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Abstract The simplest committee used for classification iswbe
ing committee The decision module of a voting committee

We explore some new types of committees in search osimply counts the votes for each class according to the rule
hybrid models successful in many different classification that each member has a single unit vote. The voting com-
benchmarks. To provide a reliable comparison of the en- mittee winner class for given vectaris computed as
sembles we restrict the task to some constant configuration
of committee members for each benchmark. We were look-
ing for new types of committees which, in such configura-
tion, would be as much accurate and stable as possible.
The paper focuses on some ideas of heterogenous commitvhere N is the committee members courf;(x) is the
tees with different ways of their members competence esticlass label predicted for instangeby j-th member, and,
mation. Heterogenous committee members adapt in differ-is the truth value of expressiar(1 for true and for false).
ent ways and are able to solve different problems. Measur-  The most commonly used alternative to plain voting is
ing the competence of committee members helps in makingheweighting of probabilitiescheme, where the probability
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competent and accurate decisions. that given vectox belongs to the-th class
1 N
_ pU(ilx) = = > plilx, Fy). 3)
1. Introduction N=

_ ) ) Here p(i|x, F;) defines the probability that vectot is
In general, adaptive models are combined into ensem-¢|assified toi-th class byj-th committee member. If for
bles (committees) to overcome some disadvantages of thgyiven model type of the committee member the probability
base algorithms. For example we can not solve a multiclass), ;| x_ F;) is not defined directly, it may be approximated in
problem with a single model of binary linear discrimination seyveral ways (for example by softmax [1] of submodel out-
(or other binary classifiers). In such cases committees ofpts or in the worst case by binary decision—if all members
linear models are usually constructed to solve the problemgpproximate probabilities by binary decisions the weight-
(for example, such committee may contain one linear modeling scheme is equivalent to the voting scheme). The winner

per class or one linear model per class pair—see [8, 10]¢|ass is simply defined as the most probable class:
for more). Research presented in this paper aims at build-

ing such committees for supervised learning problems that W(x) = arg max p“(i|x). 4)
maximize classification accuracy and stability. =hem
Let the training data set for a classification task be de-  The committees consisting of models of different types
fined as are calledheterogenous committee€ommittee members
S={(xi,c(x;)) :i=1,...,n}. (1) may also (or instead) differ in instances distribution uged
learning. Some examples of such committees are bootstrap
Each pair(x;,c(x;)) represents a single data vector (in- aggregation [4] or boosting algorithms [9, 21]. Typically
stance)x; and its corresponding class lalgk;). Without such committees were constructed from popular decision
loss of generality we may assume that the class labels ardrees like C 4.5 [20] or CART [5]. Training data presented
integers from to m. to the committee members may be (re-)constructed by the



committee in several other ways. For example committee  Another way is a generalization of the weighting com-

members may learn on (different) subsets of attributes (us-mittee (3):

ing several feature selection algorithms). N .
Other types of committees—stacking and grading— > =1 O(F;, x)p(ilx, Fj)

were _presenteq in [25, 23, 3, 26] and [22]._ In the plac_:e S Z;V:l C(F;,x)p(clx, F})

of voting or weighting schemes these committees combine

models via stacking. After submodels’ learning the deci- Assuming equal competence of each model regardless the

sion module uses a meta-level learning to determine wherevalue ofx, we get the special case of (3). The committee

the submodels perform well and where they make mistakesdecision for data vectat is

using validation parts of data. Such knowledge is used to

make the final decision of the committee. To approximate

model certainty a linear regression [25, 23] or meta-denisi

trees [26] may be used. Other combining schemes were pro-

(6)

p&lilx) =

We(x) = arg_max_ pi(ilx). 7)
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Similarly, we may introduce a competence factor to the

posed in [14, 17]. voting committees (2):

Some preliminary results using another type of commit- N
tees with competence (computed in different way than those Vo(x) = arg _max Z C(Fj,%)1p,(x)=c-  (8)
presented in this paper) have already been investigated in e T

our group [7].
group 7] For most algorithms, it is difficult (or even impossible)

