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Abstract

Data mining algorithms have been the focus of much re-
search recently. In practice, the input data to 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 data. 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 this paper, we consider a dynamic environment that
evolves through systematic addition or deletion ofblocksof
data. We introduce a new dimension called thedata span di-
mension, which allows user-defined selections of a temporal
subset of the database. Taking this new degree of freedom
into account, we describe efficient model maintenance algo-
rithms for frequent itemsets and clusters. We then describe
a generic algorithm that takes any traditional incremental
model maintenance algorithm and transforms 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 accumulate in their daily business operations can yield
useful “business intelligence,” or strategic insights, based on
observed patterns of activity. There is an increasing focus
on data mining, which has been defined as the application
of data analysis and discovery algorithms to large databases
with the goal of discovering (predictive) 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
input data is static and do not take into account that data
evolves over time. Recently, the problem of mining evolv-
ing data has received some attention and incremental model
maintenance algorithms for several data mining models have
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been developed [5, 10, 16, 7, 11]. These algorithms are de-
signed to incrementally maintain a data mining model under
arbitrary insertions 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 is updated with new batches of records at regular time
intervals, e.g., every day at midnight. Thus 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 assystematically evolv-
ing data. The main difference between arbitrary and system-
atic evolution is that in the former an individual record can
be updated at any time, whereas in the latter sets of records
are added together.

In this paper, we assume a dynamic environment of sys-
tematically evolving data and introduce the problem ofmin-
ing systematically evolving data. The main contributions of
our work are:

1. We present a DEMONic1 view of the world by explor-
ing the problem space of mining systematically evolv-
ing data (Section 2). We introduce a new dimension
called thedata span dimension, which takes the tempo-
ral aspect of the data evolution into account and allows
an analyst to “mine” relevant subsets of the data.

2. We describe new model maintenance algorithms with
respect to the selection constraints 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 im-
prove the state-of-the-art incremental algorithms. We
also introduce a generic algorithm that takes any tra-
ditional incremental model maintenance algorithm and
derives an incremental algorithm that allows restrictions
on the data span dimension (Section 3.2). 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 this section, we introduce the problem of mining sys-

tematically evolving data. We describe our model of system-
atic data evolution in 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 restrictions 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. Systematic data evolution
We now describe our model of evolving data. We use the

term tuple generically to stand for the basic unit of infor-
mation in the data, e.g., a customer transaction, a database
record, or ann-dimensional point. Ablock is a set of tu-
ples. We assume that the databaseD consists of a (con-
ceptually infinite) sequence of blocksD1, . . . , Dk, . . . where
each blockDk is associated with anidentifierk. We assume
without loss of generality that all identifiers are natural num-
bers and that they increase in the order of their arrival. Un-
less otherwise mentioned, we uset to denote the identifier
of the “latest” blockDt. We call the sequence of all blocks
D1, . . . , Dt currently in the database thecurrent database
snapshot.

Note that we do not assume that block evolution follows
a regular period; different blocks may span different time
units. 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 irregular block evolution. The
lack of constraints on the time spanned by any block also
allows us to incorporate hierarchies on the time dimension.
(We just merge all blocks that fall under the same 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 database through the data mining process is a set
of document clusters, each consisting of a set of documents
related to a common concept [18]. The document cluster
model is used to associate new, unclassified documents with
existing concepts. Occasionally, a new block of documents
is added to the database, necessitating an update of the doc-
ument clusters. Typical applications in this domain are inter-
ested in clustering the entire collection of documents.

In a different application consider the database of the hy-
potheticalDemons’R Us toy store which is updated daily.

Suppose the set of frequent itemsets discovered from the
database is used by an analyst to devise marketing strategies
for new toys. The model obtained from all the data may not
interest the analyst for the following reasons. (1) Popular-
ity of most toys is short-lived. Part of the data is “too old”
to represent the current customer patterns, and hence the in-
formation obtained from this part is stale and does not buy
any competitive edge. (2) Mining for patterns over the entire
database may dilute some patterns that may be visible if only
the most recent window of data, say, the latest28 days, is an-
alyzed. The marketing analyst may be interested in precisely
these patterns to capitalize on the latest customer trends.

To capture these two different requirements, we introduce
a new dimension, called thedata span dimension, which of-
fers two options. In theunrestricted window (UW)option,
the relevant data consists of all the data collected so far. In
the most recent window (MRW)option, a specified number
w of the most recently collected blocks of data is selected
as input to the data mining activity. We call the parameter
w thewindow size; w is application dependent and specified
by the data analyst. Formally, letD1, . . . , Dt be the current
database snapshot. Then theunrestricted window(denoted
D[1, t]) consists of all the blocks in the snapshot. Ift ≥ w
themost recent window(denotedD[t− w + 1, t]) of sizew
consists of the blocksDt−w+1, . . . , Dt; otherwise, it con-
sists of the blocksD1, . . . , Dt. In the remainder of the pa-
per, we assume without loss of generality thatt ≥ w. Our
techniques can easily be extended for the special caset < w.

2.3. Block selection sequence
In this section, we introduce an additional selection con-

straint called theblock selection predicatethat can be applied
in conjunction with the options on the data span dimension
to achieve a fine-grained block selection. The following hy-
pothetical applications (of interest to a marketing analyst)
defined on theDemons’R Us database motivate the finer-
level block selection.

