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Abstract

Data mining algorithms have been the focus of much reseaadntly. In practice, the input data to
a data mining process resides in a large data warehouse whtsés kept up-to-date through periodic
or occasional addition and deletion of blocks of data. Magadnining algorithms have either assumed
that the input data is static, or have been designed forarpiinsertions and deletions of data records.

In this paper, we consider a dynamic environment that eediveugh systematic addition or deletion
of blocksof data. We introduce a new dimension called tta¢a span dimensiqrwhich allows user-
defined selections of a temporal subset of the databasengrdkis new degree of freedom into account,
we describe efficient model maintenance algorithms fonfegt itemsets and clusters. We then describe
a generic algorithm that takes any traditional incrememtatiel maintenance algorithm and transforms
it into an algorithm that allows restrictions on the datarsgdanension. We also develop an algorithm
for automatically discovering a specific class of intemggtblock selection sequences. In a detailed

experimental study, we examine the validity and perforneasfour ideas on synthetic and real datasets.

Keywords: Data Mining, dynamic databases, evolving data, trends.

1 Introduction

Organizations have realized that the large amounts of Hajeatccumulate in their daily business operations
can yield useful “business intelligence,” or strategidghss, based on observed patterns of activity. There
is an increasing focus amata mining which has been defined as the application of data analydislian

covery algorithms to large databases with the goal of disdog (predictive) models [FPSSU96]. Several
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algorithms have been proposed for computing novel modetsnbre efficient model construction, to deal
with new data types, and to quantify differences betweeasgas.

Most data mining algorithms so far have assumed that thet idata is static and do not take into
account that data evolves over time. Recently, the problemiking evolving data has received some at-
tention and incremental model maintenance algorithmseweersl data mining models have been developed
[CHNW96, CVB96, FAAM97, TBAR97, EK$98, GGRL99b]. These algorithms are designed to incre-
mentally maintain a data mining model under arbitrary itisas and deletions of records to the database.

But real-life data often does not evolve in an arbitrary w@pnsider a data warehouse, a large collec-
tion of data from multiple sources consolidated into a commapository, to enable complex data analy-
sis [CD97]. The data warehouse is updated with new batchecofds at regular time intervals, e.g., every
day at midnight. Thus the data in the data warehouse evdivesagh addition and deletion of batches of
records at a time. We refer to data that changes throughialdihd deletion of “blocks” of records as
systematic (block) evolutioA blockis a set of records that are added simultaneously to the alsgad he
main difference between arbitrary and systematic evaiugdhat in the former an individual record can be
updated at any time, whereas in the latter blocks of recorel@dded together. Also, all blocks in a sys-
tematically evolving database are logically ordered waeri@ arbitrary evolution there is no order among
tuples in a database.

In this paper, we assume a dynamic environment of systeatigtievolving data and introduce the

problem ofmining systematically evolving dat®he main contributions of our work are:

1. We present a DEMONTIoview of the world by exploring the problem space of miningteysatically
evolving data (Section 2). We introduce a new dimensioredathedata span dimensignvhich takes
the temporal aspect of the data evolution into account dodslkan analyst to “mine” relevant subsets

of the data.

2. We describe new model maintenance algorithms with régpebe selection constraints on the data
span dimension for two popular classes of data mining modeésjuent itemsets and clustering
(Section 3.1). These algorithms exploit the systematiclblvolution to improve the state-of-the-art
incremental algorithms. We also introduce a generic algorithat takes any traditional incremental
model maintenance algorithm and derives an incrementalritign that allows restrictions on the
data span dimension (Section 3.2). In particular, the gemdgorithm can be instantiated with our

incremental algorithms in Section 3.1.
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3. We also address the problem of automatically discovaritegesting selection constraints. Consider-
ing a class of constraints that identify sets of blocks withilsr data characteristics, we propose an

algorithm for discovering such constraints (Section 4).

4. In an extensive experimental study, we evaluate our ifgos on synthetic and real datasets, and

compare them with previous work wherever possible (Sedjon

2 DEMON

In this section, we introduce the problem of mining systecadlyy evolving data. We describe our model
of systematic data evolution in Section 2.1. In Section /@ enumerate the problem space of mining
systematically evolving data by introducing the data sparedsion, which allows temporal restrictions on
the data being mined. Then we refine the type of restrictignstpoducing the notion of a block selection

sequence in Section 2.3.

2.1 Systematic Data Evolution

We now describe our model of evolving data. We use the tepte generically to stand for the basic unit
of information in the data, e.g., a customer transactiomatatthse record, or andimensional point. The
context usually disambiguates the type of information being referred to. Alockis a set of tuples. We
assume that the databaBeconsists of a (conceptually infinite) sequence of bloBks. .., Dy, ... where
each blockD;, is associated with aidentifier k. We assume without loss of generality that all identifiers ar
natural numbers and that they increase in the order of thewah Unless otherwise mentioned, we uge
denote the identifier of the “latest” blodk,. We call the sequence of all blocks, . .., D, currently in the
database theurrent database snapshot

Note that we do not assume that block evolution follows a leegperiod; different blocks may span
different time units. For example, the first two blocks ofalatay be added to the database on Saturday and
Sunday, respectively, and the third block on the followimgl&y. The framework can naturally handle this
type of irregular block evolution. The lack of constraintsthe time spanned by any block also allows us to

incorporate hierarchies on the time dimension. (We jusgmatl blocks that fall under the same parent.)



2.2 Data Span Dimension

When mining systematically evolving data, some applicetiare interested in mining all the data accumu-
lated thus far, whereas some other applications are itéet@s mining only a recently collected portion of
the data.

As an example, consider an application that analyzes a titgdase of documents. Suppose the model
extracted from the database through the data mining préasesset of document clusters, each consisting of
a set of documents related to a common concept [Wil88]. Thement cluster model is used to associate
new, unclassified documents with existing concepts. Ocna8ly, a new block of documents is added to the
database, necessitating an update of the document cluggpisal applications in this domain are interested
in clustering the entire collection of documents.

In a different application consider the database of the thgiwal Denons’ R Us toy store which is
updated daily. Suppose the set of frequent itemsets dissthfeom the database is used by an analyst to
devise marketing strategies for new toys. The model obdgirem all the data may not interest the analyst
for the following reasons. (1) Popularity of most toys isdHived. Part of the data is “too old” to represent
the current customer patterns, and hence the informatitairedd from this part is stale and does not buy
any competitive edge. (2) Mining for patterns over the entiatabase may dilute some patterns that may be
visible if only the most recent window of data, say, the la@ssdays, is analyzed. The marketing analyst
may be interested in precisely these patterns to capitatizbe latest customer trends.

To capture these two different requirements, we introducewa dimension, called théata span di-
mension which offers two options. In thanrestricted window (UWption, the relevant data consists of
all the data collected so far. In thmost recent window (MRWjption, a specified humbes of the most
recently collected blocks of data is selected as input taddta mining activity. We call the parameter
thewindow sizew is application dependent and specified by the data analgstatly, letD+, ..., D; be
the current database snapshot. Thenutmestricted windowdenotedD|1, ¢]) consists of all the blocks in
the snapshot. If > w the most recent windoWdenotedD[t — w + 1, t]) of sizew consists of the blocks
Dy i1, .., Dy; otherwise, it consists of the blocl3,, . .., D;. In the remainder of the paper, we assume

without loss of generality that> w. Our techniques can easily be extended for the specialtcase.

