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Abstract

Ensemble methods like bagging and boosting that
combine the decisions of multiple hypotheses are
some of the strongest existing machine learning
methods. The diversity of the members of an
ensemble is known to be an important factor in
determining its generalization error. This paper
presents a new method for generating ensembles
that directly constructs diverse hypotheses using
additional artificially-constructed training exam-
ples. The technique is a simple, general meta-
learner that can use any strong learner as a base
classifier to build diverse committees. Experimen-
tal results using decision-tree induction as a base
learner demonstrate that this approach consistently
achieves higher predictive accuracy than both the
base classifier and bagging (whereas boosting can
occasionally decrease accuracy), and also obtains
higher accuracy than boosting early in the learning
curve when training data is limited.

Introduction

decade was the developmentaisembleor committeeap-

proaches that learn and retain multiple hypotheses and co

bine their decisions during classificatiDietterich, 200(.
For examplepoosting[Freund and Schapire, 199@&n en-
semble method that learns a series of “weak” classifiers eadn an ensemble, the combination of the output of several
one focusing on correcting the errors made by the previouslassifiers is only useful if they disagree on some inputs
one, has been found to be one of the currently best gener[&Krogh and Vedelsby, 1995 We refer to the measure of

inductive classification methodlslastieet al., 2001.

We present a new meta-learnergf@oRATE, Diverse En-
semble Creation by Oppositional Relabeling of Artificial
Training Examples) that uses an existing “strong” learner
(one that provides high accuracy on the training data) to build
an effective diverse committee in a fairly simple, straightfor-
ward manner. This is accomplished by adding different ran-
domly constructed examples to the training set when building
new committee members. These artificially constructed ex-
amples are given category labels thé&éagreewith the cur-
rent decision of the committee, thereby easily and directly
increasing diversity when a new classifier is trained on the
augmented data and added to the committee.

Boosting and bagging provide diversity by sub-sampling
or re-weighting the existing training examples. If the train-
ing set is small, this limits the amount of ensemble diversity
that these methods can obtainE @oRATE ensures diversity
on an arbitrarily large set of additional artificial examples.
Therefore, one hypothesis is that it will result in higher gen-
eralization accuracy when the training set is small. This pa-
per presents experimental results on a wide range of UCI data
sets comparing boosting, bagging, andd®RATE, all using
J48 decision-tree induction (a Java implementation of C4.5
[Quinlan, 1993introduced iWitten and Frank, 199%as a
pase learner. Cross-validated learning curves support the hy-
pothesis that “ECORATEI trees” generally result in greater

rﬁ[assification accuracy for small training sets.

2 Ensembles and Diversity

disagreement as th&versity of the ensemble. There have

Constructing aiversecommittee in which each hypothesis been several methods proposed to measure ensemble diver-

is as different as possible (decorrelated with other membersity [Kuncheva and Whitaker, 2002— usually dependent

of the ensemble) while still maintaining consistency with theon the measure of accuracy. For regression, where the mean
training data is known to be a theoretically important propertysquared error is commonly used to measure accuracy, vari-
of a good committe¢Krogh and Vedelsby, 1995Although
all successful ensemble methods encourage diversity to sonsity of the i** classifier on example: can be defined as
extent, few have focused directly on the goal of maximizingd;(z) = [Ci(z) — C*(z)]?, whereC;(z) and C*(z) are
diversity. Existing methods that focus on achieving diversitythe predictions of thé*” classifier and the ensemble respec-
[Opitz and Shavlik, 1996; Rosen, 199%re fairly complex
and are not generaheta-learnerdike bagging[Breiman,
1994 and boosting that can be applied to any base learneE = E — D, whereE andD are the mean error and diversity
to produce an effective committ@evitten and Frank, 1999

ance can be used as a measure of diversity. So the diver-

tively. For this setting Krogh et 411995 show that the gen-
eralization error,E/, of the ensemble can be expressed as

of the ensemble respectively.



