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An apparatus and method for effi-
ciently compressing contents of a data-
base system to support ad hoc query-
ing and OLAP type aggregation queries.
This invention consists of a new com-
pressed representation of the data cube
that (a) drastically reduces storage re-
quirements, (b) does not require the dis-
cretization hierarchy along each query di-
mension to be fixed beforehand and (c¢)
treats each dimension as a potential tar-
get measure and supports multiple aggre-
gation functions without additional stor-
age costs. The tradeoff is approximate,
yet relatively accurate, answers to queries.
The basic method relies on representing
the contents of the database by a prob-
ability distribution consisting of a mix-
ture of Gaussians. Aggregation queries,
be they multi-dimensional, conjunctive,
or disjunctive, can be answered by per-
forming integration over the probability
distribution. We augment the basic model
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Multi-dimensional Database and Data Cube Compression for Aggregate Query

Support on Numeric Dimensions

Field of the Invention
The present invention concerns the compression of large database and their

corresponding OLAP data cubes and provides an improved method and apparatus for
efficiently and approximately answering queries based on the data contained in large

databases.

Background Art
A database management system (DBMS) stores data and retrieves it based on a

data access language, typically SQL (Structured Query Language). One major use of
database technology is to help individuals and organizations obtain fast/flexible reports on
performance of a business. Another major use of DBMS is to support decision making
based on the data contained in the database.

An important aid to the users making decisions based on data in the database is the
ability to generate reports based on aggregates. Database systems support many such
applications. For example, in a payroll application, the data could be represented with
three attributes such as salary, years of employment and vested dollar amounts in a
company pension plan. With this view of the data, it is easy to ask queries such as a query
that finds the average number of years of employment of employees who have a salary
greater than 100,000 dollars. Alternatively, it might be desirable to specify a range of
years of employment and ask for the total contribution in dollars for people falling in that
range. A desirable view of the data in a database is to provide a multidimensional view. In
this case, attributes are treated as dimensions, and cells inside the cube represent all
possible combinations of attribute values, along with associated aggregation measures
(such as count, sum, and so forth). Further, users can specify ranges in different
dimensions if they need to view data in more detail. Thus, in the above example, users

could ask for the average salary of employees who have more than 100,000 dollars in
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vested company benefits and who have worked for the company for less than S years.
Other applications that benefit from the multidimensional view of data include inventory
control, sales and marketing, user, or customer databases.

Relational database systems can take a long time in computing the answers to such
aggregation queries. The multidimensional approach pre-computes and caches many of the
answers in advance and hence supports fast response times for aggregation queries.
Unfortunately, in today’s datacube technology, it is not possible to allow dimensions that
are numeric. The reason for this is that the number of cells in a cube is determined by the
number of combinations of values on all dimensions. Numeric (or continuous) dimensions
have a large number of values. Hence a cube would have too have many cells. One of the
emerging applications of databases is online analytical processing (OLAP) which enables
users to ask decision support queries in a more natural and efficient manner than SQL-
based database systems. A commonly used approach for queries that use OLAP is the so-
called data cube approach which views the data records stored in the database as points in
a multidimensional space. Users ask queries using the data cube approach by specifying in
the query the dimensions or record attributes of interest and ranges for those dimensions.

One commonly asked OLAP query is a count query that determines the number of
data records falling within a selected range. A second common query is the aggregate
query which totals the values for the records falling within a selected range. By adding or
deleting a dimension to a query a user can drill down or roll up over the multi-dimensional
space of the database.

Transact-SQL (T-SQL) is a superset of standard SQL and forms part of SQL
server version 6.5, a product of Microsoft Corporation, assignee of the present invention.
Transact SQL provides two special operators, CUBE and ROLLUP, that allow
multidimensional analysis to be projected by the database server where the analysis can be
optimized as part of the execution plan of the query. A discussion of the CUBE and
ROLLUP operators is found in the book “Inside SQL Server 6.5 “ by Soukup, Copyright
1997, Microsoft Press, pp 326 — 340 which is incorporated herein by reference. The mani

intent of CUBE operator is to pre-compute all aggregations on all possible combinations
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of values. Hence the result of a cube query can be huge, in fact much larger than the data
itself.

As data warehousing becomes more popular, OLAP is gaining in importance as a
primary interface to evaluating data contained in the data warehouse. Most successful
data mining applications include reporting systems having fast query response
mechanisms. Most corporations require decision support and would benefit from
improved technology to help in making decisions based upon rapidly gathered and
organized data.

Specific applications include marketing aided by querying past sales data, inventory
management based on querying the inventory database, hierarchical visualization of
employee data and many other decision support applications. The applications of OLAP
are not limited to large organizations. The concept of the data cube could be viewed as a
hierarchical organization of data in general and this could be an easily understood interface
that provides summarized and organized access to large volumes of data to every type of
user.

One goal of a database management system is efficient support for queries on data
cubes. The prior art has (a) dealt with providing exact answers to queries, (b) dealt mainly
with discrete valued dimensions, and (c) treated the dimension on which the aggregation
or average is performed as a dimension that is distinct from the dimensions of the data
cube. Because prior art techniques concentrated on providing exact answers, the amount
of data that was stored was large and expensive disk accesses were required, thus making
query processing expensive. Not being able to efficiently pose queries on continuous
valued dimensions limits the types of applications and the scope of data cubes. Treating
all dimensions symmetrically and allowing aggregation on every dimension is not possible
with such prior art systems.

