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Abstract

Data mining algorithms have been the focus of much re-
search recently. In praciice, the inpui data o a data min-
ing process resides in a large data warehouse whose data is
kept up-to-date through periodic or occasional addition and
deletion of blocks of dain. Most data mining algorithms have
either assumed that the input data is static, or have been de-
signed for arbitrary insertions and deletions of data records.
In thizs paper, we consider a dynamic environment that
evolves through systemaiic addition or deletion of blocks of
data. We infroduce a new dimension called the data span di-
mension, which allows user-defined selections of a temporal
subset of the daiabase. ITaking this new degree of freedom
inte account, we describe efficient model mainienance algo-
rithms for frequent ifemseis and clusters. We then describe
a generic algorithm that takes arny fraditional incremental
moadel maintenance algorithm and fransforms it into an al-

gorithm that allows restrictions on the data span dimension.
In a detailed experimental study, we examine the validity and

performance of our ideas.

1. Introduction

Organizations have realized that the large amounts of data
they accomulate in their daily business operations can yield
pzefuol “business intelligence.” or strategic insights, based on
obzerved patterns of activity. There is an increazing focos
on data mining, which has been defined as the application
of data analysiz and discovery algorithms to large databases
with the goal of discovening (predictrve) models [9]. Several
algorithms have been proposed for computing novel models,
for more efficient model construction, to deal with new data
types, and to quantify differences between datasets.

Most data mining algorithms so far have assumed that the
mnput data 15 static and do not take into account that data
evolves over time. Recently, the problem of mining evoly-
ing data has recerved some attention and incremental model
maintenance algorithms for several data mining models have

* Supported by a Microsoft Research Fallowshmp

tWork done when the author was at UW-hMadison
t This research was supported by Grant 2053 from the IEM corporation.

Johannes Gehrke'
Cornell University
Jjohannes@cs.cornell. edu

Raghu Ramakrishnan?
UW-Madison

raghul@cs.wisc.edu

been developed [3, 10, 16, 7, 11]. These algorithms are de-
signed to incrementally maintain a data mining model onder
arbitrary mnsertions and deletions of records to the database.

But real-life data often does not evolve in an arbitrary
way. Consider a data warehouse, a large collection of data
from multiple sources consolidated into a common reposi-
tory, to enable complex data analysis [4]. The data ware-
house 13 updated with new batches of records at regular time
intervals, e.g., every day at midnight Thusz data in the data
warehouse evolves through addition and deletion of batches
of records at a time. We refer to data that changes through ad-
dition and deletion of sets of records as systematically evolv-
ing daia. The main difference between arbitrary and system-
atic evolution is that in the former an indnidual record can
be vpdated at any time, whereas in the latter setz of records
are added together.

In thiz paper, we azzume a dynamic environment of sys-
tematically evolving data and mntroduce the problem of min-
ing systematically evolving data. The main contributions of
our work are:

1. We present a DEMONic® view of the world by explor-
ing the problem space of mining systematically evolv-
ing data {Section 2). We introduce a new dimension
called the data span dimension, which takes the tempo-

ral aspect of the data evolution mnto account and allows
an analyst to “mine” relevant subzets of the data.
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. We describe new model mamntenance algonthms with
respect to the selection constramnts on the data span di-
mension for two popular classes of data mining models:
frequent itemsets and clustering (Section 3.1). These al-
gorithms exploit the systematic block evolution to 1m-
prove the state-of-the-art incremental algorithms. We
alzo mtroduce a genenc algorithm that takes any tra-
ditional incremental model maintenance algorithm and
dermves an incremental algorithm that allows restrictions
on the data span dimension (Section 3 21). In particular,
the generic algorithm can be instantiated with our incre-
mental algorithms in Section 3.1.
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3. In an extensive experimental study, we evaluate our al-
gorithms and compare them with previous work wher-
ever possible (Section 4).

2. DEMON

In thiz zection, we introduce the problem of mining sys-
tematically evolving data. We describe our model of system-
atic data evolution ih Section 2.1. In Section 2.2 we enumer-
ate the problem space of mining systematically evolving data
by introducing the data span dimension, which allows tem-
poral restrichions on the data being mined. Then we refine
the type of restrictions by introducing the notion of a block
selection sequence in Section 2.3

2.1. Svstematic data evolution

We now describe our model of evolving data. We use the
term fuple generically to stand for the basic vnit of infor-
mation in the data, e.g., a customer transaction, a database
record, or an n-dimenszional point A dlock 1z a set of tu-
ples. We assume that the databasze [) consists of a (con-
ceptuoally infinite) sequence of blocks I}y, ... Dy, ... where
each block [ iz associated with an identfifier k. We assume
without lozz of generality that all identifiers are natoral num-
bers and that they increase in the order of their arrival. Un-
less otherwize mentioned, we uze t to denote the identifier
of the “latest™ block IJ;. We call the sequence of all blocks
I, ..., [ corrently in the database the cuwrrent database
snapshot.

Note that we do not azsume that block evelution follows
a regular period; different blocks may span different time
vnits. For example, the first two blocks of data may be added
to the database on Saturday and Sunday, respectively, and
the third block on the following Friday. The framework can
naturally handle this type of wregular block evelution. The

lack of constraints on the time spanned by any block alzo
allows us to incorporate hierarchies on the time dimenszion.

(We just merge all blocks that fall under the zame parent.)

2.2. Data span dimension

When mining systematically evolving data, some applica-
tions are interested in mining all the data accumulated thus
far, whereas some other applications are interested in mining
only a recently collected portion of the data.