2.3 Block Selection Sequence

In this section, we introduce an additional selection aaist called theéblock selection predicatinat can be

applied in conjunction with the options on the data span dsin to achieve a fine-grained block selection.



The following hypothetical applications (of interest to anketing analyst) defined on tizenons’ R Us

database motivate the finer-level block selection.

1. The analyst wants to model data collected on all Mondaysnayze sales immediately after the
weekend. The required blocks are selected from the urcesdrivindow by a predicate that marks all

blocks added to the database on Mondays.

2. The analyst is interested in modelling data collectedidvi@ndays in the past8 days (corresponding
to the lastd weeks). In this case, a predicate that marks all blocks @eleon Mondays in the most

recent window of siz&8 selects the required blocks.

3. The analyst wants to model data collected on the same dine afeek as today within the pazt
days. The required blocks are selected from the most recieriow of size28 by a predicate that,

starting from the beginning of the window, marks all blockislad every seventh day.

Note that the block selection predicate is independent efstiarting position of the window in the
first and second applications whereas in the third apptioatit is defined relative to the beginning of the
window and thus moves with the window. We now define ltkack selection sequence (B$&formalize
the intuition behind the selection predicate. Informalhg BSS is a bit sequence @ and1’s; a1 in the
position corresponding to a block indicates that the bleckelected for mining, and@indicates that the

block is left out.

Definition 2.1 Let D[1,¢] = {Dy, ..., D;} be the current database snapshot an®let— w + 1, ¢] be the
most recent window of size. A window-independent block selection sequeseesequencéy, ... b, ...)
of 0/1 bits. A window-relative BS® a sequenceby, ..., b,) of bits (; € {0,1}), one per block in the

most recent window. ®

Note that the sharp distinction between the unrestrictadlow and the most-recent window allows the
window-relative block selection sequence to exist. Otlimgywusing a fixed block selection sequence and
just the unrestricted window option, we cannot expresseheirement of dynamically maintaining models
on data “collected on all alternate days within the past 3Gda
Automatic Block Selection Sequence DiscoveryModel maintenance with respect to a given block se-
lection sequence assumes that the data analyst knowsyewdiett selection contraints need to be applied.
However, in some cases the analyst may not be aware of suttaiods. Even otherwise, the data analyst
may want to know if the sequence of blocks contains any unknioieresting block selection sequences.

We address this issue of automatically detecting intergstelection constraints in Section 4.
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3 Incremental Model Maintenance Algorithms

In this section, we discuss incremental model maintenalym@ithms for the two options on the data span
dimension. In Section 3.1, we describe model maintenargmitims for frequent itemsets and clustering
under the unrestricted window optiérin Section 3.2, we describe a generic model maintenanceitigo
called GEMM for the most recent window option. The instantiation of GEN@djuires a model mainte-
nance algorithm for the unrestricted window option. Thednsiated algorithm has identical performance
characteristics (time between the arrival of a new blockthedavailability of the updated model) and main-
memory requirements as the algorithm instantiating GEMMhat cost of a small amount of additional
disk space and off-line processing. GEMM can be instarttifde any class of data mining models, and
with any incremental model maintenance algorithm besidesohes we discuss in Section 3.1. Therefore,
GEMM can take full advantage of specialized applicatiopaet@lent incremental model maintenance algo-
rithms to deliver better performance. Before describingalgorithms, we formally introduce the problems
of frequent itemset computation and clustering. Since weatalescribe any new algorithms for maintain-

ing decision tree models, we do not discuss the decisiomiaaels in detail.

Set of Frequent Itemsets:Let Z = {iy,...,i,} be a set of literals calledems A transactionand an
itemsetare subsets ¢f. Each transaction is associated with a unique positivg@ntealled théransaction
identifier. A transactionl” is said tocontainan itemsetX if X C 7. Let D be a set of transactions. The

supportop(X) of an itemsetX in D is the fraction of the total number of transactionglirthat containX:

op(X) def |{T:Te‘%‘X§T}|

said to befrequenton D if op(X) > . The set offrequent itemsetd (D, x) consists of all itemsets that

. Letx (0 < k < 1) be a constant called thminimum supportAn itemsetX is

are frequent orD; formally, L(D,x) = {X : X C Z,0p(X) > k}. Thenegative bordetN B~ (D, k) of
D at minimum support thresholglis the set of all infrequent itemsets whose proper subsetalkirequent.
Formally, NB~(D,k) ={X : X CZ,0p(X) <k AVY C X,o0p(Y) > k}.

The TID-list 6p(X) of an itemsetX is the list of transaction identifiers, sorted in the incregorder, of
transactions irD that contain the itemset. Thesizeof 0 (X) is the (disk) space occupied By (X). We
write (X)) ando(X) instead o¥p(X) andop(X) if D is clear from the context.

2In prior work, we developed an algorithm for incremental idem tree construction [GGRL99b]. Hence we do not address

this problem here.
3GEneric M odelM aintainer



Clustering: The clustering problem has been widely studied and sevefaditdons for a cluster have been
proposed to suit different target applications. In geneted goal of clustering is to find interesting groups
(called clusterg in the dataset such that points in the same group are moiitasim each other than to
points in other groups. The notion of similarity betweenlésps usually captured by distancefunction,
and the quality of clustering is usually measured by a degdmasedriterion function(e.g., the weighted
total or average distance between pairs of points in clsistéknd, the goal of a clustering algorithm is to
determine a good-as determined by the criterion functierpartition of the dataset into clusters. cduster
modelconsists of all the clusters identified in the data. Sincectbstering problem has been considered
in several domains, many definitions exist which sometinmisiénce the algorithms as well. Without
constraining ourselves to a specific approach, we adoptdit@nving (semi-)formal definition from the
Statistics literature for the clustering problem [JD8&Jiven the required number of clusteks, a dataset
of N points, a distance-based measurement function, and aioritéunction, partition the dataset int&’

groups such that the criterion function is optimized.

3.1 Unrestricted Window

In this section, we describe incremental model maintenatgerithms for frequent itemsets and clusters

for the unrestricted window option with respect to a usezesiied BSS.

3.1.1 Set of Frequent Itemsets

When a new blockD,,; is added taD[1,t] andb;1 = 1, the set of frequent itemsets needs to be updated.
(If b1.1 = 0, the current set of frequent itemsets carries over to thesmapshot.) In this section, we discuss
two new algorithms, called ECUTand ECUT", for dynamically maintaining the set of frequent itemsets.
These algorithms improve upon the previous best algofAfBORDERS, which was independently devel-
oped by Feldman et al. [FAAM97] and Thomas et al. [TBAR97hd&Tmprovements exploit the systematic
data evolution.) First, we briefly review the BORDERS algjun before discussing new algorithms.

