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1 IntroductionIntegrating multiple learned models has been identi�ed as one of the currentresearch directions in machine learning [7]. Empirical studies in the last 5 yearshave shown that integrating multiple learned models helps to increase bothaccuracy and e�ciency. There are di�erent techniques, but within the scopeof combining classi�ers only [7], there are mainly three proposed methods:voting (unweighted and weighted) [5, 11] , gating function [12] and stacking[15]. The goal of stacking is to learn a combining classi�er that re
ects thecorrelation of predictions of underlying base classi�ers that are combined.Following Wolpert[15], the general scheme for stacking works as follows.We have t di�erent algorithms A1,. . . ,At and a set S of training examplesf(x1; y1); : : : ; (xm; ym)g. S is CV partitioned into n pairs (T1;V1); : : : ; (Tn;Vn)(2 � n � jSj). Tk is called the stacking training set and Vk is the validationset. We then apply each of the learning algorithms on Tk to form classi�ers C1to Ct and apply them on Vk to obtain predicted class labels. 8(xi; yi) 2 Vk,we form a new training item : ((C1(xi); C2(xi); :::; Ct(xi)); yi). The processis repeated for all n pairs of (Tk;Vk) to form a new data set, Mtrain. Wethen train A1 to At on S to produce base classi�ers C1 to Ct. We may useany algorithm to learn the new meta-level training set, Mtrain, to generatethe meta-classi�er MC . During testing, for a data item with unknown label(x; ?), C1 : : : Ct �rst generate a prediction. Their predictions form a meta-level testing item (C1(x); :::; Ct(x)) that is fed into the meta-classi�er. Themeta-classi�er's prediction MC((C1(x); : : : ; Ct(x)) is the �nal outcome.The e�ectiveness of stacking to increase accuracy has been widely reported[4, 14, 15]. Stacking is also a feasible approach to learn over inherently dis-tributed data [4]. The idea of stacking has been deployed and implementedas agents to attack credit card fraud [13]. Experiments in di�erent domainshave shown accuracy increases from 0.5% to 3% over any of the combined baseclassi�ers. In this paper, we will discuss a problem called con
icts that hindersthe accuracy improvement of stacking. We propose and discuss some methodsto solve it. Con
icts were �rst discussed in [9, 14].In Section 2, we analyze the mechanism of stacking and show the con
ictproblem. We will discuss two seemingly di�erent approaches, and their in-trinsic equivalence. The Recursive-Stacking Algorithm to reduce con
icts isproposed. In Section 3, we analyze experimental results. Section 4 will discussthe e�ectiveness and e�ciency of Recursive-Stacking.1



2 Problem and Approaches2.1 Con
ictFor simplicity, we consider bimodal problems (2 classi�cations, 0 and 1 ). Theprediction Ci(x) of classi�er Ci on data item (x; y) is abbreviated in low-ercase ci. ((c1; c2; : : : ; ct); y) is thus a meta-level training data item (level 1training data in the terminology of Wolpert[15]). The feature (c1; c2; : : : ; ct)is a vector of predictions generated by base learning algorithms on an un-seen item (x; y), and y is the true label (either 1 or 0). Each training dataitem (x; y) in S will fall into exactly one combination of (c1; c2; : : : ; ct), sinceeach is classi�ed exactly once in stacking's CV partition. For bimodal prob-lems, there are at most 2t combinations. Figure 1 shows the 8 combina-tions of 2 boolean data sets (see Section 3). To understand how stackingworks, for a �xed combination (c1; c2; : : : ; ct), we count all the ocurrancesof the same instance ((c1; c2; : : : ; ct); 1) in the meta-level training data (de-noted j((c1; c2; : : : ; ct); 1)j), and all ocurrances of ((c1; c2; : : : ; ct); 0) (denotedj((c1; c2; : : : ; ct); 0)j). We de�ne accuracy � and con
ict ratio � on combination(c1; c2; : : : ; ct) as: � = min(j((c1; c2; : : : ; ct); 1)j; j((c1; c2; : : : ; ct); 0)j)j((c1; c2; : : : ; ct); 1)j + j((c1; c2; : : : ; ct); 0)j� = max(j((c1; c2; : : : ; ct); 1)j; j((c1; c2; : : : ; ct); 0)j)j((c1; c2; : : : ; ct); 1)j + j((c1; c2; : : : ; ct); 0)j� and � have the properties: � + � = 1, � � �, � � 0:5 and � � 0:51. Forcon
