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Abstract 

The following is a comprehensive user's guide and reference for using CLUSTERJ2C++, 
the latest version of the CLUSlER12 program for constructing classifications of arbitrary 
objects. Given a set of object descriptions, in the form of attribute-value pairs, the program 
structures the objects into a hierarchy of classes. The program produces a conjunctive 
description of each class using selected object attributes. The program runs in a batch 
mode, with parameter and object descriptions input via relational tables; future versions will 
provide interactive and embeddable interfaces. This document contains the deftnitions of 
the relational table syntax and the values that can be entered. Also included and discussed 
are sample input and corresponding program output generated by CLUSTERI2C++. 
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1 Introduction 

CLUSTERl2 is a program for automatically constructing conceptual classifications. It is the 
successor to the program CLUSTERlPAF [5][6]. CLUSTER12 is applicable to a wide variety 
of problem domains. CLUSTER12 has been applied experimentally to such problems as 
classifying Spanish folksongs [7][9], classifying microcomputers [8], reconstructing soybean 
disease categories [8][12] and is currently being used to aid in fraud detection [2]. Input to 
CLUSTERl2 consists of a set of attribute vectors (one vector per input event), defmitions of 
the types of variables and their value sets, and a specification of the clustering quality criteria. 
The program generates a classification hierarchy of the data events along with a conjunctive 
description ofeach cluster at each level of the hierarchy. The program forms clusters that have 
a conjunctive description and optimizes the given criteria of clustering quality. The program 
forms both clusters and their descriptions and thus behaves unlike programs that implements 
conventional numerical taxonomy techniques. The theoretical background for CLUSTERl2 
can be found in [4], [8], and [12]. 

2 Input file content 

CLUSTERl2C++ is currently run in batch mode with input from a single me. An interactive 
input method is currently in design. CLUSTERl2C++ generates an output ftle consisting of a 
report of the obtained clusters along with optional trace information showing alternative 
clusters considered and other pertinent statistics. 

The user provides input data to the program via relational tables according to a standard syntax. 
Each table consists of three parts: 

• A table identifier composed ofone of the predefined table names 

• A line of column headings composed of predefined column names 

• Lines of data values arranged in the same order as the column headings 

The header of the table can be arranged in any convenient order. 

Data items ion one line of a table are separated by "white space" (spaces, commas, tabs, 
exclamation points). There are three types of data values: integer, real and character. Each 
type has a required format described below. In the table defmitions that follow, the symbols 
<i> <r> I <c> denote columns that take integer, real and character data respectively.I 

These symbols are for descriptive purposes for the user's guide only and should not be entered 
into the input f1le by the user. 

Some tables have default value which are used whenever a column is absent or when a row 
contains no value in a particular column. Since the relational table syntax uses no punctuation, 
a place holder symbol must be used whenever a value in a row is missing. '$' and '1' mean 
"not applicable" and ''unknown'', respectively_ 

2 • 1 Integer data values 

Integer data consists of signed integer numbers such as 10 and -3. For very large integers. 
scientific notation may be used in the following form: 
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<sign><lnanti~E<exponent> 

Examples of the scientific fonn are: lE6 (which represents one million) and -2.3E7 (-23 
million). In the scientific fonn, the given value must be an integer after the application of the 
exponent; otherwise, an error message is produced and the program terminates. 

2.2 Real data values 

Real data is entered just like integer data, except that the forms may also have decimal parts, 
i.e. 2.3 and -3.487E2. 

2.3 Character data values 

Character data may be entered in several ways. 

.. 	 Single words may be entered without surrounding quote marks provided that the 
word contains no white space and does not begin with'S' or '>' 

.. 	 Quoted (by " or ') data must start and end with the same quote mark (and the other 
quote may be contained within the string). White space and other characters may 
are allowed in quoted strings. In the current implementation, some parameters 
receive their value from only the flfSt 10 characters in the string. However, it is not 
recommended that this feature be depended upon for future releases. 

Examples of valid strings are: 

onewordwithoutwhitespace 


"A string containing 'apostrophe' characters" 


'A string containing "quote" characters' 


3 Relational table formats 

The following are the fonnats of the various types of relational tables accepted by 
CLUSTERl2C++. 

3. 1 Title table 

The title table is used to provide the caption for the data analysis experiment Each title line is 
written at the top of the output report A sample title table is shown below. The word entered 
under TYPE is ignored in the present implementation. You may enter as many lines of title 
data as you want 

TIfLE 

TYPE TEXT {table identifier} 


<c> <c> {column beadings} 
MAIN "Analysis of Disease Data" { 1st data row} 
SUBTITLE 'Charcoal rot and root rot' {2nd datarow} 
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CLUSTERl2 assumes that the first rows of the file comprise a title table, i.e. the title table 
identifier and column headings are implicit For example, the following title table is valid at the 
beginning of a fIle: 

MAIN 'This is my main title" 
SUB 'This is my subtitle" 

3.2 Parameters table 

The Parameters table indicates controls various features of CLUSTERJ2. This table must 
precede all other tables (except the Title table), Each line of the Parameters table requests a full 
iteration of the clustering algorithm, which may indicate different cluster organizations (e.g. 
hierarchical or flat), numbers of clusters, clustering criteria and different methods in which the 
clustering algorithm proceeds. 
PARAMETERS 

K CRITERION {This table implies a flat (single level) cluster organization 
<i> <c> and asks for two such clusterings, one with 3 clusters and 
3 ALPHA one with 4 clusters. 	The user must define the "ALPHA"
4 ALPHA clustering quality criterion (see section 3.3).} 

PARAMETERS 

COVERTYPE CRITERION {This table requests a hierarchical cluster 
<c> <c> 	 organization. CLUSTERl2 will build a classification 

Hierarchical Q23 hierarchy using the clustering quality criterion "Q23" 
(which must be further defined). The number of 
clusters formed at each level of the hierarchy will be 
in the default range of 2-4 clusters and no further 
partitioning will be done for clusters that contain no 
more than 4 events). 

The Parameters table has numerous other optional columns. The following table shows all the 
available columns along with their default values. 

