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Abstract—Decision support nowadays is more and more tar- of data and extracting useful knowledge from it, especially
geted to large scale complicated systems and domains. The sucwhen patterns and knowledge are previously unknown to the
cess of a decision support system relies mainly on its capability of decision makers. With the rapid development of computer
processing large amounts of data and efficiently extracting useful technolodi th bility of collecting data has b il
knowledge from the data, especially knowledge which is previously echnologies, the capabiiity of collec '”9 ate nas een_ greatly
unknown to the decision makers. With a large scale system, tra- @dvanced. Now, more than ever, data is better organized and
ditional knowledge acquisition models become inefficient and/or can be easily accessed for retrieval and analysis; a valuable
more biased, due to the subjectivity of the experts or the pre-as- resource for an organization. However, extracting information
sumptions of certain ideas or algorithmic procedures. Today, with and knowledge contained in the data is still a very difficult

the rapid development of computer technologies, the capability of . N
collecting data has been greatly advanced. Data becomes the mosPrOblem' especially when the system is limited by legacy data

valuable resource for an organization. This paper presents a fun- Storage format and by a lack of expert knowledge about the
damental framework toward intelligent decision support by ana- data, the visualization and the inefficiency of data mining tools
lyzing a large amount of mixed-mode data (data with a mixture of - and by there being too much customization. A major concern
continuous and categorical values) in order to bridge the subjec- , 1he scientific and business world is to avoid DRIP (data rich

tivity and objectivity of a decision support process. By considering . . “

significant associations of artifacts (events) inherent in the data as !nformat!on poor)_[5] embarrassment. “How to get relevant

patterns, we define patterns as statistically significant associations information or to discover useful knowledge from a horrendous
among feature values represented by joint events or hypercells in mass of data?”

the feature space. We then present an algorithm which automati-  Knowledge discovery in databases is the nontrivial process of
cally discovers statistically significant hypercells (patterns) based identifying valid, novel, potentially useful, and ultimately un-

on: 1) a residual analysis, which tests the significance of the devia- derstandabl tt in data. Dat L t f K |
tion when the occurrence of a hypercell differs from its expectation, 9€rstandanie patterns in data. Data mining 1S a step ot knowl-

and 2) an optimization formulation to enable recursive discovery. €dge discovery process consisting of particular algorithms to
By discovering patterns from data sets based on such an objective produce patterns. However, when data mining is applied in de-
measure, the nature of the problem domain will be revealed. The cision support, often information extracted from the data could
patterns can then be applied to solve specific problems as being e piased by the prior perception of a problem. A user may use
interpreted or inferred with. Classifiers can be developed, prob- the traditi | dat inina tools I31. [6] to obtai i
abilistic density functions can be estimated, association rules can '€ raditional data mining too 5_[ ], [6] to o ain supporting

be generated and pattern based data query can be formulated. It €vidences to confirm, or refute his/her preconceived ideas, yet
presents a data driven system and a process from data to patterns he/she cannot be assured that there are no other comparable, or

and from patterns to applicable rules/models for decision support. even better solutions to the problem and/or something important
Index Terms—Classification, clustering, data mining, decision IS missing in the search. For a complex problem with large size
support, event association, pattern discovery, residual analysis.  data, traditional knowledge acquisition and data mining models
become obviously inefficient. They are likely to be biased due
to the subjectivity dominated by the experts or the pre-assump-
tions of certain ideas and algorithmic procedures. Usually along
ODAY, intelligent decision support based on artificiaiterative trial and error process is used and that could be tedious,
intelligence, knowledge-based reasoning, data mininfgustrating, and confusing.
data fusion, decision analysis, and optimization is more andThe rationale of the current approaches is to provide a sys-
more targeted to large scale complicated systems and domaégatic way to prune the search space so as to acquire deci-
[1]-[4]. The success of an intelligent decision support systesion or classificatory rules inherent in the data. In most of the
relies significantly on its capability of processing large amouniisting systems, accessory processes, such as pre-processing,
data cleansing, filtering, attribute reduction are included [1] in
order to remove noises, to bring out more relevant informa-
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decision-making. Such processes could be very biased and umder patterns) automatically, and to generate from them deci-
ally involve long iterative search and examination-re-examinaion rules, classificatory modules for categorization, classifica-
tion process. For large databases with unanticipated variatiotien, prediction, and forecasting. A novel and unique feature of
this would be slow to produce useful results. Furthermore, thriigs system is that it is able to discover multiple explicit patterns
other related issues are also of concern to the decision-makefshigh order very fast, and rank them according to their sta-
They are: the flexibility and versatility of the pattern discovertistical significance for interpretation, comparison, and assess-
process; the transparency of the supporting evidences, and;rttent so that greater understanding of the data can be achieved
processing speed. and thereby better decisions can be made. Within this theoret-
For flexibility and versatility, most decision makers do noical framework, a software systéras been implemented. Sur-
want just a single “optimal” solution. They would like to knowrounding such core technology, many new modules are devel-
other comparable alternatives and their relative merits. Songged in support of decision making. This includes attribute clus-
times they would even like to shift their decision goal or pdering, entity clustering [10], class-dependent discretization of
rameters a little so as to have a broader assessment base ot@gnuous data [11], classification [9], and forecasting [12],
situation. Hence, too rigid a decision framework, or too narrol#3]. In this paper, we emphasize on the new theoretical de-
a set of decision rules or parameters, may not serve them cof@lopment and demonstrate the performance of the proposed
fortably. framework, especially that in real-world problems. Because the
For transparency, a decision maker would not be too comfoRattern discovery approach presented in this paper evolves es-
able relying on a black box for a final answer, but would rathe$entially and mostly from our work over the last twenty five
like to know in greater details what the underlying supportingears, a brief historical background, rationale, and description
evidences and their statistical significance could be. From tAkthe system is given in next section.
deterministic, or statistical patterns, that come to his awareness,
he may like to draw inferences not only from the revealed pat- [I. BRIEF DESCRIPTION OFPATTERN DISCOVERY