1. The analyst wants to model the data collected on all
Mondays to analyze sales immediately after the week-
end. The required blocks are selected from the unre-
stricted window by a predicate that marks all blocks
added to the database on Mondays.

2. The analyst is interested in modelling the data collected
on all Mondays in the past28 days (corresponding to
the last4 weeks). In this case, a predicate that marks
all the blocks collected on Mondays in the most recent
window of size28 selects the required blocks.

3. The analyst wants to model the data collected on the
same day of the week as today within the past28 days.
The required blocks are selected from the most recent
window of size28 by a predicate that, starting from the
beginning of the window, marks all blocks added every
seventh day.



Note that the block selection predicate is independent of the
starting position of the window in the first and second appli-
cations whereas in the third application, it is defined relative
to the beginning of the window and thus moves with the win-
dow. We now formally define theblock selection sequence
(BSS). Informally, the BSS is a bit sequence of0’s and1’s: a
1 in the position corresponding to a block indicates that the
block is selected for mining, and a0 indicates that the block
is left out.

Definition 2.1 Let D[1, t] = {D1, . . . , Dt} be the current
database snapshot and letD[t− w + 1, t] be the most recent
window of sizew. Awindow-independent block selection se-
quenceis a sequence〈b1, . . . , bt, . . .〉 of 0/1 bits. Awindow-
relative BSSis a sequence〈b1, . . . , bw〉 of bits (bi ∈ {0, 1}),
one per block in the most recent window.

3. Model maintenance algorithms
In this section, we discuss incremental model mainte-

nance algorithms. In Section 3.1, we describe the model
maintenance algorithms for frequent itemsets and clustering
under the unrestricted window option.2 In Section 3.2,
we describe a generic model maintenance algorithm
called GEMM3 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 main-memory requirements as the
algorithm instantiating GEMM at the cost of a small amount
of additional disk space and off-line processing. GEMM can
be instantiated for any class of data mining models, and
with any incremental model maintenance algorithm besides
the ones we discuss in Section 3.1. Therefore, GEMM can
take full advantage of specialized application-dependent
incremental model maintenance algorithms to deliver better
performance. Before describing our algorithms, we formally
define the problems of frequent itemset computation and
clustering.

Set of Frequent Itemsets:Let I = {i1, . . . , in} be a set of
literals calleditems. A transactionand anitemsetare subsets
of I. Each transaction is associated with a unique positive
integer called thetransaction identifier. A transactionT is
said tocontainan itemsetX if X ⊆ T . Let D be a set of
transactions. ThesupportσD(X) of an itemsetX in D is the
fraction of the total number of transactions inD that contain
X : σD(X) def= |{T :T∈D:X⊆T}|

|D| . Let κ (0 < κ < 1) be a con-
stant called theminimum support. An itemsetX is said to be
frequenton D if σD(X) ≥ κ. The set offrequent itemsets

2In prior work, we developed an algorithm for incremental decision tree
construction [11]. Hence we do not address this problem here.
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L(D, κ) consists of all itemsets that are frequent onD; for-
mally, L(D, κ) = {X : X ⊂ I, σD(X) ≥ κ}. Thenegative
borderNB−(D, κ) of D at minimum support thresholdκ is
the set of all infrequent itemsets whose proper subsets are all
frequent. Formally,NB−(D, κ) = {X : X ⊂ I, σD(X) <
κ ∧ ∀Y ⊂ X, σD(Y ) ≥ κ}.
TheTID-list θD(X) of an itemsetX is the list of transaction
identifiers, sorted in the increasing order, of transactions
in D that contain the itemsetX . Thesizeof θD(X) is the
(disk) space occupied byθD(X). We writeθ(X) andσ(X)
instead ofθD(X) andσD(X) if D is clear from the context.

Clustering: The clustering 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 is to find interesting groups (calledclusters) in the
dataset such that points in the same group are more similar
to each other than to points in other groups. The quality of a
set of clusters is typically captured by a distance-basedcrite-
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 (semi-)formal definition from the Statistics lit-
erature for the clustering problem [13].Given the required
number of clustersK, a dataset ofN points, a distance-
based measurement function, and a criterion function, parti-
tion the dataset intoK groups such that the criterion func-
tion is optimized.

3.1. Unrestricted window
We now describe incremental model maintenance algo-

rithms for frequent itemsets and clusters for the unrestricted
window option with respect to a user-specified BSS.

3.1.1. Set of frequent itemsets

When a new blockDt+1 is added toD[1, t] andbt+1 = 1,
the set of frequent itemsets needs to be updated. (Ifbt+1 =
0, the current set of frequent itemsets carries over to the
new snapshot.) In this section, we discuss two new algo-
rithms, called ECUT4 and ECUT+, for dynamically main-
taining the set of frequent itemsets. These algorithms im-
prove upon the previous best algorithm5, BORDERS, which
was independently developed by Feldman et al. [10] and
Thomas et al. [16]. (The improvements exploit the sys-
tematic data evolution.) First, we briefly review the BOR-
DERS algorithm before discussing the new algorithms.