PARAMETERS 

K MINK MAXK CRITERION TRACE HI H2 H3 INlTME'llIOD NIDSPEBD COVERTYPE BASE PROBE MAXHEIGHI' MINSlZE BEl'A 

<i> <1> <1> <c> <c> <i><i><i> <c> <c> <c> <i> <i> <i> <i> <I> 

2 2 4 ALPHA OFF 3 2 3 RANDOM PAST IDSJOINT 2 2 99 4 3.0 

The signs denoting type are, as previously mentioned, not part of the table. The table can 
contain as many lines as desired. The columns are defmed below: 

BASE 	 BASE and PROBE control the clustering stopping criteria. For each 
number of clusters considered in finding a solution, CLUSTERJ2 
always forms BASE number of clusterings. Then PROBE more 
clusterings are generated. If any of the PROBE number of clusterings 
is better than any previous clustering, the better cluster description is 
retained and another PROBE number of clusterings are generated. 
Under normal circumstances, the algorithm selects a unique set of seed 
events for each clustering attempt When PROBE clusterings are 
generated without producing a "better" cluster than the best previously 
found, the algorithm stops and reports the BASE best clusterings 
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obtained. Increasing BASE increases the number of reported 
alternative clusterings. 

BETA 	 Specifies the relative importance of good fit of the cluster descriptions 
to the data for different numbers of clusters formed. The system 
chooses the optimized number of clusters by measuring the fit 
multiplied by the number of clusters raised to the BETA power. This 
measured, denoted as S, is defined as: 

S =sparseness *k 

where sparseness is the measure of fit and k is the number of clusters. 
The optimal clustering is the one with the minimal value of S. 
Increasing BETA increases the improvement of fit demanded for 
greater numbers of clusters (Le. tends to bias CLUS1ER12 towards 
selecting clusterings with fewer clusters). 

COVERTYPE 	 Specifies the desired organization of clusters. The specifications 
DISJOINT causes the generation of a flat, single-level clustering 
having a particular number ofclusters (Le. k classes, where k is either 
set by the user or chosen based on BETA). IN1ERSECTING causes a 
flat, single-level clustering where the clusters may intersect 
DISJOINT clusters do not overlap; each input event occurs in at most 
one cluster. HIERARCmCAL generates a multilevel hierarchy of 
clusters. The clustering algorithm is applied recursively to clusters 
fonned until either the hierarchy contains a number of levels equal to 
the parameter MAXHEIGHT or the cluster to be partitioned fails to 
have more than MINSIZE events. 

CRITERION 	 Specifies the name of the relational table defining a criterion of 
clustering quality. These tables are described in Section 3.3. 

HI· 	 HI and H3 control search heuristics. If these parameters were set to 
infInity (which cannot actually be done in CLUS1ERI2), then the 
results of the search for the best clustering are optimal. Unfortunately, 
only the most trivial problems can be handled with an exhaustive 
search due to combinatorial explosion. HI and H3 are assigned small 
values and the heuristic search process yields a good, usually near­
optimal solution. In terms of the actual search heuristic (see [9]), HI 
represents the number of complexes kept in each partial star. 
Increasing H I causes more descriptions to be considered. Values 
greater than 10 are usually unwarranted and rarely yield improved 
solutions. HI is sometimes described in the literature as Maxstar. 
Setting HI to 1 will provide fastest clustering. 

H 2 	 Specifies the maximum number of potential cluster descriptions 
produced for each cluster. The actual number maintained may be 
smaller than H2 as the search tree is tapered on one side and has fewer 
alternative solutions. In terms of the actual clustering algorithm. H2 
gives the maximum number of complexes in a completed star. The 
effects of H2 are similar to those of HI. Typical values are less than 
10. 

H 3 	 Controls the persistence of the search for optimized clusterings. The 
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method inspects clusterings according to their Path Rank Order (the 
search heuristic, as described in [8] and [9]). When the number of 
successively ordered clusterings inspected without fmding a new, best 
clustering reaches H3, the search terminates. Increasing H3 extends 
the search, possibly enabling it to fmd better results (but also making 
the algorithm run more slowly). 

INITMETHOD 	 Specifies how to pick the very fIrst seed events. This is always 
RANDOM in the current implementation. but support for heuristics for 
fmding good starting points is contemplated. 

K 	 The desired number of clusters. When specifIed, MAXK and MINK 
are both set to K. 

MAXK 	 The maximum number of clusters to form when generating a 
clustering. The algorithm will try clusterings containing each number 
ofclusters between MINK and MAXK. 

MINK 	 The minimum number of clusters to form. 

MAXHEIGHT 	 The maximum allowed height of a cluster hierarchy (when 
COVERTYPE is HIERARCIDCAL). 

MINSIZE 	 The minimum size (in number of events) of a cluster that is subject to 
recursive clustering into smaller parts. Only clusters that contain more 
than MINSIZE events will be further partitioned. 

NIDSPEED 	 The technique used to make Nondisjoint clusters Into Disjoint clusters. 
The value FAST causes CLUSTERl2 to use seed events as well as 
previously determined cluster descriptions to form the "against set" for 
building alternative cluster descriptions for clusters. This improves the 
speed of the program but places high weight on clusters that happen to 
be formed first. The value slow causes CLUSTER12 to use a cluster 
adjusting algorithm (NID) whenever the clusters created using only 
seed events as the against set intersect one another. This algorithm 
adds to the solution time, sometimes by a large amount, but the clusters 
are not weighted according to the order in which they are formed and 
can be more optimized. 

PROBE 	 Controls the persistence of the cluster formation process. The system 
forms a candidate clustering and compares it (according to the 
clustering quality criteria) to previously generated clusterings. The 
system will perform PROBE number of cycles looking for a better 
clustering. Every time a new "best" clustering is found, another 
PROBE cycles are performed until PROBE successive cycles fails to 
fmd an improved solutions. at which time the algorithm halts. The 
algorithm also halts ifall combinations of events have been considered 
as seeds, with the message "Panic fmding new seeds". Increasing 
PROBE permits the program to explore more combinations of seed 
events and may allow the program to discover better clusterings. 
though the Path Rank Ordered search heuristic tends to minimize such 
occurrences. 

TRACE 	 Controls the generation of intermediate clustering descriptions in the 
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output . report me. OFF limits output to just the final cluster 
descriptions; ON requests the output of supplemental descriptions for 
each intermediate clustering produced. 

The Parameters table directs the work performed by CLUSTERl2. Any combination of 
parameter values that is to be performed must be entered as a separate row. The clustering 
algorithm is repeated for each row, using the parameters given on that row. 