Lems., tr)]ut also from .o:lher externﬁl supportinlg evidence;, SO thaﬁ'o discover patterns from data started in the seventies, the first
emig ft (r:]ome L:)‘lj with a compre _enswel exphana:]lor:jpr INterpI&ithor attempted to search for a quantitative basis of information
tation of the problem. In our view, itis only when the discoveref,o 5q res and statistical patterns from bio-molecular data [14],
patterns can be interpreted, explained, rationalized, confirm ], English text [16], digital images [17], [18], and biomed-
and made explicit, can they become verifiable knowledge. Otz ang clinical data [19], [20]. With the belief that informa-

erwisg,'they are simply statistical patterns with limited value {& i biomolecule sequences is coded for biomolecule struc-
a decision maker. _ _tures and functions, an endeavor was made to obtain quantitative
The speed of the pattern and rule extraction process is offgfhrmation measures and statistical patterns in biomolecules.
crucial to a decision making process. This is true, not only bgjomolecule data was chosen, so as to provide empirical evi-
cause of the imminent response often required for a quick degisnces that information can indeed be measured, and statistical
sion, but also that interactive processes are often needed inghgerns be found in biomolecule code sequence to reveal the
incremental information and knowledge extraction process fo{@derlying biochemical and taxonomic characteristics of an en-
comprehensive decision. In view of this, itis indeed difficult fogemple of molecules such as cytochrome ¢ from different spices.
the decision makers to have an interactive exploratory procgs$ger, along this line of thought, quantitative measures of infor-
|f.they havg to wait for hqurs,_or even minutes, for an intermepation were found in English texts [16] and images [17], [18]
diate solution. In many situations, based on what they learnfseq on how the data deviated from equal-probability and in-
discover from the explicit patterns displayed on the screen, thg¥pendence mode. This formed the early basis of our pattern
could make a judicial decision or they may like to look furtheﬂiscovery approach. Later, based on this concept, pattern recog-

into the data to 'diSCOV?r more gupporting evidences. nition methods for discrete valued and continuous data were
In summary, if machine intelligence could be used comforgeveloped with applications in biological signal analysis [19],
ably by the decision makers, it must be able to [21], and clinical diagnosis and prognosis [19], [20], [22], [23].

1) discover multiple patterns from a database without re- In the late seventies and early eighties, we realized that if the
lying on prior knowledge, so as to provide compreherflimension of a relational database was large, the definition of
sive, exhaustive, and unbiased supporting evidences; Patternsinthe classical pattern recognition framework might not

2) cope with multiple and flexible decision scenarios an@€ too meaningful, for in the database, attributes might form in-
objectives; terdependent groups and these groups could be independent of

3) provide explicit discovered patterns and rules associateach other. Hence the concepts of classification and clustering
to their problem of concern for interpretation, so as tBased on pattern vectors broke down. Soon database partitioning

enhance their understanding of the problem; and was proposed [24], [25] which attempted first to cluster the at-
4) render a high-speed interactive mode for information afidoutes into interdependent groups according to the interdepen-
knowledge extraction from the data. dence measure from information theory before clustering the

To respond to these needs, a pattern discovery approach
been advanced [7]-[9]. Primarily data-driven, this approach s
able to discover in an unbiased and exhaustive manner, statis-
tically significant event or data associations (known as highdiscover*e developed by Pattern Discovery Software Systems Ltd.

ntities of each group into subgroups. In that sense, each sub-
%ﬁp reflected local patterns based on the notion of attribute



116 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART C: APPLICATIONS AND REVIEWS, VOL. 33, NO. 1, FEBRUARY 2003

interdependency. Later, various pattern recognition methodotbeory, we simply consider amV-dimensional data point,
gies were developed [26]-[28]. They are still based on the iaither an observation or a measurement, as the outcome of
terdependency of features as random variables or restrictioraaf imaginary experiment on our problem domain. Denote an
random variables. In the nineties, we shifted our pattern recaxperimental outcome as The set of all possible outcomes is
nition paradigm from the variable level to event level based dhe sample spac€), and may be finite or uncountably infinite.
event associations although only second order event associdihen the sample space is finite, an eventis defined as a subset
tions was addressed in the early days with APACS [29]. of Q2. This subset may consist of a single event in which it is

