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Abstract. In this research, an interactive approach to statistical data mining system is formu-
lated and implemented. The system, called StatMine, provides a set of operators that can be
used to examine data as well as extract various types of knowledge from databases. For effi-
ciency, we build summary tables, which contain concise statistical information about groups
of tuples, such that most statistical data mining tasks can be performed without scanning the
databases. The knowledge exploration operators, coupled with the summary tables, facilitate
the interactive search of different types of knowledge. Examples are provided to show how

these operators can be used to explore data.
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1 Introduction

Since its advent in early 1990’s, there have been many data mining methods developed for various
data mining tasks. Decision trees and rules, regression and classification methods, example-based
methods, probabilistic graphical dependency model, and relational learning model are some of
popular data mining methods. These data mining methods extract various kinds of knowledge,
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such as association rules, classificatory knowledge, sequential patterns, characteristic rules, etc.,
from databases [1, 2, 3, 5, 6, 7, 13, 15, 16, 20, etc]. [11] contains a good review of these methods.

Interestness is an important criterion for data mining as patterns discovered are useful only if
they are interesting to users [8]. This is a very user-dependent criterion. An appropriate way to
address this problem is probably to let users involve themselves in the data mining process and
search for patterns of interest interactively. There have already been some interactive data mining
systems in the literature, for example, the IDEA system [18], IMACS system [4], DBMiner system
[12], etc. In this research, we are to develop an interactive approach to mine for knowledge of
interest.

Data analysis is often viewed as a synonym to data mining. While data mining has just been
studied in the fields of database and artificial intelligence for a little more than a decade, data
analysis has been researched by statisticians for decades. There is a wealth of statistical techniques
available for mining or analyzing data. Indeed, statistical methods have been used in data analysis
for a long time in various disciplines. Statistical approaches, with solid theoretical foundation and
well-tested methods, are well suited for data mining tasks. In this research, we develop a frame-
work to incorporate useful statistical techniques into a data mining system so that ordinary users
without sophisticated background in statistics can also benefit from the wealth of statistical tech-
niques.

In general, data mining is directly performed on raw data, incurring tremendous I/O’s because
potentially large databases may have to be scanned (sometimes more than once). In this research,
we propose to build a summary table, which is a concise summary representation of the raw data,
so that most data mining tasks can be accomplished using only the summary table, which makes
the data mining process more efficient.

While there may be many types of knowledge, we shall focus on the most commonly refer-
enced knowledge — summarization, association, classification, and clustering — in this research. To
facilitate interactive and comprehensive data mining, we design an organized and systematic way
to conduct data mining. We propose five basic operators: aggregate, compare, related, estimate,
and cluster for data examination and knowledge extraction. These operators allow users to investi-
gate data and perform various data mining tasks interactively. The operators provide users with
flexibility and tools to conduct efficient data mining. Our approach is different from other interac-
tive systems such as IDEA [18], IMACS [4], and DBminer [12]. IDEA focuses on keeping track
of operations performed and maintaining relationships between them while IMACS on knowledge
representation and segmenting data. They cannot perform sophisticated data mining tasks as
DBminer and ours. DBminer lays its foundation on multi-dimensional databases while ours is
based on statistical analysis. We design mining tools from statistical point of views while
DBminer uses techniques developed by the data mining/database community. In this research, we
provide convenient and powerful tools for examining data and statistical operators for exploring
relationships.

The rest of the paper is organized as follows. In section 2, we describe the information to be
stored in the summary table. In section 3, the five basic operators are defined. Section 4 shows
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how to extract knowledge from summary tables using the operators. Section 5 is the conclusion.