3. 3 Criterion table 

The -CRITERION table form may appear more than once in the input me. Each occurrence is 
given a unique name which consists of a specific part followed by a general part (­
CRITERION). There must be Criterion table for each name specified in the CRITERION 
column of the Parameters table. From the previous Parameters examples, the table 
ALPHA=CRITERION and Q23-CRITERION tables would need to be entered, depending on 
which names were used in the Parameters table. Either one of the following two tables could 
be used to define the "ALPHA" criterion. 

ALPHA-CRITERION 	 ALPHA-CRITERION 

#I CRIT#I TOL 	 #I CRITERION lOL 

<i> <i> <r> <i> <c> 	 <r> 

1 8 0.3 	 I PSPARSENESS 0.3 

2 2 0.0 	 2 DISJOINTNESS 0.0 

# 	 The program applies the elementary evaluation criteria in a user defmed 
order. The column # specifies the order of application of these criteria as 
specified in the CRITI or CRITERION column. The numbers in this 
column must be in numerical order, starting with 1. 

CRIT# 	 Either this column or the CRITERION column is used to specify which 
elementary criterion is applied. Only one of these two columns may be 
present in the Criterion table. If this column is used, the criteria must be 
indicated by criterion numbers. If the CRITERION column is used, the 
criteria must be indicated by criterion name. The elementary criterion 
numbers may be taken from the defmitions described in section 3.3.1. 
This table thus specifies the Lexicographic Evaluation Function (LEF)[4] 
used to evaluate the clustering quality. 

CRITERION 	 Used in lieu of the CRIT# column. SpecifIeS the elementary criteria by 
name rather than number (see section 3.3.1). 

TOL 	 A positive real number, usually less than or equal to 1.0. If larger than 
1.0, it is an absolute tolerance. When evaluating the LEF, clusterings 
within the amount of the best one are judged to be equivalent If less than 
or equal to 1.0, the tolerance is taken as the fraction of the difference 
between the best and worst clustering scores for the elementary criterion. 
For example, a TOL of 0.3 means that clusterings scoring within 30% of 
the best clustering (on a scale from the best to worst scores) are judged to 
be equivalent A tolerance of 1.0 means all clusterings are judged to be 
equivalent; a tolerance of 0.0 means no clusterings are judged the same 
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1 

unless their scores are identical. 

TOLERANCE Synonym for TOL. 

3.3.1 Elementary Criteria Available in CLUSTERJ2 

The following criteria are defined in CLUSTERI2. These criteria are component parts of a user 
specified Lexicographic Evaluation Function (LEF) [4]. They are specified in Criterion tables 
by index number of name. CLUSTERl2 optimizes the generated clusterings by favoring 
clusters whose descriptions have the lowest scores for the elementary criteria specified in the 
LEF. If a negative elementary criterion index is given. or if "-" is placed directly in front of the 
name. the negative of the score is used. As CLUSTER12 favors clusters with descriptions that 
have the lowest negatives. the effect is the same as favoring clusters whose descriptions have 
the highest scores. 

Additional criteria will be added in the future. as will support for user-defmed criteria. 

The elementary criteria are presented below in order by criterion index number. The "input 
specification" annotation gives the keyword used in the CRITERION column; only the 
unique part of the name, which is capitalized in the input specification, need be entered 

Index Criterion Input Spec 

Sparseness SParseness 

Description 

The sparseness of a clustering is the sum of 
the sparsenesses of the complexes which 
comprise the clustering. The sparseness of 
a complex is the number of events it covers 
which are not given in the input data. Such 
events are ''unobserved'' events. The 
sparseness is computed by calculating the 
"area" of the complex and subtracting from 
it the number of points which correspond to 
the observed events. The "area" of a 
complex is the number of points (each 
corresponding to a possible event) in the 
subset of the event space covered by the 
complex: 

Suppose that complex £xI=2,4JlX3=4 .. 7J covers 
4 observed events. 

(assume the variables are Xl' Xz, XJ and the domain 
o/xz contains 3 values). 

The "area" of the complex is the product of 
the numbers of values in the references for 
each variable. In this example, 

area = 2x3x4 = 24 

(2 values/or Xl' 3 values for Xz (its entire domain) 
and 4 values for x~. 
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Index Criterion Input Spec 

Disjointness DISjointness 

3 Number of 
events in >1 
complex 

Multcov 

4 Balance Balance 

Commonality Commonality 

Description 

The sparseness ofthis complex is f<area" • #Observed 
events: 

sparseness =24-4 =20 

The disjointness is the degree of intersection 
of a complex. It is determined as the sum of 
the degrees of intersection of each pair of 
complexes in the clustering. The degree of 
intersection of two complexes is the total 
number of selectors that involve the same 
variable and have intersecting reference sets. 
The following example involves three 
variables Xl' x2' X3 

aJ: [XJ=1..3J[~=4J 

a1:" [xJ=2..5J[~=2J 

aJo'[xJ=4J[~=3Jlxr2J 

The degree of intersection of complex at 
with ~ is 4 because the references used with 
variable Xl in each complex contain 
intersecting values and the selectors omitted 
for X3 also intersect (a "dropped" selector 
intersects with anything, as it is equivalent 
to one with all possible domain values in the 
reference list). The degree of intersection of 
complex ~ with at is 2 because two 
selectors (for x3) intersect 

This criterion is for use only when 
considering clusters. It is not used in the 
current implementation. 

Measures the unevenness in the cluster 
populations. It is determined as the sum of 
the deviations from uniform distribution of 
observed events in each complex. For one 
complex, this deviation is calculated as the 
absolute value of the difference between the 
actual number of observed events covered 
and 11k of the total number of observed 
events, where k is the number of complexes 
(clusters): 

Balance = I#coveredevents - (#observed eventslk)1 

Measures the number of common attributes 
in the cluster descriptions by counting the 
number of selectors in all clusters {not 

5 
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Index Criterion Input Spec 	 Description 
including dropped selectors). The negative 
of the nwnber of selectors is used in order 
to maximize the commonality by minimizing 
the nwnerical score. 

CommonoJity = -llundropped selectors 

6 Dimension­ DIMensionality Measures the number of variables which 
ality take on different values in every complex. 

The number reported for each complex is 
the nwnber of variables in the complex 
which occur in selectors in all complexes of 
the clustering with mutually disjoint 
reference values: 

7 Simplicity Shnplicity 	 The sum of the simplicities of all selectors 
contained in all complexes in the clustering. 
The simplicity ofa selector is the sum of the 
cost of the variable plus the cost of the 
reference list. Variable costs are provided 
by the user via the Variables table (section 
3.4); othelWise, they have a default cost of 
1. Reference list costs are computed 
according to the type of the domain: 

Structured o 

Linear 0(1 value), 1 (othelWise) 

Nominal #Vals in ref list - 1 

8 Projected Psparseness Calculated just like regular sparseness, but 
Sparseness not all dimensions of the event space are 

considered. When calculating the "area" 
used in calculating projected sparseness, 
only the variables which are present (not 
dropped) in at least one complex of the 
clustering are considered. This is equivalent 
to imagining that the domain sizes of all 
universally dropped variables is just 1: 

Suppose thai [xJ=2,411x3=4•.71 covers 4 observed 
events. 

