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Abstract

Classical data mining algorithms that require one or more computationally intensive passes over the entire database can
be prohibitively slow. One effective method for dealing with this ever-worsening scalability problem is to run the algorithms
on a small sample of the data. We present and empirically compare two data-reduction algorithms for producing such a
sample; these algorithms, called FAST and EA, are tailored to “count” data applications such as association-rule mining.
The algorithms are similar in that both attempt to produce a sample whose ““distance” — appropriately defined — from the
complete database is minimal. They differ greatly, however, in the way that they greedily search through the exponential
number of possible samples. FAST, originally presented in [8], uses random sampling together with trimming of “outlier”
transactions. On the other hand, the EA algorithm, introduced in the current paper, repeatedly and deterministically halves
the data to obtain the final sample. Unlike FAST, the EA algorithm provides a guaranteed level of accuracy. Our experiments
show that EA is more expensive to run than FAST, but yields more accurate results for a given sample size. Thus, depending
on the specific problem under consideration, the user can trade off speed and accuracy by selecting the appropriate method.
We conclude by showing how the EA data-reduction approach can potentially be adapted to provide data-reduction schemes
for streaming data systems. The proposed schemes favor recent data while still retaining partial information about all of the
data seen so far.

Keywords: Sampling, Distance function, Association mining, Streaming data, Data reduction

1 Introduction

The volume of electronically accessible data in warehouses and on the Internet is growing faster than the speedup in
processing times predicted by Moore’s Law [14]. Consequently, classical data mining algorithms that require one or more
computationally intensive passes over the entire database are becoming prohibitively slow, and this problem will only become
worse in the future. The scalability of mining algorithms has therefore become a major research topic. One approach to the
scalability problem is to run mining algorithms on a small subset of the data, sometimes called a synopsis or sketch. This
strategy can yield useful approximate results in a fraction of the time required to compute the exact solution, thereby speeding
up the mining process by orders of magnitude.

A number of synopses have been proposed in the literature but many of them require one or more expensive passes over
all of the data. Using a sample of the data as the synopsis is a popular technique that can scale well as the data grows.
Another nice property of sampling methods is that it is often possible to explicitly trade off processing speed and accuracy of
results. Recent work in the area of approximate aggregation processing [1, 13] shows that the benefits of sampling are most
fully realized when the sampling technique is tailored to the specific problem at hand. In this spirit we investigate sampling
methods that are designed to work with mining algorithms for “count” datasets, that is, datasets in which there is a base set
of “items” and each data element is a vector of item counts — here “items” may correspond to physical items, responses
on a survey, income levels, and so forth. As a first step, we present and compare two novel data-reduction methods in the



context of the most well-studied mining problem defined on count data: the discovery of association rules in large transaction
databases.

The two algorithms that we consider are similar in that both attempt to produce a sample whose “distance” from the
complete database is minimal. The algorithms differ greatly, however, in the way they greedily search through the exponential
number of possible samples. As discussed below, the choice of which algorithm to use depends on the desired tradeoff
between speed of computation and accuracy of results, the amount of available memory, and other factors. The first algorithm,
FAST (Finding Association rules from Sampled Transactions) was recently presented in [8]. FAST starts with a large random
sample and trims away “outlier” transactions to produce a small final sample that more accurately reflects the entire database.
The second algorithm, EA (Epsilon Approximation), is new. The EA algorithm repeatedly and deterministically halves the
data to obtain the final sample. Unlike FAST, the EA algorithm provides a guaranteed upper bound on the distance between
the sample and the entire database.

After presenting and comparing the FAST and EA algorithms, we then show how the EA approach can potentially be
adapted to provide data-reduction schemes for streaming data systems. The proposed schemes favor recent data while still
retaining partial information about all of the data seen so far.

The paper is organized as follows. The FAST and EA algorithms are described and compared in Section 2, and guidelines
are given for their usage. In Section 3 we discuss a possible approach for applying the EA data-reduction method to streaming
data. Section 4 contains our conclusions and directions for future work.