. . to define their competence on the basis of the information
2. Heterogenous committees with competence  from the dataset and the learning process (because of the
bias-variance dilemma [1, 8]). Even if it is possible for

Homo- or Heterogenous committees”Some kinds of  some algorithms then it may be difficult to compare differ-
committees are dedicated to homogenous environments, foent measures obtained in different ways.
example boosting committees. Many others use heteroge- CV-committees and competence estimationlt seems
nous base models (the majority of voting committees andthat a reasonable solution to this problem is the cross-
weighting committees). The advantage of heterogenousvalidation committee approach (CV where CV-members are
models is that such committees may be more resistant totreated as voting committee members). The CV-committees
some data-derived traps, while using homogenous system ityere successfully used by us in [13].
may be very difficult to obtain an interesting result even us-  The idea is to estimate the competence of given learning
ing very many submodels. This is caused by better or worsealgorithm by running a CV test (computing the average per-
ability of the chosen classification algorithm to adapt ® th  formance on the validation parts of the data). At the same
particular problem (see section 3). If a committee is able time the models trained in the CV process may be used as a
to check which models are adequate (competent) to givenyoting or weighting committee composing a new classifica-
dataset and to use this information in the decision module,tion model. Another advantage of using CV-committee oc-
then such committee may take more suitable decisions. Incurs when a given model parameters values may lead to dif-
the case of homogenous committees, when the base modékrent results when training on datasets of different sige—
is not adequate for given dataset, it may be very hard orsuch case it is much safer to used the CV models trained on
even impossible to obtain results similar to a single model a subset of the whole data, but already validated than to
but more eligible for the task. Selection of the types of train a model on the whole dataset (larger sample) but with
base models for heterogenous committees should not be agqo validation.
cidental. Such models should cover possibly huge spectrum  Please notice that in our approach to the committees with
of different kinds of models, and as a consequence a hugesompetence analysis of the members, the single adaptive
spectrum of datasets (section 3 confirms the advantages ofnodels are replaced by CV-committees yielding commit-
such diversity). tees of CV-committees.

Decisions reflecting competencdf we are able to esti- Global competence. The validation obtained directly
mate the competendg(F, x) of a decision taken by given  from a CV-committee is a good measure of the overall com-
modelF for given data vectox as a real number (usually in - petence of such models. It means that we get a compe-
the[0, 1] interval) then we may reflectitin the final decision tence factor independent of the data vector being classified

of the committee in a number of ways. The competence measures which reflect general suitability
One of the possibilities is theinner take allstrategy, of the submodels for given task and are caligmbal.
which given a vectok makes the classification decision In the case of using CV-committees as a committee

members, denoting by (F;) the average classification ac-

WTAc(x) = Fi(x), i =arg TN C(Fj,x). (5) curacy of thej-th CV-committeeF; on the validation parts

Jj=1,..,



of the data, we get a simple definition of the global compe-  The classification accuracy of theth base model of the
tence: committee in the neighborhood of a potatmay be calcu-
Ca(Fy,x) = V(F). 9) lated by checking the answers of the appropriate members
of the CV-committee. For a given neighboring vectothe

Local competence.An alternative approach to measur- appropriate member is meant as the one which did not see
ing the competence of committee members is to pay muchv in its learning process. This leads to the definition of
attention to the reliability of base models’ decisions in a
vicinity of the classified object. This way we get sofoe CSV (Fj,x) = 1 Z 1 g (v)=e(v)- (12)
cal measures of model competence. | Nx| ’

The simplest way to define a local competence is to
check the classification accuracy in the neighborhood of Wherek is the index of the submodel of CV-committég,
vectorx. Because usually we have a finite set of training Which did not train orv (the submodel is denoted &y".
vectors, we need to estimate such accuracy on the basis of In this way the competence is validated and should be
the training data—we can just check how precisely the pre-more trustful, although the fact that for a given neighbor we
dicted class labels correspond to the original class labelsestimate the accuracy on the basis of just one submodel of
c(v) (Fj(v) = c(v)) for a set of nearest neighbors =f the CV-committee while classification is performed by vot-
So, the local competence pith model in a committee may  ing of all the members, may bring a suspicion that this es-
be defined by: timation is overpessimistic. Taking to the account, that th
competence should correspond to the accuracy on unseen
data, rejects the suspicion.