To overcome the limitation of APACS, which is based on firstalled an elementary event. If the subset is empty, it is called
order relationship, a higher order pattern discovery is designadhull event. For events in a finite sample space, probabilities
[7], [9] for discrete data sets. In our method, patterns inheregate assigned to elementary events. The axioms of probability
in data are defined as statistically significant associations of taece then easily satisfied. In pattern discovery, this definition of
or more primary events of different attributes. To detect patteragents applies when the data of interests is discrete. The dis-
from data with noiseadjusted residuahnalysis in statistics is crete nature of the data may be manifested in two ways, a finite
engaged. It guarantees (with a fixed confidence level) that thember of numerical values or a finite number of categorical
patterns detected are significant. The discovered high order gabels. In the latter case, the data is symbolic. In either cases,
terns can then be used to support decision making tasks sucthasvalues are composed of the alphabet of the variable and an
classification and clustering. At the same time, high order pavent consists of either one (primary event) or more (compound
tern discovery with continuous data was also being advancesient) of the values in the alphabets [7].
In [8], events in continuous space are defined as Borel sets anéfor continuous data, the sample space is generally taken
the pattern discovery process is formulated as an optimizatimnbe the N-dimensional Euclidean spac® . Clearly, this
problem which recursively partitions the sample space for tsample space consists of an uncountable number of outcomes.
best set of significant events. Tasks such as classification affte use of elementary events becomes intractable, especially
probability density estimation can be easily performed when thden defining probabilities. Instead, events are defined to
patterns have been discovered. Significant results on both aoé- subsets of2 which form a Borelo-field, B(RY) [8]. A
ficial and real-world data have been obtained. These automaBiorel o-field is the collection of all rectangles R", where a
pattern discovery methodologies become ideal tools to supprttangled is defined as a subset &f" if it has the form
various types of decision making tasks.

In this paper, we present the new development along the path A =1 x---x Iy ={x:2; € ;;1 <i< N} (1)
and the extension of pattern discovery theories and methodolo- .
gies in a new framework as mixed-mode data analysis for déberel; = (a;, b;] and—oo < a; < b; < oco. Equivalently, the
cision support. It includes: the discovery of significant patterrgorel o-field is the smallest-field containing all rectangles.
that may interest the decision maker and, interpreting and infi2€ sets in the Borel fields are the Borel sets, which include
encing with patterns for decision support. We give the details gictangles and countable unions and intersections of rectangles.

various operations related to a decision making process. AN éxample can be seen in Fig. 1. - o _
There are two advantages of defining events in this way. First,

there is a nice geometric perspective. In Fig. 1 we see that events

are just hyper-rectangles, or countable unions, or intersections
The purpose of pattern discovery, be it referred to as concefhyper-rectangles. Secondly, a probability measure can now be

tual clustering [30], [31], or rule induction [32], is to find theassigned to events without violating the axioms of probability.

relations among the attributes and/or among their values. Wen real world applications, however, we will have a sample

seek to find events whose occurrences are significantly differestace containing both discrete and continuous variables. That

from those based on a “default” model. Thus, the co-occurrenieeto say, some of the attributes or variables take values from

of events detected may reflect the nature of the data set and [Eaelidean space and others from finite alphabets. We then ex-

vide useful information for future inferences and reasoning. Wend the concept of Borel field to mixed-mode sp&8é&’. The

call these relationships patterns. Formal definitions will be givesxtended Borek-field becomes the hyper-field, which is the

later. collection of all hypercells iV, The following definitions
Consider, our problem domain is described Myattributes then follow.

(variables, or features), each of which can assume valueDefinition 1: Consider the sample spag®” . Let

from its own domain, be it real or a finite alphabet. Let

X = {Xj,..., Xy} represent this attribute set. Then each at- ; _ { (ai,bi] : =00 < a; <b; < oo, if X;eR

tribute, X;, 1 < i < N, can be seen as a random variable taking a; :a; € dy, if X; is discrete

on values from its domaid;. For a continuous attributd; c R N o

and for a categorical (discrete) attribue,= {al,...,a"}, A hypercellH of 9" is called a hypercell if it has the form

wherem; is the cardinality of the alphabet.

I1l. DATA, EVENTS AND PATTERNS

H=1 X-~-XIN:{XZ.CU,;€Ii71SiSN}.
A. Generalized Event For dimensions defined on tB&" , this can be visualized as

In pattern discovery, we are concerned, in general, with highhyper rectangle liké&, in Fig. 1. For a dimension (called cat-
dimensional data. To draw an equivalence with probabiliggorical dimension) defined on a finite set of discrete values, we
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may not be related to each other. In view of this, as observed
in [24], [25], classification or clustering of the data may not be
meaningful. Although, for solving a specific problem, selecting
an optimal subset of features from a large data set has been pro-
posed, yet in reality, such an approach faces many challenges.
EL: Rectangle On one hand, the diversity of the real world situation often man-
— ifests that the subset of optimal features for one group may not
be the same for the other and within the feature groups some of
the feature values could be irrelevant to the problem or simply
noise. On the other hand, when dimensionality is high, selecting
optimal subset with no prior knowledge is very difficult. In our
view, what actually makes up the patterns for a certain class
(or group) are the significant event associations inherent in the
data of that class or group. It is this group of event associations
which make up the pattern vectors pertaining to a class. Sta-
tistical event associations discovered in a data set are the most
. . L ) fundamental set of information in the database or the data set.
could imagine ar; as a finite set of discrete values (or categoience. we consider patterns as associations. Here below we will

ical labels) assigned to subsets of a point set that make up 8}\% the formal definitions.