2 Sampling-Based Association Rule Mining

Agrawal, et al. [3] proposed association rules as a means of identifying relationships among sets of items, which can be
used to evaluate business trends, identify purchasing patterns, and classify customer groups. Two measures, called support
and confidence, are introduced in [3] in order to quantify the significance of an association rule. The mining of association
rules from a set of transactions is the process of identifying all rules having support and confidence greater than specified
minimum levels; such rules are said to have “minimum confidence and support.” We focus on the problem of finding the
“frequent” itemsets, i.e., the itemsets having minimum support, because this operation is by far the most expensive phase of
the mining process. We assume that the reader is familiar with the basic Apriori algorithm, introduced in [3], for identifying
frequent itemsets. A variety of modifications have been proposed to reduce the computational burden—see, for example,
[2, 12] and references therein—but with few exceptions all current algorithms require at least one expensive pass over the
data.

Throughout this section, we assume that the contents of the transactional database do not change during the mining
process. We also assume that the database is very large. Denote by D the database of interest, by .S a simple random sample
drawn without replacement from D, and I the set of all items that appear in D. Also denote by Z(D) the collection of
itemsets that appear in D; a set of items A is an element of Z(D) if and only if the items in A appear jointly in at least one
transaction ¢ € D. If A contains exactly k& (> 1) elements, then A is sometimes called a k-itemset. The collection Z(.S)
denotes the itemsets that appear in S; of course, Z(S) C Z(D). For k > 1 we denote by Z; (D) and Z(S) the collection
of k-itemsets in D and S, respectively. Similarly, L(D) and L(S) denote the frequent itemsets in D and .S, and L (D) and
L(S) the collection of frequent k-itemsets in D and S, respectively. For an itemset A C T and a set of transactions 7', let
n(A;T) be the number of transactions in 7' that contain A and let |T'| be the total number of transactions in 7. Then the
support of A in D andin S is given by f(A; D) = n(A4;D)/|D|and f(A;S) = n(A4;S)/|S|, respectively.

21 FAST

Given a specified minimum support p and confidence ¢, the FAST algorithm for data reduction proceeds as follows:
1. Obtain a simple random sample S from D.
2. Compute f(A;S) for each 1-itemset A € Z; (S).
3. Using the supports computed in Step 2, obtain the final small sample Sy from S.
4. Run a standard association-rule mining algorithm against S¢ — with minimum support p and
confidence ¢ — to obtain the final set of association rules.
Steps 1, 2, and 4 are straightforward. The drawing of a sample in Step 1 can be performed with a computational cost of
O(|S]) and a memory cost of O(|S|), i.e., sample size |S| is determined by the available memory. Step 2 requires at most
O(Tmax - |S|), where Tp,ax stands for the maximal transaction length. From a computational point of view, because the cost



of Step 2 is relatively low, the sample S can be relatively large, thereby helping to ensure that the estimated supports are
accurate. Step 4 computes the large itemsets using a standard association rule mining algorithm such as Apriori [4].

The crux of the algorithm is Step 3. Two approaches (trimming and growing) for computing the final small sample S
from S are given in [8]. In this paper we discuss only the trimming method, which removes the “outlier” transactions from
the sample S to obtain Sp. In this context an outlier is defined as a transaction whose removal from the sample maximally
reduces (or minimally increases) the difference between the supports of the 1-itemsets in the sample and the corresponding
supports in the database D. Since the supports of the 1-itemsets in D are unknown, we estimate them by the corresponding
supports in .S as computed in Step 2. To make the notion of difference between 1-itemset supports precise we define a
distance function, based on the symmetric set difference, by setting

