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Abstract

Most current work in data mining assumes that the data
is static, and a database update requires re-mining both
the old and new data. In this article, we propose an alter-
native approach. We outline a general strategy by which
data mining algorithms can be made active — i.e., main-
tain valid mined information in the presence of user in-
teraction and database updates. We describe a runtime
framework that allows efficient caching and sharing of data
among clients and servers. We then demonstrate how ex-
isting algorithms for four key mining tasks: Discretization,
Association Mining, Sequence Mining, and Similarity Dis-
covery, can be re-architected so that they maintain valid
mined information across i) database updates, and ii) user
interactions in a client-server setting, while minimizing the
amount of data re-accessed.

1 Introduction

As we enter the digital information era, one of the
greatest challenges facing organizations and individu-
als is how to turn their rapidly expanding data stores
into accessible knowledge. Digital data sources are
ubiquitous and encompass all spheres of human en-
deavor: from a supermarket’s electronic scanner to a
world wide web server, from a credit card reader to
satellite data transmissions. Organizations and indi-
viduals are increasingly turning to the extraction of
useful information, referred to as data mining, from
such databases. Such high-level patterns, or infer-
ences, extracted from the data may provide informa-
tion on customer buying patterns, on-line access pat-
terns, fraud detection, weather trends, etc.
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A typical data mining technique can be thought
of as an exploration over a huge user-defined pattern
space, with the role of the data being to select
patterns with a desired degree of confidence. The set
of accepted patterns is a function of both the data
and the user-defined pattern space (controlled by the
input parameters). The data mining process tends
to be interactive and iterative in nature, i.e., after
observing the results from the first round of mining,
the user may choose to repeatedly modify the input
parameters, thereby affecting the set of accepted
patterns.  Also, since businesses are constantly
collecting data, the data is also subject to change,
again affecting the set of accepted patterns.

Most current techniques, which tend to be static
in nature, simply re-execute the algorithm in the case
of data updates or user interaction. There are several
limitations to this approach. First, although many
of these techniques have parallel solutions [20, 28, 4]
that are efficient in storage, access, and scale, they are
still computationally expensive. Second, re-executing
the algorithm requires re-examining both the old
and new data, and hence I/O continues to be a
bottleneck. These problems are further exacerbated
in applications such as electronic commerce and stock
sequence analysis, where it is important to execute
the query in real or near-real time, in order to meet
the demands of on-line transactions. Also, more and
more such applications are being deployed as client-
server applications where the server is physically
separate from the client machine. Such a setup is
also common within an organization’s intra-net when
there may be several groups mining, perhaps with
separate agendas, from a common dataset. Ensuring
reasonable response times in such applications is made
more difficult due to the network latency and server
load overheads. This leads to the following challenge:

In order to meet the demands of such interactive
applications, can existing algorithms be re-architected,
making them efficient in the presence of user interac-
tions and data updates, in a distributed client-server
setting?



1.1 Proposed Solution

We refer to algorithms that maintain valid mined
information in the presence of user interaction and
database updates as active algorithms. The main
challenge is to perform the active mining in a storage
and time efficient manner. This paper describes a
general strategy by which data mining tasks can be
re-architected to work efficiently with the constraints
outlined above.

We accomplish our objective by maintaining a
mining summary structure across database updates
and user interactions. On a database update, the
revamped algorithm replaces accesses to the old
data with accesses to the mining summary structure
whenever possible. This ensures that information that
is previously mined can be re-used when the database
is updated. On a user interaction, the hope is that
the mining summary structure can answer the query
without accessing the original data.

The design criteria for such a summary structure
are: i) it should allow for incremental maintenance
as far as possible, i.e., the mining summary structure
from the old data along with the data update should
ideally be sufficient to produce the new summary
structure, avoiding accesses to the old data as far as
possible, ii) it should store sufficient information to
address a wide range of useful user interactions, and
iii) it should be small enough to fit in memory so
that accessing it rather than the old data provides a
significant performance gain.

While the above solution can potentially solve the
active mining problem, deploying these algorithms
efficiently in a distributed setting is non-trivial. In
typical client-server applications, the client makes
a request to the server, the server computes the
result, and then sends the result back to the client.
The query execution time is significantly influenced
by the speed of the client-server link as well as
the server load.  Since the interactions in our
applications are often iterative in nature, caching
the aforementioned summary structure on the client
side so that repeated accesses may be performed
locally eliminates overhead and delays due to network
latency and server load. In order for this to be an
effective solution, the summary structure should not
be very large (re-emphasizing point iii) above), and
an efficient mechanism for communicating updates is
required.

