Knowledge Discovery from MultipleDatabasesJames S. Ribeiro, Kenneth A. Kaufman andLarry KerschbergGeorge Mason University4400 University DriveFairfax, Virginia 22030-4444ribeiro@osf1.gmu.edu; kaufman@aic.gmu.edu;kersch@gmu.eduAbstractKnowledge discovery systems for databases are employed toprovide valuable insights into characteristics andrelationships that may exist in the data, but are unknown tothe user. This paper describes a methodology and system forperforming knowledge discovery across multiple databases.These enhancements have been integrated into the prototypeknowledge discovery system called INLEN. Theenhancements include the incorporation of primary andforeign keys as well as the development and processing ofknowledge segments.IntroductionDuring the past several decades, considerable effort hasbeen placed on building computerized databases and onwriting applications which exploit that data. An automatedsystem that assists the user in the discovery of knowledgefrom a database is referred to as a knowledge discoverysystem (KDS). A KDS can include research prototypessuch as INLEN (Michalski et al, 1992), AURORA (INIS,1988), Recon (Simoudis, Livezey, & Kerber, 1994), orrecent commercial offerings such as ReMindTM, IXLTM, orDatabase Mining WorkstationTM.Without a KDS, discovering knowledge from large orcomplex databases often proves difficult or, in most cases,impossible for the user, due to the amount of data that mustbe analyzed. Many potential discoveries go unnoticed forlack of appropriate knowledge discovery tools. Forexample, the term "pre-discovery" was introduced byscientists who had data on a supernova that wentundetected by their group, but was later discovered byanother group (Jones, 1991). Thus, the ultimate goal ofknowledge discovery systems is to minimize pre-discovery

TM ReMind is a trademark of Cognitive Systems, Inc.TM IXL is a trademark of IntelligenceWare, Inc.TM Database Mining Workstation is a trademark of HNC, Inc.by providing the tools to mine ever-increasing andexpanding databases in the ongoing quest for knowledge.Recently, attempts have been made to automate theknowledge discovery process by applying techniques fromArtificial Intelligence (AI) to databases, forming theinterdisciplinary field referred to as Knowledge Discoveryin Databases (KDD) (e.g., Piatetsky-Shapiro & Frawley,1991). A number of algorithms developed within theMachine Learning field of AI to detect patterns in data havebeen employed in knowledge discovery systems. We willrefer to these algorithms as knowledge discoveryalgorithms. Two of the better known algorithms are AQ(Michalski, 1983; Michalski et al, 1986) and ID3 (Quinlan,1986). AQ presents its knowledge in the form of IF-THENrules while ID3 uses decision trees as a knowledgerepresentation structure.One prototype knowledge discovery system, developedat George Mason University, is INLEN (Michalski et al,1992). INLEN, whose name is derived from inference andlearning, contains the AQ algorithm as one of itsknowledge discovery algorithms. It can provide valuableinsights into characteristics and relationships that may existin the data, but are unknown to the user.To date, INLEN has been used only for discovery insmall single databases. Typically, the user hand-crafts adatabase for discovery from an existing database ormultiple databases by selecting a subset of the data fordiscovery and defining preference criteria for knowledgediscovery to be performed on this dataset. We areextending this approach to knowledge discovery in multipledatabases by applying INLEN�s methodology to individualrelations or databases, and then further processing thisdiscovered knowledge. Our approach increases theeffectiveness of the overall knowledge discovery processfor the following reasons:1.Knowledge discovery on existing operational databasesavoids the set-up time required to hand-craft a databasefrom multiple databases. This approach is timeconsuming, especially in large database environmentswhich contain many attributes, records, and tables.Additionally, the various owners of the data may not bewilling to release their data in full for suchrecombination.2.We avoid the computational cost of performingknowledge discovery on a universal relation which willhave many more attributes and records than required bythe proposed approach. Many of the attributes in alarger set will be irrelevant to the current knowledgediscovery task, and as such will make the extraction ofuseful knowledge more difficult.3.Increasingly, very large databases will be �published�on the Internet through the World Wide Web or bycomparable means. These will provide more data thanthe KDS systems will be capable of processing.Therefore, new techniques are needed that allow the