2 Summary Tables

As the first step to designing a statistical data mining system, we attempt to identify the types of
statistics that are needed for common data mining tasks. For statistical methods, characteristics of
groups (of tuples) are often compared and hypotheses are tested before further investigation.
Therefore, statistics used for such purposes form the basis of the information to keep in our sum-
mary table. Through careful reviews of statistical methods, we find that only the basic statistical
variables, such as mean (M), standard deviation (O ), number of occurrences (), and sum of
product (2XY), where X and Y are two attributes of interest, need to be stored, while some other
useful variables, such as sum of squares (XX°) and covariance (X (X — X )(¥ — ¥)) can be com-
puted using these basic variables, for example, yx?= N( 5’ + M) . Therefore, we shall only store
such information in a table (relation), here we call a summary table.

Consider the relational schema Emp (Name, Dept, Title, Sex, Salary, Experience) as an exam-
ple. There are generally two types of attributes in a relational model: numerical and categorical
attributes. For example, Salary and Experience belong to the former while Dept, Title, Sex, and
Rank the latter. In a summary table, tuples are grouped by categorical attributes, and summary
information on numerical attributes is kept for each group of tuples. Table 1 is the sample sum-
mary table Emp_Sum constructed from Emp.

The summary table is very similar to the fact table in OLAP except that, instead of storing sim-
ple aggregate values, we store more sophisticated summary information (e.g., variance O ) and
information about pairs of attributes of potential interests (e.g., sum of products of two attributes
2.XY). A summary table can also be visualized as a variant of the data cube with grouping attrib-
utes corresponding to the dimension attributes and numerical attributes to the measure attributes.

Table 1. A sample summary table

College Dept Title Sex  Count AVE_ Dev_ AvE_ Dev_ Sum_Exp

Salary Salary Exp Exp _Salary

Engineering ME ASTP F 5 53400 3400 32 2 856400
Engineering ME ASTP M 8 54700 4500 4 2.3 1751000
Engineering ME PROF F 4 73600 8400 17.6 7.3 5683000
Engineering ME PROF M 8 74200 7500 15.8 5.7 9400000
Science CS ASTP F 5 50800 2300 5.5 4.5 1388750
Science CS ASTP M 6 52000 4200 6 32 1875000

We do not intend to store statistics for all possible combinations of pairs of numerical (or
measure) attributes (2XY), as it could increase the size of the table dramatically. To keep the
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summary table small, we include only those attributes that are of general interest. Hopefully, most
of the data mining tasks can be accomplished using only the summary table. If queries refer to
attributes that are not included in the summary table, the underlying database would have to be
searched to derive such information.

It can be easily observed that the summary information in the table can be updated dynamically.
That is, for any insertions, deletions, or updates, the summary table can always be updated incre-
mentally without scanning the base relation.

3 A Statistical Data Mining System - Design and Implementation

Our goal is to design a data mining system such that ordinary users, even without statistical
knowledge, can conduct meaningful and reliable statistical data mining tasks, benefiting from the
wealth of statistical techniques. Instead of examining all the data, which can be very time consum-
ing and wasteful, we adopt an interactive data mining approach to allow users to focus on the data
they are interested in.

We have selected useful statistical techniques and integrated them into our data mining frame-
work. We observe that a statistical data mining process usually starts out by examining the data of
interest, verifying the existences of differences or similarities, and then extracting the relationships.
Therefore, we design a set of operators to facilitate this process. These operators allow users to
focus on the data of interests with flexibility, examine and comprehend the data informatively, and
explore the data in an organized fashion.

After careful reviews of the fundamentals and techniques of conventional statistics, we define
the following five operators: Aggr(egate) for obtaining summary information about specific
groups of tuples; Compare for hypothesis testing on sets of tuples; Related and Estimate for
statistical induction, regression analysis, and classification analysis; and Cluster for clustering
analysis. While each of these operators can accomplish a (part of) particular data mining task, a
combination of these operators can be used to accomplish complex data mining tasks. This flexi-
bility allows us to expand the pool of data mining operations easily in the future.