ict (0; 1; 1) of Boolean.5678 in Figure 1, j((ripper; cart; id3); 1)j = 1247and j((ripper; cart; id3); 0)j = 1445, so � = 1445=(1247 + 1445) = 0:537 and� = 1247=(1247 + 1445) = 0:463.Since the feature vector (c1; c2; : : : ; ct) is the same for both ((c1; c2; : : : ; ct); 0)and ((c1; c2; : : : ; ct); 1), any machine learning algorithm has no way to distin-guish between them. The best it can do is to pick the label of the majorityclass, and the minority occurances will always be labelled incorrectly. For the(0,1,1) type discussed above, during testing, whenever the meta-classi�erMCsees a vector of (0,1,1), its prediction will always be 0 because j((0; 1; 1); 0)j isthe majority in training the level-1 generalizer.1If j((c1; c2; : : : ; ct); 1)j + j((c1; c2; : : : ; ct); 1)j = 0, we make � = � = 02



Boolean.5678 Meta Level DataCon
ict num1 num0 � � Label(0,0,0) 524 3990 0.884 0.116 0(0,0,1) 379 639 0.628 0.372 0(0,1,0) 748 1678 0.692 0.308 0(0,1,1) 1247 1445 0.537 0.463 0(1,0,0) 886 284 0.757 0.243 1(1,0,1) 1318 456 0.743 0.257 1(1,1,0) 2210 526 0.808 0.192 1(1,1,1) 11478 1683 0.872 0.128 1
Boolean.45 Meta Level DataCon
ict num1 num0 � � Label(0,0,0) 867 21929 0.962 0.038 0(0,0,1) 396 1314 0.768 0.232 0(0,1,0) 0 0 0.00 0.00 0(0,1,1) 0 0 0.00 0.00 0(1,0,0) 1249 1385 0.526 0.474 0(1,0,1) 1419 932 0.604 0.396 1(1,1,0) 0 0 0.00 0.00 0(1,1,1) 0 0 0.00 0.00 0Note:num1 = j((ripper; cart; id3); 1)j; num0 = j(ripper; cart; id3); 0)j.Figure 1: Sample of Con
ictsStacking gives a �nal prediction according to the value of (c1; c2; : : : ; ct).We call each (c1; c2; : : : ; ct) a type. A data item is mapped into exactly onetype. In each type, we call one classi�cation the majority label if its countis the majority. Stacking chooses the majority label. For data items of type(c1; c2; : : : ; ct), stacking will have accuracy of �.For data of each type (c1; c2; : : : ; ct), there is always an � portion that arelabelled wrong. Since the training data and testing data are of the samedistribution, this means that the � portion will always be misclassi�ed. Wecall the � portion data of each type con
icts. It is the � portion of con
ictsthat a�ects the accuracy increase. Our aim is to look for solutions to reduce� in order to increase accuracy of stacking.To see the di�culty of the problem, consider Figure 1. In the left table,the accuracy � on (0,0,1) to (1,1,0) are very low: 0.537 to 0.808. There are intotal 5647 con
icts out of 29491 training data items. So the maximal accuracyis around 0.8085 (1.0 - 5647/29491) under the assumption that training andtesting data are of the same distribution. Another interesting observation isthat the stacking algorithm's majority selection is exactly the same predictionby the leftmost classi�er (RIPPER), which is the most accurate. ID3 andCART have no contribution to accuracy at all. The second table is evenworse, the accuracy of types (0,0,1) to (1,1,0) are from 0.526 to 0.768. Thetype (1,0,0) is very tricky, since � is nearly 0.50, the chance that the predictionwill be wrong is high. As we shall see in Section 3, stacking does not even dobetter than RIPPER. In this example, there are types ((0,1,0), (0,1,1), (1,1,0)and (1,1,1)) having no data items in them. The best stacking can do is toprovide the majority label of all the training data, which is 1.3



We enumerate all the possible patterns in the meta-level training data. Ap-plying any algorithm on the intrinsically confusing data only, more or less, triesto approach the best we can do, i.e. pick the majority. Algorithms with post-learning pruning or using summarization may remove statistically insigni�cantcon
ict types completely, but they do not solve the con
ict problem.Recent publications on stacking [1, 2] have concentrated e�ort on usingmetrics (coverage, diversity, specialty, correlated error) to choose classi�ersfor combining and to explain how stacking increases accuracy. Here, we areconcerned with the mechanism of stacking to see what contributes to accuracyincrease and what prevents it. Con