The BORDERS algorithm consists of two phases. (1) @gction phaseecognizes that the set of
frequent itemsets has changed. (2) Tpelate phase&ounts a set of new itemsets required for dynamic
maintenance. The detection phase relies on the maintemdiribe negative border along with the set of
frequent itemsets. When a new blofk; is added taD([1, t], the supports of the set of frequent itemsets

L(DI1,t], k) and the negative border items&B3~ (D[1, t], ) are updated to reflect the addition. Detecting

“Efficient CountingUsing TID-lists
SPudi et al. independently developed a new algorithm for ta#ing frequent itemsets [PHOO0].



that a frequent itemset is no longer frequent is straightfod. The detection of new frequent itemsets is
based on the following observation. If a new item&ebecomes frequent oP[1,¢ + 1] then eitherX or
one of its subsets are in the negative bordeB~ (D]1,t],x) of D[1,t]. Therefore, if there is no itemset
X € NB™(DI1,t], k) whose support(X) on D[1,¢ + 1] is greater tham, then no new itemsets become
frequent due to the addition @, 1, i.e., L(D[1,t + 1],x) C L(D[1,t], ).

The update phase is invoked if new frequent itemsets aredthggthe detection phase. Itemsets that
are no longer frequent o[1,t + 1] are deleted fromL(DJ[1,t], ), new itemsets that are frequent on
DI[1,t + 1] are added td.(D[1,t],). Deleting itemsets that are no longer frequent is stragmird®
If an itemsetX € NB~(D[1,t],x) becomes frequent o1, + 1], new candidate itemsets are gener-
ated by joiningX with L(D[1,], x) (using the prefix join [AMS 96]); after pruning those itemsets whose
subsets are not frequent, the supports of the remainingidateditemsets are counted. If a subgegt of
the set of new candidates is frequent, then more new camdidgmsets are generated by joinihg with
L(DI[1,t],x) U Ly, their support counted, and so on until no new frequent iesnare found. The new set
of frequent itemsets is added to the current set of frequemnsets resulting il.(D[1,¢ + 1], x). The set
of new candidates (after the pruning step) is added to thativegoorder resulting itN B~ (D[1,t + 1], k).
Typically, the number of new candidate itemsets is very 5fRAIAM97, TBAR97]. The BORDERS al-
gorithm counts the supports of new candidate itemsets bgniing them in a prefix tree [Mue95hnd
scanning the entire datasét[1,t]. In this paper, we use the prefix tree data structure and tefémis

counting procedure a@T-Scan(for Prefix TreeScarn).

ECUT

To improve the support-counting algorithm in the updatesghave exploit systematic data evolution and
the fact that, typically, only a very small number of new caate itemsets needs to be counted. The
intuition behind our new support-counting algorithm EC$Tsimilar to that of an index in that it retrieves
only the “relevant” portion of the dataset to count the suppb an itemsetX. The relevant information
consists of the set of TID-lists of items iK. ECUT uses TID-list9(4),...,0(ix) of all items in an
itemsetX = {iy,...,i} to count the support ok'. The cardinality of the result of the intersection of these
TID-lists equalss (X). Since TID-lists, by definition, consist of transactionritiéers sorted in increasing

order, the intersection can be performed easily; the praeets exactly the same as the merge phase of a

®If an itemsetX € L(DI[1,],) is no longer frequent om[1,¢ + 1], then X is deleted fromL(D(1, ], x) and added to

NB™(D[1,t],k). All the supersets ok are deleted froniVB~(D[1, t], k).
A hash tree has also been proposed for the same purpose {86]1S



sort-merge join. The support of an itemsét= {i4, ..., i} is given as follows:

{z:2€0p(ir) Az €0p(ia) A... AOp(ik)}]

The size of the TID-list of an item € 7 is typically one to two orders of magnitude smaller than the
size of D. The amount of data fetched by ECUT to count the support dieansetX = {iy, ..., i} is equal
to the sum of the suppor@jg?:1 o(i;) of all items in X which, again, is typically an order of magnitude
smaller than the space occupied by Therefore, whenever the number of itemsets to be countedtis
large, ECUT is significantly faster than (previous) supsmantinting algorithms which scan the entire dataset
D[1,t].
Organization of TID-lists: To take full advantage of the TID-lists of items, we selestiivread only the
relevant portion of the TID-lists derived from the set of the selected by the BSS. The following two

observations allow the TID-list of an item with respect¥fl, ¢] to be partitioned inta parts, one per block.

1. Additivity property: The support of an itemseX on DI1,¢] is thesumof its supports in blocks
Ds,...,Dy.

2. 0/1 property: Because of the nature of the block selection sequence tieéhédr selects a block
completely or not at all, we never need to count the suppaaihafemsetX partially in any blockD;,

ie{l,..., t}.

The implication of the above two properties is that foe Z, all the TID-listsép, (x) for each blockD;
can be constructed whdb; is added to the database and usedthout any further changesfor counting
supports of itemsets. Since the identifiers of transaciiocrease in the order of their arrival, materialization
of TID-lists of items is straightforward. A block); is scanned and the identifier of each transacfion D;
is appended tdp, (z) if T contains the itemx. The TID-lists of all items are materialized simultanegusl

by maintaining a buffer for each TID-list and flushed to diskemever it is full.

Space Requirements:The space required to maintain TID-lists for all itemsZins given by the sum of
supports of all items T, which equals the space occupied by the database storeceasfaransactions.
Moreover, any information that can be obtained from thedsational format can also be obtained from
the set of TID-lists. Therefore, the TID-list represeraatis an alternative for the traditional transactional

representation of the database; we no longer require tladdse in the traditional transactional format.



ECUTT

We now describe ECUT which improves upon ECUT if additional disk space is avadallhe intuition
behind ECUT" is that the support of an itemsat can also be counted by joining the TID-lists of itemsets
{X1,..., X} aslong asX; U --- U X}, = X, where the sizes of some or all;’s are greater than one.
The greater the sizes df;’s, the faster it is to count the support &f because the support &f; and hence
the size of its TID-list typically decreases with increaseé.X;|; moreover, fewer TID-lists are sufficient to
count the support oK. Therefore, if we materialize TID-lists of itemsets of sgreater than one in addition
to the TID-lists of single items, then the support’Xfmay be counted faster than using the TID-lists of the
individual items inX. We now discuss the trade-offs involved as well as our saruti

For a blockD;, after materializing TID-lists of individual items, supggan additional amount of disk
spacelM; is available to materialize TID-lists of itemsets of sizeaper than one. How do we choose the
appropriate set of itemsets whose TID-lists are to be naized? Each TID-listp,(X) has a certain
benefit and a cost. Thép, (X)) can be used to count the support of any item¥sed X adds to its benefit,
and the cost ofp, (X) is the space it occupies. However, to count the support ofeamsetY” we need
a set of TID-lists of itemset%7,...,Y}; such thaty; U --- U Y, = Y, some of which could correspond
to individual items. The goal now is to maximize the total &#ngiven an upper bound on the cost. This
problem is the same as the NP-hard view materializationlpnel{iencountered in data warehousing) on
AND-OR graphs [Gup97]. Even the approximate greedy algorifor selecting a set of itemsets that leads
to a high benefit is, in the worst case, exponential in the rerrobmaterializable itemsets [Gup97]. Due to
the very high complexity of even an approximate solutiondeeise a simple heuristic which, as confirmed
by our experiments, works well in practice.