Such summary structure sharing requires efficient
caching support. We have built a general-purpose
framework called InterAct that facilitates the devel-
opment of interactive applications. InterAct supports
sharing among interactive client-server applications.
The key to the framework is an efficient mechanism
to facilitate client-controlled consistency and sharing
of objects among clients and servers (this allows ap-
plications that can tolerate some information loss to

take advantage of this to increase efficiency by reduc-
ing communication). Advantages within the scope of
our work include: the ability to cache relevant data
on the client to support interactivity, the ability to
update cached data (when the data changes on the
server) according to application or user preferences
while minimizing communication overhead, and the
ability to extend the computation boundary to the
client to reduce the load on the server. We use this
framework to develop our applications.

1.2 Contributions
In this paper:

1. We describe a general methodology for creating
active mining solutions for existing applications.

2. We present active mining solutions for discretiza-
tion, association mining, sequence mining, and
similarity discovery in a distributed setting.

3. We describe the InterAct framework, which, along
with the changes to the algorithms for active
mining, allows effective client-server distribution
of the computation.

The next section presents the InterAct framework
on top of which we implement our active mining
algorithms. We also outline our general approach
to the problem of making algorithms active. Sec-
tions 3 (Discretization),4 (Association/Sequence Min-
ing), and 5 (Similarity Discovery) describe the appli-
cations we look at and our specific approach to make
each of them active. We present and evaluate our ex-
perimental results in Section 6. Section 8 details our
conclusions.

2 Inter Act Framework

InterAct is a runtime framework that presents the
user with a transparent and efficient data sharing
mechanism across disparate processes. The goal is
to combine efficiency and ease-of-use. InterAct al-
lows clients to cache relevant shared data locally, en-
abling faster response times to interactive queries.
Further, InterAct provides flexible client-controlled
mechanisms to map and specify consistency require-
ments for shared data.

In order to accomplish its goal of transparently
supporting interactive applications, InterAct:

e Defines a data (structure) format for shared
objects that is address space and architecture
independent. Our implementation relies on the
use of C++ and some programmer annotation
to identify the relevant information about shared
data to the runtime framework.

e Identifies, defines, and supports the different
types of consistency required by such applications



(described in [16]). In many domains (electronic
commerce, credit card transactions), the data that
is being queried is constantly being modified. The
rate at which these modifications are required
to be updated in the client’s cached copy may
vary on the basis of the domain, application, or
specific user. This rate can be controlled by
exploiting the appropriate consistency model to
enhance application performance.

e Provides an underlying mechanism to transpar-
ently handle the consistency demands as well as
complex object transfer requirements. The goal
here is to reduce programming complexity by hid-
ing as much of the underlying communication from
the application developer as possible.

For more framework details and the consistency
types supported, see [16].

2.1 Active Mining and InterAct

Interactive Client-Server Mining
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Figure 1: Client-Server Mining using InterAct

Since mining applications typically operate on
large data sets that reside on a data server, communi-
cating these datasets to the client would be infeasible.
However, in this paper we show that it is possible to
design useful summary structures for a range of min-
ing applications, so that subsequent queries can op-
erate on these summary structures. This summary
data structure can be generated by the data distiller
(server), and subsequently operated on by the client.
Hence, the applications can be structured as shown
in Figure 1, so that the data server is responsible for
creating the data structure(s), mapping them onto
a virtual shared dataspace, and subsequently keeping
them up-to-date. The client can then map the data
structure(s) from the virtual shared dataspace under
a desired consistency model, thus enabling the client
to respond to interactive queries without having to go
to the data server.

In order for the above setup to be effective the
summary data structure should satisfy three key
properties. First, it should be able to directly answer
a range of interactive queries without requiring access
to the data as far as possible. This criterion minimizes
the client-server communication, as well as server
load. Second, the summary structure should be
incrementally maintainable. This criterion ensures
that changes to the data can be rapidly reflected in the
summary structure. Third, the summary structure
should not be very large as otherwise communicating
it to the client may be very expensive. In the ensuing
sections, we describe how such summary structures
can be designed for Discretization, Association and
Sequence Mining, and Similarity Discovery.

3 2-D discretization

Discretization is the process by which the range of
a given base attribute (or independent variable) is
partitioned into mutually exclusive and exhaustive
intervals based on the value of a related goal attribute
(or dependent variable), whose behavior we would like
to predict or understand. Discretization has primarily
been used for summarization [8], as well as for growing
a decision tree [19].