icts is not a metric. It is the cause of poorperformance of stacking. A companion paper [10] discusses the relationshipbetween con
icts and these metrics both conceptually and statistically.2.2 ApproachesWe propose two ways to solve the problem of con
icts: con
ict resolver andadding base classi�ers. Con
ict resolver is a classifying system that is trainedon a subset of original training data items that contribute to a particulartype of con
ict. For each con
ict type (c1; c2; : : : ; ct), we form a subset oftraining data that generate that con
ict by taking all those base level trainingdata items labelled as (c1; c2; : : : ; ct) by base classi�ers. We have 8 subsetsas displayed in Figure 1. For con
ict type (0,1,0), the size of the subset is2426 (748+1678). All subsets are disjoint and their union is the original baselevel training data set. We build one con
ict resolver for each type of con
ict.During implementation, we de�ne a threshold � . We train a con
ict resolveronly when � > � . The intuition is to search for a con
ict resolver that isable to have higher accuracy on that subset of data than the original stackingalgorithm on the same subset. If we fail to �nd such a con
ict resolver, wewill use the original stacking algorithm on that subset.An alternative approach is to add base classi�ers to reduce con
icts.The addition of a base classi�er may help distinguish data items thatare confusing for the stacked generalizer. For bimodal problems, we canprove that adding a base classi�er will at least not add more con
icts, im-plying that it may actually reduce con
icts. Consider the con
ict pair:((c1; c2; : : : ; ct); 1) and ((c1; c2; : : : ; ct); 0). Assume T = j((c1; c2; : : : ; ct); 1)j andS = j((c1; c2; : : : ; ct); 0)j. Without loss of generality, suppose T � S. T is thenumber of con
icts that will be mislabeled by the meta-classi�er. When we4



add a base classi�er Ct+1, both ((c1; c2; : : : ; ct); 1) and ((c1; c2; : : : ; ct); 0) will bepartitioned into two new types. The data associated with ((c1; c2; : : : ; ct); 1) aredivided into ((c1; c2; : : : ; ct; 1); 1) and ((c1; c2; : : : ; ct; 0); 1). Similarly, the dataassociated with ((c1; c2; : : : ; ct); 0) are divided into: ((c1; c2; : : : ; ct; 0); 0) and((c1; c2; : : : ; ct; 1); 0). The original con
ict derives new con
icts with the ad-dition of another base classi�er: ((c1; c2; : : : ; ct; 1); 1) and ((c1; c2; : : : ; ct; 1); 0);((c1; c2; : : : ; ct; 0); 1) and ((c1; c2; : : : ; ct; 0); 0). We count their occurances. t1 =j((c1; c2; : : : ; ct; 1); 1)j, s1 = j((c1; c2; : : : ; ct; 1); 0)j; t2 = j(c1; c2; : : : ; ct; 0); 1)j,s2 = j(((c1; c2; : : : ; ct; 0); 0)j. We know that t1 + t2 = T and s1 + s2 = S. Oneof the following must hold true, because T � S:1. t1 � s1 and t2 � s2 (in which t1 + t2 = T is the total number of con
ictsof the two new con
ict types)2. t1 � s1 and s2 � t2 (in which t1 + s2 � T is the number of con
icts)3. s1 � t1 and t2 � s2 (in which s1 + t2 � T is the number of con
icts)This proves that adding a classi�er will possibly reduce con
icts. Conversely,we can also show that removing any base classi�er will not decrease any con-
icts, which implies that it may actually increase con
icts.In the above 3 conditions, the �rst one will not reduce any number ofcon
icts, it is still t1 + t2 = T. In the second case or third case, we mightreduce con
icts since t1 + s2 � T or s1 + t2 � T. Let us see what accuracy ofthe added classi�er Ct+1 is required to realize the reduction.The accuracy of the added classi�er on this subset of data is givenby (t1 + s2)=(T + S). Recall that t1 = j((c1; c2; : : : ; ct; 1); 1)j and s2 =j((c1; c2; : : : ; ct; 0); 0)j. Also, the original stacking algorithm's accuracy on thissubset is S=(T + S). We have two choices here. One is to make t1 + s2 � T.To do this, the added classi�er's accuracy, which is given by (t1+ s2)=(T+ S),will have to be much smaller than that of the original stacking (smaller thanT=(T+ S) rather than S=(T+ S)). Another way is to make s1 + t2 � T. Thisis the same as making t1 + s2 � S. This condition is the same as requiringthe accuracy of the added classi�er (t1 + s2)=(T+ S) to be bigger than that ofstacking on this subset, S=(T+ S). To improve accuracy and reduce con
