQUMEEBASDRYIIANTL.ARGIBIRDER, (DY) represent EPs. As a
CONSeqUENGEsenkM Bl EXdrfhd WbttbrinNButifying (M) 3y pluidiple salls bSBettertDIFOr nost practi cal
si tuationsyy ewPeoriden{};he nunber of EPs is huge. W concentrate our

di scussi ore)on férhyefran t tak don when two | arge borders, one fromD err] and one
fromD[errd, ardfsaualC]iablsepersdthnd Ijitichepatimieal procedure, call ed BORDER- DI FF,
is given fd)rst. {Then,G e~ N Dal-gofh D} ; MBD- LLBORDER, usi ng BORDER- DI FF
as a subr di)t i ne RightBogidrerthe seBERDERxDIaFFenzetrin @, defiie the differenti al

bet ween a §air efid BoreEarRIFN<{#}, B;>s sl BishtBepndy) igoviEttorderpai r of bor ders
<{[err]}, {W} > reimen &Fpasferg } , Rl err]>[ err] BORDER-DI FF derives anot her border
<[err] ,{U> such that [[err],{U] = [{[err]}, {U] - [{[err], Rerr]}
BORDER+W rfoke[iistrhte how MBII-QY.E6RDER 51O For ;; return border [err] 1)
initialize [err] 2) for i =2 to k do 3 [err% 4)

remove all Y in [err]Latqh&qfd@w(@l)rfo‘é{@t}i{lﬁ%ﬁéﬂg{?’,%617,8}’54:4&@%8}} <[err], {U>;

W now illustrate how B R- DI .FF rks..on. .t rgu ts of
<{[err]},{1,2,3,4}> and "[’@Pf”]‘iﬁrf(p\{i\fﬁfi@,’P{{lzz,r’]g}lﬁ{(gigg}? > It first
initialfozes 613 3,4n §f & {2,4,3},}Csn€R4,6:7, 8] hrd 2,43,82), stathdrof iNBRIdapRerER.
t o {{1lprodfdes 2} ,< ¥2,38} C§ =2{333)} G4i=ndB 4} it Beercalls BoRDER-TIEF aithl +{8HTeZ 3,41} >t end
{{ 1}, { 2B} )42 i (34, {2, 43, sitpelatsase fleminmal.oBGNDER-DIfFlalgorighm then retugns (G324 4},
since {1,283t} { Sincb {5, 7a8} L {4658} = D2, 1NBD{LIBORPER dogs not k)l BORDERGPIFY fgr D2 since
col | ecttheoms@r s knget ® hezmpty. anti chain if X and Y are inconparable sets (i.e.
XCYand YCX) for all X Y[err] S Assume we have found
LARGEBORDER[ err][err] (which represents all [err]-large itensets from
dlerr]) and LARGEBORDER] err][err]for some [err] and [err] satisfying [err]
= [err] . The MBD-LLBORDER algorithmw |l find all EPs satisfying: their
supports in Dlerr] are [err] 6 * p but their supports in [err] are <6.

MBD- LLBORDER( LARGEBORDER] err] (D[err]), LARGEBORDER[ err](Derr]))

return all enmerging patterns satisfying (*) by multiple calls of

BORDER- DI FF 1) EPborders[err] {}; 2) for j from1l to n do
3) if sone Clerr] is a superset of Dlerr] then continue; 4)
[err] 5) Ri ght Bound [err] the set of all maxinmal itensets in
{derr],..., (err]}; 6) add BORDER-DI FF [err] into EPborders;

7) return EPborders;




W ‘now il lustrate how MBD- LLBORDER works for
LargeBorder[err] (Dferr]) = <{[err]}, {{2, 3, 5}, {3,4, 6,7, 8, {2, 4,5,8,

9 > . Lar geBorder[err] (D err])
<{lerrl},{{1,2,3,4}, {6,7,8}}> For D ={1,2,3,4}, (err] = {2,3,5},
Jerr].= {3,4.8Qr4M3: Cerr] = {2,4,5 828}, step 4 of MBD- LLBORDER

produces Cerr =223}, Jerr] ={3,4}, (err] ={2,4}; it then calls
BORDER-DIF with <{[err]}, {{1,2,3,4}}> and <{[err]}, {{2, 3},{3,4}, {2,4}},
since Cs are all mnimal. BORDER-DI FF al gorithmthen returns <{{1},
{2,3,4}}, {{ 1, 2, 3,4}}>. Since {6, 7, 8 C{3,4,6,7,8}= Derr],