Being able to query the data presented in the multidimensional format and quickly
obtain the result is crucial to the effective usage of a data cube. Typically, answers to the
queries on the data cube are not required with perfect accuracy and users are willing to
trade off accuracy for rapid answers to these queries. This is especially true during the

creation of a new report or cube. Results can always be made exact later as the report is



10

15

20

25

30

WO 00/65479 PCT/US00/10471

finalized. For exploratory analysis over large stores, approximate results (as long as they
are fairly accurate) are acceptable since the analyst is typically looking for rough relations
(e.g. the number of employees in this category is 3 times that in another, and about the

same as in yet a third category).

Summary of the Invention

The present invention enables the effective summarization of large amounts of data
and provides rapid answers to decision support queries on data cubes. The data is
compressed by dramatic factors, and can be three to four orders of magnitude smaller than
the original data size. A principal feature of the invention is the recognition that data can
be viewed as points in a multidimensional space and hence can be effectively summarized
using clustering techniques. Unlike prior art multi-dimensional cubes or OLAP systems
which have large storage requirements, the invention takes advantage of the fact that ina
typical database, many “ranges” of the range query are empty. Furthermore, the data may
be concentrated in only certain dense regions (subspaces) of the original space. Hence,
data compression by means of clustering provides a fairly accurate characterization of the
database that is not wasteful of computer memory.

Practice of the present invention takes advantage of clustering information that can
be stored on a computer performing the query analysis. The computer need not have
access to the database which conceivably could include millions or more of data records.
This typically results in a tremendous savings in storage requirements since the cluster-
based statistical data models are typically far more compact than the number of data points
that make up the database. Also, the cluster-based statistical models can typically fit in the
computer’s rapid access or main memory and this allows faster answers to queries even if
the queries are directed to very large databases. Data points that do not fit well within any
of the clusters can be retained as individual records when evaluating the queries.

One exemplary process for practicing the invention includes the steps of clustering
data records contained in a database to provide a functional representation of the data for
each of a multiple number of data records that make up the database. Ranges are chosen

over the dimensions of the data for determining a sum or a count of data records from the
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database falling within the ranges. The sum or count is determined by integrating the
functional representation from each cluster over the ranges to determine the sum or the
count of data records from the database that fall within the selected ranges.

A computer used to practice an exemplary embodiment of the invention executes a
stored program having a clustering component having a clustering model that includes a
functional representation of data clustering of the database. A query execution component
performs aggregation queries including sum, count and average determinations. The
computer can use either the actual data records in the database (by scanning the database)
to answer such queries or can use the clustering model. The computer can be a server and
may provide the clustering model to network clients. The size of the clustering model is
small enough that the model can be loaded into the client and used to answer queries
without being connected to the server.

The invention has several important implications for database queries: (a) a
traditional prior art data cube scheme expends many data cells on portions of the
mutlidimensional data space that are empty or nearly empty. The invention exploits the
fact that data typically resides in a much smaller subspace than the full region bounded by
the database dimensions; (b) the data clusters identify subspaces of the entire database
where the multiple dimensions may be interrelated and hence can be compressed via the
data clustering; and (c) decision support and preliminary reporting or exploration may not
require exact answers and the approximate results achieved through practice of the
invention will suffice.

These and other objects, advantages, and features of the invention are further
discussed in the detailed description of an exemplary embodiment of the invention which is

described in conjunction with the accompanying drawings.

Brief Description of the Drawings

Figure 1 is a schematic depiction of a computer system for use in practicing the
invention;
Figure 2 is a block diagram of components constructed in accordance with an

exemplary embodiment of the invention for querying data stored in a database;
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Figure 3 is a flow chart of a clustering process used in conjunction with an

exemplary embodiment of the invention;

Figures 4A — 4D illustrate a data structure for storing a clustering model that

forms an output of the clustering process depicted in Figure 3;

Figure 5 is a two dimensional depiction showing a distribution of data records

from a database;

Figure 6 is a one dimension plot showing a data distribution of data records for

two data clusters; and

Figures 7 and 8 are one dimensional depictions illustrating use of a cluster model

for answering queries.

Detailed Description of an exemplary embodiment of the invention

The present invention has particular utility for evaluating data contained in a
database 10 (Figure 2) having many records stored on multiple, possibly distributed
storage devices. Each record in the database 10 has many attributes or fields which for a
representative database might include age, income, number of years of employment,
vested pension benefits etc. Data of this type (e.g. U.S. Census) can contain many
millions of data records and a exact query analysis is costly in terms of time and memory.

A significant observation is that if the data density of the database is known, then
multi-dimensional aggregate queries can be answered without accessing the data itself.
Several advantages result in executing a query using a density function rather than
accessing the data. If the density function is compact, significant storage is saved as the
actual data is not used in answering queries. If an integration over the density function is
efficient, then executing queries using this density function is efficient. The same density
function is used to answer many different aggregate queries (i.e. any dimension can also be
a measure in OLAP terminology), without paying an added cost, leading to a further
savings in space over traditional pre-computation approaches in OLAP. Finally, the
invention admits dimensions that are numeric; something OLAP systems of today do not

permit. Thus, a density-based approach addresses the limitations of existing pre-
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computational techniques. An exemplary embodiment of the invention employs data
clustering techniques to derive a density estimation.