icts,we have two conditions: the accuracy of the added classi�er must be eithersmaller than T=(T + S) or bigger than S=(T + S). These two conditions areactually the same. Since for binary problems, 
ipping the prediction (from 15



to 0 and 0 to 1) will generate the other case. We are interested in searchingfor a classi�er that is more accurate than the original stacking. The abovereasoning is dualistic and so the condition is both su�cient and necessary.So here we also need a classi�er that is more accurate than stacking on thissubset of con
icting data. This is exactly the same condition that the con
ictresolver, as discussed previously, has to satisfy in order to solve the problem.This means that the above two methods are actually identical since the possi-ble solution for them will have to be the same. The only di�erence is how theyare used. Therefore we need to look for one solution only. Here we considerthe con
ict resolver.2.3 Recursive-StackingTo improve stacking performance and to meet the desired accuracy condition,we next detail a recursive, tree-structured learning process. Empirical studiesshow that stacking usually has higher accuracy than any of the base classi�ers.Our idea is to apply stacking recursively on each subset of data that generatecon
icts to reduce con
icts and increase overall training accuracy. Figure 2and Figure 3 show the outline of the algorithm. The idea is to use a divide-and-conquer approach to reduce the amount of con
icts. If the level of con
ictsis too high in a set of examples, the set is split into smaller subsets, each ofwhich corresponds to a con
ict type. For each subset, new base classi�ers aregenerated. That is, a set of new classi�ers are learned to handle a particularcon
ict type. If the level of con
icts persists, the process is repeated.Recursive-Stacking builds a tree that helps reduce con
icts. The algorithmis similar to building a decision tree (e.g. ID3), in which the training setis recursively partitioned from the root to the leaves. Each tree node hasthe result of a stacking episode (base classi�ers only, the meta-classi�er isnot generated) and each branch corresponds to a con
ict type. In place ofthe meta-classi�er, a rote table stores the majority predicted classi�cation foreach con
ict type. If the level of con
icts is too high at a node, examples arepartitioned according to the con
ict types and each child node has examplesfrom one con
ict type. At each child node, this process is repeated recursivelyuntil the con
ict ratio (�) is below a certain threshold(�) or the number ofexamples at the node is too small for e�ective learning (called stopping criteriain the algorithm).A node of the tree will have a subnode for type (c1; c2; : : : ; ct) if that con
ict6



Algorithm: Recursive Stacking-TrainingInput:training set Slearning algorithms A1; : : : ; AtCV-partitioning fold n ( 2 � n � jSj )con
ict ratio threshold �Output:A Recursive-Stacking treebegin1. call stacking to generate meta-level training set Mtrain;2. analyze Mtrain for con
ict types;� 8(c1; c2; : : : ; ct) con
ict whose con
ict ratio � � � , mark it as a terminator con
ict� 8(c1; c2; : : : ; ct) con
ict whose con
ict ratio � > �if stopping criteria is not met thenbegintake all base level training data of type (c1; c2; : : : ; ct) into S(c1;c2;:::;ct)call Recursive Stacking-Training on S(c1;c2;:::;ct)endelsemark this con
ict type as a terminator con
ict3. return the Recursive-Stacking treeend Figure 2: Recursive Stacking Algorithm - Trainingtype is further resolved by the algorithm. The node is the parent node of thenew subnode, and (c1; c2; : : : ; ct) of this parent node is called the parent con