The factors used in computing the "area" of 
the complex depend, in part. on other 
complexes in the clustering. 

If the variable Xj has a domain containing 6 values 
and appears in some cluster description. then it is 
used to calculate the "area" ofa complex as folwws: 
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Index Criterion Input Spec Description 

"area" =2.1'4.1'6 

where 2 and 4 are the number of values in the 
reference lists for x I and .1''P respectively, and 6 is 
the number oflevels in variable .1's-

Psparseness =(2x4x6) • 4 =44. 

Projected sparseness may be negative. 

9 Number of 
exceptional 
events 

Except Under some circumstances, the formation of 
a clustering fails to cover all events. 
Uncovered events are placed into an 
exceptions category, which is displayed in 
the output. Most elementary criteria are 
applied to each cluster description (i.e. to 
each complex) and the sum over all cluster 
descriptions is used to evaluate the entire 
clustering. The number of exceptional 
events is only applicable to the entire 
clustering. When applied to individual 
complexes, this criterion produces a score 
of 0 as the exceptional events list is a 
property of the clustering, not an individual 
cluster. 

3.4 Domains table 

The Domains table is used to define variable domains that are likely to apply to several 
variables. Variables may be defIned entirely with a Variables table (described after the 
Domains table description) or with the help of the Domains table. When many variables have 

. exactly the same domain type and number of values. it is often more convenient to define the 
domain fIrSt, then just reference it in the Variables table, rather than redefIning the domain over 
and over again. A simple domain defInition is shown below. 

DOMAINS 

NAME TYPE LEVELS 

<c> <c> 

Color NOM 4 

Size LIN 3 

NAME 	 Specilles the name of the domain. In the sample table above, two 
different domains are dermed: Color and Size. 
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TYPE 	 Specifies the type of the domain. Only the fll'St letter of the word given 
is significant: N for nominal, L for linear and S for structured. The 
discussion of TYPE below further describes what these types mean. 

LEVELS 	 The number of distinct values in the domain. If the number of levels is 
j, the domain consists of the integer values from 0 toj-I. 

COST 	 Not shown in the above table. Indicates the cost of a variable having 
this domain, used in some of the clustering quality criteria (see section 
3.3). This column is optional (default cost = 1.0) and takes a real 
«r». 

3.5 Variables table 

The Variables table describes the attribute variables used to represent each event A simple
Variables table is shown below. 

VARIABLES 

# 	 TYPE LEVElS 

<i> 	 <c> <i> 

I 	 NOM 4 

2 	 LIN 3 

3 	 LIN 5 

# 	 Gives the variable ordinal. The above table defmes the variables 
Xl' ~. and X3• The ordinal values must be in ascending order, 
starting with 1. 

TYPE 	 Specifies the domain type of each variable. Only the fll'St letter of 
each word given under TYPE is significant Nominal (N) 
denotes an unordered qualitative domain (e.g. Color would have 
values red, green, blue, et al.). Linear (L) denotes an ordered 
quantitative domain (e.g. Height, which simply has numeric 
values). When Structured (S) is specified a STRUCfURE table 
must be entered (see section 3.9 below). 

LEVELS 	 Gives the number of distinct values in the domain. If the number 
of levels is j. CLUSTERl2 requires that the data values be integers 
from 0 to j-I. The event descriptions are entered as a vector of 
integers, one integer for each variable. 

In printing the descriptions for each cluster, CLUS1ERl2 refers to the variables as Xl, X2, 
X3. etc. A more descriptive variable name can be specified by adding a NAME column to the 
Variables table. For example, the following table defmes the variables SHAPE. SIZE and 
WEIGHT. 
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VARIABLES 
:# TYPE LEVELS NAME 
<i> <c> <i> <c> 
I NOM 4 SHAPE 
2 UN 3 SIZE 
3 UN 5 WEIGHT 

As with the Domain table, there is an optional COST column which can accept any real value. 
COST is currently used in calculating the Simplicity clustering quality criterion. If no COST 
is specified, the default cost is 1. 

To indicate that a variable has a domain identical to a predefmed domain (defmed via a Domains 
table), the name of the variable is entered as <variablename><OOmajnname>, i.e. as a character 
string composed of the desired variable name, a hyphen and the predefmed domain name. 
When this is done, the TYPE, LEVELS and COST for the variable are taken from the 
domain defInition regardless of whether they are specifled in the Variables table. If any domain 
has associated Names, Onames or Structure tables (as defmed in sections 3.7-3.9), then those 
tables must precede the Variables table. 

3.6 Events table 

The Events table holds the attribute vectors for all objects or situations being studied. Each 
object or situation is defmed by one row of integer values (subsequent sections describe how to 
handle symbolic attribute values). Each attribute value must be placed in its corresponding 
column and must be in the range from 0 up to LEVELS-I, where LEVELS denotes the number 
of levels for that attribute as specifled in the Variables table. The headings for the Events table 
are the names of the variables. If the variables are defmed without the NAME column option; 
the variables names are in the·form of Xn, where n is the variable ordinal (e.g. Xl). If the 
variable is defmed with the NAME column, the given name is used without any hyphen or 
domain name part (e.g. Shape). The following Events table shows the form used with 
variables that are not given a name. 

EVENTS 
# Xl X2 X3 
<i> <i> <i> <i> 
I o I I 
2 2 I o 
3 I 3 3 
4 I 2 3 

The same table may be entered in the following form if the variables are given names. The 
heading keywords must match the values from the NAME column of the Variables table (they 
need not be in the same order). 

EVENTS 
:# Shape Size Weight 
<i> <i> <i> <i> 
I o 1 1 
2 2 1 o 
3 I 3 3 
4 I 2 3 
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The # column gives the event number. The values in this column must be in sequence and 
must begin with the value 1. 