Typically, a single attribute is used as the decision
variable. However, one can also consider extensions
to more than one base attribute (e.g., X > 5AY < 6)
as long as the decisions remain simple. The need
for this is often encountered where repetitive appli-
cations of the single-attribute discretization do not
provide optimal results, while a single, integrated two-
dimensional approach does. In [17], the partitioning
of a two dimensional base attribute space is defined
in terms of control points. A single control point par-
titions the base attribute space into 4 rectangular re-
gions. The rectangular regions are induced by draw-
ing lines through the control point that are perpen-
dicular to the two axes. Two control points partition
the base attribute into up to 9 regions. The effect of
discretization is to approximate the behavior of the
goal attribute as the same for all points in a region.
The purpose of the algorithm is to find the position of
the control point(s) that optimizes a given objective
function.

The input to a discretization algorithm could be
either the raw data or a joint probability density
function (pdf) of the base and goal attributes derived
from the data. Using the data directly eliminates
errors associated with pdf estimation. However, using
a pdf enables one to use more meaningful error
metrics such as Entropy [9]. Second, it permits
users to encode domain knowledge by altering the
shape and type of kernel (normal, poisson, binomial,
etc.) used for density estimation. Further, it lends
itself to a client-server architecture where density



estimation could be done on the server and a compact
representation shipped to the client.

Evaluating any pair of base attributes involves 2
steps: computing the three dimensional probability
density (pdf) estimate (two base attributes and
the goal attribute), and searching for the optimal
(determined by the objective function: Classification
Error) discretization.

3.1 Interactivity

The idea in interactive discretization is that an end
user ought to be able to modify process parameters.
The interactive features currently supported in our al-
gorithm include: i) choosing from a set of algorithms
(brute force search, approximate search), and metrics
(entropy, error), to compute the optimal discretiza-
tion, ii) changing the number of control points (1, or
2), iii) changing the position of control points, and iv)
changing the parameters for pdf estimation.

Ideally, all these features need to be supported
efficiently without excessive I/O or computation.

3.2 Summary Structure

As mentioned earlier, the summary structure required
to support such interactions efficiently is the joint
pdf p(basey,bases, goal). This pdf is estimated at
discrete locations. While several techniques exist to
estimate the density of an unknown pdf, the most
popular ones are histogram, moving window, and
kernel estimates [7]. We use the histogram estimate
described in [7]. The advantage of this estimate is that
it can be incrementally maintained in a trivial manner
(a histogram estimate is essentially the frequency
distribution normalized to one). Moreover, the more
complicated kernel estimates can easily be derived
from this basic estimate [7].

With a few modifications, the histogram pdf
estimate can handle each of the interactions described
above. If there are n points in the estimate,
computing the objective function for a given control
point takes O(n) time.  Since the objective of
discretization is to find the control point(s) that
optimizes the given objective function, a brute force
search will take O(n?) (O(n?) for two control points)
time. Recently, we have shown that smarter methods
can reduce this time complexity to O(n) (O(n?)
for two control points) with additional memory
(O(n)). Alternatively, fast approximate searches like
simulated annealing can be used to generate good
discretizations quickly [17].

Changing the control point in small incremental
ways (moving the control point along one of the two
axes in unit steps), enables one to compute the new
objective functions (entropy or error) in unit time
at the cost of additional storage (O(n)). Changing
the parameters for pdf estimation can also be done
quickly using the histogram estimate [7].

In order for the summary structure to be cost
effective, the size of the structure (n, the number of
points in the estimate) must be small enough so that
i) it can be cached easily on remote clients, and ii) it
can allow for faster interactions. In the next section,
we describe an experiment that explores the tradeoff
between the size of the summary structure and the
accuracy of the discretization obtained.

3.2.1 Accuracy vs. Summary Size

We evaluate the premise that it is possible to create
a condensed representation of the data (probability
density function) without serious degradation in the
quality of discretizations obtained. This enables effi-
cient client-server partitioning, and allows off-loading
parts of the computation to another machine, thereby
reducing the load on the server, and potentially im-
proving interaction efficiency.

Experimentally, we have found that the number
of points at which the pdf needs to be evaluated
(determined by grid size) without significant quality
degradation is not large. Our results are summarized
in Figure 2. The results reported are for two synthetic
data sets, XOR and LL. These are described in [17] .
Both have 100,000 instances and 2 base attributes. It
is easy to see that the quality (error minimization) of
discretization does not improve much beyond a grid
size of 642.