The intuition behind our heuristic is based on the followoigservations. A significant reduction in the
time required to count the support of an itemset results ftbenuse of2-itemsets instead of-itemsets.
Also, the supportp(X) of an itemset is indicative of its benefit because it is mdtelyi that an itemset
with higher support will be a subset of a larger number of gets whose supports need to be counted in
future. These observations motivate the following heigrighoice of itemsets to be materialized.

Let D = DJ1,t] be the current window. For a new blodR;;, we materialize the TID-lists of the
set of all frequent-itemsets inL(D[1,¢],x). If the sum of supports o, of all frequent2-itemsets is
greater than/;,, we choose as mari+itemsets as possible; an itemsétwith a higher overall support
op(X) is chosen before another item3étwith a lower supportp(Y'). This simple heuristic provides a

good trade-off between the reduction in time for counting sipport of itemsets and the high complexity
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of more complicated algorithms.

As the database evolves, the data analyst may want to chhagaifimum support threshold from
k to /. It is trivial to update the set of frequent itemsets whén> «, becausel.(D,r’) C L(D,k).
Whenx' < k, we can use the BORDERS algorithm augmented with ECUT or ECidThe update phase.
The performance of the improved BORDERS algorithm depemdtghe number of new itemsets whose
support is to be counted. We empirically study the tradeseffveen using PT-Scan and ECUT or ECUT

in Section 5.

3.1.2 Clustering

We now describe our extensions to the BIRCH clustering &lyor[ZRL96] to derive an incremental clus-
tering algorithm called BIRCH. We first briefly review BIRCH before describing our extemsif

BIRCH works in two phases. In the first phase, the datasetnsarized into “sub-clusters.” The
second phase merges these sub-clusters into the requirdskenwof clusters using one of several traditional
clustering algorithms. (See [DH73, K.90] for an overviewsef/eral algorithms.) The intuition behind the
pre-clustering approach taken by these algorithms is exguicby the following analogy. Suppose each tuple
describes the location of a marble. Given a large number dblesdistributed on the floor, these algorithms
replace dense regions of marbles with tennis balls wherk amis ball is ssub-clusterof a cluster of
marbles. The number of tennis balls is a controllable patanand the space required for representing a
tennis ball is much smaller than that required for repraagnthe collection of marbles. Therefore, it is
possible to cluster these tennis balls using one’s own it@volustering algorithm, e.g., K-Means.

More formally, in the firstpre-clusteringphase, the dataset is scanned once to identify a small set of
sub-clusterg€ which are represented very concisely using tleister features (CFs)The setC discovered
in the first phase fits easily into main memory. The second elfiagher analyze€ and merges some
sub-clusters that are close to each other to form the ussifsa number of clusters. Therefore, as long
as tuples that are to be placed in the same cluster are agdigiseib-clusters that are close to each other,
the end result after the second phase is the same. Thisrtodeta slight errors in the assignment of tuples
to sub-clusters makes BIRCH robust to changes in the indrorSince the second phase works on the
in-memory set’, it is very fast. Hence, the first phase dominates the oversdlurce requirements.

Our straight-forward extension, BIRCH exploits the facts that BIRCH is not sensitive to the input

order of the data and that the set of sub-clusters is maatt&nincrementally. LeD[1,¢] be the current

8See [ZRL96] for the complete description.
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Figure 1: Most Recent Window

database snapshot. We give an inductive description oflwgitam. For the base case,= 1, we just
run BIRCH onD][1,1]. Attimet + 1, assume that the output of the first phase of BIRCH, the sailwf s
clustersC, is maintained in-memory. Wheb,, ; is added taD[1, t|, we update’; by scanningD;; as if
the first phase of BIRCH had been suspended and is now resureéthe updated set of sub-clusters be
Ci+1. We then invoke the second phase of BIRCHGpn; to obtain the user-specified number of clusters
on D[1,t + 1]. The selC;;; is maintained in-memory for the next block, completing theuiction step.

Therefore, at any time, the set of clusters is the same as if the non-incrementatitdign BIRCH was
run onDI1,t]. Note that the response time of BIRCHb very small, since the new blodR;,; needs to be
scanned only once and the second phase of BIRCH takes aihkgigiount of time.

BIRCH™ maintains the set of summarized cluster representationshwtypically, is sufficient to dis-
cover and understand the sparse and dense regions in tketdaizs meeting the primary goal of clustering.
However, if the set of points in the datadefl, ¢t + 1] needs to be partitioned based on their cluster member-
ship, then we scan the dataset and associate with each galrgldahat corresponds to the cluster to which
the point belongs. The second scan is characteristic ofuataring algorithms that use summarized cluster

representations [ZRL96, GRS98, SCZ98].

3.2 Most Recent Window

We now describe GEMM, a generic model maintenance algoritnitine most recent window option. Given
a class of models\1 and an incremental model maintenance algoritAy for the unrestricted window
option, GEMM can be instantiated with, to derive a model maintenance algorithm (with respect tt bot
window-independent and window-relative block selectiegugences) for the most recent window option.
For both window-independent and window-relative bloclesgbn sequences, the central ideain GEMM
is as follows. Starting with the blockR;_,1, the windowD|t — w + 1, t] of sizew evolves inw steps as
each blockD,_,,+;, 1 < i < w, is added to the database. Therefore, the required modétdéonvindow
D[t —w + 1,t] can be incrementally evolved usingy in w steps. For example, the windol([3, 5] in

Figure 1 evolves in three steps starting with, and consequently the model @13, 5] can be built in three
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steps. The implication is that at any point, we have to maintzodels for all future windows-windows
which become current at a later instaht> t—that overlap with the current window.

Suppose the current windowy, is D[t — w + 1,t]. There arew — 1 future windows that overlap with
D]t — w + 1,t]. We incrementally evolve models (usinb,) for all such future windows. For each future
window f; = D[i +t —w+ 1,1 + t], 0 < ¢ < w, we maintain the model with respect to an “appropriate”
BSS for the prefixD[i + t — w + 1, ] of f; that overlaps with,,,. (The choice of the appropriate BSS for
each prefix is explained later.) Since there are 1 future windows overlapping with the current window,
we maintainw — 1 models in addition to the required model on the current wmd&/henever a new block
is added to the database shifting the windowtie — w + 2, ¢ + 1], the model corresponding to the suffix
D[t —w + 2,t] of ¢, Is updated “appropriately” using », to derive the required model on the new window
D[t —w+2,t+1].

As an example, consider the current database snafg3fo8] with w = 3 in Figure 1. The future
windows that overlap wittD[1, 3] are D[2, 4] and D[3, 5]. The models that are maintained in addition to the
current model onD[1, 3] are extracted fronD[2, 3] and D[3, 3] —the prefixes ofD[2, 4] and D3, 5] that
overlapD|1, 3].