KDS to query, retrieve, process, and learn from subsetsof the entire database. The techniques presented in thispaper are a step in this direction.The next section provides some backgroundinformation on the INLEN system and its principalknowledge discovery algorithm AQ. An example problemdomain is discussed followed by our methodology forknowledge discovery from multiple databases. A detailedexample is provided and this is followed by a conclusionssection.BackgroundINLEN is a knowledge discovery system whose principalknowledge discovery algorithm, AQ, uses inductiveinference to learn decision rules from examples. AQ alsosupports rules being integrated into other knowledge forms.In this section we provide an overview of the overallINLEN architecture and briefly review the output of theAQ algorithm.INLEN ArchitectureFigure 1 illustrates the high-level architecture of theINLEN system and is a more refined design than theoriginal INLEN design presented in (Kaufman, Michalski,& Kerschberg, 1991).Data is stored in the relational database (DB) and canbe manipulated by any of the data management operators(DMOs). The knowledge base (KB) is used for storingknowledge segments and can be manipulated by theknowledge management operators (KMOs). Knowledgesegments include rulesets, constraints, and schemainformation. The knowledge generation operators (KGOs)interact with both the knowledge and data bases. Theyinvoke various machine learning programs to discover newknowledge. One such operator, GENRULE, can apply theAQ algorithm in order to produce knowledge in the form ofpredicate calculus-like expressions which are then stored inthe knowledge base. The discovered knowledge is alsodisplayed to the user in the form of IF-THEN rules. Thediscovered rules may cause the user to end the knowledgediscovery process and take some action or to begin a newknowledge discovery session, possibly modifying theoriginal data in the database by using DMOs or KGOs.Within the INLEN architecture of Figure 1, the workdescribed in this paper falls within the ANALYZEknowledge generation operator. Specifically, it implementsthe RELKS (Relate Knowledge Segments) operator withinthe ANALYZE KGO group (Michalski et al, 1992).AQAQ is an inductive learning program with capabilities forincremental learning and constructive induction.Incremental learning allows AQ to add new learningexamples and modify or generate new rules based upon theexisting knowledge and these new examples. Constructiveinduction allows AQ to generate new variables (alsoreferred to as attributes) not present in the input data and touse these new variables to produce better rules.AQ learns decision rules by performing inductiveinference over a set of training examples. Trainingexamples are given to AQ in the form of events that belongto different decision classes. A decision class is a conceptbased upon the value of a decision variable. Eventsbelonging to a given decision class are termed positiveexamples of that class while those that do not belong aretermed negative examples. For example, in earlier work(Michalski et al, 1992) we analyzed a database of scientificpublications written by scientists in the Commonwealth ofIndependent States (CIS). This database was referred to asthe CIS Authors database, or CISA. In the CISA databasewe had a decision variable called INSTITUTE, whichrepresented the research institute affiliation of thepublishing author. Thus, one decision class would beauthors whose research institute was LITMO (LeningradInstitute of Materials and Optics). The positive examplesof this class would be all tuples with values of "LITMO"for decision variable INSTITUTE, with all other eventswith a known institute being negative examples. Otherattributes from the CISA database that will be referred to inthis example include PUBYR, which is simply thepublication year of the paper.All of these concepts are expressed in the variable-valued logic language called VL1 (Michalski, 1975). InVL1, a selector is an expression of the form:<term> <rel> <reference>where <term> is a variable, an arithmetic expression ofconstants and variables, or a conjunction of terms; <rel> isone of the relational symbols <, <=, =, <>, >=, >; and<reference> is a constant value, a disjunction of values, ora range of values.For example, the selector:[INSTITUTE = LITMO, IREE],