Data Set | Grid Size | Error |

XOR 162 18.87%
XOR 322 18.13%
XOR 642 17.90%
XOR 1282 17.86%
LL 162 12.47%
LL 322 12.2%
LL 642 12.2%
LL 1282 12.3%

Figure 2: Effect of grid size for pdf evaluation on
quality of results

The resulting summary structure for discretization
satisfies all the properties for efficient active mining:
it is bounded and small, it can be used to handle a
wide range of client queries without going back to
the original database, and it can be incrementally
maintained.

4  Association/Sequence Mining

In this section, we consider two of the central data-
mining tasks, i.e., the discovery of association rules

1 Available via anonymous ftp from

ftp.cs.rochester.edu/pub/u/srini



and the discovery of sequences. The discussion below
follows [28] (associations) and [27] (sequences).

The problem of mining association rules over basket
data was introduced in [2, 3]. It can be formally stated
as: Let T = {i1,i2, -,im} be a set of m distinct
attributes, also called items. FEach transaction T
in the database D of transactions, has a unique
identifier, and contains a set of items, such that
T C Z. An association rule is an expression A = B,
where A, B C 7, are sets of items called itemsets, and
ANB = (. Each itemset is said to have a support S if
S% of the transactions in D countain the itemset. The
association rule is said to have confidence C if C% of
the transactions that contain A also contain B, i.e.,
C =S(AUB)/S(A), i.e., the conditional probability
that transactions contain the itemset B, given that
they contain itemset A.

Sequence Mining can be thought of as association
mining over temporal datasets. A sequence is an
ordered (over time) list of nonempty itemsets. A
sequence of itemsets ay, ..., a, is denoted by (ag —
-+ > ). The length of a sequence is the sum of the
sizes of each of its itemsets. The database is divided
into a collection of customer sets where each customer
set contains the set of transactions that customer is
involved in in order of occurrence. For a database D
and a sequence a, the support or frequency of « in
D, is the number of customers in D whose sequences
contain « as a subsequence. A rule A => B involving
sequence A and sequence B is said to have confidence
¢ if ¢% of the customers that contain A also contain
B.

The basic approach to mining associations and
sequences is a two step iterative approach. First,
identify the set of candidate associations/sequences
for a given number of items. Second, compute the set
of associations/sequences from the candidate set that
meet the user-specified criteria, forming the basis for
the candidates in the next iteration (adding one to the
number of items considered). We use the ECLAT [28]
(associations) and SPADE [27] (sequences) algorithms
as the basis for our work.

4.1 Interactivity

The idea in interactive association mining (or interac-
tive sequence mining) is that an end user be allowed
to query the database for association rules at differ-
ing values of support and confidence. The goal is to
allow such interaction without excessive I/O or com-
putation. Interactive usage of the system normally
involves a lot of manual tuning of parameters and re-
submission of queries that may be very demanding
on the memory subsystem of the server. In most cur-
rent algorithms, multiple passes have to be made over
the database for each < support, con fidence > pair.
This leads to unacceptable response times for online
queries. Our approach to the problem of support-

ing such queries efficiently is to create pre-processed
summaries that can quickly respond to such online
queries.

A typical set of queries that such a system could
support include: i) Simple Queries: identify the
rules for support x%, confidence y%, ii) Refined
queries: where the support value is modified (z + y
or z—y) involves the same procedure, iii) Quantified
Queries: identify the k most important rules in terms
of support, confidence pairs or find out for what
support/confidence values can we generate exactly
k rules, iv) Including Queries: find the rules
including itemsets i1, . .., i,, v) Excluding Queries:
compute the rules excluding itemsets 41,...,1%,, and
vi) Hierarchical Queries: treat items i1,...,i,, as
one item and return the new rules.

4.2 Summary Structure

In [1], the concept of an Association Lattice L is
defined. An association X is said to be adjacent to
an association Y if one of them can be obtained from
the other by adding a single item. Specifically, an
association X is a parent of Y if Y can be obtained
by adding one item to X. We allow directed edges
from parents to children. It is then easy to see that
if a directed path exists from a vertex V to a vertex
U then V C U. Further, each node in the lattice is
weighted by the support S of the given association
it represents. The sequence lattice is obtained in a
similar manner.