The choice of the BSS for extracting a model from the overlatpvieen the current window and a future
window depends on the type of BSS: window-independent odainrelative. We first describe the choice

for the window-independent BSS and then extend it to the owncklative BSS.

3.2.1 Window-independent BSS

Consider the database snapsligfl, 3] shown in Figure 1 withw = 3 and the window-independent
BSS (b1, b,...) = (10110---) (shown above the window). The current model b, 3] is extracted
from the blocksD; and Ds. After D, is added, the window shifts right and the new modell?j2, 4] is
extracted from the block®3; and D4. We observe that the new model can be obtained by updatimg(us
A ) the model extracted from, and Ds (the prefix of D[2, 4] that overlaps withD([1, 3]). The observa-
tion here is that the relevant set of blocks (for the modeleetéd fromD[2, 3]) is selected fronD]1, 3] by
projecting the two bitd, andbs from the original BSS10110- - -), and by padding the projectiai, bs
with a zero bit in the leftmost place to derive, by, bs). We call the operation of deriving a new BSS by
projecting the relevant part from the window-independe8SBheprojection operation

We now formalize the projection operation. Without loss ehgrality, we useD[1,w] (sett = w

in D[t — w + 1, t]) to represent the current window of size Letb = (by,...,by,...) be the window-
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independent BSS. Tharojection operation takes as input a window-independent BSthe latest block
identifier ¢, and a positive integet < w to derive a new sequence of lengih(the window size) that

selects the relevant set of blocks (w.b)xfrom the current windowD|1, w]. Informally, the new sequence

is the projectiorby. 1, .. ., b, from b padded withk zeroes in the: leftmost placeso, ..., 0,bk11,. .., by.
Formally, thek-projected sequendglenoted}’) is given by(b, ..., b,) where
y def 0, ifo<i<k

b, ifk<i<uw

We need to introduce some more notation for describing théemnmaintenance. Leh(D[1,w],b) €
M denote the model extracted from the wind®{1, w] with respect to the BS& Let A (m, D;) denote
the updated model returned by, when a block of datad; is added to the dataset from which the model
m was extracted. Letl (D, ¢) represent the model extracted from the datdset

GEMM maintains a collection of models and updates it whenaveew block is added to the database.

We now define the collection of models and describe the upmjzeation.

Collection of Models: Given the current windowD[1, w] and the BS$ = (b1, ..., by, ...), we maintain

the collectionM_ ™! of models defined as follows.

MPET = f(D[1Lw],bY) t k=0, (w— 1)}

Informally, the collection consists (in addition to the m@ntly required model) of a model for every fu-
ture window overlapping witlD[1, w], andb}’ defines the BSS with respect to which the model is extracted
from D[1, w]. Note thatm(D[1,w], by ) is the required model on the current winddW1, w] with respect
to the BSS.

Algorithm 3.1 GAMMA-Update( A, M, D[1,w], b, Dyy1)

1+ Output: M1 5

begin
setmy 2 = M — (DI, w] b)Y U {m(Dusyr, b))
foreachkin {1...(w —1)}

AM(Dw+1,m(D[1,w + 1], bl]:)) if bw+1 =1

m(D[2,w + 1], b};’fll) = )
m(D[1,w + 1],b}) if byy1 =0
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end /* foreach */

end

Updating the Collection of Models: When a new blockD,, 1, is added to the database the (most recent)
window shifts toD[2, w + 1]. Recall that each model 'mylbD wlis extracted (with respect to an appropriate
BSS) from the prefix of a future window. The addition of a newdi extends these prefixes by one more
block, and the models are updated to reflect this extensiba.update operation on the collection of models
MP1"is described in Algorithm 3.1,

The modelm(D[2,w + 1], (ba, ..., by+1)) is the new model required with respect to the B8S
(b1,...,by,...) on the new windowD|[2, w + 1]. For the example in Figure 1y = 3 and the window-

independent BSS i€ 0110). Therefore, the collection of models maintained for thedeiw D1, 3] is:
{m(DI1,3],(101)), m(D[1, 3], (001)), m(DI1, 3], (001)) }
When the new bloclD, is added, the collection of models is updated to:
{m(D[2,4],(011)) = Am(Da, m(D[1,3],(001))), m(D[2,4], (011)), m(D(2, 4], (001))

Note that some of the models simultaneously maintained inhighdentical. For example, #” = b7,
then the modelsn (D1, w],b}’) andm(D[1,w],by’) are identical. In the above example, the second and
third models in the collection of models di[1, 3] are identical. (Both are equal te(D][1, 3], (001)).)

Therefore, the actual number of different models mainthigieany given time may be less than

3.2.2 Window-relative BSS

Consider the database snapsbqdt, 3] shown in Figure 1 withv = 3 and the window-relative BSS301).
The current model orD[1, 3] is extracted from the block®; and Ds. When D, is added, the window
shifts right and the new model aR|[2, 4] is extracted from the block®, and D,. Observe that the new
model can be obtained by updating (usiAg,) the model extracted from the blodR,. The important
observation is that the relevant set of blocks (for extrarthe model from the overlap betweénl, 3] and
D[2,4]) is selected fronD(1, 3] by the BSS010)—obtained by right-shifting the original BS§01) once
and padding the leftmost bit with a zero. We call this operatheright-shift operation.

Theright-shift operation takes as input a window-relative B e current time stamp, and a positive
integerk (k < w) to derive a new sequence of lengththat selects the relevant set of blocks (wh.

Informally, the relevant set of blocks correspond to thecheisen by sliding forward byk blocks, padding
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the leftmostk bits with zeroes, and truncating the sequence that slidgsnioeD,,. Formally, if b =

(b1,...,by) then thek-right-shifted sequence %), ...,b),) where

et ] 0 ifo<i<k
/o

b(i—k)7 if bk <i<w
The procedure for maintaining and updating a collection ofieis for a window-relative BSS is analo-

gous to Algorithm 3.1 with thé&-right-shift operation substituted for ttkeproject operation.

3.2.3 Response Time and Space Requirements

In this section, we denote the model on the windB\, w] with respect to a (window-independent or
window-relative) BSS by m(DJ[1,w],b). We define theesponse timéo be the time elapsed between
the addition of a new blockD,,,; and the availability of the updated model(D[2,w + 1],b). From
Algorithm 3.1, we observe that for either type of BSS, the patation of the new modeh(D[2, w + 1],b)
involves at most a single invocation gfy, with the two argumentsD,,.; andm(D[2, w],b") (Wherel’ is
defined by the projection or the right-shift operations)efigfore, the response time is less than or equal to
the time taken by \, to update the modeh(D[2, w], ') with D, 1.