For classification problems, where the 0/1 loss function isnon-zero probability of occurrence. In constructing artificial
most commonly used to measure accuracy, the diversity afata points, we make the simplifying assumption that the at-

theit" classifier can be defined as: tributes are independent. It is possible to more accurately es-
0: if Ci(z) = C* () timate the joint probability distribution of the attributes; but
di(z) = { 1 ) othelrwiseT (1) this would be time consuming and require a lot of data.

In each iteration, the artificially generated examples are la-
However, in this case the above simple linear relationshipeled based on the current ensemble. Given an example, we
does not hold betweeh, E andD. But there is still strong first find the class membership probabilities predicted by the
reason to believe that increasing diversity should decrease eAnsemble, replacing zero probabilities with a small non-zero
semble errofZenobi and Cunningham, 20D1The underly-  value. Labels are then selected, such that the probability of
ing principle of our approach is to build ensembles of classi-selection is inversely proportional to the current ensemble’s
fiers that are consistent with the training data and maximizéredictions.
diversity as defined in (1).

Algorithm 1 The DECORATE algorithm

3 DECORATE Algorithm Definition

In DECORATE (see Algorithm 1), an ensemble is generated
iteratively, learning a classifier at each iteration and adding it T - set ofm training examples (z1, 1) (@my Um) >
to the current ensemble. We initialize the ensemble to contain with labelsy; € Y Ly T )y e Amo Jm
the classifier trained on the given training data. The classifiers Coi - desir]ed ensemble size
in each successive iteration are trained on the original training I e maximum number of iterations to build an ensemble
data and also on some artificial data. In each iteration artifi- Rm"” - factor that determines number of artificial examples
cial training examples are generated from the data distribu- tosgénerate
tion; where the number of examples to be generated is spec-
ified as a fractionR,;,., of the training set size. The labels l.:=1
for these artificially generated training examples are chosen o tniqls = 1
so as to differ maximally from the current ensemble’s predic-
tions. The construction of the artificial data is explained in 3+ Ci = BaseLearn(T)
greater detail in the following section. We refer to the labeled 4. Initialize ensemble* = {C;}
5
6
7

Input:
BaseLearn - base learning algorithm

artificially generated training set as tdéversity data We

train a new classifier on the union of the original training data
and the diversity data. If adding this new classifier to the cur-
rent ensemble increases the ensemble training error, then we
reject this classifier, else we add it to the current ensemble.
This process is repeated until we reach the desired committee

szET:C*(mj)#yj 1
m

. Compute ensemble errer=
. While: < Cy;,. andtrials < Lyaz

Generatd,;,. x |T'| training examples, R,
based on distribution of training data

size or exceed the maximum number of iterations. 8. Label examples in R with probability of class labels
To classify an unlabeled example, we employ the fol- inversely proportional t@'*’s predictions
lowing method. Each base classifi€r;, in the ensemble 9. T=TUR

C* provides probabilities for the class membershipcoflf ,
P, ,(z) is the probability of example belonging to class 10. C' = BaseLearn(T)
y according to the classifief’;, then we compute the class  11. C* = C*J{C'}

membership probabilities for the entire ensemble as: 12. T =T — R, remove the artificial data
_ Yoec Poiy(@) 13. Compute training erroe/, of C* as in step 5
Py(x) - C*
|| 14. Ife <e
where P, (z) is the probability ofz belonging to clasy. 15. t=1+1
We then select the most probable class as the label f@r. 16. e—=¢