event space. Each label can be considered as a categorical 1abgLinition 6: Let © be the sample space ap() be a test

of a particular category. In that sense, it is not only the hypgfaistic corresponding to a specified discovery criteriohet
rectangles that define events but also various subsets of Catepg the critical value of the statistical test at a significant level

gorical labels for various types of categories in the categoriqﬁla. A patternis an event? that satisfies the condition
dimensions. An event can then be visualized as a point that falls

within a hyper rectangle and also bears values of various cat- g(E) > 62, 3)
egorical dimensions. This is formally defined in the next para- - c
graph.

E2: Union of Rectangles

Fig. 1. Example of events iiR>.

) ) . The test statistig(-) measures the degree to which an event
The o-field generated by the collection of all hypercells inyisfies the objective of the discovery. If the test statistic is

N : N . .
™ is the hypew-field of M™. As in the continuous case, the, taijeq three types of events can be identified, according to the
hypero-field is the smallest-field containing all hypercells. o o ofg(E).

The sets in the field are cal_led hype_r sets. Hyper sets mcludel) o(E) > §2—The eventf, as defined above, is a positive
hypercells and countable unions and intersections of hypercells. c L s
pattern, or a positive significant event.

Definition 2. An eventn Is a hyper set - 2) —0* < g(FE) < #¥—The eventE is an insignificant
Apart from its location in space, a few other quantities of an event

event are also defined. o . . N
Definition 3: Thevolumeof an event is the hypervolume of 3) 9(E) < ._06 —The eventl is a_negatwe 5|_gnnf|cant
event, which are contrary to the discovery objective.

the N-dimensional subspace occupied by the event, With a 1-tailed test statistic, only insignificant and positive
Suppose we have a data get= {w} from a sample space . .. .
omN significant events are applicable.
) Any eventF of dimensionN > 1 can be interpreted as the

Definition 4: Theobserved frequen¢cyg, of an event in . . . . :
the sample spac® is the number of data points that fall Withinjomt occurrence of lower dimensional events. This leads to the
piesp P following simple definition [7]:

the volume ofE. If we denote{x} € D as the finite set of Definition 7: An event associatiois a significant joint oc-

oints falling inside the volume df’, thenog = , Where . : . .
P g op = [{x}] currence of low-dimensional events. In particular, avydi-

| -] denotes cardinality. mensional event{ > 1) can be considered an event associ-
Definition 5: Theprobability of an event is intuitively es- . . .
attlon, composed aV one-dimensional events.

timated by the proportion of data points contained in the even Fig. 2 demonstrates an event as a hypereell in a three—dimen-

sional (3-D) space. The event can also be viewed as the joint
occurrence of three 1-D intervals (for continuous variable) or
values (for discrete variable},, I, and/..
To illustrate a hypercell of mixed-mode data, let us consider
B. Pattern a four-dimensional mixed-mode spa®¢, with the first three
Within the classical pattern recognition framework (includingimensions as those given in Fig. 2 and the fourth dimension
artificial neural network), patterns are usually referred to assuming categorical values, say= (a1, as, as). We could
pattern vectors in thé/-dimensional feature space. When theonsider an event’ as an association, say, bf, I, I5, as.
problem is small and can be contained, it may be possible toWe appreciate that terms such as “pattern,” “significant
isolate a set of features for the purpose of a specific analysisedent” and “event association” share the same meaning, but
database usually records information not confined to a partigith variation in interpretation. While the word “pattern” has
ular interest or a specific problem domain. Some of the featuriesuitive appeal, its statistical basis is intimately implied by

p . 9B
PE—|D|- 2
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z information about the organization of a domain characterized
"""""""""""""" by a sample set.
We propose to use residual as the statistic in testing the sig-
Event E nificance of the pattern candidates. The problems of unstan-
Association of dardized, wildly varying quantities, and arbitrary thresholds are
I-dimensional events 5 ,arcome by the use of residual. Furthermore, the residual is
L, L ad L easily interpreted in terms of the degree of satisfaction of the
discovery.
X Suppose we have an evdntthe following terms are defined:
Definition 9: The residual of an eventt against a pre-as-
sumed model is defined as the difference between the actual oc-
currence of the event and its expected occurrence. That is

Fig. 2. Three-dimensional event association. 0p = o — eg (4)
e , , . whereeg is the expected occurrence under the pre-assumed
the term “significant event.” On the pragmatic front, “event, ol estimated by the given sample set.

ass?cllgtpn” offers a geometric p(larspecuve, which will be | hractice, the residual is first standardized before any anal-
useful in interpreting discovery results. ysis is conducted.