Except for the modein (D2, w + 1],b), the models in/\/lf[z’“” are not required immediately in the
new window. Therefore, these updates are not time-critindlcan be performed off-line when the system is
idle. However, some of these models need to be updated kbfmsribsequent block arrives. An important
implication of the lack of immediacy of these updates is izt collectionM{?[l’w] of models except
m(D[2,w],b") can be stored on disk and retrieved when necessary. Thusmeory is not a limitation
as long as a single model fits in-memory. Like all current dabaing algorithms, we assume that at least
one model fits into main memory. In general, we maintair- 1 additional models on disk. Since the

space occupied by a model is insignificant when comparedatiooitcupied by the data in each block, the

additional disk space required for these models is nedgigib

3.2.4 Options and Optimizations

Certain classes of models are also maintainable undeliatelgttuples. For example, the frequent itemsets
model can be maintained under deletions of transactions.algorithm proceeds exactly as for the addition
of transactions except that the support of all itemsetsainatl in a deleted transaction is decremented.
Maintainability under deletions gives two choices for miogkaintenance under the most recent window

option. (1) GEMM instantiated with the model maintenangmathm A ,, for the addition of new blocks.
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(2) A%, that directly updates the model to reflect the addition ofrtéw block and the deletion of the oldest
block in the current window. We first discuss the space-timaed-offs between the two choices for the
special case when the BS8% ... 1), and then for an arbitrary BSS.

Let the BSS bd1...1). The first option GEMM requires slightly more disk space tamtein w — 1
models. The response time is that of invokidg to add the new block. In the second optidfy,, we only
maintain one model. Howeved{ , has to reflect the addition of the new block and the deletich@bldest
block and hence approximately (assuming that deletion opettakes as much time as addition and the
blocks being deleted and added are of the same size) takesawiong as GEMM. Therefore, GEMM has
better response time characteristics with a small increadisk space requirements.

The full generality of GEMM comes to the fore for classes ofdmis that cannot be maintained under
deletions of tuples, and in cases where model maintenaroer dieletion of tuples is more expensive than
that under insertion. For instance, the set of sub-clusteBIRCH cannot be maintained under deletions,
and the cost incurred by incremental DBScan to maintainehefclusters when a tuple is deleted is higher
than that when a tuple is inserted [EKSB].

When we consider an arbitrary BSS, a major drawback of usiiig to maintain models on the most
recent window with respect to an arbitrary window-relat®8S is that it may require deletion and addition
of many blocks to update the model. Recall that a (windowatnad) BSS chooses a subggtof the set
of blocks{D;, ..., D,} in the window. When the window shifts right, depending on B%S, a number
(> 1) of blocks may be newly added # and more than one block may be deleted frBmTherefore, A%,
scans all blocks in the newly added set as well as the deletedrsr certain block selection sequences, it
may reduce to the naive reconstruction of the model fromtskras illustrated by the following example.
Let the current database snapshot/ljé, 10], and the window-relative BSS §&010101010). The current
model is constructed froM\D,, D3, D5, D7, Dg}. If the window shifts right then the new set of blocks is

{Ds, D4, Dg, Ds, D1¢}, which is disjoint from the earlier set.

4 Pattern Detection

In the previous section, we discussed model maintenanaeithigs for a dynamically varying subset of
the database as specified by an arbitrary block selectiaeseq. The evolutionary nature of the data also
opens up new problems. We can ask how the behavior, over tingata characteristics changes. For
example, do data exhibit cyclic or seasonal patterns? Nhatiethis problem opattern detectioris not tied

to our notion of systematic data evolution, but arises fgr @dgynamically changing database. However, we
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can always view such a data repository as a (logical) sequehblocks. Therefore, assuming our model
of systematic block evolution, we now describe some regattsletecting “patterns of similar blocks.” In
the language of block selection sequences, our approdciitjvialy, is to identify a set of block selection
sequences where all blocks of data within each BSS are siimitheir data characteristics.

As a motivating example, consider the brand manager of adboérfrozen pizza. At any time, she
needs accurate predictions of sales for the upcoming weessdier to coordinate production, distribution
and marketing. Specifically, the manager would like to ustohic sales information to discover base line
sales trends that can be used to predict sales in upcominksw8nple patterns like “the number of pizzas
sold in the two weeks before Superbowl Sunday is signifigdritiher” are probably known to the manager
and knowledge of such a folklore pattern will not result iry@ompetitive advantage. However, lack of
knowledge of such patterns, or ignorance of common patteriisoe a striking competitive disadvantage.
Model maintenance with respect to a block selection sequaddressed this problem of maintaining models
for known interesting patterns. A more exploratory questis how can we discover interesting patterns
(or, equivalently, block selection sequences) of similacks in systematically changing data?

To detect a pattern from a sequence of blocks, we requireiamot similarity between any two blocks
of data. In prior work [GGRL99a], we developed the FOCUS fearark for computing an interpretable,
statistically qualifiable measure of difference caleviationbetween two datasets. The deviation quantifies
the difference between interesting characteristics i eataset as reflected in the data mining models they
induce. The deviation framework can be instantiated with @me of three popular data mining models:
frequent itemsets, decision tree classifiers, and clustée central idea is that a broad class of models
can be described in terms ofséructural componenand ameasure component he structural component
identifies “interesting regions,” and the measure compbs@mmarizes the subset of the data that is mapped
to each region. Given two datasets and models induced fresetdatasets, the framework extends the
structural components of the two models to a common stractomponent to reconcile the differences
between them. Now, the deviation between them is computedeaaggregate between the measures of
the two datasets over all regions in the common structuralpoment. The computation of the deviation
measure is fast since it requires at most one scan of eactetlat8ee [GGRL99a] for details.)

In the remainder of this section, we consider a fixed classatd dnining models\ and denote by
dm(D1, D2) the deviation value between two datasBtsand D, through the class of modelst. The mea-
sure of similarity between two datasé®s and D; is the statistical significance of the deviati® (D1, Ds)

betweenD; and D,. Informally, the statistical significance of the deviatimnthe probability that both

18



datasets are drawn from the same underlying hypotheticaless generating data. Formally, we say that
blocks D; and D4 are M-similar at significance levek (0 < a < 1) if (D1, D2) < «. In practice, this
similarity function is used with a binary rang8:or 1 where the function takes a valudf the two blocks
are similar and), otherwise. Note that our notion of similarity is symmetticit not transitive.

Given that we have a similarity function between any pair lotks, one approach for finding groups
of similar blocks is to treat each block as an object and thiecogter clusters of (similar) objects. (Several
clustering algorithms may be applicable here.) This apgrdzas the following drawback. Most cluster-
ing algorithms partition the set of objects and do not alloxertap between clusters [DH73, K.90]. Thus
individual sequences of blocks corresponding to diffei@asters do not overlap, which is a very strong
restriction. For instance, the two patterns “blocks cdédcevery Monday,” and “blocks collected on the
first day of every month” may not co-exist. For this reasom ¢hustering formulation is not suitable for
the problem of identifying patterns of similar blocks. Weandiscuss a simple alternate formulation that
overcomes this problem, and allows an efficient algorithnlike the NP-hard clustering problem).