When working with events described by very long attribute vectors, the number of columns in 
the event table (one column per attribute) may make the tables unmanageably wide. 
CLUSTERl2 pennits such tables to be split into multiple pieces. To make use of this feature. 
the Events table is specified several times. with different column headings (for different 
variables) used in each Events table. Each table still must contain a # column. All of the 
separate Events tables must have the same number of rows and the rows must be in exactly the 
same order. CLUSTERl2 collects the values from the ith row of each tables into the attribute 
description of the ith event 

The optional column WT may be entered to provide a weight for each event. The weight may 
be used to indicate the relative frequency of observation of the event The use of weighted 
events alters the calculation of sparseness. Each observed event counts according to its weight. 
so a complex with an "area" of 4 and covering 2 observed events receives a sparseness of (4 
minus the combined weights of the covered events). With large weights. the sparseness 
calculation may produce negative values (this is perfectly valid). Negative sparseness should 
be interpreted as a measure of fit something like weight density. The more weight of covered 
events. the more negative the sparseness. 

3.7 Names table 

A Names table may be entered for any variable or domain definition. The specific part of the 
table name is the name of the variable (either Xn or as given in the NAMES column of the 
Variables table) or domain. The Names table specifies a symbolic name to be used in lieu of 
the integer variable value in both the reported cluster descriptions and the input of the event 
data (i.e. values for this variable in an Events table must be symbolic rather than integral). The 
Names table is illustrated below. 

SHAPE-NAMES 
VALUE NAME 
<i> <c> 
o Square 
I Rectangle 
2 Circle 
3 Oval 

For linearly ordered variables and domains. the VALUE establishes the ordering of the 
symbols within the domain. If a single value denotes a range of observed features (e.g. the 
value 3 denotes a temperature range 68 to 72) the name should be written lowname••highname 
(e.g. 68 .. 72). The use of the .. range indicator allows CLUSTER12 to combine names 
appropriately when reporting an interval value of a linearly ordered variable. 

3.8 Onames table 

The Onames table may be entered in lieu of a Names table. The Onames table specifies output­
only names for the integer values of the domain of the variable. If the input data is numerical. 
an Onames table will allow the output to be symbolic while the input remains numerical, while 
using the Names table requires that the input be symbolic. An Onames table contains the same 
columns as a Names table. 
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3.9 Structure table 

Variables defmed as a Structured TYPE have a tree structured (or graph structured) domain. 
The LEVELS value given in the Variables (or Domains) table refers to the number of discrete 
leaf values in the tree or graph. Higher order node values (generalized values of the variable) 
are defmed by the Structure table. The specific part of the table name is the name of the 
variable (either Xn or as given in the NAME column of the V ariables table). 

The Structure table takes two forms, depending on the use of an associated Names table. If no 
Names table is used for the variable, the Structure table appears as follows: 

SHAPE-STRUCTURE 

VALUE SUBV ALUE (SUBV ALUE) (SUBV ALUE) 

<i> <i> <i> <I> 
4 2 3 
5 0 1 

The VALUE column and the fIrst SUBVALUE column are required. Additional 
SUBVALUE columns may be used by including SUBVALUE several times in the column 
heading list. In the above illustration. the parentheses around SUBV ALUE denote that the 
column is optional; they are not used in the actual input fIle. For each row in the Structure 
table, the value in the VALUE column is defmed as the parent of the values in the 
SUBVALUE columns. Thus each row of the Structure table is defming one or more links in 
a tree structured domain. Any nodes or leaf values that have no explicitly defmed parent are 
implicitly parented by the root of the tree. The value that occur under VALUE must be greater 
than any regular (i.e. leaf) value for the variable. If the LEVELS colunm of the Variables 
table specifies j levels. the leaf values in the domain are denoted by values from 0 to j-1 and the 
values j. j+1. j+2 • ... could appear in the VALUE column of the Structure table to denote 
generalized domain values. In the example above, the variable SHAPE has four levels ( values 
oto 3). Two new values (4 and 5) are defmed as generalizations of values 2 and 3 and values 
oand 1, respectively. 

Ifa Names table is given for the variable (the Names table must precede the Structure table for 
the same variable), the following form of the Structure table is to be used: 

SHAPE-STRUCTURE 
NAME SUBNAME SUBNAME 
<c> <c> <c> 
4-Sided Square Rectangle 
Circular Circle Oval 

Square Rectangle Circle Oval 

Figure 1. Semantics of Shape structure 
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4 

The tree shown in Figure 1 above illustrates the semantics of this Structure table. This form of 
the Structure table has all the options of the previous one, but with symbolic (character data) 
names for all values. The names given to the defmed generalized domain values must be 
unique among all names (including leaf names) in the same domain. 

IT a generalized value must be the parent to a great number of subvalues (and subnames), the 
table may become unmanageable. In such cases it is permitted to repeat the VALUE (or 
NAME) entry on adjacent lines, giving part of the subvalue (subname) list on each line. 
CLUSTER12 merges the definitions together into one specification of a generalized value for all 
of the subvalues mentioned. 

A Sample Input File 

The following sample input fIle makes use of the relational table forms described above. Some 
comments about the interpretation of this example are given below. 

MAINTITLE MMicrocomputers M 

PARAMETERS 
K TRACE CRITERION NIDSPEED COVERTYPE 
2 ON DS SLOW DISJOINT 
$ OFF FC FAST HIERARCHICAL 

DS-CRITERION 
# CRITERION TOLERANCE 
1 DIS 0.3 
2 COM 0.0 
3 PSPARS 0.0 

FC-CRITERION 
# CRITERION TOLERANCE 
1 PSPARS 0.3 
2 SIM 0.0 

VARIABLES 
# NAME TYPE LEVELS 
1 MP STR 13 
2 RAM LIN 4 
3 ROM LIN 7 
4 DISP STR 4 
5 KEYS LIN 5 

MP-NAMES 
VALUE NAME 
0 8080A 
1 6502 
2 Z80 
3 1802 
4 6502C 
5 6502C 
6 68000 
7 6800 
8 6805 
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9 6809 
10 8048 
11 Z8000 
12 HP 

MP-STRUCTURE 
NAME SUBNAME 
6S02X 6502 
8080X 8080A 
8BIT 6502X 
8BIT 6805 
16BIT 68000 

RAM-ONAMES 
VALUE NAME 
0 16K 
1 32K 
2 48K 
3 64K 

ROM-ONAMES 
VALUE NAME 
o 1K 
1 4K 
2 SK 
3 10K 
4 11K .. 16K 
5 26K 
6 SOK 

DISP-ONAMES 

VALUE NAME 
o TERMINAL 
1 MB/W TV· 
2 ·COLOR TV­
3 BUILT-IN 

SUBNAME 
6502C 
Z80 
8080X 
6809 
Z8000 

SUBNAME 
6502A 
8048 
1802 
$ 
HP 

SUBNAME 
$ 
$ 
6800 
$ 
$ 

Display Type (DSP) 

