AbstractThis paper presents amethod for constructiveinduction, in which new attributes areconstructedas various functions of original attributes. Such amethod is called data-driven constructiveinduction, because new attributes are derived froman analysis of the data (examples) rather than thegenerated rules. Attribute construction and rulegeneration is repeated until aterminationcondition, such as the satisfaction of arule qualitymeasure, is met. The first step of this method, thegeneration of new attributes has been implementedin AQ17-PRE. Initial experiments with AQ17-PRE have shown that it leads to an improvementof the learned rules both in terms of theirsimplicity as well as accuracy on testing examples.1 IntroductionMost inductive learning programs perform a"selective" induction, that is, they generatedescriptions (rules, decision trees, etc.) thatinvolve only attributes initially provided in theexamples. Thus, if the attributes used in theexamples are of poor "quality", the learneddescriptions may also be poor. It is possible,however, that although the original attributes maybe of poor quality, there exist certain combinationsor functions of these attributes that are highlyrelevant to the problem. This paper is concernedwith the problem of discovering such relevantcombinations of the original attributes. Amethodof data-driven constructive induction (DCI) ispresented here, for the construction of newattributes through the application of variousmathematical and logical operators to the initialattributes. The method uses ideas of "probabilisticadaptation" in determining the best constructedattributes, and has been partially implemented inAQ17-PRE.There are a number of other programs whichperform constructive induction. In INDUCE 3 [6]attribute construction is guided by backgroundknowledge in the form of lrules and arules. Arulesgenerate new descriptors as arithmetic expressionsof the initially provided descriptors. Lrules definenew descriptors as logical combinations of otherdescriptors. Our method is different as it isassumed that such rules are not available, and thatthe program must generate and test variousfunctions of the original attributes.Another form of constructive inductioninvolves the derivation of new attributes fromrules rather than data. Such a method is calledhypothesis-driven constructive induction [13].Constructive Induction is also being investigatedwith decision trees. Two such methods areFRINGE and GREEDY [10]. The FRINGEmethod searches for useful conjunctions byproducing decision trees, assigning weights tothose attributes that lead to the target concept, andthen reformulating the training examples in termsof the highest ranking attributes. GREEDY is aseparate-and-conquer method that recursivelyselects the best short term conjunct that covers asizable portion of the examples.NEWGEM [9], the rule generation programused by DCI, learns decision rules by performinginductive inference on examples. Trainingexamples are vectors of attribute values. Theseattributes may be provided explicitly by the user,or they may be constructed by the program itselfas directed by the user. These constructedattributes are combinations of given attributes andDATA-DRIVEN CONSTRUCTIVE INDUCTION IN AQ17-PRE:A Method and Experiments Eric BloedornRyszard S. MichalskiCenter for Artificial IntelligenceCenter for Artificial IntelligenceGeorge Mason UniversityGeorge Mason UniversityFairfax, VA 22030Fairfax, VA 22030 involve relations selected by the user. Availableoperations currently include addition, subtraction,multiplication, and the equality, greater-than, orless-than relations. The addition of a newlyconstructed attribute to the available attribute set(AS) is determined by the attribute qualityfunction (AQF). Training examples are expressedas conjunctions of attribute values, and initial orinduced decision rules are logical expressions indisjunctive normal form. The program performs aheuristic search through the space of logicalexpressions, until it finds a decision rule that issatisfied by all positive examples and no negativeexamples. This search is guided by a rulepreference criterion. The program is based on theAQalgorithm for solving the general coveringproblem [4]. After generation of rules, attributecontributions to these rules is determined. Thosecontributing most are rewarded and areprobabilistically more likely to be selected as theprocess of generate-and-test is repeated. Amoredetailed description of the method is given insection 3.Adrawback of programs that cannot constructnew attributes is an inability to take advantage ofsome fairly simple relationships. For example,suppose there exist two sets of boxes, each boxdescribed by three attributes: height, length, andwidth. Sample data shown.class1class2height length widthheight length width212212426424122382862443483The rule which describes the characteristic ofeach class of box when found by a non-attribute-constructing program, such as AQ15, is fairlycomplexclass1 :: [height= 2,3] v [height=4,6][length=4]class2 :: [height=4,8] [length=6,8,12] v[height= 12]This complexity is due to the limits of therepresentation language. By generating newattributes the representation language is enrichedand constructed rules are simpler and moreaccurate. Various combinations of attributes usinga variety of operations are calculated. Usefulcombinations, which in this case involvemultiplication, are kept. In the box example thearea of the front face of the box, height*lengthwas calculated and found to be useful. This areawas then retained and combined with the widthattribute to discover another useful attribute whichwe call volume. The rules produced using thisconstructed attribute are shown below.class1 <:: [height * length * width = 48]class2 <:: [height * length * width = 96]2 A brief review of the AQ algorithmBecause the AQalgorithm is used in theinductive module of this method, forcompleteness, we provide a brief description of it.The AQ algorithm generates the minimum or nearminimum number of general decision rulescharacterizing a set of instances, as originallydescribed in [4,8]. 1. Asingle positive example, called a seed, isselected and a set of most general conjunctivedescriptions of this example is computed (such aset is called a star for the seed). Each of thesedescriptions must exclude all negative examples.2. Using a description preference criterion asingle description is selected from the star, calledthe ’best’ description. If this description covers allpositive examples, then the algorithm stops.3. Otherwise a new seed is selected among theunexplained (uncovered) examples, and steps 1and 2 are repeated until all examples are covered.The disjunction of the descriptions selected ineach step constitutes a complete, consistent andgeneral description of all examples. Thepreference criterion used in selecting a descriptionfrom a star is expressed as a list of elementarycriteria that are applied lexiographically and with acertain tolerance. The criteria may be simplicity ofdescription (measured by the number of variablesused), cost (the sum of the given costs of theindividual variables), or other criteria [7].The description of a class is expressed usingthe variable-valued logic system 1 (VL1), which isa multiple-valued logic propositional calculus withtyped variables [5]. Aclass description is called acover. Acover of a concept is a disjunction ofcomplexes describing all positive examples andnone of the negative examples. Acomplex is aconjunction of selectors, which is the simpleststatement in VL1. A selector relates a variable to avalue or a disjunction of values, for example[temperature = cold], or [x < 5]. The general formof a selector is:

[L # R]where L, called the referee, is an attribute, andR, called the referent is a set of values in thedomain of the attribute in L, # is a relationalsymbol which can be one of the following: = , <,>,>=,<=,<>.3. Description of the DCI MethodThe construction of new derived attributesthrough the mechanism of constructive inductionis done in the following way.1. Identify all linear type attributes.2. Repeat steps 3 through 5 for each possible attribute combination. 3. Repeat steps 4 and 5 for each operator. 4. Calculate the values of this attribute pair for the given operator.5. Evaluate the discriminatory power of this newly constructed attributeusing the Attribute Quality Function (AQF) described below. If the attribute is above some threshold then store it, else discard it.6. Exit.For now, only linear attribute types are usedbecause most of the operators available operateonly on linear types. However, in the future,binary nominal attributes will also be considered,to be operated on by equality and disjunction.Linear type attributes have a finite number ofdiscrete ordered values. Nominal type attributeshave finite number of discrete unordered values.Continuous-valued data is not acceptable to theversion of AQalgorithm being used here, but acontinuous version is being investigated by theauthors as well as others (for example CAQ). [12]The sum of binary attributes, when thoseattributes signal the presence or non-presence of afeature, can be described as "if x of the followingy features exist". Such an attribute could possiblybe quite useful in a medical domain where thesebinary attributes signal the presence of a symptomor disease.After selecting the possible candidates, thealgorithm generates every pairwise combination ofattribute and operation. After each new attribute’svalues are calculated, an evaluation function,AQF, is used to judge its quality before adding itto the AS. The AQF used is shown below:

(#Positive events - W(#negative events))