The preprocessing step of the algorithm involves
computing such a lattice for a small enough support
Smin, such that all future queries will involve a sup-
port S larger than S,,;,. If the above holds, and
given such a lattice, we can produce answers to all
but one (Hierarchical queries) ? of the queries de-
scribed in the previous section at interactive speeds
without going back to the original database. This
is easy to see as all of the queries will basically in-
volve a form of pruning over the lattice. A lattice,
as opposed to a flat file containing the relevant as-
sociations/sequences, is an important data structure
as it permits rapid querying for associations [1] and
sequences [18]. This lattice can also be incrementally
maintained for associations [25] and sequences [18].
Due to limited space, we do not describe it here.

4.2.1 Accuracy vs. Summary Size

Unlike in discretization, the size of the summary
structure is not bounded for a choice of S,,i,. It
depends on the data and the choice of S,,;,. For
small enough S,,,;,, the lattice can be very large (larger
than the original data itself in some cases!). However,
for most practical cases (e.g., Smin = 0.05%, dataset

2These queries require recomputation on the server. How-
ever, because of the way we access the data, and the way it is
stored we limit accesses to the old data.



= 170MB) the resulting lattice (4MB) is manageable
and the applications can benefit from client side
caching of the data structure.

The summary structure satisfies the three prop-
erties for efficient active mining: it can be used to
handle a wide range of client queries without going
back to the original database, it can be incrementally
maintained, and for most practical instances, the size
of the lattice is not too large.

5 Similarity Discovery

Similarity is a central concept in data mining. Discov-
ering the similarity among attributes enables reduc-
tion in dimensions of object profiles as well as pro-
vides useful structural information on the hierarchy
of attributes. Das et al [6] proposed a novel measure
for attribute similarity in transaction databases. The
similarity measure proposed compares the attributes
in terms of how they are individually correlated with
other attributes in the database. The choice of the
other attributes (called the probe set) reflects the ex-
aminer’s viewpoint of relevant attributes to the two.
Das et al show that the choice of the probe set strongly
affects the measurement.

There are some limitations to this basic approach.
First, when the examiner does not know what the
relevant attributes are, their approach offers no
solutions. A brute force search would be impractical.
Second, the approach limits the probe elements
to singleton attributes and does not allow boolean
attribute formulae.

If one is not interested in probe attributes of small
frequency, an alternative approach can be to use
the associations generated by an algorithm such as
ECLAT [28] as the probe set. The similarity metric
between attributes “a” and “b” can be defined in
terms of association sets (A, the set of all associations
involving “a” but excluding “a”. For instance if “adl”
were a valid association, then “dl” would belong to the
set A. Similarly, B, the set of all associations involving
“b” but excluding “b”.) and their associated supports

(sup):

2 ecanpMax{0,1 — asup 4(z) — supg(z)|}

Sim(A, B) TAUE|
where «a is a user-defined normalizing variable that
defaults to one. This approach is fast and scales
well in practice. It also permits boolean attribute
formulae(a limitation of the Das et al [6] approach) as
part of the probe set. Since we use associations as the
probe set, this approach can also be used to measure
the similarity between different homogeneous datasets
and is not limited to measuring attribute similarity.

5.1 Interactive Similarity

In our approach the following interactions are cur-
rently supported: i)Boolean Pruning: Prune the

probe space (association sets) to only those parts of
the association sets that satisfy a given boolean for-
mula, ii) Identifying influential attributes: Iden-
tify the (set of) probe attribute(s) that contribute
most to the similarity/dissimilarity metric, and iii)
Changing the minimum support.

5.2 Summary Structure

In this application, the summary structure required
is the association lattice described in Section 4.2.
For dataset similarity, the association lattices of both
datasets are required.

Once the association lattices are obtained, the
basic algorithm computes the similarity measure. The
different interactions are supported as follows.

For Boolean Pruning, the algorithm basically
prunes both lattices according to the boolean formula,
yielding sets A! and B'. The similarity metric is then
recomputed by replacing A with A' and B with B!.
For Identifying Influential Attributes, for a singleton
attribute “1”7, the algorithm prunes out all elements in
the association lattice that do not contain “1”. It then
computes the similarity between the two datasets.
This step is repeated for all singleton attributes and
the resulting similarities are sorted. The higher
ranked attributes influence similarity while the lower
ranked attributes influence dis-similarity.

5.2.1

Like association mining, the size of the summary
structure is not bounded for a choice of S,,;,. How-
ever, unlike association mining, similarity discovery is
less attuned to this choice. Fixing an S,,;, apriori is
an acceptable solution for the purpose of computing
similarities. This limits the size of the data structure,
ensuring that the three properties for active mining
are satisfied for this application.