A data clustering model is produced by a computer 20 (Figure 1) executing a
stored computer program that implements a data mining engine or component 12. The
clustering model derived from the database 10 is used for answering queries about the
data records in the database.

Figure 5 is a two dimensional depiction of data points extracted from the database
10. Such a depiction could be derived from a database having records of dimension n

having a format of Table 1:

Table 1
n-4
Years Vested other
EmployeelD Age Salary Employed Pension attributes
XXX-XX-XXXX 46 39K 12 100K
YYY-YY-YYYY 40 29K 4 0K
QQQ-QQ-QQQQ 57 18K 23 250K

The two dimensions that are plotted in Figure 5 are years of employment (vertical
axis) and salary in thousands of dollars (horizontal axis). One can visually determine that
the data in Figure S is lumped or clustered together into two clusters.

Data is generally not uniformly distributed and some combinations of attribute
values are more likely than others (in fact some combinations never occur — e.g. low
experience and very high salary). Clustering can be viewed as identifying the dense regions
of the probability density of the data source. An efficient representation of the probability
density function is the mixture model. a model consisting of several components (e.g. a
model consisting of the sum of 3 Gaussians). Each component generates a set of data
records (a “cluster”). The data set is then a mixture of clusters and the problem is to
identify the data points constituting a cluster and to infer the properties of the distribution

governing each cluster.

k
The mixture model probability density function has the form: Pr(x)=ZWg Pr(x|£)} The
&=

coefficients W, (mixture weights) represent the fraction of the database represented by the
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corresponding cluster and k is the number of clusters. We focus on models whose
components (clusters) are represented by multivariate Gaussians. This choice in motivated
by the following result. Any distribution can be approximated accurately with a mixture
model containing a sufficient number of Gaussian components. Data clustering is suitable
because clusters are represented by multivariate Gaussians which are compact to represent
and easy to integrate with numerical methods . Recent efficient methods for clustering
large volumes of data have been developed, which enable us to perform this clustering
efficiently over large databases (see patent applications to Fayyad et al).

In a so-called K-means clustering technique, the data points belong or are assigned
to a single cluster. K-means clustering is described in co-pending United States patent
application entitled “ A scalable method for K-means clustering of large Databases” filed
in the United States Patent and Trademark Office on March 17, 1998 under application
serial no. 09/042,540 and which is assigned to the assignee of the present application and
is also incorporated herein by reference.

A second clustering process suitable for use with the present invention uses a so-
called Expectation-Maximization (EM) clustering. E-M clustering is described in an
article entitled “Maximum likelihood from incomplete data via the EM algorithm”, Journal
of the Royal Statistical Society B, vol 39, pp. 1-38 (1977). The EM process estimates the
parameters of a model iteratively, starting from an initial estimate. Each iteration consists
of an Expectation step, which finds a distribution for unobserved data (the cluster labels),
given the known values for the observed data. Co-pending patent application entitled “A
Scalable System for Expectation Maximization Clustering of Large Databases” filed May
22, 1998 under application serial number 09/083,906 describes an E-M clustering
procedure. This application is assigned to the assignee of the present invention and the
disclosure of this patent application is incorporated herein by reference.

In an expectation maximization (EM) clustering analysis, rather than harshly
assigning each data point in Figure 5 to a cluster and then calculating the mean or average
of that cluster, each data point has a probability or weighting factor that describes its
degree of membership in each of the K clusters that characterize the data. For the EM

analysis used in conjunction with an exemplary embodiment of the present invention, one
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associates a Gaussian distribution of data about the centroid of each of the two clusters in
Figure 5.
Consider the one dimensional depiction shown in Figure 6. The two Gaussians

G1, G2 represent two clusters that have centroids or means ¥',X” in the salary attribute

of 16K and 33K per year. The compactness of the data within a cluster is generally
indicated by the shape of the Gaussian (variance in one dimension, or covariance matrix in
multiple dimensions) and the average value of the data points that make up the cluster is
given by the mean or centroid. Consider the data point identified on the salary axis of
Figure 6 as the point “X” of a data record having a salary of $22,000. This data point is
plotted in the Figure 5 depiction. The data point ‘belongs’ to both the clusters identified
by the Gaussians G1, G2. This data point ‘belongs’ to the Gaussian G2 with a weighting
factor proportional to h2 (probability density value) that is given by the vertical distance
from the horizontal axis of Figure 6 to the curve G2. This same data point X ‘belongs’ to
the cluster characterized by the Gaussian G1 with a weighting factor proportional to hl
given by the vertical distance from the horizontal axis to the Gaussian G1. We say that the
data point X belongs fractionally to both clusters. The weighting factor of its membership
to G1 is given by h1/(h1+h2+Hrest); similarly it belongs to G2 with weight
h2/(h1+h2+Hrest). Hrest is the sum of the heights of the curves for all other clusters
(Gaussians). If the height in other clusters is negligible one can think of a “fraction” of the
case belonging to cluster 1 (represented by G1) while the rest belongs to cluster 2
(represented by G2). For example, if h1 = 0.13 and h2 = 0.03, then 0.13/(0.13+0.03) = 0.8
of the record belongs to cluster 1, while 0.2 of it belongs to cluster 2.