ictof the subnode. A node can have a maximum of 2t subnodes. If a con
ict hasno subnode, we call it a terminator. A leaf node in the tree is one that hasall of its con
ict types as terminators. A tree with a single root node only(depth = 0) is the original stacking except that we use a rote-table to recordeach con
ict type and the majority label.Figure 4 shows a simple example with 2 base classi�ers. The root nodeidenti�es that con
icts (0,1) and (1,0) are confusing, since their � are 0.48and 0.47 respectively. For both (0,1) and (1,0), Recursive-stacking generatesa node to reduce con
icts.When the computed tree is used for testing, an instance is supplied to thebase classi�ers at the root. If con
ict type (c1; c2; : : : ; ct) predicted by the baseclassi�ers is not a terminator, the instance is sent to the corresponding childcon
ict type based on the predictions of the base classi�ers. When a leaf nodeis reached, based on the predictions from the leaf's base classi�ers, the leaf's7



Algorithm: Recursive Stacking-TestingInput:testing Data: DOutput:classi�cationsbegin1. 8(xi; ?) 2 D call stacking to return meta-level testing item (C1(x); :::;Ct(x)) and put it into Mtest2. 8(xi; ?) 2 D put it into subset D(c1;c2;:::;ct)according to its type (c1; c2; : : : ; ct) in Mtest.3. for each subset D(c1;c2;:::;ct)if (c1; c2; : : : ; ct) is a terminator con
ict then8(xi; ?) 2 D(c1;c2;:::;ct) use the majority label of type (c1; c2; : : : ; ct)elsecall Recursive Stacking - Testing with D(c1;c2;:::;ct) and use the returned classi�cations4. Combine predictions for each subset and returnend Figure 3: Recursive Stacking Algorithm - Testingrote table is used to generate the �nal prediction.Recursive-Stacking is di�erent from hierarchical stacking (a way of hierar-chical meta-learning)[4]. In hierarchical stacking, stacking is applied on themeta-level training data. But in this new algorithm, we use a divide-and-conquer strategy by calling stacking on di�erent subsets of the original trainingdata. This is entirely new from the original stacking algorithm.After learning, post-pruning is done on the tree to correct over�tted nodesand to remove redundant nodes. We �rst inspect every node to correct anythat are not statistically signi�cant to contribute to an accuracy increase. Fora con
ict type whose majority label is di�erent from that of its parent con
ict,if the � ratio of such a con
ict is close to 0.5, it is doubtful that it will contributeto an increase in accuracy. Since the 
ip of the label from that of its parentmay be due to over�tting of the data. All these kind of nodes ought to be"corrected" back to its parent's majority label.A leaf node of a tree is redundant if the majority labels of all its con
icttypes are the same as that of its direct con
ict parent. And a non-leaf node isredundant if all its subnodes are redundant. Redundant nodes will not improveaccuracy since the decisions are the same as the parent con
ict. We removeany such nodes from the tree in a depth �rst search manner after training.8
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0.12Figure 4: Sample Recursive Stacking TreeThere are other minor details about this algorithm left for a companionreport [10].3 Experiments and ResultsWe are interested in �nding out answers to the following questions:1. Will the Recursive-Stacking algorithm improve accuracy over stacking?2. How deep will the tree grow before we can improve accuracy?3. How deep will the tree grow before over�tting appears?4. What are the simple approaches to correct possibly over�tted nodes?3.1 Experimental Set-upIn our experiments, four data sets were used: two arti�cal boolean data setsand two real world credit card transaction data sets. We used 2-fold to generatemeta-level training data for di�erent nodes of the tree. If the training datasize is smaller than 200, the tree stops growing. We utilized a simple thresholdvalue � to test the e�ectiveness of a new node. For any con
ict type whoseprediction label is di�erent from that of its parent, if � � �, reverse the label9