DBKB SELECTPROJECT

JOIN

UNION

CREATE

INSERT

CHANGE

DELETE

INTERSECT

SELECT

PROJECT

DATA MANAGEMENT OPERATORS KNOWLEDGEMANAGEMENT OPERATORS

GENTREE

GENHIER

GENEQ

GENRULE

TRANSKS

ANALYZE

GENATR

TEST

GENEVE

KNOWLEDGE GENERATION OPERATORS

KNOWLEDGE GENERATION OPERATORSFigure 1: High-level architecture of INLEN

identifies all publications from authors with researchinstitute affiliation of LITMO or IREE.A complex is simply a conjunction of selectors, while acover is a disjunction of complexes. A cover of a class is aset of rules that is satisfied by all positive examples of theclass and by no negative ones.Again, in the CISA database, the complex:[INSTITUTE = LITMO, IREE] & [PUBYR = 1985],specifies all publications from authors with researchinstitute affiliation of LITMO or IREE and published in theyear 1985.Problem DomainThe motivation for this research lies in the authors’ desireto apply knowledge discovered in one database to enhancethe process of knowledge discovery in other databases.Our earlier work involved single databases and proceededby first grouping all attributes into a universal relation andthen beginning the knowledge discovery process.However, there are many problem domains that involvemultiple databases with many more attributes and recordsthan the databases used in our earlier experimental work.Such a domain is discussed below.CIA World FactbookThis work uses three databases of facts created from the1993 Central Intelligence Agency (CIA) World Factbook(CIA, 1993). We included in our domain the 182 countriesbelonging to the United Nations (U.N.) plus the eight otherindependent countries not belonging to the U.N. (Andorra,Holy See, Kiribati, Nauru, Serbia and Montenegro,Switzerland, Tonga, and Tuvalu). The three databases weused for this research were PEOPLE, GEOGRAPHY, andECONOMY, all linked by the common attribute ofCountryName.The PEOPLE database describes demographiccharacteristics in the 190 countries and contains thefollowing attributes:1.Population growth rate (PopGrRate) : Annualpopulation growth rate as a percentage.2.Birth rate (BirthRate) : Number of births per 1000population.3.Death rate (DeathRate) : Number of deaths per 1000population.4.Net migration rate (NetMigRate) : Number ofimmigrants minus emigrants per 1000 population.5.Infant mortality rate (InfMortRate) : Number of infantdeaths per 1000 population.6.Life expectancy (LifeExp) : Average life expectancy atbirth in years.7.Total fertility rate (FertRate) : Number of children bornper woman.8.Literacy rate (Literacy) : Percentage of total populationwho are literate.9.Religion (Religion) : Country’s predominant religion(50% or greater), otherwise encoded as mixed.The GEOGRAPHY database describes various geographicfeatures of the 190 countries and contains the followingattributes:1.Climate (Climate) : The climate of the country (e.g.,arid, temperate).2.Arable land (ArableLand) : Percentage of the country�sland mass that is arable.3.Meadows and pastures (MdwsPstrs) : Percentage of thecountry�s land mass that consists of meadows orpastures.4.Forests and woodlands (FrstWdlnds) : Percentage of thecountry�s land mass that consists of forests andwoodlands.The ECONOMY database contains information describingthe economies of the 190 countries and consists of thefollowing attributes:1.National product real growth rate (NPGrowthRate) :The country’s national product real growth rate as apercentage.2.National product per capita (NPPerCapita) : Thecountry’s national product per capita expressed as adollar amount.3.Inflation rate (InfRate) : Inflation rate for consumerprices as an annual percentage.4.Unemployment rate (UnEmpRate) : Unemployment ratefor the country expressed as a percentage.MethodologyIn order to extend INLEN for knowledge discovery acrossmultiple databases we addressed the following three areas:1.Include information on primary and foreign keys. Aprimary key field is designated by the database designerand uniquely identifies each record in the relation. Aforeign key field occurs in another relation and has adomain equivalent to that of the primary key field,allowing it to refer back to the primary key fieldrelation.2.Integrate all discovered knowledge for each databaseinto knowledge segments.3.Apply the information from the first two areas in orderto enable the discovery of knowledge from multipledatabases. It should be noted that while we present thistechnique as a method for making discoveries acrossmultiple databases, it can also be applied to discoveriesacross different relations within a single database.