¢"(x) = argmaz,ey P, (z) 17. otherwise

3.1 Construction of Artificial Data 18. C*=C*—{C"}

We generate artificial training data by randomly picking data 19
points from an approximation of the training-data distribu- '
tion. For a numeric attribute, we compute the mean and stan-

dard deviation from the training set and generate values frod  Experimental Evaluation
the Gaussian distribution defined by these. For a nomina
attribute, we compute the probability of occurrence of each -1 Methodology

distinct value in its domain and generate values based on thiEo evaluate the performance ofEDORATE we ran experi-
distribution. We use Laplace smoothing so that nominal atments on 15 representative data sets from the UCI repository
tribute values not represented in the training set still have #Blake and Merz, 199&used in similar studieBNVebb, 2000;

trials = trials + 1




Quinlan, 1996 We compared the performance oEBo- DEecoRrATEalso outperforms Bagging on the geometric mean
RATE to that of Adaboost, Bagging and J48, using J48 as theatio. This suggests that even in cases where Bagging beats
base learner for the ensemble methods and using the Wellkee CORATE the improvement is less thanEBORATES im-
implementations of these methdd¥itten and Frank, 1999  provement on Bagging on the rest of the cases.
For the ensemble methods, we set the ensemble size to 15.DECORATE outperforms AdaBoost early on the learning
Note that in the case of ECORATE, we only specify a max- curve both on significant wins/draw/loss record and geomet-
imum ensemble size, the algorithm terminates if the numberic mean ratio; however, the trend is reversed when given 75%
of iterations exceeds the maximum limit even if the desiredor more of the data. Note that even with large amounts of
ensemble size is not reached. For our experiments, we s@faining data, ECORATES performance is quite competitive
the maximum number of iterations inHGORATEt0 50. We  with Adaboost - given 100% of the dat&DRORATEproduces
ran experiments varying the amount of artificially generatechigher accuracies on 6 out of 15 data sets.
data, Rsi..; and found that the results do not vary much for |t has been observed in previous studi¥¥ebb, 2000;
the range 0.5 to 1. HoweveR,;.. values lower than 0.5 do Bauer and Kohavi, 199%hat while AdaBoost usually sig-
adversely affect BCORATE, because there is insufficient ar- nificantly reduces the error of the base learner, it occasionally
tificial data to give rise to high diversity. The results we reportincreases it, often to a large extente @oRATEdoes not have
are forR;.. setto 1, i.e. the number of artificially generated this problem as is clear from Table 1.
examples is equal to the training set size. On many data sets, ELORATEachieves the same or higher
The performance of each learning algorithm was evaluategiccuracy as Bagging and AdaBoost with many fewer training
using 10 complete 10-fold cross-validations. In each 10-foldexamples. Figure 1 show learning curves that clearly demon-
cross-validation each data set is randomly split into 10 equaktrate this point. Hence, in domains where little data is avail-
size segments and results are averaged over 10 trials. For eagifle or acquiring labels is expensives @oRATE has an ad-
trial, one segment is set aside for testing, while the remainingantage over other ensemble methods.
data is available for training. To test performance on vary- we performed additional experiments to analyze the role
ing amounts of training data, learning curves were generatefat diversity plays in error reduction. We rare BORATE at
by testing the system after training on increasing subsets ofg different settings ofz,;.. ranging from 0.1 to 1.0, thus
the OVera” training data. Since we Would I|ke to SummariZQ/arying the diversity Of ensemb'es produced_ We then com-
results over several data sets of different sizes, we select diared the diversity of ensembles with the reduction in gener-
ferentpercentagesf the total training-set size as the points gjization error. Diversity of an ensemble is computed as the
on the learning curve. mean diversity of the ensemble members (as given by Eq. 1).
To compare two learning algorithms across all domainsyie compared ensemble diversity with #wesemble error re-
we employ the statistics used flvebb, 2000, namely the  duction i.e. the difference between the average error of the
win/draw/loss record and the geometric mean error ratio. Thensemble members and the error of the entire ensemble (asin
win/draw/loss record presents three values, the number ¢€unningham and Carney, 20900We found that the correla-
data sets for which algorithrd obtained better, equal, or tjon coefficient between diversity and ensemble error reduc-
worse performance than algorithB with respect to classi-  tjon is 0.6225 f* <« 10~5°), which is fairly strong. Further-
fication accuracy. We also report thgtistically significant  more, we compared diversity with thmse error reduction
win/draw/loss record; where a win or loss is only counted ifj e the difference between the error of the base classifier and
the difference in values is determined to be significant at thgqe ensemble error. The base error reduction gives a better in-
0.05 level by a paired-test. The geometric mean error ratio dication of the improvement in performance of an ensemble
is defined asy/[]_, Z4, whereE, andEp are the mean over the base classifier. The correlation of diversity versus