_ [La(S) = L1 (So)| + [L1(So) = La(S)|

Dist1(So,S) = |L1(So)| + |L1(S)] X

for each subset Sy C S — in accordance with our previous notation, where L (Sp) and L1 (S) denote the sets of frequent
1-itemsets in Sp and S. Observe that Dist; takes values in [0, 1], and that it is sensitive to both false frequent 1-itemsets and
missed frequent 1-itemsets. Our goal is to trim away transactions from S so that the distance from the final sample S to
the initial sample S is as small as possible. Other definitions of distance are possible, for example based on the Lo metric
between the frequency vectors:

Dists(S0,S) = Y. (f(45) - £(4;9))”. @

A€I(S)

The basic FAST-TRIM algorithm is as follows:

obtain a simple random sample S from D;
compute f(A; S) for each item A in S;
set Sp := S,
while (|So| >n){ //trinmm ng phase
divide Sy into disjoint groups of min(k, | Sp|) transactions each;

for each group G {
compute f(A; So) for each item A in Sp;
set So = So — {t*}, where Dist(So — {t*},S) = mingeq Dist(So — {t},5);
}
run a standard association-rule algorithm against Sy to obtain the final set of association rules;
By choosing a value of k between 1 and | S|, the user can strike a balance between ineffective but cheap “oblivious” trimming

and very effective but very expensive “pure greedy” trimming. For more details on different aspects of FAST such as distance
functions, variants of FAST, stopping criteria, detailed algorithm, and complexity analyses see [8].

2.2 Epsilon Approximation

The epsilon approximation method is similar to FAST in that it tries to find a small subset having 1-itemset supports that
are close to those in the entire database. The “discrepancy” of any subset S of a superset S (that is, the distance between Sy
and S with respect to the 1-itemset frequencies) is computed as the L, distance between the frequency vectors:

Distoo (S0, 5) = ,max |F(4; o) — f(4;5)| ©
where A is an 1-itemset. The sample Sy is called an e-approximation of S if its discrepancy is bounded by e. Obviously there

is a trade-off between the size of the sample and ¢: the smaller the sample, the larger €. For literature on g-approximations,
see e.g. the book by Chazelle [7, Ch.4].



The halving method. We now explain how we compute the approximations. At the heart of the epsilon approximation
method is a method that computes a subset Sy of approximately half the size. We use a variant due to Chazelle and MatouSek
of the hyperbolic cosine method (see e.g. Alon and Spencer’s book [5, Ch.15] or [7, Ch.1]). To start with, S is D, the entire
database. The method processes the transactions from j = 1 up to n = |.S|, and for each one sequentially makes the decision
to color that transaction blue or red. At the beginning all transactions are grey (i.e., uncolored). At the end, all the transactions
will be colored, the red transactions will form a set S,. and the blue a set Sy, and both sets will have approximately the same
size. Choosing either one as Sy will do. Repeated iterations of this halving procedure will result in the smallest subset Sg
for which Dist«(So,S) < e. Thus, while FAST will terminate when it reaches a sample of a desired size, the epsilon
approximation will terminate when it detects that further subdivision will cause the distance to exceed the upper bound .

Specifically, let m = |Z; (S)| be the number of items. For each item A; we define a penalty Q; as follows. Denote by S°
the set of all transactions that contain item A; and suppose that we have colored the first j transactions. Then the penalty @ ;
is given by

Qi = QY = (1+6)7 (1= 6;) + (1= &;)" (1 + &)" 4)

where r; = r§j> and b; = bgj) are the numbers of red and blue transactions in S¢. Initially (for j = 0, for each i, r; = b; = 0
and so ; = 2. In order to decide how to color transactions, we introduce the global penalty @ = ", ., ,,, @i. Assuming

the colors of the first j transactions have been chosen, there are two choices for the (5 + 1)** transaction. Coloring it red
yields Q") = (14-6;)7+1 (1= 6;)% + (1 —6;)"+1 (1 + ;)% while coloring it blue yields Q71" = (14 6;)7:(1—6;)%+ +
(1 — ;)7 (1 + &)%+L. Itis readily verified that Qz(j) = %(Qz(j”r) + Qz(j”b)). By linearity, summing over all items we get
QW = L(QUllM 4+ QUM Hence, there is one choice of color ¢ for (j + 1) transaction such that Qi) < @7, and this
is the color chosen for the transaction. At the end of the coloring, we have Q /i < Q" = 2m. Since all the Q;’s are

positive, this implies that, for each item, we have also Q{i"“l <2m.Ifr; = rg”) and b; = b§"> denote the final numbers of
red and blue transactions in S?, we have r; + b; = |S?|. Hence