3.1 User Interface @

Visual Basic 5.0 is used to build a friendly user interface (see Figure 3.1). We aim to provide users
with little statistical background an easy way to conduct data mining tasks. Each operator is care-
fully implemented to ensure as few database accesses as possible to retrieve data required for the
computation. Once the required information is obtained, all computations are done locally. The
results of the operators are presented in a way such that users can easily comprehend. The user
interface is a menu driven window with shortcuts for all the operators on the toolbar as shown in
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=

Figure 3.1. Within the main window, child windows can be moved, resized, minimized and maxi-
mized. Each child window corresponds to one operator.
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Group By, [oerr =]

Fig. 1. User interface of the system

3.2 Database Access

The five operators mentioned in the previous sections are implemented on Oracle 8.05 database.
Oracle Objects for OLE (O040) is used to establish the connection between Visual Basic and
Oracle database. OO40 is a product designed to allow easy access to data stored in Oracle data-
bases through any programming or scripting language that supports the Microsoft COM Automa-
tion and ActiveX technology. This includes Visual Basic, Visual C++, Visual Basic For Applica-
tions (VBA), IIS Active Server Pages (VBScript and JavaScript), and others. The heart of 0040
is the OO40 Automation Server. It is a set of COM automation objects for connecting to Oracle
database servers, executing SQL statements and PL/SQL blocks, and accessing the results. Since
0040 is specially designed for Oracle databases, it provides key features for accessing Oracle
databases efficiently and easily in a typical client/server environment.

Once a user logs on to our mining system, a connection is established between our data mining
client and an Oracle database. The Oracle database can reside on a remote server or a local ma-
chine. Two Oracle objects are created during the login process: OraSession and OraDatabase. An
OraSession object manages collections of OraDatabase, OraConnection, and OraDynaset objects
used within an application. An OraDatabase interface represents a user session to an Oracle data-
base and provides methods for SQL and PL/SQL execution. We can create OraDynaset object to
browse and update data created from a SQL SELECT statement afterwards. The following code
fragment shows how to create those two objects:

Set OraSession = CreateObject("OracleInProcServer.XOraSession")
Set OraDatabase = OraSession.DbOpenDatabase(database, user/passwd, 0&)
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On the toolbar, a user can select a table of interest. The user is able to perform several data min-
ing tasks on the same table in a section before moving to next table, which can significantly re-
duce database accesses by overlapping the table selection process of different data mining tasks.

3.3 Knowledge Extraction Operators

We intend to discover inter-field and inter-record knowledge. Finding association among attrib-
utes is to discover inter-field patterns (that is, mining in a horizontal direction), while finding
similarity of records is to discover inter-record patterns (mining in a vertical direction). The classi-
fication and clustering problems belong to object similarity problem, while regression and de-
pendence modeling belongs to the problem of association or relationship among attributes. In this
section, we shall use the summary table shown in Table 1 as a running example to illustrate the
use of the proposed operators.

Before proceeding, we define the following notations. Let Ay, A,, ..., A, be attributes of a rela-
tion. A formula F is made of zero or more atoms connected via the logical operators A (and), Vv
(or), and — (not). An atom has the form A; op v, where A; is an attribute, v is a value, and op is
one of the mathematical comparators {=, <, <, 2, >, <>}. For example, F can be Dept="ME’ A
Rank="Prof".

() Aggregate Operator

This operator provides statistical information about sets of tuples. The operator is denoted as
Aggr(A; F; G). In this format, Aggr can be one of the commonly used aggregate operators in
statistics: Count, Sum, Avg(average), Prop(proportion), and Dev(standard deviation). A is the
attribute on which the operation is conducted. For Count and Prop operators, A is omitted. F is the

= Aggregation =
Aggr type: [+/G -1 Aftrbute: [SaLaRy 7]

Based On: [title="prof

WTH | | |

Group By: [DEFT -1

GOf
DEPT RESLLT
ACCT 50000
[ EA012.5
MATH 70200
ME 74000
PHYS 70200

Fig. 2. Avg(salary; title="prof’; dept)
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selection formula specifying the data of interest. It can be omitted if the whole data set is to be
selected. G is the grouping scheme by which users can define their own grouping. Tuples satisfy-
ing F are grouped based on G and then the aggregate operator Aggr is performed on the numerical
attribute A for each group. It can be best demonstrated with the example.