Accuracy vs. Summary Size

6 Experimental Evaluation

In order to completely evaluate all aspects of our
work, we evaluate the impact of our summary struc-
ture with respect to three qualities; its interactive per-
formance, its incremental performance, and the effi-
,cacy of client-server work distribution by caching the
summary structure and executing queries locally. We
first describe in detail the queries we evaluated on
each of the applications, and their associated datasets.

6.1 Application Properties

We executed a series of queries for each application.
For association mining, we executed a simple query
(find rules with support x%) followed by a quantified
query (find the 400 most important associations).
For sequence mining, we executed a combination
of including (all sequences including item x) and
excluding sequences (all sequences excluding item y).
For discretization, we executed the base algorithm



(find the optimal discretization) and then asked
the system to move the control points to a new
location and compute the new error. In similarity
discovery, we asked the system to compute the pair-
wise similarities for four datasets and then asked it to
recompute the similarities under boolean pruning, as
well as identify the most influential attributes.

Each of the queries was executed on an appropriate
dataset. For association mining, we executed our
queries using a synthetic dataset generated adopting
the methodology described in [3]. The dataset we
used (T10.16.D3200) contained on average 10 items
per transaction, and 3,200,000 transactions. The size
of the resulting dataset is 140MB.

For sequence mining, we executed our queries
using a synthetic dataset generated by a similar
procedure [27]. The dataset we used (C250.16.710)
contained on average 10 transactions per customer,
and 250,000 customers, where each transaction is
variable in length. The size of the resulting dataset is
55MB.

For discretization, we used the XOR dataset [17].
The dataset has 100,000 instances and 3 attributes
(two base,one goal) per instance. There are 2
categories for the goal attribute, CO and C1. The
size of the resulting dataset is 4MB.

For similarity discovery, we executed our queries
against a real dataset, the Reuters dataset . The
data set consists of 21578 articles from the Reuters
newswire in 1987. Each article has been tagged with
keywords. The size of the dataset is 27TMB. For
our evaluation, we represented each news article as
a transaction with each keyword being an item.

For each of the applications considered: Associ-
ations, Sequences, Discretization and Similarity, the
size of the summary structures were 3.3MB, 1.0MB,
0.5MB, and 2.0MB, respectively. It is easy to see that
in all of the cases the summary structure is a signifi-
cant reduction from the original dataset and is small
enough to enable effective active mining.

6.2 Active Mining Performance

We summarize the results on interactive and incre-
mental mining performance here. In this paper, we
have described a methodology for off-loading the in-
teractive querying feature onto client machines as op-
posed to executing on the server, and shipping the
results to the data mining client. In order to clearly
demonstrate the effectiveness of this approach, we
wanted to compare executing queries on slower clients
(143Mhz and 270Mhz UltraSparcs) using the designed
summary structure versus recomputing the result on
the fastest server we have available (600MHz Alpha
Station 4100s).

The results of the experiment are shown in Table 1.
The first column corresponds to the application we

3www.research.att.com/ lewis/reuters21578.html

evaluated, the second column contains the execution
time of the query on a 143Mhz client using the appro-
priate summary structure, the third column similarly
contains the execution time on a 270Mhz client, and
the fourth column represents the execution time of
running the query from scratch on the 600 MHz Al-
pha, without the use of the summary structure. For
all of the applications, the execution time with the
summary structure is orders of magnitude faster than
re-executing the query from scratch. This is despite
the fact that the results obtained for re-executing the
query without the summary structure is on a much
faster server.

The fifth column of our table represents the
speedup obtained from maintaining the structure
incrementally, rather than re-creating it on a database
update.  This part of the experiment was also
performed on the 600MHz Alpha Station 4100. The
(incr 5%) in the column header corresponds to
the increment size. The datasets described in the
previous sections are divided into two partitions, one
containing 95% of the transactions (or instances) and
the other containing the remaining 5%. The first
partition we assume is the original dataset, while the
second partition is treated as the increment dataset.
The speedup numbers in this column compare the
speedup of using an incremental algorithm as opposed
to re-executing the algorithm on the entire (original
+ increment) data (column 4). The performance
gains from the incremental approach ranges from
good (speedup of 7) to excellent (speedup of 18).
As expected, incrementally maintaining the summary
structure for the discretization application results in
the best speedup since it is the easiest to maintain.

6.3 Distributed Performance

In typical client-server applications, the client makes a
request, to the server, the server computes the result,
and then sends the result back to the client. Since
the interactions in our applications are often iterative
in nature, caching the summary data structure on the
client side so that repeated accesses may be performed
locally can potentially improve query execution times.