Number of events in selector classEvent values are considered positive when thecommon value (see below) is found within theoriginal class. Event values are considerednegative when the common value is found inclasses other than the original class. Theweighting value (W) is currently set to 1, but caneasily be changed to reflect the relative importanceof positive versus negative coverage. The numberof events in selector class is the total number ofevents in the original class. Aperfectdiscriminatory attribute, which alone discriminatesone class from all the other classes, will have anAQF value of 1. Possible AQF values range fromnegative (total #of events in other classes-1) toone.The AQF is calculated for each class, for eachattribute. First the most common value for anattribute in a class is found, i.e. mode in statistics(this is #Pos in the formula above). The mode isthe value which most often appears in the eventsfor that class. The mode was chosen because it islikely to produce the highest AQF value for theattribute (because of its high #Pos value). Todemonstrate how the AQF is calculated, let usreturn to the volume example given earlier. Theprevious volume data is now shown supplementedwith a constructed attribute height*length.class1heightlengthwidthheight*length212224642243822444316class2heightlengthwidth height*length1242484122488624848348The mode of constructed attribute height*lengthin class1 is 24 because 24 has a commonality of3, and 16 has a commonality of only 1.If the newly constructed attribute exceeds theuser-defined threshold, the attribute is added to theattribute set (AS). The AS initially consists of onlythe original attributes supplied by the user. Thisprocess of attribute calculation, testing and addition is repeated for all the possiblecombinations. An adjustable program parameter isused to help control the number of attributesconstructed. No new attributes will be constructedafter this threshold is reached. Abetter way tocontrol attribute construction, however, is bysetting high quality thresholds. Figure 1 gives afunctional description of the algorithm.DATAATTRIBUTE GENERATIONATTRIBUTE EVALUATION AND SELECTIONDATA REFORMULATIONRULE GENERATIONRULE CRITIC

Figure 1. A functional diagram of the method.The attributes selected for the subset are chosenprobabilistically based on their importance indescribing the training examples. This importanceis measured by attribute weight (AW). Thoseattributes with a high AW are more likely, but notguaranteed, to be selected for the AS. Initially AWis equal to the AQF values. After rules aregenerated, the AW are adjusted based on thepresence of the attribute in the descriptions. Thoseattributes present in rule descriptions are weightedpositively, while those not present are unchanged.AW weights are also kept for attributes not in theAS. Unselected attributes are increased by anamount equal to the average increase of theattributes present in the AS. This is done toprevent unselected attributes from being punishedand never being selected to the AS. At the sametime this general increase does punish thoseattributes which were in the AS, but were foundnot to be useful. The pre-generation of newattributes, followed by AQF testing, selection tothe AS and AW adjustment is repeated until thedecision rules produced satisfy a rule critic.Because the newly generated attributes arecombinations of original attributes they are morecomplicated than the original attributes. The costof these attributes should reflect this addedcomplexity. To do this each operation and relationhas been assigned a cost. These costs weredetermined from an overall ranking by the authorsof selector complexity. The actual values are notmeaningful, but are only meant to reflect relativecomplexity. These values can be changed by theuser if desired. The current default values forthese costs is shown in Table 1.operation costequal (=)1addition (+)5subtraction (-)5greater than or equal (>=)7less than or equal (<=)7multiplication (*)9Table 1. Operator costsAnother factor that should be considered whencalculating cost is the number of values a functiontakes as its result. For example, the selector [x1 =5] is less expensive than a selector of the form [x7= 101 v 123] because the former has only onevalue in the referent. This relation is cognitivelymore difficult to understand and is assigned ahigher cost. The number of values in the referentis indirectly controlled by the depth parameter.The depth parameter controls whether a singlevalue, or multiple values will be used whencalculating quality. Increasing the depth parameterallows more general concepts to be introduced.The AQalgorithm is capable of generalizingdiscrete points to ranges. The depth parametersimply allows more general concepts to beintroduced. The maximum value of depth iscurrently set to 2. This maximum is due to theempirical finding that increasing the depth quicklydecreases quality and speed. The total cost of thenew attribute is a product of the sum of theindividual attributes� costs, the cost of the relationand the depth. 4 Experimental ResultsThe presented method of attribute constructionis illustrated by experiments. In these experimentsonly one iteration of attribute generation and AQFevaluation was completed. These experimentsinvolve image data used by Bala and Pachowicz[1] in their work. All texture images were takefrom the Brodatz album of images [2]. Inputgrey-level images were processed by the well-known texture feature extraction technique of