The above query ‘What are the average salaries of Professors in each department?’ is accom-
plished by executing the SQL statement Select Dept, sum(Count*Avg salary) /sum(Count) from
Emp_sum where Title=Prof” group by Dept on the summary table. Other aggregate operators are
accomplished in the same way except that the functions plugged into the SQL statements are dif-
ferent. In general, the base relations are searched unless the summary table does not contain the
required information.

(1) Compare Operator

To compare the characteristics of groups (of tuples), or a characteristic of a group against a con-
stant, the Compare operator is defined. The results of the comparisons often determine whether
further investigations are necessary. The syntax for this type of operators is Compare(C; F; G),
which compares groups of tuples satisfying F and grouped by G based on the criterion C. In this
operator format, C is the comparison criterion. It has either a format like Aggr(A) to specify the
characteristic (e.g., Avg(Age)) to be compared between groups, or a format like Aggr(A) op v to
specify a constant v to be compared with the characteristic Aggr(A), where op is one of the com-
parison operators {=, >=, <= >, < <>}. Here, Aggr is either Avg or Prop because they are the two
main characteristics of interest in hypothesis testing. F and G are defined in the same way as for
the Aggregate operator.

=X Comparison =] E3
Comp ltem: {avg  -| [salary = <]

Based On:

WiITH Iaex='m' v Isex='f'

Gol

The Cornparison result is:
z= 61

Fig. 3. Compare (avg(salary); ; female: = sex = ‘f”, male: = sex = ‘m’)
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The z-statistics is usually computed for hypothesis testing. Based on the result of z-statistics, the
corresponding P-value [9] can be obtained from the normal distribution, on which users determine
whether there exists a significant difference between the values tested. Depending on the criterion
C, z-statistics is calculated with different formulas. Above are examples with various possible
criteria.

The above query ‘Is the average salary of male employees significantly different from that of
female employees?’ compares the mean values. First, we pose a SQL query to the summary table
to get the Count, Average, and Dev of the Salary for female staffs. Then, we pose another SQL
query to get the same statistics for male staffs. Two summary table accesses are needed for this
query. Finally, the z-value is calculated. The user can use the z-value to determine the significance.
Alternatively, we could select a default significance level so that, instead of given the z-value, a
Yes/No (or high/medium/low, etc) answer is displayed (for users without background in statistics).
However, due to the possible different requirements of users and flexibility of choosing different
significance levels, we are inclined to display the z-value and let users (with some statistical back-
ground) do the explanation by themselves.

The z-statistics [19] is calculated:

- nn
z=(X. - X 2 1
( 1 2) n2512 +n1522 ( )

where X s X 5 » 1, Ny, 0y, 0 are means, counts, and standard deviations of X for groups 1 and 2,
respectively. They can be easily retrieved from the summary table. Based on the z-value, the user
can then determine whether the test is significant.

The query ‘Is the average salary of professors in the CS department significantly higher than
870,000?° demonstrates another criterion by comparing between the mean and a constant.

For this query, the Count and the Average and Dev of the salary of professors in CS department
can be retrieved using one single SQL statement over the summary table. The z-statistics is then
calculated:

_X-v o
5/n

where X | n, 6 are the mean, count, and standard deviation of X, respectively, and v is the con-

z

stant value to be compared with.
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M Comparison 5 =]

Comp ltem: IAVg =l ISALARY = |> =] T70000

Based On: |dept='cs' and title="prof"

W TH I WS I

GOl

The Comparison resultis
z=-7

Fig. 4. Compare (avg(salary)>70,000; dept = ‘cs’ and title="Prof’;)

The third example, ‘Are the percentages of junior and senior professors significantly different
in CS department?’, compares the proportions. Note that we have defined on the fly a group,
called Senior, as the union of associate or full professors in the operator. The formula for the z-

value is:

_ +
se PP ith p= P TP anq =g

n +n, n +n, 3
Pq(——)

1772

where p;, p,, n;, ny are proportions and counts of groups 1 and 2, respectively. Since the propor-
tion value is calculated from the count values, so only the Count values from the summary table is
required to calculate z.