The BORDERS algorithm consists of two phases. (1) The
detection phaserecognizes that the set of frequent item-
sets has changed. (2) Theupdate phasecounts a set of
new itemsets required for dynamic maintenance. The de-
tection phase relies on the maintenance of the negative bor-
der along with the set of frequent itemsets. When a new

4Efficient CountingUsingTID-lists
5To the best of our knowledge, this is the only algorithm for incremen-

tally maintaining frequent itemsets.



blockDt+1 is added toD[1, t], the supports of the set of fre-
quent itemsetsL(D[1, t], κ) and the negative border itemsets
NB−(D[1, t], κ) are updated to reflect the addition. Detect-
ing that a frequent itemset is no longer frequent is straight-
forward. The detection of new frequent itemsets is based on
the following observation. If a new itemsetX becomes fre-
quent onD[1, t + 1] then eitherX or one of its subsets are
in the negative borderNB−(D[1, t], κ) of D[1, t]. There-
fore, if there is no itemsetX ∈ NB−(D[1, t], κ) whose
supportσ(X) on D[1, t + 1] is greater thanκ, then no new
itemsets become frequent due to the addition ofDt+1, i.e.,
L(D[1, t + 1], κ) ⊆ L(D[1, t], κ).

The update phase is invoked if new frequent itemsets are
flagged in the detection phase. Itemsets that are no longer
frequent onD[1, t + 1] are deleted fromL(D[1, t], κ), new
itemsets that are frequent onD[1, t + 1] are added to
L(D[1, t], κ). Deleting itemsets that are no longer frequent
is straightforward.6 If an itemsetX ∈ NB−(D[1, t], κ) be-
comes frequent onD[1, t + 1], new candidate itemsets are
generated by joiningX with L(D[1, t], κ) (using the prefix
join [2]); after pruning those itemsets whose subsets are not
frequent, the supports of the remaining candidate itemsets
are counted. If a subsetLX of the set of new candidates is
frequent, then more new candidate itemsets are generated by
joining LX with L(D[1, t], κ) ∪ LX , their support counted,
and so on until no new frequent itemsets are found. The new
set of frequent itemsets is added to the current set of frequent
itemsets resulting inL(D[1, t + 1], κ). The set of new candi-
dates (after the pruning step) is added to the negative border
resulting inNB−(D[1, t + 1], κ). Typically, the number of
new candidate itemsets is very small [10, 16]. The BOR-
DERS algorithm counts the supports of new candidate item-
sets by organizing them in a prefix tree [14] and scanning the
entire datasetD[1, t]. We refer to this counting procedure as
PT-Scan(for Prefix Tree-Scan).

ECUT

To improve the support-counting algorithm in the update
phase, we exploit systematic data evolution and the fact that,
typically, only a very small number of new candidate item-
sets needs to be counted. The intuition behind our new
support-counting algorithm ECUT is similar to that of an
index in that it retrieves only the “relevant” portion of the
dataset to count the support of an itemsetX . The relevant
information consists of the set of TID-lists of items inX .
ECUT uses TID-listsθ(i1), . . . , θ(ik) of all items in an item-
setX = {i1, . . . , ik} to count the support ofX . The car-
dinality of the result of the intersection of these TID-lists
equalsσ(X). Since TID-lists, by definition, consist of trans-
action identifiers sorted in increasing order, the intersection

6If an itemsetX ∈ L(D[1, t], κ) is no longer frequent onD[1, t + 1],
thenX is deleted fromL(D[1, t], κ) and added toNB−(D[1, t], κ). All
the supersets ofX are deleted fromNB−(D[1, t], κ).

can be performed easily; the procedure is exactly the same
as the merge phase of a sort-merge join. The support of an
itemsetX = {i1, . . . , ik} is given as follows:

σD(X) =
|{x : x ∈ θD(i1) ∧ x ∈ θD(i2) ∧ . . . ∧ θD(ik)}|

|D|

The size of the TID-list of an itemx ∈ I is typically
one to two orders of magnitude smaller than the size ofD.
The amount of data fetched by ECUT to count the support
of an itemsetX = {i1, . . . , ik} is equal to the sum of the
supports

∑k
j=1 σ(ij) of all items inX which, again, is typ-

ically an order of magnitude smaller than the space occu-
pied byD. Therefore, whenever the number of itemsets to
be counted is not large, ECUT is significantly faster than
(previous) support-counting algorithms which scan the en-
tire datasetD[1, t].
Organization of TID-lists: To take full advantage of the
TID-lists of items, we selectively read only the relevant por-
tion of the TID-lists derived from the set of blocks selected
by the BSS. The following two observations allow the TID-
list of an item with respect toD[1, t] to be partitioned intot
parts, one per block.

1. Additivity property: The support of an itemsetX on
D[1, t] is thesumof its supports in blocksD1, . . . , Dt.

2. 0/1 property: Because of the nature of the block selec-
tion sequence that it either selects a block completely or
not at all, we never need to count the support of an item-
setX partially in any blockDi, i ∈ {1, . . . , t}.

The implication of the above two properties is that
for x ∈ I, the TID-lists θDi(x) for each blockDi can
be constructed whenDi is added to the database and
used—without any further changes—for counting supports
of itemsets. Since the identifiers of transactions increase
in the order of their arrival, materialization of the TID-lists
of items is straightforward. A blockDi is scanned and
the identifier of each transactionT ∈ Di is appended to
θDi(x) if T contains the itemx. The TID-lists of all items
are materialized simultaneously by maintaining a buffer for
each TID-list and flushed to disk whenever it is full.