The invention disclosed in the above referenced two co-pending patent
applications to Fayyad et al brings data from the database 10 into a computer memory 22
(Figure 1) and the data mining engine 12 implemented by software running on the
computer 20 creates an output model from that data. In a client/server implementation, an
application program 14 acts as a client and the data mining engine component 12 as a
server. The application program 14 is the recipient of an output clustering model. The
clustering model provided by the data mining engine will typically fit in the memory of a

personal computer. This will allow the data mining engine 12 to perform the clustering
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analysis and then transmit this model to a portable (laptop) computer so that the user
needing to answer queries based on the data in the database 10 can have access to
database summarizations without need to be in communication with the server. We note
here that the clustering model need not be obtained from the EM or from a specific
clustering algorithm. This invention simply assumes as input a model of the data consisting
of a set of clusters, each of which is represented by a Gaussian distribution over the fields

in the data constituting the cluster. The model may even be constructed manually if

appropriate.

Probability Function

Each cluster in the model is represented or summarized as a multivariate Gaussian

having a probability density function:

= 1 -1/ 2-p) T (x-p
p(x)= PICE Jrﬂe »
where x = (X},X2,X3,Xs,...,Xs) iS @ n-component column matrix corresponding to a data
point in the selected n dimensional space of the database, p is the n-component column
matrix corresponding to a data structure 154 having the means (averages) of the data
belonging to the cluster in each of the n dimensions (designated SUM in Figure 4D).
Sigma (Z) is an n-by-n covariance matrix that relates how the values of attributes in one
dimension are related to the values of attributes in other dimensions for the points
belonging to the cluster. The transpose of a matrix I is represented by ', and the inverse
of a matrix T is represented by "'. The determinant of a matrix I is represented by |Z|.
The covariance matrix is always symmetric.

The number of memory locations or values required to represent each cluster in
the cluster model of Figure 4D is the sum of the following quantities: the number N (one
number) indicating the data records summarized in a given cluster. (In K means this is an
interger in E-M clustering a floating point number) The dimension n equals the number of
items in the SUM data structure (Figure 4D) and the value n*(n+1)/2 values for the

covariance matrix £ which give a total of 1+n+[n*(n+1)]/2 values in all. If the covariance

10
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matrix T is diagonal (Figure 4D for example), then there are n numbers in the covariance
matrix (SUMSQ in Figure 4D) and the number of values needed to characterize the cluster
is reduced to 1 +2n. Ifthere are K clusters, the memory required for the model is

K(1+2n).

Figure 3 is a flow chart of the process steps performed during a scalable EM
analysis of data. It is emphasized that the clustering processes disclosed in the two
aforementioned patent applications to Fayyad et al need not be used in practicing the
present invention , but that they are representative of suitable clustering processes that are
used for clustering large databases having so many records that the memory for storing the
records far exceeds the available rapid access memory of a computer that implements the

data mining engine 12 for performing the clustering.

Scalable EM Clustering
A first step of the Figure 3 scalable clustering procedure is an initialization step

100. This step sets up a number of data structures shown in Figure 4A — 4D . At a step
110 a data sample is brought into a rapid access memory (into RAM for example,
although other forms of rapid access memory are contemplated) of the computer 20
schematically depicted in Figure 1. In general, the data has a large number of fields so that
instead of a single dimension analysis, the clustering characterizes a large number of
vectors where the dimension of the vector is the number of attributes of the data records
in the database. A data structure for this data is shown in Figure 6C to include a number r
of records having a potentially large number of attributes D.

A processor unit 21 of the computer 20 next performs 120 an extended EM
analysis of the data in memory. The term ‘extended * is used to distinquish the disclosed
process from a prior art EM clustering analysis. Classical (prior art) EM clustering
operates on data records. This implementation works over a mix of data records (Figure
4C) and sufficient statistics representing sets of data records (Figures 4A and 4B). The

processor 21 evaluates the data brought into memory and iteratively determines a model

11
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of that data for each of the K clusters. A data structure for the results or output model of
the extended EM analysis is depicted in Figure 4D.

In the next step 130 in the Figure 4 flowchart some of the data used in the present
iteration to characterize the K clusters is summarized and compressed. This
summarization is contained in the data structures 160, 165 of Figures 6A and 6B which
take up significantly less storage in memory 25 than the vector data structure 170 needed
to store individual records. Storing a summarization of the data in the data structures of
Figures 6B and 6C frees up more memory allowing additional data to be sampled from the
database 10. Additional iterations of the extended EM analysis are performed on this
data.

Before looping back to get more data the processor 21 determines 140 whether a
stopping criteria has been reached. One stopping criterion that is used is whether the EM
analysis is good enough by a standard determined by the user. A second alternative
stopping criterion has been reached if all the data in the database has been used in the EM
analysis.

The clustering model that is produced by the process depicted in Figure 4D is
characterized by an array of pointers, one each for the K clusters of the EM model. Each
pointer points to a vector 154 summarizing a mean for each dimension of the data and a
second vector 156 indicating the spread of the data. As the EM model is calculated, some
of the recently acquired data that was used to determine the model is compressed. All the
data used to model the database is then stored in one of three data subsets. A retained
data set 170 is kept in memory 22 for further use in performing the EM analysis. A
discarded data set (DS) and a compressed data set (CS) are summarized in the form of
sufficient statistics. The sufficient statistics are retained in memory. Regardless of the
stopping criteria used to terminate the clustering process of Figure 3, the model summary

of Figure 4D can be used to perform query analysis.