i=1 Eg"’ L 50
. . _ the base error reduction is 0.1552€ 10™°"). We note that
errors of algorithmA and B on the same domain. If the ge even though this correlation is weak, it is stilstatistically

ometric mean error ratio is less than one it implies that algo-_. ificantoositi lai Th its reinf
rithm A performs better thaf, and vice versa. We compute S'glﬂ'f'cﬁ‘” posIlive correla 'OT)'I d_ese results rew:jorce ourh
error ratios so as to capture the degree to which algorithm8 |edt at mcreasw;g ensemble diversity Is a good approac
out-perform each other in win or loss outcomes. O reducing genera Ization error.
To determine how the performance oEDORATEChanges
4.2 Results with ensemble size, we ran e>_<p_eriments with incre_asing sizes.
) ) ] We compared results for training on 20% of available data,
Our results are summarized in Tables 1-3. Each cell in thgince the advantage ofHZORATEIS most noticeable low on
tables presents the accuracy a@DRATEVersus anotheral-  the learning curve. Due to lack of space, we do not include
gorithm. If the difference is statistically significant, then the the results for all 15 datasets, but present five representative
larger of the two is shown in bold. We varied the training datasets (see Figure 2). The performance on other datasets is
set sizes from 1-100% of the total available data, with MOor&similar. We note, in generaL that the accuracy GO RATE
points lower on the learning curve since this is where Weincreases with ensemble size; though on most datasets, the
expect to see the most difference between algorithms. Thgerformance levels out with an ensemble size of 10 to 25.
bottom of the tables provide summary statistics, as discussed
above, for each of the points on the learning curve. Thep-value is the probability of getting a correlation as large as
DECORATE has moresignificantwins to losses over Bag- the observed value by random chance, when the true correlation is
ging for all points along the learning curve (see Table 2).zero.
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5 Related Work

There have been some other attempts at building ensembles
that focus on the issue of diversity. Liu e{4099 and Rosen
[1994 simultaneously train neural networks in an ensemble
using a correlation penalty term in their error functions. Opitz
and Shavlik[1996 use a genetic algorithm to search for a
good ensemble of networks. To guide the search they use
an objective function that incorporates both an accuracy and
diversity term. Zenobi et d2001] build ensembles based
on different feature subsets; where feature selection is done
using a hill-climbing strategy based on classifier error and
diversity. A classifier is rejected if the improvement of one of
the metrics lead to a “substantial” deterioration of the other;
where “substantial” is defined by a pre-set threshold.

In all these approaches, ensembles are built attempting to
simultaneously optimize the accuracy and diversity of indi-
vidual ensemble members. However, iBEEDRATE, our goal
is to minimizeensemble erroby increasing diversity. At no
point does the training accuracy of the ensemble go below