Space Requirements:The space required to maintain the
TID-lists for all items inI is given by the sum of supports
of all items inI, which equals the space occupied by the
database stored as a set of transactions. Moreover, any in-
formation that can be obtained from the transactional format
can also be obtained from the set of TID-lists. Therefore,
the TID-list representation is an alternative for the traditional
transactional representation of the database; we no longer re-
quire the database in the traditional transactional format.



ECUT+

We now describe ECUT+ which improves upon ECUT if
additional disk space is available. The intuition behind
ECUT+ is that the support of an itemsetX can also be
counted by joining the TID-lists of itemsets{X1, . . . , Xk}
as long asX1 ∪ · · · ∪ Xk = X , where the sizes of some or
all Xi’s are greater than one. The greater the sizes ofXi’s,
the faster it is to count the support ofX because the support
of Xi and hence the size of its TID-list typically decreases
with increase in|Xi|; moreover, fewer TID-lists are suffi-
cient to count the support ofX . Therefore, if we materialize
TID-lists of itemsets of size greater than one in addition to
the TID-lists of single items, then the support ofX may be
counted faster than using the TID-lists of the individual items
in X . We now discuss the trade-offs involved as well as our
solution.

For a blockDi, after materializing the TID-lists of in-
dividual items, suppose an additional amount of disk space
Mi is available to materialize TID-lists of itemsets of size
greater than one. How do we choose the appropriate set of
itemsets whose TID-lists are to be materialized? Each TID-
list θDi(X) has a certain benefit and a cost. ThatθDi(X)
can be used to count the support of any itemsetY ⊃ X
adds to its benefit, and the cost ofθDi(X) is the space it
occupies. However, to count the support of an itemsetY
we need a set of TID-lists of itemsetsY1, . . . , Yk such that
Y1 ∪ · · · ∪ Yk = Y , some of which could correspond to indi-
vidual items. The goal now is to maximize the total benefit
given an upper bound on the cost. This problem is the same
as the NP-hard view materialization problem (encountered
in data warehousing) on AND-OR graphs [12]. Even the
approximate greedy algorithm for selecting a set of itemsets
that leads to a high benefit is, in the worst case, exponential in
the number of materializable itemsets [12]. Due to the very
high complexity of even an approximate solution, we devise
a simple heuristic which, as confirmed by our experiments,
works well in practice.

The intuition behind our heuristic is based on the follow-
ing observations. A significant reduction in the time required
to count the support of an itemset results from the use of2-
itemsets instead of1-itemsets. Also, the supportσD(X) of
an itemset is indicative of its benefit because it is more likely
that an itemset with higher support will be a subset of a larger
number of itemsets whose supports need to be counted in
future. These observations motivate the following heuristic
choice of itemsets to be materialized.

Let D = D[1, t] be the current window. For a new block
Dt+1, we materialize the TID-lists of the set of all frequent
2-itemsets inL(D[1, t], κ). If the sum of supports onDt+1

of all frequent2-itemsets is greater thanMt+1, we choose
as many2-itemsets as possible; an itemsetX with a higher
overall supportσD(X) is chosen before another itemsetY
with a lower supportσD(Y ). This simple heuristic provides

a good trade-off between the reduction in time for count-
ing the support of itemsets and the high complexity of more
complicated algorithms.

As the database evolves, the data analyst may want to
change the minimum support threshold fromκ to κ′. The up-
date procedure is trivial whenκ′ > κ, becauseL(D, κ′) ⊆
L(D, κ). Whenκ′ < κ, we can use the BORDERS algo-
rithm augmented with ECUT or ECUT+ in the update phase.
The performance of the improved BORDERS algorithm de-
pends on the number of new itemsets whose support is to be
counted. We empirically study the trade-off between using
PT-Scan and ECUT or ECUT+ in Section 4.

3.1.2. Clustering
We now describe our extensions to the BIRCH clustering

algorithm [19] to derive an incremental clustering algorithm
called BIRCH+. We first briefly review BIRCH before de-
scribing our extensions.

BIRCH works in two phases. In the first phase, thepre-
clusteringphase, the dataset is scanned once to identify a
small set of concisely represented sub-clustersC. The setC
discovered in the first phase fits easily into main memory.
The second phase further analyzesC and merges some sub-
clusters to form the user-specified number of clusters. Since
the second phase works on the in-memory setC, it is very
fast. Hence, the first phase dominates the overall resource
requirements.

Our algorithm, BIRCH+, incrementally clusters
D[1, t + 1] in two steps. LetD[1, t] be the current
database snapshot. We give an inductive description of the
algorithm. For the base case,t = 1, we just run BIRCH
on D[1, 1]. At time t + 1, assume that the output of the
first phase of BIRCH, the set of subclustersCt is maintained
in-memory. WhenDt+1 is added toD[1, t], we update
Ct by scanningDt+1 as if the first phase of BIRCH had
been suspended and is now resumed. Let the updated set
of sub-clusters beCt+1. We then invoke the second phase
of BIRCH on Ct+1 to obtain the user-specified number
of clusters onD[1, t + 1]. The setCt+1 is maintained
in-memory for the next block, completing the induction
step. Since the input order of the data does not have any
perceptible impact on the quality of clusters returned by
BIRCH [19], at any timet, the set of clusters is the same as
if the non-incremental algorithm BIRCH was run onD[1, t].
Note that the response time of BIRCH+ is very small, since
the new blockDt+1 needs to be scanned only once and the
second phase of BIRCH takes a negligible amount of time.