1. Results of RIPPER, ID3, CART on Boolean Data (5678)Base Learner 1 2 3 4 5 6 7 8 9 10 AvgRIPPER 0.8004 0.7885 0.7958 0.7955 0.7916 0.7995 0.7992 0.7962 0.7869 0.7882 0.7942CART 0.6866 0.6774 0.6820 0.6701 0.6832 0.6774 0.6848 0.6884 0.6804 0.6743 0.6805ID3 0.6286 0.5935 0.6009 0.5981 0.6067 0.6063 0.6298 0.6280 0.6221 0.6160 0.61302. Recursive Stacking (uncorrected) on Boolean Data (5678)Depth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8004 0.7885 0.7958 0.7955 0.7916 0.7995 0.7992 0.7962 0.7869 0.7882 0.79421 0.8087 0.7925 0.8099 0.7989 0.7873 0.7965 0.8032 0.8050 0.7842 0.7869 0.79732 0.8087 0.7922 0.8099 0.8007 0.7873 0.7974 0.8032 0.8065 0.7842 0.7869 0.79773. Results of Recursive Stacking (corrected) on Boolean Data (5678)Depth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8004 0.7885 0.7958 0.7955 0.7916 0.7995 0.7992 0.7962 0.7869 0.7882 0.79421 0.8065 0.7937 0.7989 0.7992 0.7937 0.8001 0.8090 0.8026 0.7900 0.7903 0.79842 0.8065 0.7937 0.7989 0.7992 0.7937 0.8001 0.8090 0.8026 0.7900 0.7903 0.7984Figure 5: Results on Boolean Data (5678)back to that of its parent. For experiments on all 4 sets of data, we �xed � tobe 0.4.We used RIPPER, CART, ID3 and C4.5 as the base learners. RIPPERwas obtained from William Cohen[6]. CART, ID3 and C4.5 are part of theIND package[3].3.2 Boolean Arti�cial Data SetWe generated an arti�cial data set of 15 boolean variables. The data itemis 1 if 5, 6, 7 or 8 variables out of 15 are 1. We call this set Boolean.5678.Since there are 15 variables, there are 215 = 32768 data items in total. Thepercentage of data items with label 1 are about 64%. We do not replicate anydata items in our test. The base level algorithms are RIPPER, ID3 and C4.5.10 fold CV is applied on the data to average our results. Since no data itemsare replicated, any examples in the testing set are not in the correspondingtraining set. Figure 5 displays the results. RIPPER is the most accurate baseclassi�er. The average accuracy of RIPPER is 0.7942. Both ID3 and CARTare signi�cantly worse than RIPPER, their overall accuracy are all below 0.70.CART's accuracy is better than that of ID3.The next two tables show the results for Stacking and Recursive Stacking.The second table is the results for the case where we only applied the strat-egy of removing nodes. The third table displays results for the case wherewe applied both strategies of removing and correcting nodes. As we compare10



1. Results of RIPPER, ID3, CART on Boolean Data (45)Base Learner 1 2 3 4 5 6 7 8 9 10 AvgRIPPER 0.8703 0.8627 0.8663 0.8825 0.8724 0.8685 0.8685 0.8666 0.8764 0.8758 0.8710CART 0.8666 0.8666 0.8666 0.8666 0.8666 0.8666 0.8666 0.8666 0.8669 0.8669 0.8667ID3 0.7812 0.7708 0.7711 0.7855 0.7763 0.7797 0.7638 0.7885 0.7769 0.7827 0.77762. Recursive Stacking (uncorrected ) on Boolean Data (45)Depth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8511 0.8419 0.8425 0.8486 0.8499 0.8569 0.8489 0.8666 0.8510 0.8556 0.85131 0.8770 0.8688 0.8688 0.8819 0.8682 0.8734 0.8789 0.8666 0.8797 0.8819 0.87452 0.8746 0.8822 0.8651 0.8856 0.8715 0.8773 0.8746 0.8706 0.8852 0.8840 0.87713. Results of Recursive Stacking (corrected) on Boolean Data (45)Depth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8511 0.8419 0.8425 0.8486 0.8499 0.8569 0.8489 0.8666 0.8510 0.8556 0.85131 0.8770 0.8688 0.8688 0.8819 0.8682 0.8734 0.8789 0.8666 0.8797 0.8819 0.87452 0.8746 0.8822 0.8651 0.8856 0.8715 0.8773 0.8746 0.8706 0.8852 0.8840 0.8771Figure 6: Results on Boolean Data (45)results of the original stacking (tree depth = 0) and recursive stacking in boththe second and third tables, recursive stacking (tree depth � 1) consistentlybeats the overall accuracy of stacking for all 10 runs of the experiment. Theincrease is consistently above 0.004 (or 0.4%). By comparing the results oforiginal stacking and those of RIPPER, we see that the results are exactly thesame for all 10 runs. This means that original stacking simply picks RIPPER'soutput, and it has no increase of accuracy over the base classi�ers (see Sec-tion 2.1 and Figure 1). However, recursive stacking has a consistent increase of0.5%. We are interested to �nd out the tendency of accuracy increase with thegrowth of tree depth. From the second table, when the depth of the tree growsfrom 0 to 2, the overall accuracy steadily increases from 0.7942 to 0.7984. Andwe also see that the biggest increase takes place when the tree depth growsfrom 0 to 1 or from original stacking to recursive stacking. When the treegrows deeper, there is less room for improvement, so the increase rate drops.We are interested to see if the increase in accuracy by Recursive Stacking isstable. For 10 runs, 5 showed recursive stacking does better, and the other 5showed slightly worse performance. But when correcting is used, the resultsare always better throughout the 10 runs.We generated another data set: Boolean.45. The data item is 1 when 4 or5 variables are 1. There are 13.3% data items in the training set with label 1.This set is relatively skewed. Figure 6 lists the results. There are a few inter-esting observations here. One is that stacking does not do better than either11



1. Results of RIPPER, CART and C4.5 on First Union Credit Card DataBase Learner 1 2 3 4 5 AvgRIPPER 0.9448 0.9494 0.9489 0.9438 0.9495 0.9475CART 0.9470 0.9508 0.9511 0.9471 0.9494 0.9486C4.5 0.9484 0.9498 0.9519 0.9466 0.9511 0.94932. Recursive Stacking (uncorrected ) on First Union Credit Card DataDepth 1 2 3 4 5 Avg0 0.9522 0.9568 0.9566 0.9523 0.9557 0.95441 0.9508 0.9555 0.9573 0.9533 0.9562 0.95442 0.9507 0.9550 0.9573 0.9530 0.9548 0.95403. Results of Recursive Stacking (corrected) on First Union Credit Card DataDepth 1 2 3 4 5 Avg0 0.9522 0.9568 0.9566 0.9523 0.9557 0.95441 0.9525 0.9577 0.9576 0.9532 0.9565 0.95512 0.9523 0.9573 0.9576 0.9533 0.9555 0.9549Figure 7: Results on First Union Credit Card DataRIPPER or CART. Consider the predictions on the testing set and the con-
icts listed in Figure 1. The reason is that for types (1,0,0) and (1,0,1) (whose �are 47.4% and 39.6% respectively), the majority label picked by stacking turnsout to be a minority for the testing data. But Recursive-Stacking outperformsall the base classi�ers. The accuracy increase by applying Recursive-Stackingover pure stacking is consistently more than 2.3%. Note, the post-learningcorrection has no e�ect at all, since the � of non-root nodes are below thatthreshold.For the above data sets, we didn't see any over�tting for the maximaldepth=2 used in the experiments.3.3 Credit Card Data SetWe also tested Recursive-Stacking on two real world data sets: First UnionCredit Card Transaction Data and Chase Credit Card Transaction Data.These data sets were provided for our research in fraud and intrusion de-tection. The classi�cation of the data is either legitimate or fraudulent. For adetailed description of the data schema, refer to [14].From each bank, we obtained 0.5 million data spanning a whole year. TheFirst Union data was not uniformally sampled for each month. The percentageof fraud ranges from 4% to over 20% over each month and the size of data foreach month varies. We have done some initial experiments. Due to the non-12



1. Results of RIPPER, CART and C4.5 on Chase Credit Card DataBase Learner 1 2 3 4 5 6 7 8 9 10 AvgRIPPER 0.8087 0.8891 0.8758 0.8869 0.8890 0.8796 0.8970 0.9013 0.8640 0.8496 0.8741CART 0.8861 0.8906 0.8760 0.8878 0.8899 0.8810 0.9002 0.9035 0.8723 0.8756 0.8863C4.5 0.8510 0.8720 0.8630 0.8708 0.8726 0.8623 0.8817 0.8887 0.8579 0.8621 0.86822. Recursive Stacking (uncorrected) on Chase Credit Card DataDepth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8758 0.8934 0.8788 0.8918 0.8932 0.8848 0.9022 0.9047 0.8730 0.8778 0.88751 0.8817 0.8928 0.8776 0.8858 0.8936 0.8831 0.9010 0.9022 0.8713 0.8761 0.88652 0.8808 0.8926 0.8831 0.8857 0.8932 0.8831 0.9007 0.9018 0.8708 0.8761 0.88683. Results of Recursive Stacking (corrected) on Chase Credit Card DataDepth 1 2 3 4 5 6 7 8 9 10 Avg0 0.8758 0.8934 0.8788 0.8918 0.8932 0.8848 0.9022 0.9047 0.8730 0.8778 0.88751 