12



10

15

20

WO 00/65479 PCT/US00/10471

Answering Queries

Let the n dimensions in the data cube be labeled d; — d,. Also, let the number of
clusters be K and let pi(x) by the Gaussian for cluster | and Nj be the number of data points
in cluster . We now consider the three types of queries that are common in decision

support applications.

Type 1 Query (ad hoc count queries

The first type of query specifies ranges in dimensions d;, through dia, (m<n, i.c. a
subset of the n dimensions), the ranges being from a, to b, for dimension d;; and asks for
the number (count) of data items present in the range. Let the unspecified dimensions be
represented as dj; through djom. In this case the answer is computed as the sum of the

following quantity for each cluster 1.

w wbl bm

Num(l)=Nx [...[[..{ p(0)e,,..

- -—wgl am

Now consider the one dimensional example of Figures 7 and 8. These figures are similar
to Figure 6. They depict two data clusters represented by the two Gaussian data
distributions G1, G2. How many employees are there in the company having incomes
between of between x = 42K and y = 58K?

The above integration is straightforward in the case of multivariate gaussians with
a diagonal covariance matrix. In this case, the multivariate gaussian p(x) can be written as
a product of univariate Gaussians for the dimensions of the data and the integral of the
product of Guassians can be converted to a product of the integrals of the Gaussians.

With these simplifying assumptions, the relation for Num(l) becomes:

bm bl © ©
Num(l) = N, x [ p, (5, )t %[ Py )y x [ 21 ()% [ Py Y
am al - -0
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Under the simplifying assumption, the integrals from — to + infinity for the
dimensions not involved in the range queries evaluate to one. The remaining terms are
univariate integrals over the dimensions d;; to dix.

Consider the depiction of Figure 7 which illustrates two Gaussians corresponding
to two clusters over the dimension of salary. To evaluate the query of how many
employees have salary in the range from 42K to 58K. These range boundaries are
designated as ‘x’ and ‘y’ on Figure 7. There is one dimension (salary) and there are two

clusters. Consider the contribution from cluster one:

58k
Num(1) = N1x J'Gldx x (otherterms)

2k

The value of ‘otherterms’ in this integration is one so that the value of Num(1)
evaluates to the number N1 for the first cluster times the integral represented by the

shaded area on Figure 8.

A similar integration is needed for the second cluster characterized by the gaussian
G2. This result is:

S8k

Num(2) = N2x I G2dx x (otherterms)

42k

This is the number N2 times the integration which is the shaded area under the G2
gaussian in Figure 11. The result of the query of the number of people is
Num(1)+Num(2).

Type 2 Query (ad hoc Sum Queries)

This query specifies ranges in dimensions d;; through dix, the ranges being from a,
to b, for dimension d;; and asks for the sum of data items present in the range. Let the
unspecified dimensions be represented as d;; through djo.m. The answer is computed as the

sum of the following quantity for each cluster 1.
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Sum(l) = N,x?...??...bfx, x p,(x)dx,,..dx,dx ;.. dx,,_,

- —wmal am

For the one dimensional example of Figure 7 a query of this type would be: What is the
total company payroll paid by the company for employees making between 42K and 58K?
The integration of this type of query is straighforward and can hence be computed easily.

Type 3 Query (ad hoc Average Queries

The third query asks for the average of the values in dimension ds for the data
items present in the range. The answer is computed as the ratio of the result of the query
that sums the values in dimension d, in the specified range (query of type 2) and the result
of the query that finds the number of data points in the specified range (query of type 1).
This query would yield the average salary for the people whose salaries fall between 42K
and 58K. |

Handling Disjunctive Queries of types 1, 2, and 3:

The above assumes that only one range selection is specified along each dimension.
Disjunctive queries are easily transformed to sums over multiple ranges. Another common
type of query is a “cross-tabulation”, where multiple ranges are specified along each
dimension. Thus, a query may require the number of data points for every combination of
ages in the ranges 10-20, 20-30 and 30-40 and salaries in the range S0K-60K, 60K-90K
and 90K-120K. Rather than evaluating all combinations (in this case, there are nine) as
separate queries, integrals corresponding to sub-queries may be cached and re-used. Thus,
in the current example, the integral for the age ranges 10-20, 20-30 and 30-40 would be
performed exactly once for the entire query (similarly for the integration for the salary

ranges).
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Alternate Embodiment

The discussion thus far has included a clustering model such as the model of
Figure 4D. The clustering processes described in the Fayyad et al co-pending patent
applications employ two other data structures referred to as DS and CS in Figures 4A and
4B. Individual records are stored in computer memory as vectors and are referred to as an
RS data set (Figure 4C). The database records in the RS dataset do not ‘fit’ within any of
the clusters by criteria defined by the clustering process. An alternate embodiment of the
invention is premised upon the availability of these supplemental data structures and does
not use the model of Figure 4D.

The data that is summarized in the data structure DS are records that are most
appropriately summarized as belonging to one of the clusters. One can determine a
Gaussian function g(x) for the data set DS in a manner analogous to the technique for the
model since the diagonal covariance matrix entries (SUMSQ) are available for each of the
K clusters. The data structure of CS contains subclusters of data that do not fit well
within the clustering but are treated as subclusters, not associated with any of the K
clusters. The CS sturctures also include a diagonal covariance matrix entry (SUMSQ) for
each of the subclusters C within CS. This enables a function g(x) to be determined for
each of the subclusters. The vector data of RS is treated as individual records and is not
compressed.