3.2. Most recent window
We now describe GEMM, a generic model maintenance

algorithm for the most recent window option. Given a class
of modelsM and an incremental model maintenance algo-
rithm AM for the unrestricted window option, GEMM can
be instantiated withAM to derive a model maintenance
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Figure 1. Most Recent Window

algorithm (with respect to both window-independent and
window-relative block selection sequences) for the most re-
cent window option.

For both window-independent and window-relative block
selection sequences, the central idea in GEMM is as follows.
Starting with the blockDt−w+1, the windowD[t− w + 1, t]
of size w evolves inw steps as each blockDt−w+i, 1 ≤
i ≤ w, is added to the database. Therefore, the required
model for the windowD[t− w + 1, t] can be incrementally
evolved usingAM in w steps. For example, the window
D3, D4, D5 in Figure 1 evolves in three steps starting with
D3, and consequently the model onD3, D4, D5 can be built
in three steps. The implication is that at any point, we have
to maintain models for all future windows—windows which
become current at a later instantt′ > t—that overlap with
the current window.

Suppose the current windowcw is D[t− w + 1, t]. There
arew − 1 future windows that overlap withD[t− w + 1, t].
We incrementally evolve models (usingAM) for all
such future windows. For each future windowfi =
D[i + t− w + 1, i + t], 0 < i < w, we maintain the
model with respect to an “appropriate” BSS for the pre-
fix D[i + t− w + 1, t] of fi that overlaps withcw. (The
choice of the appropriate BSS for each prefix is explained
later.) Since there arew − 1 future windows overlapping
with the current window, we maintainw − 1 models in ad-
dition to the required model on the current window. When-
ever a new block is added to the database shifting the win-
dow toD[t− w + 2, t + 1], the model corresponding to the
suffix D[t− w + 2, t] of cw is updated “appropriately” us-
ing AM to derive the required model on the new window
D[t− w + 2, t + 1].

As an example, consider the current database snapshot
D[1, 3] with w = 3 in Figure 1. The future windows that
overlap withD[1, 3] areD[2, 4] andD[3, 5]. The models that
are maintained in addition to the current model onD[1, 3] are
extracted fromD[2, 3] andD[3, 3] —the prefixes ofD[2, 4]
andD[3, 5] that overlapD[1, 3].

The choice of the BSS for extracting a model from
the overlap between the current window and a future win-
dow depends on the type of BSS: window-independent or
window-relative. Starting with the choice for the window-
independent BSS, we extend it to the window-relative BSS.

3.2.1. Window-independent BSS
Consider the database snapshotD[1, 3] shown in Figure 1

with w = 3 and the window-independent BSS〈b1, b2, . . .〉 =
〈10110 · · ·〉 (shown above the window). The current model
on D[1, 3] is extracted from the blocksD1 andD3. After
D4 is added, the window shifts right and the new model on
D[2, 4] is extracted from the blocksD3 andD4. We observe
that the new model can be obtained by updating (usingAM)
the model extracted fromD2 andD3 (the prefix ofD[2, 4]
that overlaps withD[1, 3]). The observation here is that the
relevant set of blocks (for the model extracted fromD[2, 3])
is selected fromD[1, 3] by projecting the two bitsb2 andb3

from the original BSS〈10110 · · ·〉, and by padding the pro-
jection b2, b3 with a zero bit in the leftmost place to derive
〈0, b2, b3〉. We call the operation of deriving a new BSS by
projecting the relevant part from the window-independent
BSS theprojection operation.

We now formalize the projection operation. With-
out loss of generality, we useD[1, w] (set t = w in
D[t− w + 1, t]) to represent the current window of size
w. Let b = 〈b1, . . . , bw, . . .〉 be the window-independent
BSS. Theprojection operation takes as input a window-
independent BSSb, the latest block identifiert, and a positive
integerk < w to derive a new sequence of lengthw (the win-
dow size) that selects the relevant set of blocks (w.r.t.b) from
the current windowD[1, w]. Informally, the new sequence is
the projectionbk+1, . . . , bw from b padded withk zeroes in
thek leftmost places:0, . . . , 0, bk+1, . . . , bw. Formally, the
k-projected sequence(denotedbw

k ) is given by〈b′1, . . . , b′w〉
where

b′i
def=

{
0, if 0 ≤ i ≤ k
bi, if k < i ≤ w

We need to introduce some more notation for describing
the model maintenance. Letm(D[1, w], b) ∈ M denote the
model extracted from the windowD[1, w] with respect to the
BSSb. Let AM(m, Dj) denote the updated model returned
by AM when a block of dataDj is added to the dataset from
which the modelm was extracted. LetAM(D, φ) represent
the model extracted from the datasetD.

As defined below, GEMM maintains a collection of
models and updates it whenever a new block is added to the
database.

Collection of Models: Given the current windowD[1, w]
and the BSSb = 〈b1, . . . , bw, . . .〉, we maintain the collec-

tionMD[1,w]
b of models defined as follows.