Table 1: DECORATEVS J48

Dataset [ 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anneal 75.2972.49 78.1475.31 85.2482.08 92.2689.28 96.4895.57 97.3696.47 97.7397.3  98.1697.93  98.39/98.35  98.71/98.55
audio 16.66/16.66 ~ 23.73/23.07  41.72/41.1755.4251.67 64.0960.59 67.6264.84 70.4668.11 72.8270.77 77.8975.15 82.177.22
autos 24.33/24.33 29.6/29.01 36.7334.37  42.89/41.22 52.2/50.53 59.8653.92 64.7759.68  68.665.24 78/73.15 83.6481.72
breast-w 92.3874.73 94.1287.34 95.0889.42 95.6492.21 95.5593.09 95.9193.36 96.293.85 96.0194.24 96.2894.65 96.3195.01
credit-a 71.78/69.54  74.83/7.46 80.61/81.57 83.09/82.35 84.38/84.29  84.68/84.585.2284.41 85.5784.78  85.61/85.43  85.93/85.57
Glass 31.69/31.69 35.8632.96 44.538.34 55.446.62 61.7754.16 66.0160.63 68.0761.38 68.85963.69 72.7367.53 72.7767.77
heart-c 58.6649.57 65.1158.03 73.5867.71 75.0570.15 77.6673.44 78.3474.61 79.0974.78 79.4875.62 78.7476.7  78.4877.17
hepatitis 52.33/52.33 71.9965.93 76.5972.75 78.85/78.25  80.28/78.61 81.1478.63 81.5379.35 81.6879.57 82.3779.04 82.4379.22
colic 59.8552.85 68.1965.31  74.91/74.37  78.45/79.94  81.81/82.71  82.47/83.41  82.74/83.55 8486/ 83.9385.18 85.24/85.16
iris 33.33/33.33 50.8733.33 80.6759.33 91.2784.33 93.0791.33  94.492.73 95.0793 94.07/93.33  94.67/94.07  94.93/94.73
labor 54.27/54.27  54.27/54.27 67.7158.93  71.4764.77  78.670.07 81.6773.7  85.6775.17 84.275.8 87.5377.4 89.578.8
lymph 48.39/48.39 53.4946.64 65.7360.39 72.7968.21 74.5770.79 78.8473.58 78.3774.53 78.3173.34 78.0675.63 78.7476.06
segment 67.9452.43 80.7973.26 89.5285.41 92.8789.34 94.9992.22 95.8293.37 96.5494.34 96.9394.77 97.5695.94 98.0296.79
soybean 19.3713.69 32.1222.32 55.5542.94 73.5159.04 84.6374.49 88.5281.59 90.3784.78 91.3586.89 92.8989.44 93.8191.76
splice 63.4859.92  67.5648.69 77.34/77.49  82.62/82.58 88.287.98 90.46/90.44  91.82/91.77 92.5/92.4 93.41/93.47 991
Win/Draw/Loss 15/0/0 13/0/2 13/0/2 14/0/1 14/0/1 14/0/1 14/0/1 14/0/1 13/0/2 14/0/1
Sig. W/D/L 7/8/0 10/3/2 11/4/0 10/5/0 11/4/0 12/3/0 13/2/0 12/2/1 10/4/1 10/4/1
GM error ratio 0.858 0.8649 0.8116 0.8098 0.8269 0.8103 0.7983 0.8305 0.8317 0.8293

Table 2: DECORATEVS Bagging

Dataset [ 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anneal 75.29/74.57 78.1476.42 85.2482.88 92.2689.87 96.4895.67 97.3696.89 97.7397.34 98.1697.78  98.39/98.53  98.71/98.83
audio 16.6612.98  23.73/23.68 41.7238.55 55.4251.34 64.0961.76 67.62/66.9 70.46/70.29  72.82/73.07 77.8/77.3282.180.71
autos 24.3322.16 29.6/28 36.73/35.88  42.89/44.65 52.2/54.32 59.86/59.67 64.77/65.6 68.6/69.88 78/77.97 83.64/83.12
breast-w 92.3876.74 94.1288.07 95.0890.88 95.6493.41 95.5594.42 95.9194.95 96.294.95 96.0195.55  96.28/96.07 96.31/96.3
credit-a 71.78/69.54  74.837.99 80.6182.58  83.09/83.9 84.385.13 84.6885.78 85.22/85.59 85.57/85.64 85.86.12 85.93/85.96
Glass 31.6924.85 35.8631.47 44.540.87 55.449.6 61.7758.9  66.0164.35 68.07/66.3 68.85/68.44 72.73/72 728787
heart-c 58.6650.56  65.1155.67 73.5868.77 75.0973.17 77.6676.12 78.34/77.9 79.09/78.44  79.46/79.11  78.74/79.05  78.48/78.68
hepatitis 52.33/52.33 72.1463.18 76.8/75.2 79.48/78.64 80.7/80.42 81.81/81.07  81.65/81.88.1981.06 82.9980.87  82.62/81.34
colic 58.3753.14 66.5863.83  75.85/76.44  79.54/80.06 818304 82.4783.58 83.0283.98  83.1B4.47 84.0285.4  84.69/85.34