2m > (1+6;)7(1—6&)" (5)
R (©)
and the same bound holds when exchanging r; and b;, from which it follows that
1 .
b < _ 2 _ 52 .
Iri = b1l < gy (n@m) = 18711 - 67) ™

Choosing a good value of §; can now be done to optimize this quantity. A reasonable choice in theory is to balance both
terms of the inner sum, leading to

0; = \/1 — exp (_1n|(52*:|n)) (8)

Since z = In(2m)/|S? is typically very small whenever |S¢| is reasonably large, applying the equivalents 1 — exp(—z) ~ =
into (8) and In(1 + z) ~ z into (7) implies that |r; — b;| = O(+/]S?|log(2m)). Note that if |S¢| is not too small, the
latter quantity is much less than |S¢|. Hence, there are about as many red as blue transactions in S¢ for each item. Since
i + b; = | S, this also means that

[ri — 1S%/2] = O(V/|Slog(2m)). ©)

In order to guarantee that there are as many transactions in S, as in Sy, we can add a (fictitious) item Ag that is contained
in all transactions. In that case, |S,| — |Ss| is also O(y/nlog(2m)), and this implies that |S,| = n/2 + O(y/nlog(2m)).
Dividing (9) by S, (or by n/2), we get that for each 1,

|f(Ai; Sr) = f(Ai; S)| < e(n,m) = O(v/1og(2m) /n).

In practice, the halving method will work with any choice of §;, but the boundson f(A;; S;.)— f(A;; S) will not necessarily
be guaranteed. In the implementation, we have found that setting

5i = \/ 1 — exp (—2E2M),

n




proved to be very effective. The advantage is that if the defining parameters of the database, i.e., the number n of transactions
and number m of items, are already known then the halving method requires a single scan of the database.

The implementation works as follows: first it initializes all the r;, b;, 6; and @; as indicated. Then it performs the scan,
for each transaction deciding whether to color it red or blue as given by the penalties. In order to update the penalties, it is
better to store both terms of Q; separately into two terms @; 1 and Q;,2. The penalties are then updated according to the
formula and the color chosen for the transaction. The red transactions are added to the sample, and the blue are forgotten.
The memory required by the halving method is proportional only to the number m = |Z1(.S)| of 1-itemsets, in order to store
the penalties.

A further improvement in performance is obtained if we realize that only the penalties for the items contained in the
current transaction need to be recomputed, not all m of them. Hence the halving method processes a transaction in time
proportional to the number of items that it contains, and the entire halving takes time proportional to the size of the database
(number of transactions), which is O(T'y,q. - |S|). Not the much larger size |Z; (5)||S|.

As sketched above, the implementation of the halving method works as follows, assuming we have knowledge of n and
m:

EA-HALVING(S, n,m)
set§; = \/1 — exp(—@), and Q;1 = Q;2 = 1foreachi =1tom,;

for each transaction j do {
for each item ¢ contained in j {

compute QETE = (146:)Qi,1, Qz(rz) = (1-0:)Qiz;
compute Q{) = (1 - 6)Qi,1, Q) = (1 +6;)Qi2;

}
let Q) = 37, Q{1 + Q{7 and Q) = 12, Q{1 + Q1Y)
with the sum taken over those items 4 contained in j;
if Q") < Q) then
color j red and update Q; 1 = Qz(ﬁ) Qi2 = QE?
else
color j blue and update ;1 = ngl) Qi = Qz(bg
}

return Sy = S, the set of red transactions;