Figure 2 shows the architecture of the core of this method(INLEN and other knowledge discovery methods can alsobe applied at intermediate stages other than the one shown)The enhancements in each of the three areas are addressedin further detail in the next three sections.Primary and Foreign KeysData sets in earlier experiments with INLEN did notinclude attributes that were primary keys. This was due tothe nature of the programs that make up INLEN�sknowledge generation operators. For example, the AQalgorithm discovers rules to discriminate between classesof examples based on the features provided as input.Hence if a key field is included, AQ will be apt to find therule: Class is <class-name> if <key-attribute> is <set-of-key-values-in-that-class>. This rule performs extremelywell according to the program�s biases towardcompleteness, consistency and simplicity, but it is alsocompletely useless from a knowledge discovery viewpoint,for it tells us nothing we did not already know. A featureof INLEN allows a user to set parameters so that the keyfield will almost never appear in rules, but it is easier andmore natural simply to omit keys from the input dataAdvanced AI learning programs are tuned to classifycollections of related data by lumping the informationtogether, this being the most convenient form for thediscovery system. The key fields of a relation are thereforenot included in the set of learning attributes. However,from the database management point of view, key fieldsuniquely identify tuples in a relation, so that one maycorrelate information across multiple databases by joiningrelations on the key attributes. Database systems will oftendistribute the information into a form that is convenient foruser access and understanding. These two properties of AIlearning algorithms and database join algorithms, whentaken together, form the basis for this novel approach.In order to perform knowledge discovery acrossmultiple databases, primary and foreign keys must beincluded, since they serve as the links across the databases.INLEN�s knowledge segments (see next section) includereferences to the particular records in the INLEN databaseon which they were based. The INLEN database (moreprecisely, the view of the data that INLEN uses) has beenenhanced to include references to the key fields in the hostdatabase. By traversing these links, one can access theoriginal records from which a piece of knowledge wasgenerated and integrate them with the knowledge learnedfrom other databases for further discovery. A detailedexample is given in the next section.Knowledge SegmentsThe discovered knowledge generated by INLEN from aparticular database is stored in knowledge segments.Knowledge segments include information such as databasename, decision variable, decision value, rule head, rulebody, and number of covered examples. A knowledgesegment can represent a complex, and link the complex toprimary keys in the database. The knowledge segmentsgenerated for one database are grouped together into aknowledge base. The CLIPS expert system developmenttool (Giarratano, 1993) is used to store and manipulatethese knowledge segments.Figure 3 shows four components of a knowledgesegment, Database, Class, Complex, and Selector. Theitems to the left contain more general information, whilethe items to the right are more specific. For example, eachDatabase usually contains information on many Classesand each Class usually contains information on manyComplexes. Similarly, many Selectors usually make up aComplex.Knowledge segments are typically processed based ondecision variables and the various decision values. Forexample, the decision variable Religion within thePEOPLE database can be accessed by any of its values(e.g., Protestant, mixed). At this level we can also accessdiscovered knowledge, knowledge acquisition method, rulestrength (based on Class, Complex and Selector coverages),and other background information important to furtherknowledge processing.Discovery from Multiple DatabasesOur approach is to combine the information about foreignand primary keys from the database schemas with theknowledge segments for discovery from multipledatabases. This method enables knowledge discovery frommultiple databases without the need to construct newdatabases (e.g., universal relations) and then performknowledge discovery within them.In order to perform knowledge discovery on multipledatabases, our method must first have a database that

DB1DB2

Primary KeyForeign Key

KB1INLEN

KnowledgeAssociation

Knowledge FromMultipleDatabases

Figure 2: The architecture of this method DatabaseClassComplexSelector DB Name # Records Learning Mode Decision Attribute Decision Value # Examples Covered # Examples Covered Key Fields Covered Selector Attribute, Relation, and Values # Pos & Neg Examples Covered