VBD- LLBORDER do, : - DI i 1:he b to
i R 4053teR¥or Sl ARG R Pphferh ol cg.ﬁﬁnrsxﬂb R TGV inb B BONMT!
A system for extracting enmerging patterns fromdata canprising.the

ol Low g ComponerRspil compotkn: focREsais mplsh BOF ST Br Sh s a1eAgr < 731 G 5 Foln
different input categories (say Clerr], ..., (err]). An

adj ust abl e di scr etAZid@rb R RORQRIng Rinpdhéf fetdisetatigink e SafMse8ad ead.

An optional conponent for the storage and management of sanples.

An optional adjustgb (9 IN [ .l.ons for
derivation of ﬁép%ogeﬁe@%@ﬁ%hﬁg% tt%crsn%.géel%g%gat%% I oﬁaf&éﬁ(?al itions are

gi ven bel ow. . A threshold on_support l.evel. The suppart. |evel

of a pattern (soméXqpienyafusighlscomponent for reading oprienadgenditiqnsifer deryatioapiry C
is defined as emerging patterns. These optional condisipny are giverbelpWe per cent age of

sanples in Cthat exibit that | If this threshold is not
given, a default wi s Arésield oarsupii lees]. TheGupidaelevelplh patddrA (some time called an
For exanple, 1% *itemset) ] in ArakepoRsO@ difiggy growth rate. Gven two
categories (Cerr] and (Jerr] of sanples, the growh rate of
a pattern (or itemset) | fromuppQrrs {hgpgcgﬁtﬁtlcdﬁaﬂﬁlfekﬁ?@tl?a?exl%ibitthat

29 = | supp{ err]
(1) = 0 and supp[err] . . e . . .

20 growt hr at e L%%rﬁesqgﬁs pilss %w?q.,)a default will be used or dsnvel:dffro%%[%ui; ]d%t]a)
= 0 but not Fot example, 17%. infinity, supp[err]
(ry =20 supp[err] (1)/supp[err](l),

ot herwi se | f tShissthrésheldlvoigiowd ratot Giyen e, categdnésal) andi) of semplehobegrostth

derived from the inpulye of 4 pamern (or itemser) I from C, to C, is defined as

0RO O O




trdpning data. For exanple, 5. G ven a category C, its opponent
cat‘_fegory is C whichis defined to contain all i nstances not in
cateory C A pattern or itenset whose growth rate exceeds this

t hgeshol dm'—eek—an_\ enmerging pattern fromCto C or sinply an
enmer gi Ag E‘)' &l n. of category C. A function weight(g) for weighting
growth"'rat i ,wnm(?mate > 1, this fafhction shoul d be a

monot oni ¢ 14 198 I on whi ch al ways takes nonnegative val ues.

If this function is not diven, a default will be choseffsuppg (Bedhisidesupp - (1)
wei ght (g) = g/ (g+l) A function chare(s. C) speci f_yd)ng % he aggr egat‘e
differentiating score of a sanple s and a set E(C) of energing
patterns of a category C. This function should involve, g#',)_(we support
of emerging patterns i grég@yaapd, £i)¥ wei ghted growth ia¥BRc )= 0butnot
ener.ging patterns in E(C). *71% t hiBf%hction is ngﬁppgi Mpog 2 def aul t
wi |l be chosen. For exanple, Ca sum of
supp[err] () * weight(growthrate(l)) over
all pattern | that appears in s and in sapg) (I)/supph (8BS @ieeRi€ base_score(C)
on the aggregate differentiating score for %ach cafegory C. This base
score can be given as centile of. the nge .of aggreqgat.e. .
differentiating scoreg’i[BI?(%ér gh S gﬁgc%&'%?agg Wd‘ﬂbfﬁg'?s‘:e%fga@feﬁﬂom the 1mpyf ¢
this threshold i s not “Q’P%ff,at JeFHPC:wi | | be chosen. For exanple, the

50t h percentile. An indication of whether the set of derived
emer gi ng patterns shoGientzecategdec@dits opponent catgarhissC'i whick stdefined t qoptain all
given, a default deci misancasido ibextspadeC. For exanpl e, sone rel at ed
energing patterns will be elimnated unless the reduction | eads to a poor

coverage (i.e., |eadsatndrd Git8lser WHERE brotth 85 BxREQ BR khrebhdld Rl cBhdigkred an

Z iﬂf’;gfe q Agngftg: ﬁga' SRV i rd £5m ' 6! 385y A0 U EBRADFIRA oftareb B C.