W Comparison (O]

Comp Item: IProp j | j | j |

Based On |dept=‘oa'

WTH I(T|t|e='prof'ort|ﬂe='a5 e Imle='astp'

Goi

The Cormparison result is
z=-47

Fig. 5. Compare (prop; dept="cs’; senior: = Title = ‘prof” or title = ‘asop’, junior: = title = ‘astp”)
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(III) Related Operator

This operator is to discover the existence of correlations between a given attribute and a set of
other attributes. It is denoted as Related (A; X; F; G), where A is a given attribute, X is a set of
attributes (X;, X3, ...Xy), which we need to determine whether any of them are related to A or not.
The operator looks for existence of correlations between attribute A and individual attributes of X
for tuples satisfying F grouped by G. The operator returns the significance of the hypothesis test-
ing, which can be used to determine whether A and X are related or not. Depending on the attrib-
ute types (numerical or categorical) of A and X, different statistical techniques are applied.
= Related 1 [=1 B3

Attribute Series of Affributes:

COLLEGE -

Based On

For COLLEGE, SEX, The result is Chi-square = 2,23

Fig. 6. Related (sex; college; ;)

The above query ‘Is there any relationship between Sex and College?’ provides an example
where both attributes are categorical. The Count values are needed to compute the Chi-square
value. We use “Sex, College” as the grouping scheme to get the numbers of female and male staffs
in each college. The SQL statement: Select College, Sex, sum(Count) from emp sum group by
College, Sex order by College, Sex is posted against the summary table. Then, we plug the result-
ing count (sum(Count)) value into the contingency table and compute the Chi-square statistics.
The Chi-Square value is computed based on the contingency table with the following formula:

El/)
Z @)

J

where O, is the observed count for cell ij, and Ej; is the expected count for cell ij, which is calcu-
lated as

E; =n,.nj/n )

where n; and n; are the total count of row i and column j respectively, and # is the total count of
the table.
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To construct the contingency table we first use the SQL statement: Select College, Sex,
sum(Count) from emp_sum group by College, Sex order by College, Sex, and then map the Count
(sum(Count)) value into the contingency table.

Table 2. Contingency table for college and sex

Business Engineer Science Total
F 6 16 33 55
M 3 26 30 59
Total 9 42 63 114

For the case where both attributes are numerical, such as ‘Is there any relationship between
salary and age?’, we use the t-statistics [19] to examine the significance of a linear relationship.
The formula is:

_ran=2
e ©

where n is the number of tuples in question, and r is correlation coefficient calculated with the
following formula:

o ny AX -F S X) ,
JoX A2 =S )Y X -3 X)) @

where YA?, ¥X?, YAX all can be derived indirectly from the summary table.
Note that all the values for those terms in equation (7) can be derived either by following their

definitions or retrieving from the summary table directly. For simplicity, we show only the linear
relationship with single attribute X above. For more complex relationships, please refer to Rat-
kowsky [17] for the detailed discussion.

With the query ‘Is there any relationship between salary and title?’, we have two different
types of attributes (one categorical and the other numerical), and the query is posted as Related
(Salary; Title; ;).