We present results on the efficacy of caching
the summary structure in a distributed environment
consisting of SUN workstations connected by 10 or
100 Mbps switched Ethernet. The clients in each
application interact with the server by sharing the
summary data structures with the server. The server
creates the summary data structure and updates it
corresponding to changes in the database (which we
simulate). The potential gain from client-side caching
depends on a number of factors: the size of the shared
data, the speed of the client, the network latency, the
server load, and the frequency of data modification.
We evaluate the effect of each of these factors.



Application Client (143Mhz) | Client (270Mhz) | Recompute | Incremental Speedup (incr 5%)
Association Mining 24 1.5 540.7 10
Sequence Mining 0.58 0.35 150 7
Discretization 0.87 0.55 505.8 18
Similarity 0.35 0.11 10 10
Table 1: Active Mining Performance: Execution Times in seconds
Application Client(143) Client(270)
CSC SSRC L-SSRC | CSC SSRC L-SSRC
Ethernet (Mbps) 10 | 100 | 10 | 100 10 | 100 | 10 | 100
Association 24 | 405| 16 | 72 | 25 | 15 | 25 | 14 | 5.1 | 23
Sequence 0.58 | 0.85 | 0.55 | 1.35 | 0.86 | 0.35 | 0.63 | 0.5 | 1.18 | 0.73
Discretization 0.87 | 1.35 | 0.67 | 2.75 | 1.08 | 0.55 | 0.94 | 0.6 | 1.6 | 0.98
Similarity 035 | 1.5 [ 055 ] 2.7 | 098 | 0.11 | 09 | 037 | 24 | 094

Table 2: Time (in seconds) to Execute Query in a Distributed Environment

We ran each of our applications under the following
scenarios:

1. Client-Side Caching (CSC): the client caches the
summary structure and executes the query on
the local copy (the execution times reported
here do not reflect the time to communicate the
summary structure, which gets amortized over
several queries).

Server Ships Results to Client (SSRC): the client
queries the server and the server ships the results
back to the client. This scenario is similar to the
use of an RPC mechanism. In order to better
understand the impact of server load, we varied
the number of clients serviced by the server from
one (SSRC) to eight (Loaded-SSRC).

We measured the time to execute each query under
both scenarios. We evaluated each scenario on a range
of client machines, from an UltraSparc (143Mhz)
machine to an UltraSparc IIi (270Mhz). In each case,
our server was an 8-processor 336 MHz UltraSparc 11
machine. Results are presented in Table 2 for these
scenarios under two different network configurations.
We varied the network configuration by choosing
clients that are connected to the server via a 10
Mbps or a 100 Mbps Ethernet network. For each of
the applications considered: Associations, Sequences,
Discretization, and Similarity, the size of the results
shipped by the server (total data communicated) were
1.5MB, 0.25MB, 0.5MB and 0.75MB respectively.

The results in Table 2 show that client-side caching
is beneficial for all but a few of the cases. In partic-
ular, the following trends are observed. Client-side
caching is more beneficial under the following scenar-
ios: the network bandwidth is low (speedups from
client-side caching under the 10Mbps configuration

are larger (1.5 to 23) than the 100Mbps numbers (0.6
to 9)), the server is loaded (comparing the L-SSRC
column (speedups of 1.1 to 9) with the SSRC column(
speedups of 0.6 to 3.5) with a 100 Mbps network), the
client is a fast machine (comparing the columns in-
volving the 270Mhz clients versus the 143Mhz clients),
or the time to execute the query is low (comparing the
row involving the similarity discovery with the row
involving association mining). In other words, the
benefits from client-side caching are a function of the
computation/communication ratio. The lower the ra-
tio, the greater the gain from client-side caching. The
fact that InterAct enables such caching is very useful
for such applications especially when deployed on the
Internet.

In addition, the client maps the shared summary
data structures using one of the set of consistency
models provided by InterAct. Choosing the right
consistency model for a given application depends
on its tolerance for stale data. Updates are then
transmitted to the client according to the consistency
model chosen. Results obtained show that the average
update times are several orders of magnitude faster
than existing approaches such as RPC. For a detailed
analysis of our update protocol and results pertaining
to these applications, see [16].