Note that as the previous measur€$,” (F};,x) can be
computed on the basis of the correctness of classification
where Ny is a set of neighbors af and|Ny| is the num- of a f(_ew points from the origina_l training data (dataset L_Jsed
ber of its elements.N,, may be determined as the set of to train j-th CV-committee). This means that computation-

k vectors nearest to the instangeor may contain all the ally is not more expensive than learning of CV-committee
vectors inside a small hypersphere arowndVy = {w : because the validated accuracies for all the training vecto

Ix — w|| < r}. may be easily determined just after the learning phase of
Local weighted competenceA modification of the lo- the CV-committee. The only additional effort is, again, the

cal competence (10) to adjust it to the distances betweersearch for nearest neighbors of the vector to be classified.

the analyzed vector and its neighbors yields a measure of _ -0cal weighted competence with CV-committeeln a
local weighted competence similar way to the above local competence which uses CV-

committee the distance-weighted version of the competence

vENx

1
Cr(Fj,x) = A > 1k w)=cv); (10)
Xl veN,

1 1r (v)=c(v can be defined:
Crw (Fj,x) = Yy L= (1)
| Nx| 1+ |x— vl 1 1k (o) — ey
VENx cv F(v)=c(v)
It is important that using the two indices of local com- VENx

petence in committees does not require any learning in ad- Global and local competence in one systemGlobal

dition to that of the committee members (just like in the 5,504 competence are not mutually exclusive—they may
case of voting or weighting committees). However, SOme po \,saq together in a single committee. It is enough to

adgitional com_putations are requjrgd to determipg thefset o see, that any product of different competence measures may
nelghpors of given vector when it is to be classified by the be used as a new competence measure in all three voting
committee. schemes, we analyze here: the winner takes all (5), weight-

Local competence with CV-committee The local com- jnq with competence (7) and voting with competence (8).
petence measures (10) and (11) may be overoptimistic, be- This way we may create for example the following com-
cause they rely on the decisions of the trained models on thepetence combinations:

data they used for training. As a consequence, the models
which overfit the data (like 1 Nearest Neighbor, which is e local and global competence:
always maximally accurate on the training data, but usually
not too good in tests on unseen data) are regarded as most Carr(F,x) = Co(F,x) CL(F,x),  (14)
competent.
When CV-committees are used as a committee neigh- e local weighted and global competence:
bors, one can think of another way to calculate local com-
petence to avoid the overestimation. Coyrw (F,x) = Ca(F,x) Cow(F,x),  (15)
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Figure 1. Scheme of possible committee configurations.

¢ local and global competence for CV-committees: committees of single base models—the results of the sin-
gle models are presented in the first five-column block of
C&Y L (F,x) = Cq(F,x) CYV(F,x), (16) the table. The other two groups use CV-committees of the