0.8771 0.8942 0.8790 0.8918 0.8932 0.8850 0.9022 0.9045 0.8729 0.8785 0.88782 0.8769 0.8942 0.8794 0.8918 0.8932 0.8850 0.9022 0.9041 0.8728 0.8785 0.8878Figure 8: Results on Chase Credit Card Datauniform distribution of data in each month, the models learned from di�erentmonths di�er greatly. In our experiment, we removed all date and other �eldsthat are not available at authorization and then culled all transactions intoone large data set. The results reported in Figure 7 were produced from thisconditioned data set. We partitioned the data into 10 folds, used one fold fortraining and another fold for testing for a total of 5 runs. Each fold is disjoint.We didn't use conventional CV partitioning, because the size of the data ishuge, it takes a long time to learn a classi�er. The results we have obtained onthis real world data set are very close to the results on the boolean arti�cialdata sets. Stacking improves the accuracy of the best base classi�er by 0.7%and Recursive stacking improves stacking by 0.1%. We have seen over�ttingin 2 out of the 5 runs without using post-learning correction. We also see thatRecursive-Stacking with correction outperforms stacking consistently over all5 runs.The Chase Credit Card data was more uniformly sampled than First UnionData. The fraud percentage of each month ranges from 17% to 23%. Thedata set size of each month varies from 28k to 50K. We believe that this dataset is more appropriate to try our algorithm in a real world situation. In ourexperiment, we used data of one month for training and data of 2 months laterfor testing. (In a real world content, there is a one month billing cycle and aone month investigation to ultimately determine if a transaction is fraudulent.)Since our data set is 12 months, only 10 experiments are feasible. Figure 813



shows the results of the experiment. On the average. Recursive-Stacking withcorrection improves the accuracy of stacking by 0.03%. The best improvementis in the �rst run where the increase is 0.06%. In some cases, we see that itover�ts at the second tree level. The reason appears to be that the data setsfrom di�erent months are not uniform in both size and fraud distribution. Theresult of stacking may already be very close to the best we can obtain, whichdoes not leave much room for improvement. We ran Boosted Naive Bayes[8]on the same data sets with up to 10 rounds of boosting. The result by boostingand stacking are very close on average.4 DiscussionCombining a large number of classi�ers in Recursive Stacking will be a problemsince the number of con
ict types is 2t. We propose two solutions. Onemethod is to apply hierarchical stacking. We may group a small number ofbase classi�ers together and apply the Recursive-Stacking algorithm. We canthen combine each together using stacking/Recursive-Stacking. Another wayis to combine all the base classi�ers together but we prune any con
ict typesthat are insigni�cant (whose number is only a small percentage of meta-leveldata size). To do this, we use an ID3-like algorithm to learn the meta-leveldata. Each leaf of such a tree is a con
ict type. We remove any leaf nodesin the tree that are not signi�cant and use its parent node's decision. Futureexperiments will help establish whether either of these methods are e�ective.In our experiment, we used simple a threshold � = 0:4 to correct any nodeswhose � > �. This approach worked well for all 4 data sets under study. Welooked at the predictions by Recursive-Stacking on the testing data. There isa general tendency that a node with big training size and small � is more likelyto be stable and have high accuracy gains. Future experiments will considerthe sensitivity of these thresholds on the overall accuracy gain.5 ConclusionThe presence of con
icts in a stacked generalizer is a fundamental problemlimiting improvements in accuracy. The proposed Recursive-Stacking attemptsto resolve con
icts. It has been shown to increase accuracy of stacking by as14
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