Laws’ masks [3] for texture feature extraction. Avector of eight features was extracted for a singlepixel, and for each method of feature extraction.In the first experiment the learning set containedfive classes of texture images, each with 50 eventsand described by eight original attributes. Fromthese eight original an additional 46 attributes wereconstructed from the �>=� and the �=� binaryoperators.In the second and third experiments the learningset contained twelve classes of 100 events, andwas described by eight original attributes. Fromthese eight original, an additional 37 attributeswere constructed in the second experiment, and anadditional 43 were constructed in the thirdexperiment. In both experiments the attributesfinally retained consisted of functions of the �>= �and �=� binary operators. The same testing set wasused for all three experiments, which consisted of12 preclassified texture images classes, each with200 examples. To test the rules which includedconstructed attributes the original eight attributesof the testing set had to be expanded to includethe newly constructed attributes. This expansiondepended on the attributes discovered in thelearning data. These same attributes were thencalculated for the testing set.The results of these experiments are shown inTable 2. Three sets of learning data werepresented to NEWGEM, a learning program in theAQfamily that does not have the ability ofconstructive induction [9], and then to AQ17-

Overall %first rankcorrectrecog.AQ : aq17-PreNG: Newgem848176747572#1#2#3Exp. AQNGAQNGAQNG

Overall %correctrecog.98999910097100Table 2. Comparison of rules produced byNEWGEM (a) and AQ17-Pre (b).PRE, a program that partially implements themethod presented in this paper. The overall firstrank correct classification for AQ17-PRE for thethree experiments was 78%, compared to 75% forNEWGEM. The average overall recognition was100% for AQ17-PRE and 98% for NEWGEM.The values shown in Table 2 were calculated bya testing tool called ATEST [11]. In ATEST ruleperformance is measured by the degree ofagreement between a class description rule and atesting example from an assigned class. ATESTviews rules as expressions when comparing themto a vector of attributes (e.g., a testing example).The result of this evaluation is a real numberwhich is the degree of consonance between theconditional part of the rule and the event. Theoverall percent first rank value is the percentage ofevents which matched the correct description rulegreater than any other rule. The overall percentvalue is the percentage of events whoseconsonance value was within a threshold margin t,of the highest matching rule.While the performance of the rules was higherfor AQ17-PRE, than for NEWGEM, the rulesproduced by AQ17-PRE were also shorter. Thetotal number of complexes needed to describe allthe texture classes for the texture description wasfewer for AQ17-PRE. For the first experiment theaverage reduction, for each class, was 1, while theaverage per class reduction for the second andthird experiments was 2 complexes for each class.In addition to having fewer complexes, anotheradvantage of the rules produced by AQ17-PRE isthe high quality of the first complex in covering12345

020406080100

Class

% Overall Correct RecognitionGraph 1. Recognition results from experiment 1the example space. As mentioned earlier, the rulesproduced by AQ17-PRE and NEWGEM are in the form of complexes. Both programs associate withevery complex a t-weight representing the totalnumber of covered events. An event is consideredcovered when the complex is satisfied by anevent.The t-weight may then be interpreted as therepresentativeness of a complex as a conceptdescription. The highest t-weight complexes in thecovers produced by AQ17-PRE were greater thanthe highest t-weight complexes in the rulesproduced by NEWGEM. The average increase inthe t-weight from the rules produced byNEWGEM to those produced by AQ17-PRE, was4.0, for the first experiment 5.25 for the second,and 7.25 for the third experiment. The rulesproduced by AQ17-PRE, therefore, contain fewerdisjuncts and contain complexes that are morerepresentative of the concept being described, thanthose produced by NEWGEM.Graphs 1 through 3 show the recognitiontesting results of the three experiments by class.The results for rules produced by AQ17-PRE areshown by a darkly shaded bar, and the results for rules produced by NEWGEM are shown by alightly shaded bar. There were 200 testing eventsper class. The height of a bar represents thepercent of testing events correctly classified.5 ConclusionThe proposed method of pre-generativeconstructive induction partially implemented inAQ17-PRE, performed well on the problems inthe experiments. The rules produced by the1234567891 0 1 1 1 2