Consider a range query seeking a count of the number of records in the database
falling within the range. This is type 1 of the three type of queries described above. A
Gaussian g(D) associated with the data structure DS is determined and the integration
over the g(D) function performed to determine the cluster’s contribution to the count. For
the i-th cluster call the results of the integration AD;. A gaussian g(C) for each of the C
clusters in the subcluster data structure CS is also determined. For the j-th subcluster call
the results of the integration over this gaussian AC; . Note that each cluster in DS has a
number M; of records corresponding to the number of records compressed in that cluster
and each subcluster in CS has a number Mj of records corresponding to the number of

records compressed in that subcluster. The answer to the count query is given by:
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K [of
Count =" AD,xM, +> AC, xM  +|RS ||
i=1 J=1
RS, is the number of items in RS fall within the bounds of the range query.

The sum and average values of records within the range are computed in an analogous

fashion.

Extensions

In working with the above three types of queries, we have identified two
extensions to the fundamental processes described above that arise using the E-M
technique outlined in Figure 3. A first problem concerns outlier data points. These data
points are points that are far away from the means of all the K clusters in at least one of
the D dimensions. These data points are not accounted for by any of the clusters in the
figure 4D model although they do contribute to that model. A second problem relates to
the fact that the Gaussian characterized by the SUMSQ data structure 156 for a given
cluster may not approximate an idealized Gaussian.

We propose two different techniques for dealing with outlier data. Outliers are first
identified by calculating the distance of each data point from the mean of the cluster.
Formally, a data point x = (X;, X2, X3, X4 ...Xa ) is an outlier if for any cluster C, there exists
a dimension Di such that (x; - 1;)/ ;> 1. piand o; are the means and variances for the
cluster in the ith dimension respectively and 7 is a constant that can be set to values
greater than 2. Higher values of 1 imply a stricter condition for outliers. If the number of
outliers is small enough , they can be stored in memory without exceeding a specified
memory limitation. Otherwise, they may spill to disk or be retained in a small database
table. These outliers are stored as vector data along with the cluster information (outlier
data is stored in structure RS, Figure 4C in the E-M procedure discussed above) In this
circumstance the query involves the integration over the Gaussians as well as an addition
of the outlier data items.

The outliers are identified as follows. Let /,(p) denote the likelihood of a point p
belonging to cluster i. Further, let/(p) = max,___(/;(p)). Then the no points with the least

value of /(p) are labeled the outliers. The mean and variance of the clusters that they
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belong to are updated to reflect the fact that they are outliers and are no longer members
of those clusters.

A second approach would cluster the outliers that satisfy the above criteria and
perform the above integrations over the resulting gaussians.

In the case where the data distribution within a cluster is not strictly Gaussian, we
identify the regions that are more dense than the probability function of a true Gaussian
would predict. This is achieved by dividing each dimension within the range of the cluster
into equal width histograms. By subtracting the expected number of data points based on
a normal Gaussian from the values obtained from the model, it is possible to identify
regions of non-Gaussian data distribution. Once the regions of non-Gaussian data
distributions are identified, the data in these regions is re-clustered and the number of
clusters increased. The goal is to increase the number of clusters to achieve better
gaussian distributions for the increased number of data clusters. In the above case of
outliers, when the outliers are clustered they become additional (presumably Guassian)

clusters that can be treated as an increased number of data clusters.

Computer System

With reference to Figure 1 an exemplary data processing system for practicing the
disclosed data mining engine invention includes a general purpose computing device in the
form of a conventional computer 20, including one or more processing units 21, a system
memory 22, and a system bus 23 that couples various system components including the
system memory to the processing unit 21. The system bus 23 may be any of several types
of bus structures including a memory bus or memory controller, a peripheral bus, and a
local bus using any of a variety of bus architectures.

The system memory includes read only memory (ROM) 24 and random access
memory (RAM) 25. A basic input/output system 26 (BIOS), containing the basic routines
that helps to transfer information between elements within the computer 20, such as
during start-up, is stored in ROM 24.

The computer 20 further includes a hard disk drive 27 for reading from and writing

to a hard disk, not shown, a magnetic disk drive 28 for reading from or writing to a
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removable magnetic disk 29, and an optical disk drive 30 for reading from or writing to a
removable optical disk 31 such as a CD ROM or other optical media. The hard disk drive
27, magnetic disk drive 28, and optical disk drive 30 are connected to the system bus 23
by a hard disk drive interface 32, a magnetic disk drive interface 33, and an optical drive
interface 34, respectively. The drives and their associated computer-readable media
provide nonvolatile storage of computer readable instructions, data structures, program
modules and other data for the computer 20. Although the exemplary environment
described herein employs a hard disk, a removable magnetic disk 29 and a removable
optical disk 31, it should be appreciated by those skilled in the art that other types of
computer readable media which can store data that is accessible by a computer, such as
magnetic cassettes, flash memory cards, digital video disks, Bernoulli cartridges, random
access memories (RAMs), read only memories (ROM), and the like, may also be used in
the exemplary operating environment.