Definition 10: [34] The standardized residualf eventFE is

IV. PATTERN DISCOVERY defineq as the ratio of its residual and the square root of its ex-
pectation

With the definitions of event and pattern, pattern discovery
becomes a process of searching significant events in the sample (g = bp . (5)
space. Theoretically, candidate events may lie anywhere in the VEE
sample space. In practice, we restrict the search to a compagh ¢ ion 11- [34], [35] Theadusted residuabf event is
subspace of the sample space as demarcated by the avallab e

efihed as

samples.

Definition 8: Suppose we have a data set with sample space g = op ©)
Q. Pattern Discoverys the search for significant events (hyper- E= g

cells) in a compact subspace of the sample spademarcated ) i

by the available data sé. wherevg is the variance ofg. _ _ _
This definition covers a wide range of data driven, statistics hf thel pred-ashsum((ej(_j moddel |§dlog?-llneag tf;\e standa@ztild

based decision support approaches. For example, trees (deci§sifua! and the adjusted residual are both asymptotically

trees, dependence trees, CART, etc.) and neural networks caH%rénal distributed [34]__[36]' The adjusted residual is a better
viewed as inherently event discovery mechanisms. estimate than standardized residual. Hence, weygsasg(-)

Recall that decision trees partition the sample space into sﬁﬁ—the test statistic for significant hypercells.

regions each time a node splits. Suppose the sample space ora log-linear default model which is hierarchical and de-

mixed-mode. At a given node if i is continuous, the range of composable, we can obtain a close form maximum likelihood

a variableX undergoes a binary split, say, < o andX > a estimate of the variance of the residual. See [37] for the gen-
Wherea is some scalar value. ifis discrete. the variabl& also eral format and [36] for the special cases in mutual independent
undergoes a binary split, say, = a and’X £ a. Whatever models. The calculation of expected occurrence of an event is

the type of the variable, the subregion corresponding to modgghtly related_ to the chosen default model. In our system, there
is then partitioned into two smaller regions. The continuation gfe wo special default models.
this process successively demarcates regions of space. Hencd) uniform distribution;
the subspace, delineated by tree leaves, represents a subspaék Mutual independence.
with maximally homogeneous class composition. Whereas, thd" the uniform distribution case, the data is uniformly dis-
subspace is simply a hypercell. tributed throughout the volume of the bounded subspéice,

In neural networks, discrete variables are often coded befdfeUnder consideration. Hence, within an evéhtof volume,
feeding into the networks in a way they can be treated as contfi® the expected number of observations would be
uous variables. The relationships of both neural classifiers and vE
neural function approximators with event pattern discovery have eg=M: vV ()

been stated in [33].
[33] whereV is the volume ofS, and M is the total number of ob-

servations.
With the default uniform distribution model, the data is tested
With the definition of patterns, our pattern discovery paragainst randomness, therefore, a pattern is a hypercell with sig-
digm discovers associations at event level, that is a localizedicantly larger number of data points. We callcibncentra-
approach. In statistics, residual analysis provides valuable lotiah-driven discovery

A. Pattern Discovery as Residual Analysis
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In the independent model, all variables are mutually indepen-With the objectives and constraints, optimization methodolo-
dent. The joint probability is just the product of the marginajies, such as, generic algorithm and stimulated annealing can be
probabilities. Under this assumption, for an evénhtthe ex- applied recursively in the sample space to discover the signifi-

pected number of observations would be cant hypercells as patterns.
N
A V. |
ep = M- HP’L' @) NFERENCINGWITH PATTERNS FORDECISION SUPPORT
i=1 A. Building Classifiers

whereP, is the marginal probability, which can be estimated as Classification is an important task for decision support. A
classifier is a model of the problem domain that is able to guess
p = i 9) the “best” membership of an unseen object according to the

M rules learned from previous experience. The “class” attribute is

wheren; is the number of data points falls into the intergal Normally categorical. . o
(if variable i is continuous) or are equal te; (if variable i is The classification problem can be formalized as determining

discrete) when all data points are projected toittie axiom. the value of a missing discrete attribulg,, given a set of obser-

With the default independent model, the data is tested agai&Hions in sample spade containingX;. Let (X, Y') be jointly
independence, therefore, a significant event marks a subspdigibuted random variables wigrdimensional vectoX de-
where the different dimensions of the data exhibit strong rel3ting a feature (observation) vector in spae@ C (2) and
tionships or interactions. Regions populated with data but vold 4enoting the attribute whose value is to be determined. The
of dependencies are detected as insignificant events. NegatiV8l§Sing-value problemiis to find a decision ryle) that maps
significant events implies that the space is sparser than expecf2dto the domain ot” such that certain properties of the orig-

which may support some type of dependency. We celiéjien- inal data set are preserved. The feature veetisrcalled a new
dency-driven discovery observatioror a newobject andY” its class label, or predicting

attribute. It is assumed priori that attributeY” is discrete. In
B. Pattern Discovery as Optimization traditional classification, or supervised learnirlg,is a spe-

cial pre-defined attribute called “class” while in unsupervised

In practice, to automatically dlscover patterng in-a glVel'%arning or for flexible predictiony” can be any attribute de-
sample set, we need to reformat the discovery into a mat@%’ribing the problem domain

mancalt.problerr]n » SO t,r\]at Wti ctan tal;]e advar;tabg?.e hOf dstantcilaque argue that the patterns detected by dependency-driven
computing scheme. Now that we have established pa ?:fi@covery can be dynamically re-organized to be a classifier,
discovery as a process of searching for events which maxim

di iterion (the test statisti diusted residual). it ving the missing-value problem.
a discovery criterion (. € test stalistic or adjusted resi ual), i 'SBased on the mutual information in information theory, the
natural to formulate discovery as an optimization problem.