To allow individual patterns represented by block selecBequences to overlap and to explicitly take
the logical order among blocks into account, we introduce rthtion ofcompact sequence®A compact
sequence is a maximal sequence of pairwise similar blookls that any block between the first and last
blocks in the sequence that is similar to each block befaretlie sequence also belongs to the sequence.
We call such sequences compact because they do not leaveyoblioak that is eligible to be included in
the sequence. In other words, there are no “holes” in theggesees. We realize that the set of compact
sequences may not include all classes of interesting segsehiowever, we believe that the set of compact
sequences may be analyzed further to discover specialiped of patterns by placing additional constraints
like cyclicity on the set of blocks in a compact sequence. Such specialiped bf sequences can be
computed by subjecting the set of sequences to a post-gingesep. For instance, (D1, D3, Dy, D5, D7)
is a compact sequence, we can easily derive the cyclic sequén, D3, D5, D7) from this input sequence.

For the sake of clarity in presentation, we use the followmugation. LetM be a class of models
selected from among frequent itemset models, decisiomtieels, and cluster modelgo instantiate the

deviation framework. (For instance, the analyst may selgmrticular class.)

Definition 4.1 Let f and g be the difference and aggregation functions in the insitinti of a deviation
function. Leta (D1, D7) denote the statistical significance of the deviation betwtes blocksD; and
D,. We say that block®); and D, are M-similar at significance level (0 < o < 1) if (D1, D2) < a.

We call a sequenc# of blocks{D;,, ..., D;, } compactf (1) each pair of blocks irb are similar, and
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(2) for any blockD; ¢ S, with an identifier; betweeni; andi, D; is not similar to at least one blodR; in

S wherei; < j < 1. ®

Consider the sequence of blockB;, Dy, D3, D4} where only the pairéD1, D5), (D1, D3), (D1, Dy),
and(D,, D,) are similar. Then the sequent®;, Dy, D, } is compact whereas the sequentfs, Dy, D3}
(which violates (1)) and, D, (which violates (2)) are not.

We now describe a simple algorithm that incrementally coi@pall compact sequences of blocks when
the unrestricted window option on the data span dimensiseliacted. The basic idea is to incrementally
maintain the set of compact sequences as new blocks are #tolded database. We give an inductive
description of the algorithm. In the base case=( 1), D, is added to the (empty) database. The set of
compact sequences just consists of the single sequendeor the induction step (> 1), assume that there
are exactlyt compact sequenc&s = G1,...,G; in D[1,t]. Let Dy, be the block that is added at time
t + 1. We setG,; = {Dy+1} and we extend eadfi; with D, if the extended sequence is still compact.
We setG;+1 = G, ..., Gwr1, completing our description of the algorithm.

To avoid repeated computation of deviations between theegaair of blocks, we maintain a matrix
consisting of all pair-wise deviations in the current dasdsnapshadd|[1, t]. Whenever a new block;
is added, we augment the matrix with the values of( D, 1, D;) fori € {1,...,t}. Itis straighforward to

show that the above algorithm actually computes all compagtiences.

This algorithm can be extended easily to apply to the mostrawindow option.
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5 Performance Evaluation

In this section, we first evaluate the performance of ourdn@ntal model maintenance algorithms for the
unrestricted window option. Since the response time forehathintenance under the most recent window
option using GEMM is the same as the response time for modisitemance under the unrestricted window
option, experimental results for the most recent windovicopare subsumed by results from the unrestricted
window option. We then show results from applying our deffamitof compact block selection sequences
and the corresponding algorithm to a real dataset of webypraxes. All running times were measured on

a 200 MHz Pentium Pro PC with 128 MB of main memory, and runisiolgris 2.6.

5.1 ECUT and ECUT*

In this set of experiments, we compared the running time oUE@nd ECUT" with the running time

of BORDERS [FAAM97, TBAR97]. Incremental maintenance afjkaitemsets proceeds in two phases,
and the detection phase of our algorithms is identical todétection phase of BORDERS. Thus we first
measured the performance improvements of our technigséscted to the update phase, and then examine
how much each phase contributes to the overall model maintentime.

We used the data generator developed by Agrawal et al. [AgPdénerate synthetic data. We write
NM.¢L.|Z|l.Nypatspplen to denote a dataset wilti million transactions, an average transaction lerigth
|Z| items (in multiples ofl000's), N,, patterns (in multiples 0£000's), and average pattern length The
running times of Algorithm ECUT had all2-frequent itemsets in each block materialized, thus fatifig
the best performance improvements. We observed in our iexeets, that for the ranges of the minimum
support thresholds and dataset parameters that we coedjdbe additional amount of space required for

this materialization was less thaa% of the overall dataset size (see Figure 3).

Experiment 1: We compared the update phases of ECUT and ECWith the update phase of BOR-
DERS, called PT-Scan. We computed a set of frequent itenasetse 1% minimum support from the
datasef 2, 4}M.20L.11.4patsdplen, then randomly selected a set of itemggfsom the negative border and
counted the support of all itemse®s € S againstD. We varied the size of from 5 to 180. Figure 2
shows that all algorithms scale linearly with the numbett@frisets inS, and the size of the input datadet
ECUT outperforms PT-Scan whef| < 75, and ECUT" outperforms PT-Scan in the entire range consid-
ered. WhenS| < 40, ECUT is more than twice as fast as PT-Scan and ECigTarounds times as fast as
PT-Scan. (Our results and previous work [FAAM97, TBAR97dwstthat|S| is typically less thar30. We
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considered larggS| to thoroughly explore the tradeoffs between the algorithms

Experiment 2: We compared the total time taken by the algorithms, brokemndato detection phase and
update phase. We first computed the set of frequent itemisatsestain minimum support thresholdrom

a first block. We then measured the overall maintenance &#qeired to update the frequent itemsets when
a second block is added. We fixed the distribution paramétetke first block to b&M.20L.11.4pats4plen,
and varied the value of and the distribution parameters for the second block aevi@ll x is chosen from
two values:0.008 and0.009. The second block is generated with parameter settiy20L.11.8patsdplen
(first set) and«M.20L.1l.4pats5plen (second set). The distribution characteristics indbeond set of
parameters causes more changes in the set of frequent itenBesides these distribution parameters,
we also varied the number of transactions in the second Btook 10K to 400K (0.5% — 20% of the first
block’s size).

The results from the first set of parameters are shown in Egydirand 5, and the results from the second
set in Figures 6 and 7. First, note that the update phase oflBEERS dominates the overall maintenance
time. Second, in most cases, ECUT and ECUiFe significantly faster than PT-Scan. When the sizes of
the new (second) block are reasonably small relative to kidfiost) block (less thars% of the original
dataset size), our algorithms are betw@en 10 times faster than PT-Scan, reducing the maintenance cost
sometime by an order of magnitude. In general, whenever EQUEICUT" were used in the update phase,

the detection phase dominates the total maintenance timereas for BORDERS the reverse is true.
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5.2 BIRCH™

In this section, we compare the running times of BIRCEind the non-incremental standard version of
BIRCH, which clusters the entire database whenever a neekldaives. Since Zhang et al. [ZRL96]
showed that the output of BIRCH is not sensitive to the inpuken we do not present any results on
order-independence. For the experiments in this sectienused the synthetic data generator described
by Agrawal et al. [AGGR98]. We generated clusters distgbubver all dimension¥ The synthetic data
generator requires three parameters: the number of pdintsmultiples of millions, the number of clusters
K, and the dimensionality. A dataset generated with this set of parameters is denéiddi c.dd.