7
7.1

Several systems have been developed for distributed
data mining. The JAM [22](Java Agents for Meta-
learning) and the BODHI [13] system assume that
the data is distributed. They employ local learning
techniques to build models at each distributed site,
and then move these models to a centralized location.
The models are then combined to build a meta-
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model whose inputs are the outputs of the various
models and whose output is the desired outcome.
The Kensington [12] architecture treats the entire
distributed data as one logical entity and computes
an overall model from this single logical entity. The
architecture relies on standard protocols such as
JDBC to move the data. The Id-Vis [23] architecture
is a general-purpose architecture designed with data
mining applications in mind to work with clusters of
SMP workstations. Both this system and the Papyrus
system [11] are designed around data servers, compute
servers, and clients. The Id-Vis architecture explicitly
supports interactivity through the interactive features
of the Distributed Doall programming primitive.
However, the interactions supported are limited to
partial result reporting and bare-bones computational
steering.

Our work is complementary to the above dis-
tributed data mining systems. Their focus is on how
to build data mining systems or specific data mining
applications when the data and processing capacity
is distributed. Our focus is on making existing algo-
rithms active.

7.2 Incremental Mining

In [5], an incremental algorithm for maintaining
association rules is presented. A major limitation of
this algorithm is that it may require O(k) database
(original plus increment) scans, where k is the size of
the largest frequent itemset. In [10], two incremental
algorithms were presented — the Pairs approach stores
the set of frequent 2-sequences, while the Borders
algorithm keeps track of the frequent set and the
negative border. An approach very similar to the
Borders algorithm was also proposed in [25].

There has been almost no work addressing the in-
cremental mining of sequences. One related proposal
in [26] uses a dynamic suffix tree based approach to
incremental mining in a single long sequence. How-
ever, we are dealing with sequences across different
customers, i.e., multiple sequences of sets of items as
opposed to a single long sequence of items. To the
best of our knowledge there has been no work to date
on the incremental mining of discretization and simi-
larity discovery.

7.3 Interactive Mining

A mine-and-examine paradigm for interactive explo-
ration of associations was presented in [14]. The idea
is to mine and produce a large collection of frequent
patterns. The user can then explore this collection by
the use of templates specifying what’s interesting and
what’s not. They only consider inclusive and exclu-
sive templates (corresponding to our Including and
Excluding queries), whereas our approach handles a
wider range of queries, in an efficient manner.

A second approach to exploratory analysis is to in-
tegrate the constraint checking inside the mining al-
gorithm. One such approach was presented in [21].
Recently, [15] presented the CAP algorithm for ex-
tracting all frequent associations matching a rich class
of constraints. Our approach relies on constraining
the final results rather than integrating it inside the
mining algorithm.

An online algorithm for mining associations at dif-
ferent values of support and confidence, was presented
in [1]. Like their approach, we rely on a lattice frame-
work to produce results at interactive speeds. Our
approach relies on a different base algorithm [28] for
generating associations and this allows us to compute
a wider range of queries, as well as, compute such
queries faster.

An interactive approach to discretization was pre-
sented in [24] for traditional one-dimensional dis-
cretization. They also use a probability density es-
timate of the base attribute to allow for certain user
interactions in a manner similar to ours. However,
their problem domain is much simpler then ours and
therefore the interactive queries supported are rela-
tively easier to compute. We are not aware of any
such work on interactive mining, within the domain
of sequence and similarity discovery.

Most of the incremental and interactive mining
approaches tend to focus on isolated applications
leading to a proliferation of solutions with little or
no inter-operability. Our approach is the first that
tries to integrate the incremental and interactive
components in a distributed setting. Furthermore,
we outline a general strategy for making mining
algorithms active in such a setting.

8 Conclusions

In this paper, we described our approach to active
data mining in a client-server setting. We presented
a general method for creating efficient interactive
mining algorithms, and in addition, demonstrated its
efficacy in a distributed setting using the InterAct
framework. We applied this general methodology to
several data mining tasks: discretization, association
mining, sequence mining, and similarity discovery.

To summarize our method, we maintain a mining
summary structure that is valid across database
updates and user interactions. On a user interaction,
the mining summary structure can answer the query
without re-accessing the actual data. On a database
update, the amount of the original database that
needs to be re-examined is minimized. Lastly, by
caching the summary structure on the client using
InterAct, we can eliminate overheads due to network
latency and server loads.

Experimental results show that executing queries
using the appropriate summary structure can improve



performance by several orders of magnitude. Further-
more, for all the applications considered, the summary
structures can be incrementally maintained with up
to an 18-fold improvement over re-creating the sum-
mary structures on a database update. Finally, up to
a 23-fold improvement in query execution times was
observed when the clients cache the summary struc-
ture and execute the query locally.
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