Figure 3: Knowledge segment components

contains an attribute which is a foreign key that maps to aprimary key attribute in another database. The foreign keyvalues extracted from this database form a target class forassociation with the primary key database. At this point wecan proceed by examining all knowledge segments in theknowledge base of the databases(s) containing the primarykey, and selecting those knowledge segments which satisfya multiple database association criterion for the foreign keyvalues. New knowledge segments can be formed from thisinformation and stored in the knowledge base for thedatabase containing the foreign key.We define as a new measure a multiple databaseassociation criterion, the knowledge association coefficient(KAC), for selecting knowledge segments as:KAC = coverage x specificitywhere:coverage is defined as the percentage of thekeys in the target class that are covered bythe complex, andspecificity is defined as the percentage ofkeys covered by the complex that belong tothe target class.Example of KDD in Multiple DatabasesTo demonstrate the method we will use representativeknowledge generated from the GEOGRAPHY database andillustrative data from a hypothetical oil spills database. Thefollowing complex is representative of the knowledgeINLEN discovered from GEOGRAPHY:Climate is cold if:(3 examples)A.1.ArableLand<10%(Percentages of arable land2.MdwsPstrs<10% and meadows and pastures3.FrstWdlnds>60%are both under 10%, while the country is at least 60%forested)KEYS: Canada Russia FinlandThe OILSPILLS database contains the fields: Id,CountryName, Year, and Tonnage. Projecting onCountryName we find only three countries: Canada,Russia, and Finland.A traditional way to learn about relationships betweenoil spills and geography would be through a constructiveinduction approach, in which one would add a new attributeto the GEOGRAPHY database, a Boolean variable calledHasOilSpills representing whether there were any oil spillsin a country, and then repeat the learning from the modifieddatabase. In this example, relationships involving spillpotential would be found, but this would be relativelycomputationally costly, and might necessitate thereplacement of the entire GEOGRAPHY knowledge basein order to incorporate the effects of the new attribute.Our approach is to examine all knowledge segments inthe GEOGRAPHY knowledge base, in search of primarykey coverage similar to that found in the OILSPILLSdatabase. In the example shown, we find that the complexfor cold climate perfectly covers all three of the countriesinvolved in oil spills, and covers no others, therebyobtaining a KAC score of 1 (coverage = 3/3 and specificity= 3/3). Linking the countries with oil spills to this complexis a deductive generalization, suggesting that either theoutcome (Climate is cold) or the three conditions thatpredicate this outcome may serve to better explain acountry�s propensity for oil spills.Now assume that the Climate complex above covered 4countries — Norway as well as Canada, Russia and Finlandfor a KAC of 0.75 (coverage = 3/3 while specificity = 3/4).If this complex still satisfactorily covers the oil spillcountries according to our KAC threshold, then we canexpress our knowledge with an exception:HasOilSpills is true ifA.1.ArableLand<10%2.MdwsPstrs<10%3.FrstWdlnds>60%4.CountryName„Norway.Several inferences can be made in an attempt to explainNorway�s absence from the list of countries in theOILSPILLS database: 1) Norway could actually have hadspills, but managed to suppress public information aboutthese occurrences; 2) This finding could represent aprediction that Norway might suffer an oil spill in the nearfuture; 3) There could be a further reason why Norway hasavoided oil spills, one that could perhaps be uncovered byfurther data exploration and could possibly be applied bythe three countries with similar climactic conditions inorder to reduce their likelihood of having oil spills; 4) Itmight be the case that there is really no causal relationshipbetween cold climate and oil spills — the location of thespills could have been due to some other factor (such asdrilling location) or purely coincidental. It should beemphasized that discovered knowledge may suggest acausal relationship that does not exist. In any case, an oilindustry data analyst would determine the likely conclusionand optimal course of action.This example demonstrates a situation in which thismethod can be especially useful, in which the database withthe primary key is a repository for general backgroundknowledge applicable to many domains, while the databasecontaining the foreign keys holds information on a specificrelevant field. The process of comparing the foreign keysto the knowledge learned from the general database selectsthe factors in the general data that are likely to be relevantto the information in the specific domain.Conclusions and Future WorkWhen the primary key in one database appears as a field inanother database, it is possible to discover knowledgelinking the two databases without having to actuallycombine their data. Our method uses the values of the firstdatabase�s key field present in the second database asselection criteria in a knowledge base discovered from thefirst