iris 33.33/33.33 50.2733.33 80.6760.47 91.5381.4 93.290.67 94.292.33  94.7392.87 94.493.6 94.53/94.47  94.67/94.73
labor 54.27/54.27  54.27/54.27 67.6356.27  70.2365.9  79.7774.97 83/75.67 84.1776.27  83.4378.6  89.7380.83 89.7385.87
lymph 48.39/48.39 53.6247.11 65.0660.12 71.2/69.68 76.7473.6  78.8476.58  78.17/77.68 78.9976.98  79.1476.8 79.08/77.97
segment 67.0355.88 81.1676.36 89.6187.42 92.8391.01 94.8893.4  95.9494.65 96.4795.26 96.9395.82 97.5896.78 98.0397.41
soybean 19.5714.56  32.424.58 55.3647.46 73.0865.45 85.1479.29 88.2785.05 90.2287.89 91.489.22 92.7591.56 93.8992.71
splice 62.77/62.52 67.82.36 77.3780.5 82.5585.44 88.2489.5 90.4791.44 91.8402.4 92.41P93.07 93.44P4.06 93.9204.53
Win/Draw/Loss 15/0/0 13/0/2 12/0/3 11/0/4 11/0/4 12/0/3 11/0/4 10/0/5 10/0/5 8/0/7
Sig. W/D/L 8/7/0 10/3/2 10/3/2 9/5/1 10/2/3 8/4/3 6/712 8/5/2 5/7/3 4/9/2

GM error ratio 0.8727 0.8785 0.8552 0.8655 0.8995 0.9036 0.8979 0.9214 0.9312 0.9570

that of the base classifier; however, this is a possibility with6  Future Work and Conclusion
previous methods. Furthermore, none of the previous stud- . . . .
ies compared their methods with the standard ensemble aff OUr current approach, we are encouraging diversity using

; ; rtificial training examples. However, in many domains, a
prosches such as Boosing and Baggiapz and Shavik, LU0 [SIIOD BATRCS, Moveyer [ e ot &

] ) ) exploit these unlabeled examples and label them as diversity
Compared to boosting, which requires a *weak” basejata. This would allow BCORATEto act as a form oéemi-
learner that does not completely fit the training data (boostingypervised learninghat exploits both labeled and unlabeled
terminates once it constructs a hypothesis with zero trainingata[Nigamet al., 200d.
error), DECORATErequires a strong learner, otherwise the ar-  oyr current study has used J48 as a base learner; how-
tificial diversity training data may prevent it from adequately ever, we would expect similarly good results with other base
fitting the real data. When applying boosting to strong basgearners. Decision-tree induction has been the most com-
learners, they must first be appropriately weakened in ordefonly used base learner in other ensemble studies, but there
to benefit from boosting. Therefore, HOORATE may be & a5 peen some work using neural networks and naive Bayes
preferable ensemble meta-learner for strong learners. [Bauer and Kohavi, 1999: Opitz and Maclin, 199&xper-
To our knowledge, the only other ensemble approach to utiiments on “DECORATING” other learners is another area for
lize artificial training data is the active learning method intro-future work.
duced in[Cohnet al., 1994. The goal of the committee here By manipulating artificial training examples,ERORATE
is to select good new training examples rather than to improves able to use a strong base learner to produce an effective,
accuracy using the existing training data. Also, the labels ofliverse ensemble. Experimental results demonstrate that the
the artificial examples are selected to produce hypotheses thapproach is particularly effective at producing highly accurate
more faithfully represent the entire version space rather thaansembles when training data is limited, outperforming both
to produce diversity. Cohn’s approach labels artificial data eibagging and boosting low on the learning curve. The empir-
ther all positive or all negative to encourage, respectively, thécal success of BCORATE raises the issue of developing a
learning of more general or more specific hypotheses. sound theoretical understanding of its effectiveness. In gen-