MD[1,w]
b = {m(D[1, w], bw

k ) : k = 0, . . . , (w − 1)}
Informally, the collection consists (in addition to the

currently required model) of a model for every future
window overlapping withD[1, w]; bw

k defines the BSS with
respect to which the model is extracted fromD[1, w]. Note
that m(D[1, w], bw

0 ) is the required model on the current



windowD[1, w] with respect to the BSSb.

Algorithm 3.1 Update(AM,MD[1,w]
b , D[1, w], b, Dw+1)

/* Output: MD[2,w+1]
b */

SetMD[2,w+1]
b = MD[1,w]

b − {m(D[1, w], bw
0 )}∪

{m(Dw+1, bw+1)}
foreachk in {1 . . . (w − 1)}

m(D[2, w + 1], bw+1
k−1 ) =




AM(Dw+1, m(D[1, w + 1], bw
k ))

if bw+1 = 1
m(D[1, w + 1], bw

k )
if bw+1 = 0

end /* foreach */

Updating the Collection of Models: When a new block
Dw+1 is added to the database the (most recent) window
shifts to D[2, w + 1]. Recall that each model inMD[1,w]

b

is extracted (with respect to an appropriate BSS) from the
prefix of a future window. The addition of a new block ex-
tends these prefixes by one more block, and the models are
updated to reflect this extension. The update operation on the
collection of modelsMD[1,w]

b is described in Algorithm 3.1.
The modelm(D[2, w + 1], bw+1

0 ) is the new model re-
quired with respect to the BSSb on the new window
D[2, w + 1]. For the example in Figure 1,w = 3 and the
window-independent BSS is10110. Therefore, the collec-
tion of models maintained for the windowD[1, 3] is:

{m(D[1, 3], 〈1, 0, 1〉), m(D[1, 3], 〈0, 0, 1〉), m(D[1, 3], 〈0, 0, 1〉)}

When the new blockD4 is added, the collection of models
is updated to:
{m(D[2, 4], 〈0, 1, 1〉) = AM(D4, m(D[1, 3], 〈0, 0, 1〉)),

m(D[2, 4], 〈0, 1, 1〉), m(D[2, 4], 〈0, 0, 1〉)
Note that some of the models maintained might be

identical. For example, ifbw
i = bw

j , then the models
m(D[1, w], bw

i ) and m(D[1, w], bw
j ) are identical. In the

above example, the second and third models in the collec-
tion of models onD[1, 3] are identical. (Both are equal to
m(D[1, 3], 〈0, 0, 1〉).) Hence, the number of unique models
maintained at any given time may be less thanw.

3.2.2. Window-relative BSS
Consider the database snapshotD[1, 3] shown in Figure 1

with w = 3 and the window-relative BSS=〈101〉. The cur-
rent model onD[1, 3] is extracted from the blocksD1 and
D3. WhenD4 is added, the window shifts right and the
new model onD[2, 4] is extracted from the blocksD2 and
D4. Observe that the new model can be obtained by up-
dating (usingAM) the model extracted from the blockD2.
The important observation is that the relevant set of blocks
(for extracting the model from the overlap betweenD[1, 3]

andD[2, 4]) is selected fromD[1, 3] by the BSS〈0, 1, 0〉—
obtained by right-shifting the original BSS〈101〉 once and
padding the leftmost bit with a zero. We call this operation
theright-shiftoperation.

Theright-shiftoperation takes as input a window-relative
BSS bw, the current time stamp, and a positive integerk
(k < w) to derive a new sequence of lengthw that selects
the relevant set of blocks (w.r.t.bw). Informally, the rele-
vant set of blocks corresponds to the set chosen by sliding
bw forward by k blocks, padding the leftmostk bits with
zeroes, and truncating the sequence that slides beyondDw.
Formally, if bw = 〈b1, . . . , bw〉 then thek-right-shifted se-
quence is〈b′1, . . . , b′w〉 where

b′i
def=

{
0, if 0 ≤ i ≤ k
b(i−k), if k < i ≤ w

The procedure for maintaining and updating a collection
of models for a window-relative BSS is analogous to Algo-
rithm 3.1 with thek-right-shift operation substituted for the
k-project operation.

3.2.3. Response time and space requirements
In this section, we denote the model on the window

D[1, w] with respect to a (window-independent or window-
relative) BSSb by m(D[1, w], b). We define theresponse
time to be the time elapsed between the addition of a
new blockDw+1 and the availability of the updated model
m(D[2, w + 1], b). From Algorithm 3.1, we observe that
for either type of BSS, the computation of the new model
m(D[2, w + 1], b) involves at most a single invocation of
AM with the two arguments:Dw+1 and m(D[2, w], b′)
(whereb′ is defined by the projection or the right-shift op-
erations). Therefore, the response time is less than or equal
to the time taken byAM to update the modelm(D[2, w], b′)
with Dw+1.

Except for the modelm(D[2, w + 1], b), the models in

MD[2,w+1]
b are not required immediately in the new win-

dow. Because these updates are not time-critical, they can be
performed off-line when the system is idle. (However, some
models may need to be updated before the next block ar-
rives.) An important implication of this lack of immediacy is
that the collectionMD[1,w]

b of models exceptm(D[2, w], b′)
can be stored on disk and retrieved when required. Thus
main memory is not a limitation as long as one model fits in-
memory. Like all current data mining algorithms, we assume
that at least one model fits into main memory. In general, we
maintainw − 1 additional models on disk. Since the space
occupied by a model is insignificant when compared to that
occupied by the data in each block, the additional disk space
required for these models is negligible.