For this query, F-test is conducted to determine the correlation of the two attributes. The for-
mula to calculate F is:

SSB /(I -1)

TSSENY. (T - 1) ®)

In the above formula, / is the number of groups based on A. T; is the number of tuples in group
1. SSB is the sum of squares between groups, which is calculated as

SSB= n, (X, - X’ ©)
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where n; is the count value in group /, X is the overall average of tuples in question, and X, is
the average of X in group /. SSE is the error sum of squares within a group, computed as

SSE =Y (n,-1)5" (10)

where 0; is the standard deviation of X in Group /. Only Average, Count, and Dev of X for each
group based on A are required to calculate the F statistics. We combine the above two queries, ‘Is
there any relationship between salary and age?’ and ‘Is there any relationship between salary and
title?’ as one query, as displayed in Figure 7.

i Related = 1O x|
Adtribute Series of Aftributes
[ COLLEGE -
[ DEPT
ISALAF!Y | TITLE J
AGE
[ SALARY d|
Based On:

Group By: | ~1 GOf |

For TITLE. SALARY. The F-test gives F= 56.43

For SALARY, AGE, The ttest gives =3

Fig. 7. Related (salary; (age.title); ;)
(IV) Estimate Operator

This operator is designed to estimate the value of an attribute, given the values of another set of
attributes, assuming that the former and latter variables are related. The syntax is Estimate (A; V;
F; G), where A is the attribute whose value is to be estimated; V is a set of expressions in the form
of “attribute-name = constant” or “attribute-name”, assuming the set of attributes X(Xj, X3, ...Xk)
are related to A; F and G have the same meaning as in other operators. If V is in the form of a set
of “attribute-name”, the operator displays the mathematical relationship. Depending on the data
type of A, different techniques may be applied. We shall call the attribute A the dependent attrib-
ute and X independent attributes.
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A Estimation =10 ]
Estimats: |SAIAHY =
dept='ce'
Based On:
IF [2=E =l = [s0
[ExP =l = [0
Group By: | hd GOI

The estimated SALARY is 582577

Fig. 8. Estimate(salary; age=50, exp=10; dept=‘cs’)

When the dependent attribute is numerical, as in the query ‘What is the salary of a 50-year-old
staff with 10 years of experience?’, we need to first get Sum_Salary Age, Sum_Salary Exp,
Sum Age Exp, Avg Salary, Avg Exp, Avg Age, and Count in one disk access. Estimated salary
is then calculated according to the regression model [19]. The A value is estimated as

A =b0+b1X1 +b2X2 + .. +b,‘)(;+ +kak

where X; (0 <1 < k) are the attribute values specified in V, and b; is calculated as

bl Sal
b ol S,
C|=lsT (1)
bk Sak
where [S]" is the inverse of matrix [S] with element
S, =2 (X, = X)X, -X)=Y X, X,-nXX, (j=12,....K (12)
= =1
S,=(n-1)35," (when i=j) (13)
and
Sa[ZZ(X:‘I_Z)(AI_Z):ZXHAI_nXiA Gj=12....% (14)
=1 I=1
bozz_blfl_bzfz_"'_bkfk 15)
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where 7 is the total number of tuples involved. All the information needed for the computation can
be retrieved from the summary table directly.

For the case where the dependent attribute is categorical, we present the query ‘Estimate the Ti-
tle of a staff with a salary of $58000 in CS department.’

4 E stimation 8 =] B

Estimate: |TITLE |

cept='cs'
Based On:

IF [saLamy ] = [58000
[ ==
Group By -1 GOl

The proportion of ASOP is .8
The proportion of A5TP is 18
The proportion of PROF is .02

Fig. 9. Estimate (title; salary = 58000; dept = ‘cs’)

This type of queries is also known as classification. Classification analysis [10, 14] is applied to
determine the conditional probability that an object is assigned to one of a number of predeter-
mined groups. Let P(4;|V) be the conditional probability that a tuple belongs to group 4; with a
given V. Baye’s rule can be employed to calculate P(4;|V):

PV 14)P(4)

P(4 V) =—
S P(V | 4,)P(4)) (16)

where P(4;) is the proportion of group A4; in the population, and P(V]4,), the conditional probabil-
ity to get a particular set of measurements defined by ¥ given that the object comes from group i,
is defined as