Computing theapproximation. Having fixed a value of £, we compute an e-approximation as follows. Note that the halv-
ing method computes an (n, m)-approximation of size n/2, where e(n,m) = O(y/In(2m)/n). (Note: O(y/In(2m)/n)
is a very small value when m is polynomially bounded in n and n is large ). There are two structural properties that we
can use to reduce the size of approximations [7, Lem.4.2]: one states that if Sy is an £; approximation of S and S, an &2
approximation of Sy, then Ss is an (g1 + €5)-approximation of S. Thus approximations can be composed by simply adding
the discrepancies.

The repeated halving method starts with S, and applies one round of halving (as described in EA-HALVING) to get S,
then another round of halving to Sy to get Sa, etc. The sizesn; > ns > ... of these samples decrease roughly geometrically
by a factor of two (specifically ny < n(3 +&(n,m)), and niy1 < n;(4 +£(n;, m))). Note that by the above observation, S;
is an e;-approximation, where e, = >, ., €(n, m). We stop the repeated halving for the maximum ¢ such that e; < e.

Implemented naively, the repeated halving method would require ¢ passes over the database. However, observe that the
halving process is inherently sequential in deciding the color of a transaction, and that either color may be chosen as the
sample. Say we always choose the red transactions as our sample. In a single pass, we may store all the penalties of each
halving method and proceed for each transaction as follows: based on the penalties of the first halving method, we decide
whether to color that transaction red or not in the first sample. Should this transaction be red, we again compute the penalties
of the second halving method, etc. until either the transaction is colored blue in a sample, or it belongs to the sample S;. (Since
the samples are expected to decrease by half at each level, setting ¢ = logn will do.) Thus all the repeated halving methods
can be run simultaneously, in a single pass. The memory required by this algorithm is thus O(mlogn) = O(|Z1(s)|log |S]).



2.3 Comparison of FAST and EA

In this section we present an experimental comparison between FAST and EA. Earlier results reported in [8] showed that
FAST achieves the same or higher accuracy (between 90-95%) using a final sample that is only a small fraction (15 -35%) of a
simple random sample. In addition, its efficiency gain resulted in a speed-up factor of 10 over Toivonen’s sampling algorithm
that requires a complete expensive database scan. We note here that although the EA and Toivonen algorithms both require a
complete database scan, the EA algorithm requires much less processing per transaction. Indeed, the EA algorithm examines
each transaction only so far as to decide how to color it, whereas Toivonen’s algorithm uses each scanned transaction to
update count statistics for a large collection of candidate itemsets.

We used both synthetic and real-world databases in our experiments, but due to lack of space we restrict ourselves here
to reporting the results for the synthetic database and the trimming version of FAST. The synthetic database was generated
using code from the IBM QUEST project [4]. The parameter settings for synthetic data generation are similar to those in [4]:
the total numbers of items was set to 100, the number of transactions was set to 100,000, the number of maximal potentially
frequent itemsets was set to 2000, the average length of transactions is 10, and the average length of maximal potentially
large itemsets was 4. We used a minimum support value of 0.77%, at which level there are a reasonable number of large
itemsets, and the length of the maximal large itemset is 6.

In addition to EA and FAST, we also performed experiments with simple random sampling (denoted SRS in the figures)
in order to relate to results previously reported in [8]. In order to make a fair comparison between the three algorithms we
used Apriori in all cases to compute the large itemsets and used a common set of functions for performing 1/0. We used a
publicly available implementation of Apriori written by Christian Borgelt.> This implementation, which uses prefix trees, is
a reasonably fast and has been incorporated into a commercial data mining package. FAST was implemented using distance
functions Dist, and Dist,. For phase 1 of FAST, a sample size of 30% is chosen by random sampling. For the parameter
k, the group size in the FAST-TRIM algorithm, we chose a value of 10 since this was shown to be a reasonable choice in [8].
As EA cannot achieve all the sample sizes (because the halving process has a certain granularity), in each iteration we first
ran EA with a given e value, and then used the obtained sample size to run FAST and SRS. EA is not independent of the input
sequence, so to account for any difference due to the particular input sequence the results of EA are computed as an average
over 50 runs, each one corresponding to a different shuffle of the input. In order to smooth out any difference, the results of
FAST and SRS are also averaged over 50 runs, each time choosing a different simple random sample from the database.