7o aisplayi oo o BRSBTS SR S0 Focgrow s S TR
component for mining & b%@%&?‘@éﬂcﬁ%ﬁ?@iﬂgﬁl‘x@&t‘@é@ glways takes nonnegatiyg,values.
optional component for reducing the nunber of related energing patterns.

Two ener gi nglfphistfenatonas votigblent 2defnflt wilkbd chosens Hibr gxatipde; n ( or
subset) of the other. A conponent for conputing aggregate
differentiating scores for all sanpl es andveight(g)= ghgatl¢gori es. A

conponent for conputing the base scores for all categories.

B A function score(s,C) specifying the aggregate differentiating score of a sample s
and a set E(C) of emerging patterns of a category C. This function should mvolve
(1) the support of emerging patterns in £(C) and (ii) weighted growth rates of
emerging patterns in E£(C).

If this function is not given, a default will be chosen. For example,

sum of supp {I) * weight( growthrate(l))
score(s,C) = . )
over all pattern / that appears in s and in £(C)

W A base score base_score(C) on the aggregate differentiating score for each category
C. This base score can be given as a percentile of the range of aggregate
differentiating scores of the training samples of that category.

f If this threshold is not given, a default will be chosen. For example, the 50th
percentile.

® An indication of whether the set of derived emerging patterns should be reduced.
If this indication is not given, a default decision will be made. For example, some
related emerging patterns will be eliminated unless the reduction leads to a poor

coverage (i.e., leads 1o a larger number of zero scores) on training samples.

An optional component for the storage and management of the extracted emerging




2. WA system for extractimg ener ging—patterns fromdata as given in daiml,

wi th the conponent _ Cl n the nunber ofrel ated energing patterns—

pl dced_by one t hat mﬂh i | ' fers patterns that CQ_\L@_,_,JJDI—e’—/”
tral ni ng sanpl es differentiating power.

|nstan;| ation of such a corrponent is the foll ow ng process. W f| rst sort

t he” emer gi ng patterns fromC 'to Cinto3@ list E in decreasing order of
growth rate and sypiahd andthélr 881vafbn cond@fopent i al energing patterns, esskE,
isinitialized to contain the first emerging pattern in E. Then for each
next pattern | |n each J in
essE such that AFC&EPO gntggf%léﬁ%#L?#%dD@éti%Ctjd emerv1%%Paggd33 by I if
ei t her of thefollovvlnglstrue growt hrate[err]

S[err] (1) exceeds AyFUmonefer Bmije-smergng patterns for all categ‘meéupp[ err] (1)
greatly exceeds supp[err](J) and growthrate[err]> [err](l) exceeds the
t hreshol d on An optional compoment\fdr reducmg the number of relavd emiziging tpetterss Ewiof

both of the above einsrigopulictns arsrehked if Bheie aailspdteirs(on elibsar) o fRrotial t er n
(or superset) of any pattern in essE. 3. A systemfor extracting emerging

f d . f
patterns Trom dat g gai‘r?eﬁeﬁq% ngﬁhghjz-rey&té Jﬂffﬁﬂéﬁnéii?igt IREGE o f”B Exgg lefhqd NY °

energing patterns [ e that™ uses nani pu Ion o

ordered pair (L, R) called a border, if each of L and Ris an antlchal n
col l.ecti on of sets, each, el enent of L is a subset of .some.elenent of R,
and each el ement df CHTRCTER QT ROBIRITDE ghe bagssscores forjall¢alseonss- L. The col | ecti on
of sets represented by (or the set interval of) such a border are t hose
sets Y such2t Hagystém for supetizpt¢mafingpaberet fFomdataat giveamiClagn duygk theabmponent
el ement of R forkedubinp)thé aumbeniof eeldtedehenaing pardrgd ﬂaglaaaiﬁ\edsmhitrspémﬁlaug pesfers

given in O ai gadernydhbttobetenére Magi@damplesfad hiveR e Hifeetiaking peddrt er ns
repl aced by one that uses the follow ng specific a gorl thm G ven the