1 1 -1 _ [
P(V|Ai)_WeXp[_E(V_#i)Ci V=) (17)

where C; is the covariance matrix of i group, which is

Oy O 0 Oy
Oy Oy 0 Oy, with Opg= Ogp lfp *q, and (18)
On Ou 0 Oy
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g n—1 n—1

B \/Z(X,- ~X)(X, X)) \/zxixj CAX X, o)

where 44 is the mean of X for group A;; V-4 is 1xn matrix and » is the number of attributes in X;
(V-1)° is the transpose of matrix V-y;.

(V) Cluster Operator

We demonstrate this operator with the query ‘Partition the department into three groups based on
the average salaries of their female employees.’
w Clustering 5 =] eS|
Clustering based on: [selsRy =]
Numberaf Clusters: [~

sex='f'

Selection Formula:

Group By m

The clustering result is:
ACCT iz in group 1

L5, PHYS is in group 2
MATH. ME iz in group 3

Fig. 10. Cluster(3; salary; sex=f"; dept)

This operator groups objects with common features or similarities together. The syntax is Clus-
ter(L; X; F; G), where L is the number of clusters, X are attributes that the clustering is based on,
F is the selection formula, and G is the grouping scheme. It partitions objects in G satisfying F
into L clusters based on the values of attribute X.

There are a variety of mathematical methods for cluster analysis. Ward’s minimum variance
clustering method [7] is one of the most frequently used. It goes through a series of clustering
steps that begin with N clusters, each containing one object, and it ends with one cluster contain-
ing all objects. At each step it makes whichever merge of two clusters that will result in the small-
est increase in the value of an index E, called the sum-of-square index or variance. E is calculated
by the following formula:

C Nc

E=YY(X,-X.) (20)

c=1 i=1

where X, is the X value of the i object in the ¢t cluster, X ¢ 1s the mean of X in the " cluster, C
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is the number of clusters after a merge is made, and N, is the number of objects in the ¢ cluster.
The above formula can be rewritten as

Nc _
c ZXCZI.—NCXC2
E=Y (N, —15° with 52 (21)
c=1 ¢ (N( _1)

where &, is the standard deviation for ¢™ cluster.
If two clusters A and B are combined, the variance E,, of the combined cluster AB is
: (N X, +N,X,)

E =(N -DS*+N X +(N, -1)8>+N. X, — 22
ab (a )a a a (b )b b b Na"rNb ( )

Here, N, N,, X u> X b > 5a , and 51; are the counts, averages, and deviations of X of cluster A
and B, respectively. The deviation 5ab of cluster AB is

8, =+/E, /(N,+N, -1) (23)
and average X, of cluster AB is
X5 = (N X, + N, X,) (N, +N,) (24)

From the above equations, we can see that only the count, average and deviation of X of each
group are required to evaluate £ following Ward’s method.
4 An Interactive Data Mining Example

In this section, we use an example to illustrate the use of the proposed data mining operators,
summarized in Table 3, to facilitate interactive data mining.

Table 3. Functions of data mining operators

KNOWLEDGE OPERATOR
Statistical properties of a group of objects Aggr
Comparisons of statistical properties Compare
Correlation between attributes Related
Relationship, prediction, classification Estimate
Clustering Cluster

In the following, we illustrate the use of the operators with a small database. Note that the size
of the sample database should not be an issue of concern as we only try to show how these opera-
tors can be used to investigate data in a flexible manner. Since the statistical methods underlying
our operators are all well discussed in the literature and well received in practice, the reliability of
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the test results and knowledge derived should be trustworthy statistically. As for the speed of the
mining process, as discussed in the previous section, it would require one to two summary table
accesses for each operator if the summary table contains the requested information. Otherwise, the
database would have to be searched to compute the requested statistics.