base models instead of single models. The rightmost group
e local weighted and global competence for Cv- containsfive committees which take advantage of the global
committees: competence measure (9).
Benchmark tests were performed on datasets from the
chLW(F, x) = Cg(F,x) CLCVY/(F, x). (17) UCI machine learning repository [18]. Tests were com-
puted on 17 datasets (australian credit, balance scale, ger
man numeric, glass, cleveland «heart» disease, image, iono
sphere, chess «kr-vs-kp», Ljubljana breast cancer, liver
disorders, pima indian diabetes, sonar, tic-tac-toengoti
Using the concepts presented above we could test quiterecords, vowel, waveform and wine) which differ signif-
large number of different committee configurations. The icantly in number of features and instances. Each model
scheme of all the combinations is presented in figure 1.was tested using 10 repetitions of 10-fold cross-validagtio
Please notice that using single models as committee memand averaged accuracies are presented in table 1. For each
bers excludes using{" andC{}; local competence mea-  benchmark, the best result is labelled with an asterisk, and
sures, however using CV-committees allows each of the 5other results which do not significantly differ from the best
possibilities regarding local competence. Thus we could one are typeset inold font. Significantly worse results are
build 48 different committees according to this scheme, not typed in bold. To compute statistical significance the
however some of them would not make much sense (al-paired t-test was used with confidence level of 95%.
though technically feasible), for example the winner takes  The row labeled “#best” in table 1 shows how many
all technique with no competence measure. times given model was the best or statistically insignifi-
To make this discussion readable (also because of thecantly different. The row “#g-best” presents the sums of
space limit) we analyze 15 different committees configura- “#best” for the groups of models.
tions (most interesting from the point of view of this work). It can be seen that the inner diversity heterogeneous
Each committee was composed of heterogenous membercommittees results in the ability to deal with different
As the base models we have chosen algorithms characterbenchmarks—nearly always at least one of base models per-
ized by different inner structure, different learning s#ra  form as good as the best model, composing a good base for
gies and as a consequence different properties of usabilitythe committees which take competence into account (com-
The parameters of each algorithm were the same for all thepare with [16]).
benchmarks. The committee members were: the k nearest An important observation is that introducing local and
neighbors (kNN) algorithm [6] witht = 5, Separability =~ global competence increases the numbers of the best or in-
of Split Value decision tree [11, 12], Naive Bayes classifier significantly different models—see the rows “#g-best” and
[19] and two kinds of Support Vector Machines [24, 2, 15]: “#best”. The “#best” counter of the voting committees
with Gaussian kernels (dispersion = 0.1 and C = 10) andis 9 while the best committees were 14 times at the top.
with linear kernels (C = 1). Each committee was com- Whereas the best base model were at the top only 5 times,
posed of the five base models mentioned above or of fiveand Naive Bayes was the winner just one time. Commit-
CV-committees (each using one of the five base algorithmstees using’S}, andCSY, , are nearly never significantly
as the type of its members). The CV-committees used 10-worse than the best model for given test dataset. The most
fold cross-validation (had 10 members). The neighborhoodunsuccessful committees were defined by WTA scheme, so
of a vector (for the purpose of competence evaluation) waswe suggest using weighting instead.
defined as 5 nearest neighbors. As opposed to stacking models the committees with
The 15 committees are organized in three groups (seecompetence do not use additional (meta level) learning
table 1). The first group of committees consists of five while the performance is not decreased—the best commit-

3. Results
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Model H Base models H Committees of base models H Committees of CV-committees of base algorithms ‘
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Dataset || 2 |8 | 3 | S| F | < | 2|8 |8 |« ||| || & || |E
H Averaged accuracies ‘