Figure 2. Display structure 

DISP-STRUCTURE 
NAME VALUE SUBVALUE SUBVALUE 
TV 4 1 2 

KEYS-ONAMES 
VALUE NAME 
o 52 
1 53 .. 56 
2 57 •. 63 
3 64 .. 73 
4 92 



EVENTs 
191# ---­

MP1 RAM65022 ROM
2 DISP6502 3 KEYS3 2 26502A 3 0

4 1 2 2Z80 4
5 2 3aOaOA 1 1 

2 

6 3 2zao 0 37 3 3HP 2 31 3a 6zao 33 49 26502 0 2110 36502C 1 1211 3zao 1 12 412 1Z80 12 4 3 3 
<END OF FILE> 

The tables used in the above file are PARAMETE 
VARIABLES, MP=NAMES, MP-STRUCfURE RS. DS-CRITERION, FC-CRITERION 
N~ES, DISP.STRUCTURE, KEYS-NAMES' RAM-NAMES, ROM-NAMES, DISP~ 
algonthm will be performed twice (beca and EVENTS. The entire clusterin 
two different user-defined criterion name~there are two rows .in !he Parameters table). n! 
elementary criteria used. The variables ~~) have Cntenon tables which defme the 
associated with their integer data values; there is aN' RO~, f ISP and !ffiYS have namese~ and DISP have structured domains' there isa:~~ tureortabeacleh ~anable. The variables 
vanables. • c lor each of these two 

The table MP-STRUCfURE presents a graph-structured domain in which th mlized 
values 6502x .(members of the 6502 family of microprocessors), 808Ox, 8bit :nae~6bit are 
defmed. The mset shows the graph-structured domain of the DISP variable as defmed b the 
DISP-STRUCTURE table. y 

5 Program Output Corresponding to the Sample Input File 

'J!le beginning of the output lis~g shows the Parameters table and the two Criterion tables. 
Smce the Parameters table .contams two rows of data, CLUS1ERl2 will be invoked twice once 
for k=2 and a "flat" c1u~tenng. once for hierarchical clustering in which the program will'select 
the best k, 2 £ k £ 4, usmg !h~ sp~ness calculation described in section 3.2 with the default 
b (3.0). Parts of the remammg listing that are of particular interest have been marked with 
numbers. 

Location 1 in the listing marks the beginning of the frrst clustering, which is the first 
experiment The criterion applied is "ds", as defmed by the DS-CRITERION table. The 
number of clusters is set, via the Parameters table, to exactly 2. Since trace mode is on for this 
experiment (also from the Parameters table), each clustering that is formed is described in the 
listing. Each clustering isiescribed as a "COVER". The complexes in the clustering are 
denoted by ''Complex <com lexfb." followed by a rule describing the cluster as a series of 
variable selectors. Followin are the costs under each clustering criterion for the specified LEF 
(e.g. for Complex 1 of the rst cover, a value of 4 for disjointness, -3 for commonality and 
3016 for projected sparseness). Next comes the seed event for that complex (e.g. event #1) 
and the other events covere~ by the complex (e.g. I, 3, 4, 5, 6, 7, 8, 12). This is repeated for 
t1\:.\\ ~~\\\t\\~J... Th~\\\ me t(l~ fClr the DS-CRITE~ON on this clustering, are shown (8. -8. 

"( ~ t ~r ~-.D. ~~'t\~ \~\)~~~\\~ '0.~\ \:1\ ~'! e"e-a~ \\\at C~\1\6. '\\.~\. be OO'lereG. 

~\'\\l\)\ ~~\\\)\ \\\~ \\\\'\N I).h 



20 

(labeled "Exceptio~"; there are none for this clustering). For this fIrst clustering, the fIrst 
complex covers mIcroprocessors other than the 1802, with between 32K and 64K of RAM, 
and between 57 and 92 keys. The second cluster covers 8 bit microprocessors with between 
32K and 48K of RAM, between 10K and 16K of ROM and a TV display. 

Position #2 shows the best cover, based on the DS-CRITERION. The two complexes are: 

• 	 Eight bit microprocessors with RAM between 32K and 64K, between lK and 16K of 
ROM, and between 52 and 73 keys on their keyboards. 

• 	 Hewlett Packard microprocessors with 32K RAM, 80K ROM, a built-in display and a 92 
key keyboard. 

Position #3 shows the results of the second experiment (using FC-CRITERION as the 
clustering quality criterion) for k=2. Note that the best cluster found is quite different from the 
fIrst experiment -- now it consists of: 

• 	 Non 80SOX microprocessors with 32-4SK of RAM, 1O-80K of ROM and non-tenninal 
displays. 

• 	 SOSOX microprocessors with 4S-64K of RAM, I-16K of ROM. non-color-tv displays and 
keyboards with between 53 and 73 keys. 

Positions #4 and #5 show 3-class and 4-class solutions to the clustering problem. Position #6 
shows the selection of the "best solution", based on the sparseness calculation discussed 
earlier, and Position #7 shows a hierarchical breakdown of the best clustering. 
maintitle -microcomputers­

parameters 

k print trace criterion nidspeed covertype 

2 a on ds slow disjoint 

$ a off fc fast hierarchical 


ds-criterion 

# crit tolerance 

1 2 0.3 
2 5 0.0 
3 8 0.0 

fe-criterion 

# crit tolerance 

1 9 0.0 
2 8 0.3 
3 7 0.0 

variables 

# name type levels 

1 mp str 13 

2 ram lin 4 

3 rom lin 7 

4 disp str 4 

5 keys lin 5 


mp-names 
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value name 
0 8080a 
1 6502 
2 z80 
3 1802 
4 6502c 
5 6502a 
6 68000 
7 6800 
8 6805 
9 6809 