4.1 An Interactive Example

The knowledge to be extracted is highly dependent on the user-specific tasks and interest. To
extract useful information, interactions between users and the system are necessary. The operators
defined in the previous section can facilitate this interactive process. Note that users can enjoy the
flexibility provided by the system to group tuples and investigate relationships among attributes as
they wish. During the process, a series of queries may be posed to search for patterns of interest.
The results of one query may lead to another query, or single out ones that are not of interest. For
example, one may first compute the statistical properties of groups of tuples using Aggr operator,
and then use Compare to examine if there are significant differences in these properties statisti-
cally. If significant differences are found, one can use Related operator to find attributes that
could have contributed to these differences. If attributes are correlated, then we can find out the
relationship or use known attribute values to Estimate an unknown attribute value.

Example. The survival rates of animal semen after storage were measured at various combina-
tions of concentrations of three materials as shown in Table 4 [19]. One is concerned with the
correlation between Y (% survival) and X;, X,, and Xj; (the concentrations of three materials). If
they are correlated, what is the relationship?

Table 4. A database of animal semen survival percentages

No Y (% survival) X, (weight %) X (weight %) X; (weight %)
1 25.5 1.74 5.30 10.80
2 312 6.32 5.42 9.40
3 25.9 6.22 8.41 7.20
4 384 10.52 4.63 8.50
5 18.4 1.19 11.60 9.40
6 26.7 1.22 5.85 9.90
7 26.4 4.10 6.62 8.00
8 25.9 6.32 8.72 9.10
9 32.0 4.08 4.42 8.70
10 25.2 4.15 7.60 9.20
11 39.7 10.15 483 9.40
12 35.7 1.72 3.12 7.60
13 26.5 1.70 5.30 8.20
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We can use related(Y, X;), 1 <i <3, to check if Y and X; are correlated. Assume the common
significance level of 0.1 is postulated. The related operator reveals that by conducting t-tests
(Eq.(6)), X; and X; are strongly correlated to Y while Xj is not because its t-test value | t, |=0.556
<tlp.005(9) = 3.25.

Once the existence of correlations between Y and {X;, X, }is confirmed by the related operator,
one can proceed to explore the relationship between the set of related attributes (i.e., ¥, X}, and X> )
by applying the estimate(Y; X, X,;;) operator. The estimate operator applies the regression or
classification analysis to the set of variables ¥, X;, and X, and yields the result: ¥ = 36.094 +
1.031 X; -1.870 X Once the relationship is found, one can use it to predict the Y, X;, or X, value
based on the given values. For example, estimate (Y; X, =1.5,X, =7.6;;) would yield an esti-
mated value of 23.43% for the survival rate Y based on the materials 1 and 2 of concentrations
1.5% and 7.6%, respectively.

5 Conclusions

In this study, an interactive approach to statistical data mining is developed. The core of the ap-
proach is a set of operators that can be used to investigate the data and extract various types of
knowledge from a large database. We design these operators from a statistical point of view and
use statistical analysis as the foundation. The major innovations of the presented method are:

e Integration of a variety of knowledge exploration operators for users to extract certain knowl-
edge.

e Utilization of a summary table, instead of the database itself, as the target of knowledge extrac-
tion.

e Capability to provide the following four types of knowledge:
- Statistical properties;
- Correlation between attributes;
- Linear and simple nonlinear mathematical relationships and prediction;
- Classification of the objects in terms of given attributes.

The advantages of using statistical methods for data analysis are their solid theoretical founda-
tion and wide recognition in various fields. The use of the summary table improves the querying
efficiency while the knowledge generation operators facilitate interactive search of knowledge.
This research provides users with an integrated tool for conducting knowledge discovery using
statistical techniques.

There is still a lot of work that can be done in the future. A major direction is to expand the cur-
rent set of operators to extract more types of knowledge and include more statistical methods for
exploring data. One can also investigate other clustering methods as the statistical clustering
method present in the paper may be slow when the data set is large.
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