Table 3: DECORATEVS AdaBoost

Dataset [ 1% 2% 5% 10% 20% 30% 40% 50% 75% 100%
anneal 75.2973.02  78.14/77.12 85.287/.51 92.26P4.16 96.4897.13 97.3687.95 97.7308.54  98.1688.8  98.3909.23 98.7189.68
audio 16.66/16.66 ~ 23.73/23.41 41.7240.24  55.4252.7 64.09/64.15  67.62/68.91  70.48/07 72.82I5.92 77.881.74 82.184.52
autos 24.33/24.33 29.6/29.71 36.73/34.2 42.89/43.28 58.28 59.8662.2  64.7769.14  68.6/712.03 78/80.28 83.6485.28
breast-w 92.3874.73 94.1287.84 95.0891.15 95.6493.75 95.5594.85 95.91/95.72 96.2/95.84 96.01/95.87 96.28/96.3 96.31/96.47
credit-a 71.7868.8 74.83/75.3 80.61/79.68 83.0981.14 84.3883.04 84.68/84.22 85.2284.13 85.5784.58 85.61/84.93  85.93/85.42
Glass 31.69/31.69 35.8632.93 44.540.71 55.449.78  61.7758.03  66.01/64.33  68.07/66.93  68.85/68.69 7Z4F9 72.776.06
heart-c 58.6649.57 65.1158.65 73.5570.71  75.0572.5 77.66/76.65  78.34/78.26  79.09/78.96  79.46/79.55  78.74/79.06  78.48/79.22
hepatitis 52.33/52.33 72.1465.93  76.873.01  79.4876.95 80.7/79.44 81.8179.22 81.65/81.27  83.19/82.63  82.99/83.24  82.62/82.71
colic 58.3752.85  66.58/67.18 75.8972.85 79.5477.17 81.3379.36 82.4779.24 83.0279.51 83.180.22 84.0280.59 84.6981.93

iris 33.33/33.33 50.2733.33 80.6766.2 91.5384.53  93.290.73 94.293 94.7393.33  94.493.53 94.53/94.2 94.67/94.2
labor 54.27/54.27  54.27/54.27 67.6358.93  70.2365.1 79.7773.2 83/76.9 84.1779.57 83.4380.1  89.7384.07 89.7386.37
lymph 48.39/48.39 53.6246.64 65.0660.54 71.2/69.57 76.7474.16  78.84/78.62  78.190.35 78.99/79.88  79.180.96 79.0881.75
segment 67.0360.22 81.1877.38  89.6188.5 92.83/92.71  94.88/95.01  95.94/96.03 9®8H  96.9307.23 97.5808 98.0398.34
soybean 19.5714.26  32.423.36  55.3649.37 73.0669.49  85.14/85.01  88.27/88.37  90.22/90.04 91.4/90.89 92.75/92.98.8992.88
splice 62.7765.11 67.873.9 77.3782.22  82.5586.13 88.24/88.27  90.47/89.82 91.8490.8  92.4190.78 93.4492.63  93.92/93.59
Win/Draw/Loss 14/0/1 11/0/4 13/0/2 12/0/3 10/0/5 10/0/5 10/0/5 9/0/6 6/0/9 6/0/9
Sig. W/D/L 71711 8/6/1 11/2/2 10/3/2 71612 4/9/2 5/5/5 5/6/4 3/6/6 3/6/6

GM error ratio 0.8812 0.8937 0.8829 0.9104 0.9407 0.9598 0.9908 0.9957 1.0377 1.0964

eral, the idea of using artificial or unlabeled examples to aidKrogh and Vedelsby, 1995A. Krogh and J. Vedelsby. Neu-
the construction of effective ensembles seems to be a promis- ral network ensembles, cross validation and active learn-

ing approach worthy of further study. ing. In Advances in Neural Information Processing Sys-
tems 71995.
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