10 8048 

11 z8000 

12 hp 


mp-structure 
name subname 
6502x 6502 
8080x 8080a 
8bit 6502x 
8bit 6805 
16bit 68000 

ram-onames 
value name 

o 16k 

1 32k 

2 48k 

3 64k 


rom-onames 
value name 

o 1k 
1 4k 
2 8k 
3 10k 
4 11k .. 16k 
5 26k 
6 80k 

disp-onames 
value name 

o terminal 
1 Mb/w_tv· 
2 Mcolor_tv· 
3 built-in 

disp-structure 

subname subname subname 
6502c 6502a $ 
z80 8048 $ 
8080x 1802 6800 
6809 $ $ 
z8000 hp $ 

name value subvalue subvalue 
tv 4 1 2 

keys-onames 
value name 

o 52 
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1 53 •• 56 
2 57 •• 63 
3 64 •• 73 
4 92 

events 
# mp ram rom disp keys 
1 6502 2 3 2 2 
2 6502 2 3 2 0 
3 6502a 1 4 2 3 
4 z80 2 1 1 2 
5 8080a 3 0 3 3 
6 z80 3 2 3 3 
7 hp 1 6 3 4 
8 z80 3 2 0 2 
9 6502 1 3 1 1 

10 6502c 2 3 1 1 
11 z80 2 4 1 1 
12 z80 2 4 3 3 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 
Conjunctive conceptual clustering program ClUSTERI2C++ 
last upgl'ElCl$: 08i23I94 

#1 
-COVER-­
Complex 1:[mp<>1802] [ram=32k..64k] [keyS=57..92] Coals: 4 -33016 &led: 1 Covenild: 134567812 
Complex2:[mp.8bitllram=32k..48k) [1QITloo1Ok..16k] [disp.rlv] [keys-52..56] Costs: 4 -5 156 &led: 2 Covenad: 29 10 11 
TOTALS: 8 -83112 
Exceptions: 
....****..**....... 

...... COVER ...• 
Complex 1:[mpa808OX)[ram-4Sk..64k][rom-1k..16kJ[dispocoloUv] [keys-53..73] Costs: 4 -5264 &led: 12 CoveI8d: 4568 
1112 
Complex 2:[mp<>808OX] [ram-32k..48k] [rom..101<..8Ok] [disp<>l$nninaIJ Costs: 4 -4 1194 &led: 9 Covered: 12379 
10 
TOTALS: 8 -El 1458 

~~E~**~* 
"'''COVER''· 
Complex 1:[mpa808OX] [ram=4Sk..64k] [roIT}llo1k..16k] [dispocoloctv] [key~..73] Costs: 4 -5 264 Seed: 6 Covered: 4 568 11 
12 
Complex 2:[mp<>808Ox] [ram-32k..48kJ [rom-101<..8OI<] [disp<>terminal] Costs: 4 -4 1194 &led: 1 CoveniId: 12379 
10 
TOTALS: 8 -El 1458 

~~r;.lt...... 
...... COVER-­
Complex 1 :[mp.8bit) [ram-32k..64k] [rom-1k..16k] [keys-52 ••73] Coals: 2 -4 Z389 &led: 11 Covered: 1234 56 8 9 10 
1112 
Complex 2:[mp.hp] (ram=32k] [rom=8Ok] (disp-built-in] (keys-92] Costs: 2 -5 0 &led: 7 CoveI8d: 7 
TOTALS: 4 -El23S9 
~.!i2.r;.lt...... 
"'''COVER-· 
Complex 1:[mp-8bit] [ram-32k..64k] [1OOI=1k..16k] [keys-52•.73) Coals: 2 -42389 SeGd: 4 Covenad: 123 4 5 689 10 11 
12 
Complex 2:[mp.hp] [ram=32k] [rom=8Ok) [disp=built-in) [keySa92] Costs: 2 -5 0 &led: 7 Covel8d: 7 
TOTALS: 4 -El23S9 
Exceptions:
**..******.......... 

...... COVER ...• 
Complex 1:[mp0=8bit] [ram-32k..64k] (1OOI=1k..16kJ [keys-52..73] Coals: 2 -4 Z389 SeGd: 5 Covenad: 123 45 689 10 11 
12 
Complex 2:[mpoohp] [ram=32k] (rom-8Ok] [dispoobuilt-ln] (keySa92] Costs: 2 -5 0 Seed: 7 Covered: 7 
TOTALS: 4 -El23S9 

~~~lt....... 


http:2:[mp.hp
http:i2.r;.lt
http:2:[mp.hp
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k=2, best clusteri~ - COVER ... 
Complex 1:[mp:8l.)iQ [ram-32k..64k] [rom-1k..16k) [keya-52..73) Costs: 2 -423B9 Seed: 11 Covemd: 1234 56 8 9 10 
1112 
Complex 2:[mpoohp] [ram-32k) [rom-8Ok] [disp-built-in] (keys-92) Costs: 2 -0 0 Seed: 7 Covel9d: 7 
TOTALS: 4 ..Q2389 
Exceptions:
**..**..****....... 

22 stars built 
**************************************~*********************** 

#2 
... Best solution (beta-3.0): 6-1.911 e+04, k. 2 ... 
.... COVER ..• 
Complex 1:[mp...8biq [ram-32k..64k) [rom-1k..16k) (keys-52 .•73) Costs: 2 -423B9 Seed: 11 Covemd: 1234 5 6 89 10 
1112 
Complex 2:[mpoohp] [ram-32k] [rom-8Ok) [disp-built-inl (keys-92) Costs: 2 -0 0 Seed: 7 CoveI9d: 7 
TOTALS: 4 ..Q23B9 

~~~~..­... 
#3 
k=2, best clustering: - COVER ... 

f:mplex 1:[mp...808Ox)[ram=48k..64k) [roma:1k..1~lldisp<>COloctvJ[keys-53..73) Costs: 0 264 8 Seed: 12 CoveIBd: 4 568 11 


Complex 2:[mp<>808Ox] (ram-32k..48k] [rom-1Ok..8Ok) [disp<>t8rmina1] Costs: 01194 6 Seed: 9 CoveIBd: 12379 
10 
TOTALS: 01458 14 
~~..~f!.~. 
14 stars built 
************************************~********************... 