database alone. Using this method, deductive generalization and abductive reasoning are applied insteadof constructive induction.The methodology presented has been incorporated intoa large-scale knowledge discovery system as one of a suiteof many knowledge generation operators. As wasdescribed above, the World Factbook databases providegeneral information that can be combined with the domain-specific information from various databases that useCountryName as a foreign key. We are in the process ofaccessing such databases to validate the methodology. Wealso intend to refine our usage of the knowledge associationcoefficient.The example presented here involved a case in whichall of the records in the foreign key relational table wereused to define a class (in this case countries with oil spills).An extension of this method would allow a subset of therecords in that table, determined by a query or description,to define that class, while the remainder of the records areused as negative examples, a technique that was explored in(Yoon & Kerschberg, 1993). For instance, to learn about�high-tonnage� oil spills, we would look for rules thatcovered countries that not only closely matched thecountries with high-tonnage spills, but also had a low KACwith respect to the low-tonnage oil spill countries.A second area for future research involves the logicalcombination of knowledge segments into larger pieces ofknowledge that may better correlate with the seconddatabase than its individual component parts. To thwart thepotential combinatorial explosion, heuristics must bedeveloped to select the operators and knowledge segmentsthat show the most promise of fruitful combination.Finally, we plan to investigate loosening the primarykey/foreign key requirement and to develop techniqueswhich can be applied to databases with domain equivalentattributes. An ultimate goal is to be able to navigatenetworks of interrelated databases in order to discoverpatterns only visible using knowledge from each of thecomponents. For instance, prescription fraud in themedical domain may only become apparent when data setspertaining to doctors, patients, clinics and pharmacies areviewed together. The discovery of low-level knowledge ineach of these databases and some relationships among themmay make early detection significantly easier.AcknowledgmentsThe authors thank Eric Bloedorn and Stan Wozniak fortheir comments and criticism of the earlier drafts of thispaper.This research was conducted in the Center for MachineLearning and Inference (MLIC) and the Center forInformation Systems Integration and Evolution (CISIE) atGeorge Mason University. MLIC research is supported inpart by the National Science Foundation under Grants No.CDA-9309725, IRI-9020266, and DMI-9496192, in part bythe Advanced Research Projects Agency under Grant No.N00014-91-J-1854, administered by the Office of NavalResearch, and the Grant No. F49620-92-J-0549,administered by the Air Force Office of ScientificResearch, and in part by the Office of Naval Researchunder Grant No. N00014-91-J-1351. CISIE research issupported in part by the Advanced Research ProjectsAgency under Grant No. N00014-92-J-4038, administeredby the Office of Naval Research.ReferencesCentral Intelligence Agency. 1993.1993 World Factbook.Giarratano, J. C. 1993.CLIPS Users Guide, Artificial IntelligenceSection, Johnson Space Center.International Intelligent Systems, Inc. 1988.User’s Guide toAURORA 2.0: A Discovery System, Fairfax, Virginia.Jones, A. K. 1991. The scientific data decade, IEEE Computer,24,(9):102-103, September 1991.Kaufman, K.; Michalski, R. S.; Kerschberg, L. 1991. Mining ForKnowledge in Data: Goals and General Description of the INLENSystem, in Piatetsky-Shapiro, G. and Frawley, W. J. (Eds.),Knowledge Discovery in Databases, 449-462, AAAI Press.Michalski, R.S. 1975. Variable-Valued Logic and its Applicationto Pattern Recognition and Machine Learning, Computer Scienceand Multiple-Valued Logic Theory and Application, D. C. Rine(Ed.), North-Holland Publishing Company, 506-534.Michalski, R.S. 1983. A theory and methodology of inductivelearning, in Machine Learning: An Artificial IntelligenceApproach, Michalski, R. S.; Mitchell, T. M.; Carbonell, J. G.(Eds.), Morgan Kaufmann, San Mateo, CA, 83-129.Michalski, R. S.; Mozetic, I.; Hong, J.; and Lavrac, N. 1986. TheMulti-Purpose Incremental Learning System AQ15 and its TestingApplication to Three Medical Domains, Proceedings of AAAI-86,1041-1045.Michalski, R. S.; Kerschberg, L.; Kaufman, K. A.; Ribeiro, J. S.1992. Mining for Knowledge in Databases: The INLENArchitecture, Initial Implementation and First Results, Journal ofIntelligent Information Systems: Integrating AI and DatabaseTechnologies, 1(1): 85-113, August.Quinlan, J. R. 1986. Induction of Decision Trees, MachineLearning, 1(1):81-106.Piatetsky-Shapiro, G.; and Frawley, W. J. (Eds.). 1991.Knowledge Discovery in Databases, AAAI Press, Menlo Park,CA.Simoudis, E.; Livezey, B.; and Kerber, R. 1994. IntegratingInductive and Deductive Reasoning for Database Mining,Proceedings of KDD-94, Seattle, Washington, 37-48.Yoon, J.P. and Kerschberg, L. 1993. A Framework for KnowledgeDiscovery and Evolution in Databases, IEEE Transactions onKnowledge and Data Engineering, 5(6).