A number of program modules may be stored on the hard disk, magnetic disk 29,
optical disk 31, ROM 24 or RAM 25, including an operating system 35, one or more
application programs 36, other program modules 37, and program data 38. A user may
enter commands and information into the computer 20 through input devices such as a
keyboard 40 and pointing device 42. Other input devices (not shown) may include a
microphone, joystick, game pad, satellite dish, scanner, or the like. These and other input
devices are often connected to the processing unit 21 through a serial port interface 46
that is coupled to the system bus, but may be connected by other interfaces, such as a
parallel port, game port or a universal serial bus (USB). A monitor 47 or other type of
display device is also connected to the system bus 23 via an interface, such as a video
adapter 48. In addition to the monitor, personal computers typically include other
peripheral output devices (not shown), such as speakers and printers.

The computer 20 may operate in a networked environment using logical
connections to one or more remote computers, such as a remote computer 49. The
remote computer 49 may be another personal computer, a server, a router, a network PC,
a peer device or other common network node, and typically includes many or all of the

elements described above relative to the computer 20, although only a memory storage

19



10

15

WO 00/65479 PCT/US00/10471

device 50 has been illustrated in Figure 1. The logical connections depicted in Figure 1
include a local area network (LAN) 51 and a wide area network (WAN) 52. Such
networking environments are commonplace in offices, enterprise-wide computer
networks, intranets and the Internet.

When used in a LAN networking environment, the computer 20 is connected to
the local network 51 through a network interface or adapter 53. When used in a WAN
networking environment, the computer 20 typically includes a modem 54 or other means
for establishing communications over the wide area network 52, such as the Internet. The
modem 54, which may be internal or external, is connected to the system bus 23 via the
serial port interface 46. In a networked environment, program modules depicted relative
to the computer 20, or portions thereof, may be stored in the remote memory storage
device. It will be appreciated that the network connections shown are exemplary and
other means of establishing a communications link between the computers may be used.

The present invention has been described with a degree of particularity. The use of
a clustering process as disclosed in the three Fayyad et al pending patent applications
referenced above is optional. It is therefore appreciated that the invention is intended to
include all modifications and alterations falling within the spirit of scope of the appended
claims.
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We claim

1. A method of querying a database containing data records stored in the database
comprising the steps of’

a) providing a functional representation of data clustering from data records stored
on a database; said functional representation identifying a distribution probability of said

data records;

b) selecting ranges over dimensions of the data for determining a sum or a count of
data records from the database falling within the ranges; and

¢) determining a sum or a count of data records from the database that fall within

the selected ranges by integrating the functional representation over the ranges.

2. The method of claim 1 wherein the records have one or more fields containing
continuous or numeric data or fields whose distribution may be modeled with a Gaussian

distribution.

3. The method of claim 2 wherein the step of determining ranges limits some but not all of
the continuous fields to specific ranges and wherein the integrating step for continuous

fields not so limited is over an entire range of said one or more fields.

4. The method of claim 1 additionally comprising the step of counting or summing
individual data records from the database not included in the functional representation of

data clustering that are treated as outliers.

5. The method of claim 1 wherein the function representation of a data clustering is

derived from a covariance matrix based on the data in the database.

6. The method of claim 5 wherein the covariance matrix is an n by n matrix wherein all

non-diagonal entries are zero.

21



WO 00/65479 PCT/US00/10471

7. The method of claim 1 wherein both the sum and the count are determined and their

ratio determined to provide an average of the data records within the ranges.

8. The method of claim 1 additionally comprising the step of clustering data in the
database to provide a clustering model from which the functional description of multiple

data clusters in the database is provided.

9. The method of claim 8 wherein the step of providing the functional representation
comprises the steps of computing a mean and a spread for each data dimension of the
multiple clusters which form the clustering model and wherein the mean and spread are

then used to calculate a functional representation for each dimension.

10. The method of claim 9 wherein the functional representation is a Gaussian based upon

the mean and the spread for the dimensions of each of the multiple data clusters.

11. The method of claim 1 wherein the step of providing a functional representation
excludes certain data records by identifying outlying data records as not falling within a

data cluster.

12. The method of claim 11 wherein the step of determining a sum or a count total adds

contributions from the outlying data records.

13. The method of claim 12 wherein the step of providing the functional representation is
performed by a clustering step that results in a cluster model having a cluster number K

and wherein said clustering step is performed by allocating an amount of a computer rapid
access memory for storing the cluster model that includes the K clusters and an additional

step of allocating an additional amount of memory for storing the outlying data records.

14 Apparatus for querying a database containing data records comprising :
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a) means for providing a functional representation of data clustering for multiple
number of data records stored on a database;

b) means for selecting ranges over dimensions of the data for determining a sum or
a count of data records from the database falling within the ranges; and

¢) means for determining the sum or the count of data records from the database
that fall within the selected ranges by integrating the functional representation from each

cluster over the ranges.

15. The apparatus of claim 14 wherein the means for determining determines both the
sum and the count and including means for determining a ratio to find the average value of

data records over the ranges.

16. Data mining apparatus for querying a database containing data records comprising :

a ) a memory device for storing a database comprising multiple data records
organized into data fields having a dimension n for storing data record items;

b) a computer having one or more processing units for executing a stored
computer program, said computer including a rapid access memory store; and

¢) an interface for coupling the memory device for storing the database to the
computer to allow records to be retrieved from the database; wherein

d) said computer executing a stored program having software components
including i) a component for providing a functional representation of data clustering for
multiple number of data records stored on a database; ii) a component for selecting ranges
over dimensions of the data for determining a sum or a count of data records from the
database falling within the ranges; and iii) a component for integrating the functional
representation from each cluster over the ranges to determine the sum or the count of data

records from the database that fall within the selected ranges.