#4 
k4, best clustering: _. COVER ... 
Complex 1:[mp...808Ox] [tarna48k..64k] [rom-1k..16k] [dispocoloctv] [keys-53••73) Costs: o 264 8 Seed: 6 CoveIBd: 456 8 11 
12 
Complex 2:[mpoo6502x) [ram-32k..48kJ [rom-10k] [disp-tv) [keys-52..63) Costs: o 32 7 Seed: 9 Coverad: 129 10 
ComPlex 3:[mpo808Oxj [ram-32k] [rom-11k..8Ok] [disp<>f8mlinal] [kejs-64..92) Costs: o 178 7 Seed: 3 Covel9d: 37 
TOTALS: 0 474 22 
~~~..~.... 
28 stars built 
***...******************************** .... *********************** 

#5 
1<=4, bestclU~ COVER'" 
Complex 1lm J[rarn:-32k..48k] [rom-1Ok..16k) [diSJ?-l.'!l (keyS=52..73) Costs: 0 91 8 Seed: 1 CoveI8d: 123 9 10 
Complex 2: mp.zao~ram-48kl [r0m-4k..16k] [disp<>tellTlinaIJ ~s-53..73) Costs: 0 33 7 Seed: 4 Covel9d: 4 11 12 
Complex 3: mp.hp] rarn:-32kllr0m-80kl rdisi>l=bUilt-in] ~yS=921 . Costs: 0 0 5 Seed: 7 Covel9d: 7 
Complex 4: mp..aoa ) [ramal>4k] [rom-il<..ak] [dispotv] [keySa57••73] Costs: 0 33 7 Seed: 5 Covel9d: 56 8 
TOTALS: 0157 27 
a~~~.... 
96 slars buat
*****...******.********* ..... ******.........**..**********....*** 


#6 
... Best solution (beta-3.0): 6-1.16&1+04, k.4·" 
""COVER"· 

Costs: 0 91 8 Seed: 1 Covenad: 1239 10Complex 1:lmp.6502x] [ram-32k..48k] rrom-1Ok..16k] [d~~.73)
Complex 2: mp:=z891 [ram-48kJ [1O/l'IoI4k..16k] (dispot8nninaIJ s-53..73J Costs: 0 33 7 Seed: 4 Covel9d: 4 11 12 

Complex 3: mp.hp) ram-32k) [rom-aok] rdisi>=bUUt-inj [ke..Ys= ] Costs: 0 0 5 Seed: 7 Coverad: 7 

Complex 4: mp...808Ox] [ram.64k) [rom-1l<..ak) [disp<>tv) [keyS=57 .. 73) Costs: 0 33 7 Seed: 5 Covel9d: 568 

TOTALS: 0 157 27 

Exceptions:

********...****....... 
Breakdown for cover 
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.... COVER ..* 
Complex 1 :lmp.6502x] [ram-32k..48k] (rom-1Ok..16k] [di~=..73] Costs: 0 91 8 Seect 1 Covered: 1 23 9 10 
Complex 2: mp..zSO~[ram-48k,l [r0m-4k..16k] [disp<>t&ltnlllalJ ..73J Costs: 0 33 7 Seect 4 Cowrsd: 4 11 12 
Complex 3: mp;=hp) ram-32k [~ di ilt-in] s-92 Cosls: 0 0 5 See<t 7 Ca.terad: 7 
Complex 4: mP=8 ] [~k) [rom-1~.@sp<>tv~:Ar..73) Costs: 0 33 7 Seed: 5 Ca.terad: 5 6 8 
TOTALS: 0 157 27 
Exceptions: 
......**..*******. 

#7 
.............. 

k-4, best clustering: -* COVER'" 
Costs: 0 0 5 Seect 10 Ca.teRld: 10 

Complex 2: mp0=65(2) rarn-46k 1OI'Tl=1Ok tv S=52..63 
Complex 3: mp.:6502a [~ [1OI'Tl=11~=~r_tvJ (key .•73) Cosls: 0 0 5 Seect 3 CoveRld: 3 
CommX4: mp..6502) ram-32k] rom-1Ok) [ . _tv) [keys-53..56] Cosls: 0 0 5 See<t 9 Covarsd: 9 
TOTS:0121 
Exceptions: 

CanjHxTIII;un.10k1~d--WI~ Costs: 0 1 6 Seed: 2 Ca.tarsd: 1 2 

....**............ 


48 stars built 
....... ******** ......**....******** ..... ***** ......................... 


... Best solution (ba1a=3.0): S- 64, k • 4 *** 

.... COVER-* 
Costs: 0 0 5 See<t 10 Ca.tarsd: 10 

Complex 2: mp...6502) rarn=48k 1OI'Tl=1Ok lor tv S=52..63 Costs: 0 1 6 Seed: 2 Ca.tarsd: 1 2 ~T-III""'"'OkI&~r!CompJex3:mp...6502a [ram~ [rom=11~.1~~r_ )(key ..73) CosIs: 0 0 5 Seed: 3 Coversd: 3 
Com~x 4: mp0=65(2) ram=32k) rom-10k] [clsp= _tv] [keys-53 • .56] Cosls: 0 0 5 Seed: 9 Covarsd: 9 
TOTS:0121 

E:'~~e;.****... 
Breakdown for cover 

.... COVER**· 
Costs: 0 0 5 Seed: 10 Ca.tered: 10 

cu.p,",Complex 2:1:mllllrom-l"'1~d--,~!mp0=65021 ram-48k rom-1Ok _tv 90=52..63 Costs: 0 1 6 Seed: 2 Covered: 1 2 
Complex3:mp.6S02a [~(rom=11~.1~sP=coOU"I(keY ..73] Costs: 0 0 5 Seed: 3 Covered: 3 
Comtx 4: mp0=6502] ram-32k] rom=10k) [disp- _tv] (keys-53 .. 56) Cosls: 0 0 5 Seed: 9 Coversd: 9 
TOT S: 0 1 21 
Exceptions:
** ..... ****..**.... ............... 


End breakcbwn 
End breakcbwn 
Elapsed time: 284.42 seconds 

Future Improvements 

The following are improvements currently being worked on: 

1. 	 Interactive, graphical and menu driven input support. The user will no longer be required 
to use batch input methods, though support will remain for batch input fIles, and will 
receive more guidance in parameter setting. 

2. 	 Comprehensive, graphical output. Rather than the spartan output currently produced by 
the program, improved analytical tools will be provided and the user will be able to get a . 
better read on the output. Included will be support for an ordered listing of discovered 
clusterings. 

3. 	 Additional built-in criteria of clustering quality 

4. 	 Support for user-dermed clustering quality criteria 

S. 	 Links to popular databases, so that input need not be reformatted for introduction into 
CLUSTERl2C++ 

mailto:rom-1~.@sp<>tv~:Ar
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6. 	 Perf~nn~ce improvements, both in reduction of memory requirements and in reduced 
runnmg tlme. 

7. 	 Numerous other code improvements 
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