Our primary metrics used for the evaluation are accuracy and execution time. Accuracy is defined as follows:

|IL(D) = L(S)| + |L(S) = L(D)|
|L(S) + L(D)|

(10)

accuracy =1 —

where, as before, L(D) and L(S) denote the frequent itemsets from the database D and the sample S respectively. Notice
that this metric is similar to Dist; with the difference that the accuracy is based on the set difference between all frequent
itemsets generated from D and S, while Dist; is based only on frequent 1-itemsets. The execution time is the total time that
includes the time required for 1/0O, finding the final sample and running Apriori.

Results  All the experiments were performed on a SUNW Sparc Ultra workstation with a processor speed of 333 MHz and
256MB memory. The sampling ratios output by EA were 0.76%, 1.51%, 3.02%, 6.04%, 12.4%, and 24.9%. Figure 1 (a)
displays the accuracy of FAST-TRIM, EA and SRS on the synthetic database as a function of the sampling ratio, while Figure 1
(b) depicts the execution time of the above mentioned algorithms vs. the sampling ratio.

From Figure 1 (a) we observe that EA achieves very good accuracy even for small sample sizes. Thus, even for a sample
size of 1.51% it could achieve close to 89% accuracy, while FAST-TRIM with distance function Dist, achieves only 82%
accuracy. For larger sample sizes, the differences in accuracy between EA and FAST-TRIM are smaller. For example, for a
sample size of 12.4%, EA achieves close to 99% accuracy, versus 94.5% for FAST-TRIM with Dists. On the other hand,
as shown in Figure 1 (b), EA is more time-consuming than FAST. When using a final sample size of 12.4%, for example,
FAST-TRIM has an execution time of about 50% larger than SRS, while EA’s time is approximately 4 times that of SRS. The
trimming operation performed in FAST is substantially faster than the repeated halving method. Of course, the performance
gains for either data-reduction method are more pronounced if the cost of producing the sample is amortized over multiple
mining tasks.

1http://fuzzy.cs.uni-magdeburg.de/f)orgelt/software.htmI
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3 Data Stream Reduction
3.1 Streaming Data Analysis

Contrary to finite stored databases, streaming databases grow continuously, usually rapidly, and potentially without bound.
Examples include stock tickers, network traffic monitors, point-of-sale systems, and phone conversation wiretaps (for intelli-
gence analysis). Unlike the data processing methods for stored datasets, methods for analyzing streaming data require timely
response and the use of limited memory to capture the statistics of interest. In addition, network management and stock
analysis demand the real-time processing of the most recent information.

Manku and Motwani [13] investigated the applicability of a number of frequency counting applications on streaming data,
including Iceberg Queries [10], Iceberg Cubes [6, 11], Apriori [4], and network flow identification [9]. They then proposed
Sticky Sampling and Lossy Counting algorithms to identify frequent singleton items over a stream.

Sticky Sampling relies on a fixed-size buffer and various sampling rates to collect and estimate the counts of incoming
items. It samples the first ¢ incoming items at rate r 1, selecting one item for every item seen; and at rate r 2,
selecting one item for every two items seen, for the next 2t items; and r = 4 for the next 4¢ items; and so on, where ¢ is a
predefined value based on frequency threshold, user specified error, and the probability of failure. The approach is equivalent
to randomly selecting the same number of items from an enlarging moving window which keeps doubling itself to include
twice as many items as before. While Sticky Sampling could accurately maintain the statistics of items over a stable data
stream in which patterns change slowly, it fails to address the needs of important applications, such as network traffic control
and pricing, that require the information of the entire stream but with emphasis on the most recent data. In fact, the enlarging
window and the increasing sampling rate make the statistics at hand less and less sensitive to the changes in recent data. We
will soon introduce an extension of EA that can keep a representative sample of the stream, while reflecting the most recent
trends in the data.