As an example, consider an application that analyzes a
large database of documents. Suppose the model extracted
from the databaze through the data mining process is a set
of document clusters, each consizting of a set of documents
related to a common concept [18]. The document cluster
model 15 used to associate new, uvnclaszified documents with
existing concepts. Occasionally, a new block of documents
15 added to the database, necessitating an update of the doc-
vment clusters. Typical applications in this domain are inter-
ested in clustering the entire collection of documents.

In a different application consider the databaze of the hy-
pothetical



Note that the block zelection predicate is ndependent of the
starting posthion of the window 1n the first and second appli-
cations whereas in the third application, it 13 defined relative
to the beginning of the window and thus moves with the win-
dow. We now formally define the block seleclion sequence
(B55). Informally, the B5S5 iz a bit sequence of (J's and 1's: a
1 in the position corresponding to a block indicates that the
block 15 selected for mining. and a () indicates that the block
15 left out.

Definition 2.1 Lef D1, 8] — {I),..., I} be the current
database snapshot and let DMt — w + 1, t] be the most recent
window of size w. A window-independentblock zelection se-
quence is a sequence (by, ... b, ... of (/1 bits. A window-
relative BSS ir a sequence (by, ... b, ) of bits (b; € {0, 1}),
one per block in the most recent window.

3. Model maintenance algorithms

In thiz section, we dizcuss incremental model mainte-
nance algorithms. In Section 3.1, we describe the model
maintenance algorithms for frequent 1temsets and clustering
pnder the uarestricted window Dpﬂﬂﬂ.: In Section 3.2,
we describe a generic model maimntenance algorithm
called GEMM for the most recent window option. The
instantiation of GEMM requires a model maintenance algo-
rithm for the unrestricted window option. The instantiated
algorithm has identical performance characteristics (time
between the arrival of a new block and the availability of
the updated model) and mam-memory requirements as the
algorithm instantiating GEMM at the cost of a small amouont
of additional disk zpace and off-line processing. GEMM can
be instantiated for any class of data mining models, and
with any meremental model maintenance algorithm besides
the onez we dizcozs 1n Section 3.1. Therefore, GEMM can
take full advantage of specialized application-dependent
mcremental model maintenance algorithms to deliver better
performance. Before describing our algorithms, we formally
define the problems of frequent stemset compuotation and
clustering.

Set of Frequent Itemsets: Let T — {iy....,1,} be a zet of
literals called items. A transaction and an ifemset are subsets
of Z. Each tranzaction 1s associated with a uvnique positive
mteger called the fransaction identifier. A transaction T iz
zaid to contain an ttemszet X 1f X © T. Let ) be a zet of
tranzactions. The support o (X ) of an itemset X in [) is the
fraction of the total number of tranzactions in I} that contain
X:op(X) =g |{';':'1'::Iiri:|x-r:*:'}|_ Let k ([} < Kk < 1) be a con-
stant called the minimum suppori. An itemset X 13 sai1d to be
frequent on D if op(X) = k. The set of frequent itemsets

“In prior work, we developed an algorithm for meremental decision tree
construchion [11]. Hence we do not address this problam here.
GEnenc Model Mamtamear

L{I), k) consists of all itemsets that are frequent on IJ; for-
mally, L{D, k) — {X : X C I,op(X) > k}. The negative
border N B~ (D), k) of IJ at minimum support threshold & is
the zet of all infrequent rtemzets whose proper subsets are all
frequent. Formally, NB™(D,k) = {X : X C I, op(X) <
EAYY C X,op(Y) = k).

The TID-list 853( X ) of an itemset X 1s the list of transaction
identifiers, sorted in the increasing order, of transactions
in [ that contain the itemset X. The size of #(X) iz the
(dizsk) space occupied by @5( X). We write #( X)) and o X')
instead of @ ( X ) and op(X) if I is clear from the context.

Clustering: The clostering problem has been widely stud-
ied and several definitions for a cluster have been proposed

to suit different target applications. In general the goal of
clustering 1z to find interesting groups (called c/usiers) in the

datazet such that points in the zame group are more similar
to each other than to points in other groups. The qoality of a
set of clusters 1s typically captured by a distance-based crife-
rion function, e.g., the sum of mean-squared distances of all
points from the centers of clusters they belong to. We adopt
the following (zemi-formal definition from the Statistics lit-
erature for the clustering problem [13]. Given the reguired
number of clusters K, a dataset of N poinis, a distance-
based measurement function, and a criterion function, parti-
tion the dataset into K groups such that the criterion func-
tion ix optimized.

3.1. Unrestricted window

We now describe incremental model maintenance algo-
rithms for frequent ttemsets and clusters for the unrestricted
window option with respect to a user-specified BSS.

3.1.1. Set of frequent itemsets

When a new block [, 4, iz added to D1, ¢] and by, — 1,
the set of frequent itemsets needs to be updated. (If by, —
(), the current set of frequent itemsets carries over to the
new snapshot.) In thiz section, we discuss two new algo-
rithms, called ECUT® and ECUT™, for dynamically main-
taining the set of frequent itemszetz. Thesze algorithms 1m-
prove upon the previous best ﬂlgnrithms__ BORDEES, which
was mdependently developed by Feldman et al. [10] and
Thomas et al [168]. (The improvements exploit the sys-
tematic data evolution.) First, we briefly review the BOR-
DERS algorithm before discussing the new algorithms.

The BOERDERS algorithm consists of two phases. (1) The
detection phase recognizes that the set of frequent item-
sets haz changed. (2) The updafe phase counts a set of
new itemsets required for dynamic mamtenance. The de-
tection phase relies on the maintenance of the negative bor-
der along with the set of frequent itemszets. When a new

‘Efficient Comnting Using TID-lists
“To the best of cur kmowledse, this 1= the onlv alzonthm for meremean-
tally mamtaimngs frequent temsats.