3.2.4. Options and optimizations
Certain classes of models are also maintainable under

deletion of tuples. For example, the set of frequent item-



0

50

100

150

200

0 50 100 150 200

C
ou

nt
in

g 
T

im
e 

(in
 s

ec
on

ds
)

#itemsets

Datasets:[2M|4M].20L.1I.4pats.4plen, minsup=0.01

2M:ECUT
2M:PT-Scan

4M:ECUT
4M:PT-Scan

2M:ECUT+
4M:ECUT+

0

10

20

30

40

50

60

70

10K 25K 50K 75K 100K 150K 200K 400K

T
im

e 
(in

 s
ec

on
ds

)

Block Size

Dataset: 2M.20L.1I.4pats.4plen, minsup=0.008

Detection
ECUT:Update

ECUT+:Update
PT-Scan:Update

0

10

20

30

40

50

60

70

10K 25K 50K 75K 100K 150K 200K 400K

T
im

e 
(in

 s
ec

on
ds

)

Block Size

Dataset: 2M.20L.1I.4pats.4plen, minsup=0.009

Detection
ECUT:Update

ECUT+:Update
PT-Scan:Update

Figure 2. Counting Times Figure 3. κ = 0.008 Figure 4. κ = 0.009

sets can be maintained under deletions of transactions. The
algorithm proceeds exactly as for the addition of transactions
except that the support of all itemsets contained in a deleted
transaction is decremented. Maintainability under deletions
gives two choices for model maintenance under the most re-
cent window option. (1) GEMM instantiated with the model
maintenance algorithmAM for the addition of new blocks.
(2) Au

M that directly updates the model to reflect the addi-
tion of the new block and the deletion of the oldest block.
We first discuss the space-time trade-offs between the two
choices for the special case when the BSS=〈1, 1, . . . , 1〉, and
then for an arbitrary BSS.

Let the BSS be〈1, . . . , 1〉. The first option GEMM re-
quires slightly more disk space to maintainw − 1 models.
The response time is that of invokingAM to add the new
block. In the second optionAu

M, we only maintain one
model. However,Au

M has to reflect the addition of the new
block and the deletion of the oldest block and hence approxi-
mately (assuming that deletion of a tuple takes as much time
as addition and the blocks being deleted and added are of
the same size) takes twice as long as GEMM. Therefore,
GEMM has better response time characteristics with a small
increase in disk space requirements.

The full generality of GEMM comes to the fore for classes
of models that cannot be maintained under deletions of tu-
ples, and in cases where model maintenance under deletion
of tuples is more expensive than that under insertion. For
instance, the set of sub-clusters in BIRCH cannot be main-
tained under deletions, and the cost incurred by incremental
DBScan to maintain the set of clusters when a tuple is deleted
is higher than that when a tuple is inserted [7].

When we consider an arbitrary BSS, a major drawback
of usingAu

M to maintain models on the most recent win-
dow with respect to an arbitrary window-relative BSS is that
it may require deletion and addition of many blocks to up-
date the model. Recall that a (window-relative) BSS chooses
a subsetB of the set of blocks{D1, . . . , Dw} in the win-
dow. When the window shifts right, depending on the BSS,

Datasets κ % extra space for
freq. 2-itemsets

{2M, 4M}.20L.1I.4pats.4plen 0.008 25.3
{2M, 4M}.20L.1I.4pats.4plen 0.010 11.8
{2M, 4M}.20L.1I.4pats.4plen 0.012 5.3

Table 1. % Extra Space for ECUT +

a number (≥ 1) of blocks may be newly added toB and
more than one block may be deleted fromB. Therefore,
Au
M scans all blocks in the newly added set as well as

the deleted set. For certain block selection sequences, it
may reduce to the naive reconstruction of the model from
scratch as illustrated by the following example. Let the cur-
rent database snapshot beD[1, 10], and the window-relative
BSS be1010101010. The current model is constructed from
{D1, D3, D5, D7, D9}. If the window shifts right then the
new set of blocks{D2, D4, D6, D8, D10} is disjoint from
the earlier set.

4. Performance evaluation
In this section, we first evaluate the performance of our in-

cremental model maintenance algorithms for the unrestricted
window option. Since the response times for model mainte-
nance under the most recent window option using GEMM
are the same as the response times for model maintenance
under the unrestricted window option, experimental results
for the most recent window option are subsumed by results
from the unrestricted window option. All running times were
measured on a 200 MHz Pentium Pro PC with 128 MB of
main memory, and running solaris 2.6.

4.1. ECUT and ECUT+

In this set of experiments, we compared the running
time of ECUT and ECUT+ with the running time of BOR-
DERS [10, 16]. Incremental maintenance of large itemsets
proceeds in two phases, and the detection phase of our al-
gorithms is identical to the detection phase of BORDERS.
Thus we first measured the performance improvements of
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our techniques restricted to the update phase, and then ex-
amine how much each phase contributes to the overall model
maintenance time.