. difference in the gain of information whén takes on the value
If we have an arbitrary hypercelf, we can represerit by a 9

. y; and when it takes on some other values, gixeis a measure
f:;l)rr({egérft }S’t\;]vgféigtﬁp;?fﬁgtes dc;r:aeso:‘/\';gehz?ﬂranersm,fandL of evidence provided by in favor of y; being a plausible value

of Y as opposed to other values. This difference, denoted by
W(Y = y;/Y # y;|x), is defined as theveight of evidence

={¢l1<i<N
C={afl i< N} which has the following form:

L={lij1<i< N}

whereg; is thei-th coordinate of the reference point (corner) W<Y =yi/Y # yi|§>
and/; is the length of the edge of theth axiom. We further

, =Y =yi:x) = I(Y #yi:X) (13)
define
, _ [bi—ai, if;is continuous (10) TPy =) STPIY £y1)
T, if x; is discrete P(x|Y =y,) (15)
=log ———— 15
The pattern discovery problem is to P(x]Y # i)

maximize: O(E) whereI(-).|s the mgtual mfprmatpn. . ' N
) The weight of evidence is positive ¥ provides positive ev-
0<l; <b; 0<i<N . . . . o .
biect 1o :| 4. b 0<i<N 1 idence supporting” taking ony;, otherwise, it is negative, or
subjectto-. a’LN< c;‘ N ‘Z/ . == (11) zero. A negative weight of evidence implies that there is nega-
ITiz1 li 2 Vinin tive evidence provided by againsfy” taking on the valug;. In
whereV..... is the minimum volume under consideration. sether words, itis more likely for this attribute to take on another
[8], [33], [36] for details how to determine this value. value. A zero weight of evidence suggests thi irrelevant to

The objective functiord(E) is the adjusted residual: the prediction ofy”. _ _
To calculate the weight of evidence, we need to estimate the

conditional probabilities or know the distribution, which are not

O(E) = 7.(E), concentration discovery (12)
(E) available on hand. However, according to [7], [36], the weight

" 1 v(E), dependency discovery
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of evidence can be decomposed if significant event associati@sMultivariate Probabilistic Density Estimation

related toy; andx are known. That is The estimation of the probability density function (pdf) is a
central problem in multivariate data analysis, as evidence by
W(Y =y /y # yi|§> the large body of literature from a diversity of disciplines. The
density function gives a probabilistic description of the data’s
=1 M 4ot M organization. Such a description is useful for data interpreta-
P(x,[Y # yi) P (x,|Y # yi) tion, regression, classification and prediction. In this section, we
=W (Y =u/Y #yilx;) + - demonstrate how to estimate the probability density function for
+W (Y =y ]Y #yilx,) both discrete and continuous variables with patterns by concen-
n tration-driven discovery.
= Z W (Y =u/Y # vilx;) (16) 1) Discrete pdf Estimation:To simplify notation, the event
k=1 indicator function is defined.

. . Definition 12: The indicator functionfor a event,E;, is
wherex,, is a sub-event ok and satisfies

defined as,
zpﬂzq:ﬁ, p#¢1<pq<nand I(x) = 1, ifxek; 19)
" i) = 0, otherwise
U X, =X.
p=1 Employing the definitions for event volume and observed fre-

uency, we can assign to an evdht, the following probabilit
Based on [29], [36], events which are not statistically Sigﬂensiti// estimate g i up y

nificant can be considered irrelevant for the inference process.
The underlining model used in the pattern discovery process as- L 05 (20)
sumes that the attributes are mutually independent. This implies Pi= . v
that, if an event is not statistically significant, the primary events
in it are randomly combined. The mutual information is approxvhere, as usuall/ is the total number of sample points under
imately zero. When calculating the weight of evidence, the§@nsideration. This definition is along the line of the general
events can be eliminated. Thus, only the significant event as§@nparametric density estimate of Duefaal. [38]. Note that
ciations discovered from the data set are used in the inferefigis probability density is just the probability estimdteof (2),
process. Then the calculation of weight of evidence is to finddvided by the event volume;. We see immediately that the
proper set of disjoint significant event associations fromnd hormalization condition
to sum each individual weight of evidence provided by each of R
them. That is to maximize YoPi=>piv=1

J J

WY =y/Y #5:lX) =Y W (Y =u/Y #:lX,) is satisfied.
g=1 To obtain a discrete probability density functigh valid for

(17) . ;
. B the entire sample space, since the evefiis}, do not overlap,
with sub-compound evenss,, . .., x,,, such thatx .Y = y;) we may write compactly

(1 < ¢ < m)is a significant event association and the inter-
section betweer  andx, is empty ifp # ¢. Using significant . .
association patteprns in (tlhe inference process makes it possible p(x) = Z L) - 4 (1)
not to go back to the original data set. !