Manku and Motwani also proposed a deterministic algorithm, Lossy Counting Algorithm, to find frequent single items
from streaming data. Lossy Counting stores the observed frequency and the estimated maximal frequency error for each
frequent, or potentially frequent, item in a series of conceptual buckets. It keeps adding new items to and removing existing
less frequent items from the buckets. Although this algorithm has worse worst-case space complexities than Sticky Sampling,
experiments showed that the former performed much better than the latter one when streams had random arrival distributions.



The authors then extended Lossy Counting Algorithm to identify frequent itemsets. They virtually divided a stream into
chunks based on the order of the arrival data and then identified the frequent itemsets from each chunk. Similar to Sticky
Sampling, Lossy Counting and its extension could be effective when the goal is to find the frequent itemsets over a stable
data stream, but may not be effective with drastically changing data. Moreover, the computation of frequent itemsets from
each chunk in the extension of Lossy Counting could be prohibitively expensive for high speed data streams, such as network
traffic and words in phone conversations.

3.2 DSR: Data Stream Reduction

In this section, we propose an EA-based algorithm, DSR (Data Stream Reduction), to sample data streams. Our goal is
to generate a representative sample of a given data stream such that the sample carries information about the entire stream
while favoring the recent data. Unlike static databases, a data stream, D g, can be constantly changing. Therefore, its sample,
S, should also be regularly adjusted to reflect the stream. In this sense, we define a representative sample of a data stream
as a changing subset of the data stream, which can reflect the statistics, or item (joint) distributions of the data stream at
any moment. We decide to maintain a dynamically changed sample of a data stream instead of keeping only count statistics
because doing so would offer more flexibilities to users so that they can decide what information should be summarized from
the sample, such as frequent itemsets in the sample.

We rely on a relatively simple model to discuss the data reduction problem on streaming data, where each element of the
data stream is a transaction consisting of a set of items (0-1 problem). The resulting algorithm, DSR, should be applicable
to other more complicated data streams. Consider an ideal scenario: Suppose we want to generate an N g-element sample,
Sg, of a data stream, Dg, where Sg puts more weight on recent data. A straightforward solution to construct such a biased
sample is to apply different sampling rates to different parts of D g, with higher selection rates on recent data. In order to
find out a way to construct Sg, let us temporarily “freeze” the data stream after we have observed m- % transactions.
We assign the transactions into mg conceptual buckets based on the order the transactions are received, with each bucket
holding % transactions. The buckets are labeled as 1, 2, ..., mg, with bucket 1 containing the oldest transactions and bucket
m, holding the most recent data. Compared with simple random sampling, EA can normally be utilized to get a good, or
relatively good, representative subset of the original data regardless whether or not the error bound, ¢, is exceeded. We apply
EA to half m, — k times on bucket & (k = 1,2, ...,ms). Denote the resulting subset of bucket k by s;. Observe that sy, is
a good, or relatively good, representative of bucket &, therefore, the union of the resulting subsets, Uy s, can be viewed as
a good representative of the data stream, which contains approximately N transactions in total and emphasizes recent data.
Contrary to Sticky Sampling that samples less and less frequently, our approach to get the reduction of the “frozen” stream
samples more and more frequently along the time dimension until it selects all % transactions from the most recent bucket.

In reality, however, it can be prohibitively expensive to map the transactions into conceptual buckets and compute the
representative subset of each bucket whenever a new transaction arrives. The idea behind DSR is to simulate the ideal
scenario while avoiding frequent halving. To this end, a working buffer that can hold N g transactions is utilized to receive
and generate the reduced representative of the data stream. The buffer size Ng should be as large as possible. Initially, the
buffer is empty. Once it is filled with Ng transactions, if new data come, the buffer is halved by EA and new data are inserted
to the buffer. Observe that the older the data in the buffer, the more halving by EA they have experienced. Whenever a user
requests a representative of the stream, all the transactions in the buffer are returned to the user.