020406080100

Class

% Overall Correct RecognitionGraph 2. Recognition results from experiment 2.method, were superior to the rules produced byusing only the original attributes. The method ofpre-generative construction of attributes describedin this paper has shown itself to be a usefulprocess. In the domain of texture recognition therules produced after a pre-generation process andthat contained new attributes were found to besuperior to the rules described by only the originalattributes in terms of recognition on testing,complexity of rule, and quality of individualcovers.The ideas proposed here can be improved inmany ways. This approach only constructs newattributes which are pairs of original attributes.Furthermore the method is exhaustive, trying allpossible combinations every time the program isrun. Amore sophisticated approach which firstdetects the need for construction and also basesattribute performance on a training set weightedaccording to difficulty is being investigated. Theseevent weights reward new attributes which cover’hard’ concepts and attempt to prevent theconstruction of new attributes which cover eventswhich are already well described.Another problem for future work is to use domainknowledge to guide the process of applyingoperators in generating new attributes. Thisbackground knowledge could be in the form of amathematical function of the original attributes.Such a feature would allow the program togenerate very advanced and complex1234567891 01 11 2

0204060

% Overall Correct Recognition

Graph 3. Recognition results from experiment 3.features much more efficiently. This willsupplement the present generate and test procedurethe program currently uses. It is also planned toapply the method to domains other than textures,to test its generality.AcknowledgementsThe authors wish to thank Michael Hieb, KenKaufman and Janusz Wnek for their ideas andcritical review of this paper.This research was conducted in the Center forArtificial Intelligence at George Mason University.Research of the Center for Artificial Intelligence issupported in part by the Defense AdvancedResearch Projects Agency under grant,administered by the Office of Naval Research,No. N00014-87-K-0874, in part by the Office ofNaval Research under grant No. N00014-88-K-0226, in part by the Office of Naval Researchunder grant No. N00014-88-K-0397.References[1] J.W. Bala and P.W. Pachowicz, "RecognizingNoisy Patterns of Texture via IterativeOptimization and Matching of their RuleDescription", MLI Report 90-12, Center forArtificial Intelligence, George Mason University,Fairfax, Va. 1990.[2] Brodatz P., Textures: APhotographic Albumfor Artists and Designers, New York, 1966.[3] K.I. Laws, "Textured Image Segmentation",PhD Thesis, Dept. of Electrical Engineering,University of Southern California, Los Angeles,1980.[4] R.S. Michalski, �On the Quasi-MinimalSolution of the Covering Problem� Proceedings ofthe VInternational Symposium on InformationProcessing (FCIP 69), Vol. A3 (SwitchingCircuits), Bled, Yugoslavia, pp. 125-128, 1969.[5] R.S. Michalski, �Variable-Valued Logic:System VL1, Proceedings of the 1974International Symposium on Multiple-ValuedLogic, pp. 323-346. West Virginia University,Morgantown, 1974.[6] W.A. Hoff, R.S. Michalski, and R. E. Stepp,�INDUCE 3: AProgram for Learning StructuralDescriptions from Examples,� ISG 86-9, Dept. ofComputer Science, University of Illinois, Urbana,1986.[7] R.S. Michalski and J.B. Larson, �Selectionof Most Representative Training Examples andIncremental Generation of VL1 Hypotheses: theunderlying methodology and the description ofprograms ESEL and AQ11, � Report No. 867,Dept. of Computer Science, University of Illinois,Urbana, 1978.[8] R.S. Michalski and B.H. McCormick,�Interval Generalization of Switching Theory.�Report No. 442, Dept. of Computer Science,University of Illinois, Urbana. 1971.[9] I. Mozetic, "NEWGEM: Program for Learningfrom Examples, Program Documentation andUser’s Guide", Report No. UIUCDCS-F-85-949,Department of Computer Science, University ofIllinois at Urbana-Champaign, 1985.[10] G. Pagallo and D. Haussler, "FeatureDiscovery in Empirical Learning", Technicalreport UCSC-CRL-88-08, Dept. of Comp.Science, Univ. of California, Santa Cruz, 1988.[11] R.E. Reinke, �Knowledge Acquisition andRefinement Tools for the ADVISE Meta-expertSystem,� Master�s Thesis, University of Illinois,1984.[12] B. Whitehall, S. Lu, and R. Stepp, "CAQ: AMachine Learning Tool for Engineering."International Journal for Artificial Intelligence inEngineering, Vol. 5, 1990.[13] J. Wnek and R.S. Michalski, �Hypothesis-Driven Constructive Induction�, MLI-Report,Center for Artificial Intelligence, George MasonUniversity, 1991.