17. The apparatus of claim 16 wherein execution of the stored program provides a

functional representation by clustering data into a number, K of clusters, and wherein said
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clustering step is performed by allocating an amount of the computer’s rapid access

memory store for storing a cluster model.

18. The apparatus of claim 17 wherein an amount of the computer’s rapid access
memory store is allocated for storing outlying data records determined not to fit within

any of the K clusters.

19. A method of counting data records containing continuous attributes that are stored in
the database; said method comprising the steps of:

a) defining a data cube over which to count by selecting ranges over one or more
of the continuous attributes of the data records in a database;

a) providing a functional representation of data clustering from data records stored
in the database; said functional representation identifying a distribution probability of said
data records; and

¢) determining the count of data records from the database that fall within the data
cube by integrating the functional representation of the data clustering over the selected

ranges.

20. The method of claim 19 additionally comprising the step of summing attribute

contributions by integrating the value of the functional representation over the data cube.

21. The method of claim 20 additionally comprising the step of finding an average value

of the data records falling within the data cube by taking a ratio of the sum to the count.
22. The method of claim 19 additionally comprising the step of in addition to integrating

over the data cube performing a complete scan of the database and counting data records

satisfying a search criteria.
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23. The method of claim 19 additionally comprising a clustering step that produces a
cluster model comprising a covariance matrix for each of K clusters within the clustering

model.

24. The method of claim 19 wherein the functional representation comprises a mixture
k

model probability density function of the form: Pr(x)=>)_ W, Pr(x|£). having mixture
1

weights W, which represent a fraction of the database represented by a data cluster and

wherein the number k is the number of such database clusters.

25. The method of claim 19 wherein the step of providing the function representation is
performed by a server computer and the steps of determining the count and defining the
data cube are performed on one or more client computers which may or may not be in

communication with the server computer when the determining step is conducted.

26. A computer-readable medium having computer executable instructions for performing
steps comprising:

a) providing a functional representation of data clustering from data records stored
on a database; said functional representation identifying a distribution probability of said
data records;

b) selecting ranges over dimensions of the data for determining a sum or a count of
data records from the database falling within the ranges; and

c) determining a sum or a count of data records from the database that fall within

the selected ranges by integrating the functional representation over the ranges.

27. The computer readable medium of claim 26 wherein the step of determining ranges
limits some but not all of the data fields to specific ranges and wherein the integrating step

for fields not so limited is performed over an entire range of said one or more fields.
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28. The computer readable medium of claim 26 additionally including computer readable
instructions for counting or summing individual data records from the database not

included in the functional representation of data clustering.

29. The computer readable medium of claim 26 wherein the computer readable
instructions cause the computer to determine both the sum and the count and further
comprising computer readable instructions for determining their ratio to provide an

average of the data records within the ranges.

30 The computer readable medium of claim 26 further comprising computer executable
instructions for clustering data in the database to provide a clustering model from which

the functional description of multiple data clusters in the database is provided.

31. The computer readable medium of claim 30 wherein the computer executable
instructions provide a functional representation by computing a mean and a spread for
each data dimension of the multiple clusters to form the clustering model and wherein the

mean and spread are then used to calculate a functional representation for each dimension.

32. The computer readable medium of claim 26 wherein the computer executable
instructions that provide a functional representation excludes certain data records by

identifying outlying data records as not falling within a data cluster.

33. The computer readable medium of claim 32 wherein the instructions for determining a

sum or a count total adds contributions from the outlying data records.

34. The computer readable medium of claim 33 wherein the computer executable
instructions provide the functional representation by performing a clustering step that
results in a cluster model having a cluster number K and wherein said clustering step is

performed by allocating an amount of a computer rapid access memory for storing the
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cluster model that includes the K clusters and an additional step of allocating an additional

amount of memory for storing the outlying data records.

35. A database management system for querying a database containing data records
comprising :

a ) a memory device for storing a database comprising multiple data records
organized into data fields;

b) a computer having one or more processing units for executing a stored
computer program, said computer including a rapid access memory store; and

¢) an interface for coupling the memory device for storing the database to the
computer to allow records to be retrieved from the database; wherein

d) said computer executing a stored program having software components
including i) a clustering component having a cluster model that includes a functional
representation of data clustering for multiple number of data records stored on a database;
and ii) a query execution component which performs an aggregation query comprising a
sum, a count or an average computed from either the actual data stored in the database or
from an integration of the available functional representation from the clustering model of

the data.

36. The database management system of claim 35 wherein the query execution
component selects ranges over dimensions of the data for determining a sum or a count of
data records from the database falling within the ranges; and then integrates the functional
representation from each cluster of multiple clusters in the clustering model over the
ranges to determine the sum or the count of data records from the database that fall within

the selected ranges.
37. The database management system of claim 35 wherein the computer is a server

computer that exports a compressed form of the database from the cluster model, said

database management system comprising multiple client computers including client
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software components to compute aggregate queries without again accessing data from the

server once the compressed form of the database has been communicated to said client.

38. The database management system of claim 35 the query execution component
quickly computes approximate answers to the queries and displays results on a user
interface of said computer prior to initiating a complete scan of the database to obtain the

answer using data in its storage system.
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