A T e B i

ACM S| GVOD' | nPaYSHEN 1§’§‘T5“u
1998)to di scomen%ﬂémemwwp@ﬁ 285t 10CARANERE BIS PRRTEIASPAItRmAR ﬁaﬂc
havi ng appropf?feﬁaéhgmaﬁ?ﬁmfwfé%’ﬁépd@foﬁﬁ‘éwgmoﬁﬂ@' use MBD-LLBORDER to fi nd
al | the energing [Farcwhd ibers@eneh that hiajalsyb-pawereton sersa) of 7w replagerd byl pither of
patterns cont ai nedhd follbwizgés tmae:der s, and go through sanples in C and Cto
check their act uai mﬁftémﬁgﬂgeweemt aw&{r@:‘é f C(J) Assurme we have found
LARGEBORDER] err] ([ erg] of, sone .
31  satisying[err] ] siwé?& écﬁ%&aafjié‘ﬁ%\”f’%’éa hc(é)a ?%‘Sr‘{&‘ 8}‘9‘55981?:&1‘?@
rate. The NMBD- LLBORDERrowtalrgerithmwill find all emerging patterns such

that their supports in C exceed d * p but their supports in C are |ess

}‘_2%&5 gm-l[;gg[ g/rBP] L 4BORERo %is%qf;’ botBe e a%%\g Dtg{g'[ c‘gﬁiﬁ]nc()ﬁé?érg ga[lsee:r and Iis not a super-pattern
VBD- LLBORDER( LA E@B%‘:‘E{tj fa]n%% Y)t EBCRDER[ er r] ( C) ) EPBCRDERS <-
{}; fox; jJfro hen
cont i nue: A sys{pm fo['f ragﬁ?rg?rslénetpa I%'P rorin &ag egten Fz the componem
RI GHTBOUND <- fqTiBinig;of smetging pagemsaenlaced hY QRethatpspemam ﬂ °fb°rder%dd
BORDER- DI FF[err], [err] RIGHTBOUND)) into EPBORDERS; return EPBORDERS;

The function BORDESRebPEFLR) is nalled\aenprdep, ifleach o&H and Rfieamantichais colisoner af sets,
pai r of bor deexhodflemens p£L ised subsat 0 sonfis slemem op A| andafaclvelenhentsof[ Reis rajsuparskt of some

[err]), BORDEReBlehfindeThy eslieafi6rt fevets represented by (or the set interval of) such a border are
those sets Y such that ¥ is superset of some element of L and is subset of some element of R.

4. A system for extracting emerging patterns from data as given in Claim 1, with the component
for mining of emerging patterns replaced by one that uses the following specific algorithm.

Given the categories C’and C of samples. First use MaxMiner (R. J. Bayardo. Efficiently mining long patiems
from databases Proceedings of ACM-SIGMOD International Conference on Management of Daza , 85--93, June 1998.) t0 discover the
two large borders of the large itemsets in €' and C having appropriate support thresholds. Then
we use MBD-LLBORDER to find all the emerging pattern borders. Finally, we enumerate the
emerging patterns contained in these borders, and go through samples in C'and C to check their
actual supports and growth rates.