Australiam || 83.9 | 853 | 80.0 | 83.2 | 852 || 852 | 852 |83.1|852| 850 || 853 | 854 | 84.3| 856 | 855 || 854 | 856 | 853 | 856* | 856
Balance 82.2 | 78.6| 90.6 | 88.6 | 84.5 || 89.4 | 90.6| 82.9| 90.5| 90.4 || 89.7| 90.7 | 86.9| 90.4 | 90.5 || 94.4* | 90.7 | 88.9| 90.6 | 90.6
German 721 | 723 | 728 | 72.7 | 765 76.0 | 76.7 | 72.3 | 75.7 | 757 759 | 76.6 | 73.2| 76.6 76.5 75.8 | 76.7 | 74.0| 76.6 | 76.6
Glass 66.5 | 69.2| 475 | 625 | 37.1 62.7 | 69.8| 706 | 714 | 715 64.7| 699 | 713 | 725 | 724 685 | 701 | 70.3| 721 | 721
Heart 81.7 | 77.4| 836* | 78.8 | 831 826 | 827 | 77.7| 822 | 822 825 | 827 | 80.7| 824 82.3 82.6 826 | 80.9| 825 | 828
Image 946 | 95.8| 79.8 | 949 | 85.6 953 | 96.9| 96.3 | 97.3 | 97.3* 95.0| 96.8 | 96.3| 96.9 96.9 96.3 | 96.8 | 95.8| 970 | 971
lonosphere || 84.0 | 87.3 | 825 | 947 | 86.9 || 92.9 | 93.0| 91.6 | 93.3| 93.3 || 92.8| 93.0 | 90.5| 93.2 | 93.6 || 925 | 93.1 | 943 | 935 | 93.4
Kr-vs-kp 94.0 | 98.5| 87.9 | 99.5* | 94.9 98.8 | 99.2| 96.0 | 994 | 994 98.8| 99.2 | 97.1| 995 99.4 98.8 | 993 | 994 | 994 | 99.4
L.breast 703 | 720 | 71.0 | 71.7 | 71.0 || 742* | 732 | 728 | 72.4| 727 741 | 733 | 715 | 726 72.8 73.9 728 | 717 | 728 | 729
Liver 61.1 | 66.8| 56.1 | 710 68.7 706 | 711 | 645 | 710 | 711 706 | 710 | 67.0| 704 | 713" 70.8 712 | 686 | 71.0 | 71.0
Pima 739 | 734 | 755 | 751 | 769 766 | 76.7 | 73.6 | 75.8| 75.7 || 76.7 | 76.8 | 74.3| 765 76.7 769 | 77.0 | 75.2| 765 | 765
Sonar 820 | 743 | 678 | 783 | 73.8 812 | 813 | 823 | 826 | 829 817 | 828 | 815 | 835 | 831 81.8 821 | 824 | 826 | 825
TicTacToe 843 | 95.6 | 69.5 | 984* | 65.3 879 | 89.3| 84.3| 90.3| 90.3 || 879| 89.8 | 84.0| 91.0 | 90.9 879 | 96.1 | 983 | 96.5 | 96.4
Vote 94.0 | 950 | 90.4 | 958 | 96.1* 958 | 957 | 94.3| 96.0 | 96.0 95.8 | 957 | 94.7| 958 95.7 95.7 958 | 954 | 959 | 96.0
Vowel 87.4* | 85.8| 79.2 | 79.0 | 40.2 816 | 851|870 | 86.4| 86.3 || 83.7| 850 | 865 | 86.1 | 86.2 85.8 | 856 | 869 | 866 | 865
Waveform 815 | 77.3| 809 | 82.0 | 78.8 83.9 | 849 | 81.3| 846 | 846 84.1| 85.2* | 81.7| 85.0 85.0 843 | 8.0 | 82.1| 848 | 848
Wine 97.1 | 89.7| 97.2 | 97.7 | 96.2 98.0 | 985 | 96.9| 985 | 985 98.7 | 99.0* | 96.9| 989 98.8 98.6 99.0 | 97.0| 98.8 | 98.9
‘ H Best or statistically insignificantly different ‘
(et || 2 | 3] 1 | 5 | 5] o | 0] 4 |nu|w] o] |5 ]| m] o |5:]] 14]u]
Crgbest || 5 H e H = H 59 |

'V — voting committee (2)W — weighting committee (4)W ¢ — weighting committee with competence (¥ TA ¢ — winner takes all with competence (5)

Cp, — local competence (1081w — local weighting competence (11)

CEV — local competence for CV-commitees (1£)GY, — local weighting competence for CV-commitees (13)

Cg — global competence (9E8XL — global and local competence for CV-commitees (Iﬁg

A\
+LW

— global and local weighting competence for CV-commiteed (1




tees with competence are nearly always the best (up to

statistical significance), similar behavior was observed b
Zenko et. al. [26].

The results of [26] show that if the accuracy of C4.5 is
significantly worse than for example kNN or Naive Bayes
then boosting or bagging with C4.5 does not help to in-

crease the accuracy sufficiently and such models do not

win with some single models like kNN or Naive Bayes.
This can be seen as a trap of homogenous committees
while heterogenous ensembles may be successful in a huge

spectrum of benchmarks, thanks to the different and self- [11

complementary nature of the base models.

4. Conclusions

(8]
(9]

[10]

[12]

The heterogenous committees augmented by compe-

tence analysis in local and global versions become more ac13

curate and stable. Such ensembles perform successfully for
a wide range of different problems.

It was shown that single models, even the best ones,

were not so accurate as presented committees and that the
best committees significantly outperform the plain voting o
weighting committees.

Comparing to stacking or grading committees, the com-
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