The class_ification process based on_weight of evidence GaRerex € MY andI;(x) is the indicator function previously
be summarized as follows. A set of primary evegtare ob- qefined. Note that for eack, only one term in the summation
served. The value of an unobserved attritités going 0 be il have 7;(x) # 0 as the data point can only fall into one
determined with the significant event associations discoverggan;.
from the training data set. Given a set of significant associa-z) Continuous pdf EstimationThe set of discovered events
tions related to attribut¥’, the weight of evidence for each poSyoms 4 discrete representation of the data. However, a contin-
sible value of” provided by the observationis calculated. Thesg, s description of the data’s organization is often preferred.
weights are compared to find the most plausible vallié.ofhe - g,iqently, smoothing is an important method of data analysis. It
valuey; can be considered as the most plausible value if the fofins oyt that the discrete representation of events can be easily
lowing conditions stand: relaxed to produce a smooth representation of the data’s struc-

ture?
{ % g _ yLﬁ; z ylig i KV (¥ =y;/Y 7 yilx) (18) The basic idea is to estimate a kernel for each event. The co-
=Y YilX hort of these kernels then provides a smooth approximation over
wherel < j < dy- andj # i. For more details, refer to [9], [36] the sample space. The most popular kernel is the multivariate

_Un_l'ke traditional cI§SS|f|er, us!ng the patterns as a mOdeI' aNYsror the nature of the problem, we default that the variables for continuous
missing values of a discrete variables can be classified. pdf estimation are all continuous.
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Gaussian kernel since it is continuous everywhere and it satsents is fitted with a kernelp;(x) as explained above. The

fies

/_00 P(x)dx =1 (22)

where

1

_ —1/2(x—p)' =" (x—p)
P(x) = (27T)N/SA(E)1/2€ ! !

(23)

wherep is the meany. is the covariance matrix\ (%) is the
determinant of: and the prime denotes transpose.

combined pdf is estimated by

J
Fx) =3 W) (26)
Jj=1
where the kernel weight}/;, is defined as
W, = 27)
> bj
7=1

We see that the normalization condition for densities is satis-
fied. An example of continuous density estimation can be illus-

To fit a kernely (x) to the event, with observed frequency trated by Fig. 3.
og, We simply compute the mean and covariance matrix for the

data points contained if'.

pe= 2_; x; (24)
=) (xi— ) (xi—p) (25)
i=1

C. Interpretation of Patterns

Since events delineate a region of the sample space, produc-
tion rules and/or association rules can be easily extracted. It is
a straightforward process to transfer a significant hypercell (a
pattern) into an association rule and measure the strength of the
rule.

An association rule [39], [40] has the form &f = Y, where
X andY are sets of items (attribute-value pairs). Each associ-
ation rule is measured by two parameters, the support and the

The covariance matrix is always symmetric and positiveonfidence. The support of an association rule is basically the
semi-defined. In practice, the use of the kernel is restrictgdobability of P(X,Y") and the confidence is the conditional
to cases wherx is positive definite, so that the determinanprobability P(Y'| X') estimated by frequency count from a given
is strictly positive. The smoothed events can be strategicatlpta set.

combined to yield a continuous pdf estimate that satis- Suppose there is a pattefh= {I;|]1 < i < N}, wherel;
fies probability axioms. Suppose discovery yields eveniseither an intervala;, b;] or a discrete value;. We can easily

{E; : 0 < j < J}. The estimated discrete densitypis Each transfer a pattern into an association rule by selecting a subset
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of F as the right-hand sid& and the rest as the left-han@ significant patterns or rules for a class and rank them according
and justify the strength of the rule by calculating the suppata their statistical strength. We can turn each significant pattern
and confidence. Without loss of generality, we assume therdn$o a query and use it to retrieve all candidates matching the
only one item (attribute-pair) at the right-hand side. Then a ruipiery from a huge database.

has the form For instance, from the Wisconsin Cancer Data [42], [43], alto-
” gether 52 patterns are discovered with confidence level at 90%.
/\ I; = I, with quantitative measured < j < N The discovered patterns are ranked according to their residue
i=1, i value.

These patterns can be used to select a subset of data from

In addition to support and confidence as in association rul§gyry |arge data sources. An obvious choice for a query tech-
the weight of evidence can be used to measure the strengthgfogy is the well-known structured query language (SQL). The
such a rule. The weight of evidence in support/ef given  foliowing figure shows an internal application to induce these
Iy, ... Ij 1, 1j41,. .., Iy can be calculated by (13). Recallsypsets of data based on certain patterns. The Wisconsin Breast
that the weight of evidence is the gain of information whe@ancer dataset has buried within it a number of patterns. One
X takes on value of; and when it takes on other valuesgych pattern relates the following attributes to clasg (can-
given {;|l < i < N,i # j}. It can be interpreted as acerous):
measure of similarity betweefy and rest ofd;, provided that
{;]|]1 < i < N,i # j} happens. This similarity shows the Clump Thickness=5
strength of the association between the right-hand events and
the left-hand conditions. The higher the value, the stronger the

association. The internal application, shown below, uses a variant of SQL

When we transform a pattern into association rules, thregjyiery that is generated interactively by selecting attribute value
olds such as support and confidence can be used to filter pgyjrs. The following query is generated:

and Normal Nuclei=10 and Mitosis= 1

sulting rules. Weight of evidence can also be calculated. The query:
The major differences between pattern based association rule
and the conventional association rules are SelectAs Subsetl