We present an experiment on a representative dataset cfrosera wide variety of datasets we ex-
perimented with. The results are similar for all dataset® adhsider two blocks of data:M.50c.5d and
*M.50c.5d. We varied the number of tuples in the second block betw® K and 800K and added®%
uniformly distributed noise points to perturb the clustenters. Figure 8 shows that BIRCHsignificantly

outperforms BIRCH.

5.3 Pattern Detection on Web Proxy Traces

Through our experiments in this section, we test the validftour notion of a compact sequence of blocks
by examining results on a real dataset. Detection of infieigsequences would be a validation that the
restriction of compactness is not unnatural.

Our real dataset is a set of web proxy traces collected at OK. [It consists of more thag2 million

0%n general, the data generator can also generate clusters@ubset of the set of all dimensions.
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Figure 9: Patterns discovered in the Web Proxy Traces
tuples of web page requests collected over a periad afays betweed AM on 9 — 2 — 1996 and12 PM

on9 — 22 — 1996. Besides other information, the tuple of each web page =tqansists of the following
fields: a timestamp, the type of the object requested (eifg.jpg, etc.), and the number of bytes in the
response. The requested objects are classified (ntlifferent types and we discretized the number of bytes
received intol 000 consecutive intervals of siZ€)000 bytes. Our goal was to model potential relationships
between the types of request and the number of bytes receiVess we treated each tuple as a transaction
consisting of the object type and the bucket number of thpamse size, and chose as data mining model
the set of frequent itemsets at a minimum support level%f Using the timestamp field in the database,
we segmented the dataset into blocks while varying the bdork at five different granularitied (6, 8, 12,
and24 hour intervals).

Figure 9 summarizes some of the patterns discovered in tadase. From an analyst's point of view,
there are reasonable explanations for each pattern shoesidés the patterns shown in Figure 9, we also
find other “surprising” information. For instance, the daétaced on Monday, 9-9-1996, is significantly
different from the data traced on other working days. Théstieal significance of the deviation values
are as high a89% and our pattern detection algorithm recognizes this urusoak and does not include
it in any of the currently maintained patterns (some of whach shown in Figure 9). The patterns shown
exclude the weekends and the holiday 2 — 1996 (labor day), thus recognizing the dissimilarity between
data collected on weekdays and weekends. The followingesegu(obtained for a block granularity of
hours) illustrates that late night weekday blocks can belairto blocks on weekends{[8PM-12PM] on
9-5-1996 and [0AM-4AM] on 9-6-1996 (Thursday to Friday riigil2Noon-4PM] on 9-7-1996 (Saturday
afternoon), [BPM-12PM] on 9-18-1996 (Wednesday nightAN¥W8AM] on 9-20-1996 (very early Friday
morning)).

From these qualitative results with the real dataset, wer din@ following two conclusions. First, the
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experiments show that the notion of compact sequenceswdisamb by our simple algorithm is meaningful
and interesting. Second, the experiments also show thakethdts of our techniques are no panacea and
need some post-processing and interpretation.

Figure 10 shows the time taken to incrementally update thefsexisting compact sequences with
a new block. (We numbered the blocks frdimo 81, corresponding to the eighty twé&hour periods
from noon of9 — 2 — 1996 to midnight of9 — 22 — 1996.) The spikes correspond to blocks which are
significantly different from a large proportion of earlielobks, since computation of the deviation between
two significantly different blocks takes much longer thampuitation of the deviation between two similar
blocks. (In the former case, both blocks are almost alwagarsed, whereas in the latter, they are scanned
only rarely.) Not surprisingly, the block numbers corresging to spikes fall into weekends, where the data

characteristics are very different from the data charésttes of most weekday blocks.

6 Related Work

We first discuss incremental mining algorithms for frequiéensets, clustering, and classification. In gen-
eral, all algorithms we discuss now are designed for anlyitiasertions and deletions of transactions and
hence do not exploit systematic block evolution. Moreothay do not consider and cannot maintain models
for the most recent window option with respect to an arbjttalock selection sequence.

In Section 3, we discussed the BORDERS algorithm for increaily maintaining frequent itemsets.
The FUP algorithm and its derivatives [CHNW96, CLK97, CVB@@e the first to address the problem
of incrementally maintaining frequent itemsets. It makegesal iterations and in each iteration, it scans
the entire database (including the new block and the oldsdgta The BORDERS algorithm improves
the FUP algorithm by reducing the number of scans of the otdldse. Ester et al. [EK98] extended

DBScan [EKX95] to develop a scalable incremental clustgatgorithm. In prior work, we developed a
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scalable incremental algorithm for maintaining decisimetclassifiers [GGRL99b]. Utgoff et al. [Utg88]
developed ID5, an incremental version of ID3, which assuthasthe entire dataset fits in main memory
and hence is not scalable.

Ramaswamy et al. [RMS98] segment the database of transadti a sequence of time units to dis-
cover association rules that follow a user-defined pattgen these segments. They introduce the notion of
acalendarto allow users to express interesting patterns. A calersdaisequence of (possibly overlapping)
time intervals. An association rule is saidlielongto a calendar if the rule has the minimum support and
the minimum confidence on each segment corresponding toeauinit in the calendar. Given a set of cal-
endars, they discover all association rules that belongdét of calendars. Our work differs from that of
Ramaswamy et al. [RMS98] in two important aspects. Firgly issume that the database is static and then
discover association rules that belong to a calendar, vesese® maintain association rules as the database
evolves. Second, each time unit of the database in the aléndined for association rules whereas we
mine for a single combined model (belonging to one of sevelemses of models) over the set of selected
time units.

Counting frequencies of itemsets using TID-lists was firstppsed by Zaki et al. [ZPOL97]. They
observe that it is too expensive to count using TID-listsftlegquencies of alR-itemsets. Our results ex-
plain this observation. Later, Sarawagi et al. also expldtee use of TID-lists to count frequencies of
itemsets [STA98]. However, they use TID-lists to count treqcies of all candidate itemsets in each pass.
Overall, they observed that it is better to use a hash-tre@réfix tree) instead of TID-lists. Again, our
results explain the poor performance they observed: if tiralver of candidate itemsets is very high then
PT-Scan outperforms TID-lists. Concurrent with our worlyriBel et al. found that TID-lists are efficient
for mining association rules on a special class of datashishAhave a much higher number of items than
the number of transactions [DS99]. In contrast, we look a@mental maintenance of association rules for

any general transactional database.

7 Conclusions and Future Work

Figure 11 summarizes our contributions. We explored thélpra space of systematic data evolution for
two important objectives, model maintenance and pattetectien, and described efficient algorithms for
both objectives. In future work, we intend to (1) explore timpact of the block granularity on the types of
patterns discovered, and (2) to develop techniques to aiicaily determine appropriate levels of granu-

larity.
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