3.3 Discussion of DSR

The advantages of DSR include:

1. Representative tuples are selected from a data stream at different rates that favor recent data. Therefore DSR is more
sensitive to recent changes in the stream than Sticky Sampling and Lossy Counting.

2. Unlike traditional tools on streaming data, DSR attempts to generate a representative sample, instead of collecting
statistics such as counts. In this way, we offer more flexibility since users can decide what operations they would like
to perform on the representative subset.

3. Since each halving operation by EA is relatively cost-effective, when applying DSR to frequent itemset identification,
we don’t have to periodically generate and keep the frequent itemsets from the buffer, and thus avoid the expensive
frequent itemset identifications by Lossy Counting based approach.



A potential problem with DSR concerns the stability of analytical results computed from the sample. After the working
buffer is halved, the number of transactions in the buffer will be changed from Ng to &=, If two users request data immedi-
ately prior to and after the halving operation, respectively, these users could receive data that vary dramatically and hence get
very different analytical results even when the actual data stream remains stable. We can use a variant of DSR, or continuous
DSR, to solve this problem. Unlike DSR, where the buffer is halved when it is filled, continuous DSR halves a smaller chunk
of the buffer at a time. It works in the following manner: After the buffer is filled, transactions are divided into 2= Ty S chunks
in the increasing order that they are received. Each chunk contains 2n, transactions. After the working buffer is filled and 7,
new transactions arrive, where ny; << Ng and is a predefined fixed number, EA is called to half the first chunk that contains
the oldest 2n, transactions. The ns new transactions then replace the n old transactions that are evicted. When another
ns New transactions come, the second chunk is halved and the new transactions replace the newly evicted transactions. The
procedure continues until all NS chunks are halved. At this time, =3 of the transactions in the buffer have been replaced by

new transactions. Then all transactlons in the buffer are re- a55|gned to N an- chunks, each of which holding 2n, transactions.
The cycle continues so that except the initial warm-up period, the buffer is always full. Because n, < Ng, no matter how
close in time two users request the data, their results would not be drastically affected by the fluctuations caused by halving
operations.

There are some open issues surrounding the choice of discrepancy function to use in the DSR context. On a static database,
our experiments have indicated that in many cases the discrepancy function based on single item frequencies could lead to
acceptable error on the frequencies of higher level itemsets. However, in case of streaming data, the error introduced by EA
will likely accumulate and therefore the e-bound could easily be exceeded.

It is also not entirely clear how to evaluate the goodness of a representative subset obtained by Dsr. Recall that our goal
is to favor recent data. More generally, we might want to put weights on the data. The measurement of the error associated
with the reduced data stream should reflect the weighting scheme. We are currently investigating appropriate measurements
for such weighted stream reduction.

4 Conclusion and Future Directions

In this paper we proposed and compared two algorithms for sampling-based association mining. Analysis of the com-
parison results led to insights about when each algorithm is appropriate. We plan to perform more exhaustive experiments
involving additional data sets and other variants of both FAST and EA.

We are currently working at modifying EA so that it can keep in memory at any time only the transactions that belong
to the final sample. Such a modification would make EA an even more attractive alternative for extremely large databases,
where we can afford to keep in memory only a small sample of the database. We are also exploring other modifications that
would give the user finer control over the final sample size.

We also proposed some potential extensions of the EA algorithm to permit maintenance of a sample of streaming data, and
are currently investigating the details of such extensions.

Overall, the FAST and EA data-reduction methods provide powerful, complementary tools for scaling existing mining
algorithms to massive databases. Our results provide the user with new options for trading off processing speed and accuracy
of results.
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