Assume we have found LARGEBORDER C')and LARGEBORDER( ) forsome 4 and ¢



border (L, {U}) such that the collection of sets represented is exactly
thase sets represent ed by [err]but not represented by [err].
| npor t ant | y, BORDER- DI FFachi evest hi sby mani pul ating only the itensets in
t h&€ borders. BORDER- DI FF[ err] initialize L to[err] for i
from 2 to k do [err] 3lempve all itenmsers Y in L that
are not mi ni ratisfying s = p ¥ dt whers plis an gppropriatsihrasheld onemewidrraegl BesMB-ABARDER
conpri si ng t heéedrivhdiovill fmpdadirgueenging patterns such that Aersapporfsan (extceatd i pdut their
ener gi ng pat tspfistsfih @raftdes hach Tas WBBLLIBBRDER eldotithinsas folfows. Let
above. MR@EEQRD@R?{U'{E&({{}#PKUE c9f...senpl es mm@mgﬁn(t{ 8&l((}), (D), D,,
A conponent for_out put of classi i cafi'én de®i’sions on the sa es.
A conponent f-or éﬂputi ng the base scores of aggregate differentiating
scores for all sanpl es and categori es. A conponent to
assign to a c T, hs assigned to that
sanple is thel%og% %1523%%(?@@5955 re)’E I e. ag%kr%gﬁ%b differentiating
score divi ded b® EPBORDERSi% {dorr espondi ng base score) is maximal for that
sanple. 6. A sPsfoepfoorl loandd ng and cl assifying data conprising the
fol |l owm ng conponent & if some Ciissuﬁemazﬁi,)éfﬂmn conim@cti ng energi ng patterns
fromdata such as t descpd bed i ' : e.
32 A conponent ,orli??;%bt e M?a%dgérgfokég]e&f'c‘l”a%sf fré%?(b}{d\ conponent for
out put of ranked cl BEIGHTBOLBD detiesevafallonaimel igmspls&s{C;'A-cEgionent for
conputing the base j f§ t it .
sanpl es and cat egoriigg&?g (:Dgg‘g %ﬁ%@f{?}h?ﬂx ?@’rﬁgygjg?:‘ﬁog]zﬁ@éggﬁigggg{}zr%dséach
sanpl e. The rani® W“’W&DSQQIFQGRNEM normal i zed score (ie. aggregate
differentiating score divided by the correspondi ng base score) for that
sanpl e. The ¢TesfupctidchBORDERRDIFAE emphuyed td derivhd differentiaks betwden a pair of borders of
33 special forms: Given a pair of borders ({{}}, {U}) and ({{}},R), BORDER-DIFF derives another
border (L, {U}) such that the collection of sets represented is exactly those sets represented by
({{}}, {U}) but not represented by ({{}/, R). Importantly, BORDER-DIFF achieves this by
manipulating only the itemsets in the borders.

B initialize Lto {{x}|xin U-S§};

| forifrom 210 k do
W L<-(Xunion{x}|XinL xinU-S,}\

B remove all itemsets Y in L that are not minimal;
® return (L, {U});

L

A system for classifying data comprising the following components:

A means for extracting emerging patterns from data such as that described in Claim 1
above,

A component for input of samples to be classified.
A component for output of classification decisions on the samples.

A component for computing the base scores of aggregate differentiating scores for all
samples and categories.

. A component to assign to a category to each sample. The category that is assigned to that
sample is the one whose normalized score (ie. aggregate differentiating score divided by
the corresponding base score) is maximal for that sample.

6. A system for ranking and classifying data comprnsing the following components:

A means for extracting emerging patterns from data such as that described in Claim 1
above. T
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Cl dssification by Aggregati ng Emergi ng Patterns ABSTRACT
Emefgi ng patterns (EPs) are itensets whose supports change signifi- cantly
fropy one dataset to another; they. capture nulti- attribute
contrasts between data classes, or trends over tne. we propose a new
classi kier. CAEP, using the follow ng main_ideas based on. EPs: (i) Each EP
can sharply differentiate the class nenber3Rip of a(possibly snall) frac-

tion of instances Lonhpinghngr topat Ramples td ke diireiffetg di fference between its
supports in the opposing classes; we define the differentiating power of
the EP in terns of B ' :L: t ai ni ng
the EP. (ii) For e‘%gﬁﬁ?ﬁ%ﬁgﬁgg&P%y%gf%ﬁ%aﬁant- églgﬁ ergﬁafnlg@ﬁ ng power
of a fixed, automm icalhﬁréflected.seﬁ of EPs, 3 score i§T0bLaLned for %ﬁch
class. The scores 4 &PRBITCDTIOL CUBRUTAS NG DS SGOTEs Of 2351AS Y SITTEIFIHALS Scarss for
determnes t's cl S&BPlEEARIC]IeLOESS-t abl e for many applica- tions, even those
with | arge volunes of high (e.g. 45) dinensional data: it does not depend
on di mensi on r educA companenithstaanksedch tat¢gdruamaist sack qarapleyThecrank byt measnriag the
classes even if theinhaledetat (ieragpgesgetediffatrngedscok@ieidet®ntie cdhesohdias base

CAEP has consi st enfco@0Re tHat efhmit TR REfLHRCIrmANAdistord! HRaighar tHewask.
outperforns C4.5 and CBA. By using €fficient, border-based ™l gorithns

(devel oped el sewhere) to di scover EPs, CAEP scal es up on data vol unme and
di mensionality.
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