» A pattern is statistically significant. There is no guarantee  EFrom BreastCancerWisconsin
}Bzrzfonventlonal association rules are statistically signif- Where(“Clump Thickness = “5") And (“Normal
« A pattern based rule can be directly used in classification,

as shown in the previous section. However, association . . . .
P ’io retrieve all the cancerous patients in the database with the

rules are not designed for classification purpose [9], [41 . : X :
Two conventional association rules cannot be easily co bove patterns is shown the I0\_Ner left window. Patients with all
other patterns can also be retrieved.

bined to integrate partial information available for a clas-"_. .
g P Fig. 4 shows the resulting data set.

sification task. This is not a problem with pattern based . . .
association rules, as the weight of evidence provides suchln that case, we have shifted the class candidate retrieval from
a mechanism to é:ombine partial information. See [9] & comparison base into a query search. Furthermore, for all those
more details ' candidates, we know also based on which pattern they are re-
' trieved and classified. In the advent of information network of
D. Discovered Patterns as Queries for Class Data Retrieval d2t@ and world wide web, this would have significant impact on

] B knowledge retrieval and sharing.
In the classical framework of pattern recognition, once a clas-

sifier is developed, it can be used to classify new set of data
given. In today’s data retrieval setting, the data could be widely
distributed and itis very difficult to retrieve data at large for clas- In this paper, we have presented the new development in the
sification and analysis. Traditional pattern recognition or neuriemework of data driven decision support based on pattern dis-
net approaches are based on the class probability model, §@very. It has been evolved for over twenty years and matured
criminant models, distance/similarity measures from a sub&td expanded rapidly in the last few years [7]-[10]. In this paper,
class prototypes or class regions in the feature space. Almos¥¢g have presented
of these methods are comparison based. That is, if we want tol) the motivation, historical background and the rationale of
classify a new candidate, we have to submit the candidate into  our approach;
the classifier and find out though comparison, to which class it 2) a novel unified framework to define and represent
belongs. If no prior knowledge is provided, we have to submit mixed-mode data, the most general and common data
all candidates into the classifier for comparison before we could  encountered in today’s database;
find out which of them belong to which class. This is a horren- 3) the theoretical basis of pattern discovery based on statis-
dous task if the database is huge. tical residual and optimization principles;

With the pattern discovery approach, a new data retrieval and4) a novel and unified framework to represent probability
classification process can be realized. First, if one is given a  models for discrete, continuous and mixed-mode data in
training set of data, the system is able to generate all of the the form of pdf;

Nucleol” = “10”) And (“Mitosis” = “17)

VI. SUMMARY AND DISCUSSION
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5) an inferencing system using the discovered patterns aasbkessment of the problem domain. Our special algorithms also
weight of evidence for classification and prediction ofmake it one of the fastest association detection and inference
missing values under a general and flexible frameworksystems in the world. The system has been used successfully in

6) a new way of data retrieval by converting the discova number of complicated projects such as oil sands extraction
ered patterns of various orders (ranked according to theitocess optimization [44].
statistical significance if preferred) for each class into In conclusion, knowledge discovery provides an advantage
gueries for class data retrieval in a distributive databasedata driven decision support. If applied successfully, it will
setting with unlimited size—a very important paradigngeliver many economic benefits in sectors such as health care,
shift from a comparison based approach of class pattdimancial services and customer relationship management. The
recognition and retrieval to automatic and comprehensidiscovery of new knowledge from existing data will greatly ad-
query-based search; and vance the state-of-the-art of the current decision making/sup-

7) supporting validation evidences of the efficacy of thporttechnologies. It has the potential to change the way we live,
proposed framework and its new development in solvingork and interact. With the proposed system and other pattern
large scaled problem with online interactive capability. discovery technologies, our ability to discover knowledge has

From data to patterns and from patterns to rules/models, thiseady had an impact on these sectors by deeper understanding

pattern based approach tries to bridge the gap between dataainithe problem, more efficient planning and process controls.
knowledge. We argue that the real value of data (or informatioA} these technologies continue to expand, new models and new
resides in the internal event associations occur in the domaimodes of solution, to decision support are anticipated.
Discovering these patterns without biased assumptions is the
first step in utilizing the collected data for decision support. In
our framework, patterns in mix-mode data are discovered by
residual analysis and an optimization process. The authors would like to take the opportunity to thank

The patterns alone, however, only reflect local or point infoRattern Discovery Software Systems Ltd. for the support of this

mation, which has limited power in decision making. To unleag@search and allowing them to use their data mining product
the power of the patterns, we have to develop inference mecH&coverte

nisms that bring out the applicable knowledge. In the paper, we

present several such mechanisms including classification model
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