We used the data generator developed by Agrawal
et al. [3] to generate synthetic data. We write
NM.tlL.|I|I.Nppats.pplen to denote a dataset withN mil-
lion transactions, an average transaction lengthtl, |I| items
(in multiples of1000’s), Np patterns (in multiples of1000’s),
and average pattern lengthp. The running times of Algo-
rithm ECUT+ had all frequent itemsets of size2 in each
block materialized, thus facilitating the best performance im-
provements. We observed in our experiments, that for the
ranges of the minimum support thresholds and dataset pa-
rameters that we considered, the additional amount of space
required for this materialization was less than25% of the
overall dataset size (see Figure 1).

Experiment 1: We compared the update phases of
ECUT and ECUT+ with the update phase of BOR-
DERS, called PT-Scan. We computed a set of frequent
itemsets at the1% minimum support from the dataset
{2, 4}M.20L.1I.4pats.4plen, then randomly selected a set of
itemsetsS from the negative border and counted the support
of all itemsetsX ∈ S againstD. We varied the size ofS
from 5 to 180. Figure 2 shows that all algorithms scale lin-
early with the number of itemsets inS, and the size of the in-
put datasetD. ECUT outperforms PT-Scan when|S| < 75,
and ECUT+ outperforms PT-Scan in the entire range consid-
ered. When|S| < 40, ECUT is more than twice as fast as
PT-Scan and ECUT+ is around8 times as fast as PT-Scan.
(Our results and previous work [10, 16] show that|S| is typ-
ically less than30. We considered large|S| to thoroughly
explore the tradeoffs between the algorithms.)

Experiment 2: We compared the total time taken by the
algorithms, broken down into detection phase and update
phase. We first computed the set of frequent itemsets at
a certain minimum support thresholdκ from a first block.
We then measured the overall maintenance time required to

update the frequent itemsets when a second block is added.
We fixed the distribution parameters for the first block to be
2M.20L.1I.4pats.4plen, and varied the value ofκ and the dis-
tribution parameters for the second block as follows.κ is
chosen from two values:0.008 and0.009. The second block
is generated with parameter settings∗M.20L.1I.8pats.4plen
(first set) and∗M.20L.1I.4pats.5plen (second set). The
distribution characteristics in the second set of parameters
causes more changes in the set of frequent itemsets. Be-
sides these distribution parameters, we also varied the num-
ber of transactions in the second block from10K to 400K
(0.5%− 20% of the first block’s size).

The results from the first set of parameters are shown
in Figures 3 and 4, and the results from the second set in
Figures 5 and 6. First, note that the update phase of BOR-
DERS dominates the overall maintenance time. Second, in
most cases, ECUT and ECUT+ are significantly faster than
PT-Scan. When the sizes of the new (second) block are rea-
sonably small relative to the old (first) block (less than5%
of the original dataset size), our algorithms are between2 to
10 times faster than PT-Scan, reducing the maintenance cost
sometime by an order of magnitude. In general, whenever
ECUT or ECUT+ were used in the update phase, the detec-
tion phase dominates the total maintenance time, whereas for
BORDERS the reverse is true.

4.2. BIRCH+

We now compare the running times of BIRCH+ and the
non-incremental standard version of BIRCH, which clusters
the entire database whenever a new block arrives. Since
Zhang et al. [19] showed that the output of BIRCH is not
sensitive to the input order, we do not present any results
on order-independence. For the experiments in this section,
we used the synthetic data generator described by Agrawal et
al. [1]. We generated clusters distributed over all dimensions.
The synthetic data generator requires three parameters: the
number of pointsN in multiples of millions, the number of
clustersK, and the dimensionalityd. A dataset generated



with this set of parameters is denotedNM.Kc.dd.
Due to space constraints, we present only one experiment

on a representative dataset. We consider two blocks of data:
1M.50c.5d and∗M.50c.5d. We varied the number of tuples
in the second block between100K and800K and added2%
uniformly distributed noise points to perturb the cluster cen-
ters. Figure 7 shows that BIRCH+ significantly outperforms
BIRCH.

5. Related work
We first discuss incremental mining algorithms for clus-

tering and classification. In general, all algorithms we dis-
cuss now are designed for arbitrary insertions and deletions
of transactions and hence do not exploit systematic block
evolution. Moreover, they do not consider and cannot main-
tain models for the most recent window option with respect
to an arbitrary block selection sequence. Ester et al. [7] ex-
tended DBScan [8] to develop a scalable incremental clus-
tering algorithm. In prior work, we developed a scalable in-
cremental algorithm for maintaining decision tree classifiers
[11]. Utgoff et al. [17] developed ID5, an incremental ver-
sion of ID3, which assumes that the entire dataset fits in main
memory and hence not scalable.

Sarawagi et al. proposed TID-lists to count frequencies
of itemsets [15]. However, they use TID-lists to count the
frequencies of all candidate itemsets in each pass. Overall,
they observed that it is better to use a hash-tree (or prefix
tree) instead of TID-lists. Our results explain the poor perfor-
mance they observed: if the number of candidate itemsets is
very high then PT-Scan outperforms TID-lists. In concurrent
work, Dunkel et al. found that TID-lists are efficient for min-
ing association rules on a special class of datasets which have
a much higher number of items than the number of transac-
tions [6]. In contrast, we look at incremental maintenance of
association rules for any general transactional database.

6. Conclusions
We explored the problem space of systematic data evolu-

tion and described efficient model-maintenance algorithms.
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