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Do we Need Hundreds of Classifiers to Solve Real World
Classification Problems?
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Editor: Russ Greiner

Abstract

We evaluate 179 classiflers ariszing from 17 families (discriminant analysis, Bayesian,
neural networks, support vector machines, decsion trees, rule-based classifiers, boosting,
bapging, stacking, random forests and other ensembles, peneralized lnear models, nearest-
neighbors, pantial least squares and principal component regression, logistic and multino-
mial regression, multiple adaptive regression splines and other methods), implemented in
Weka, R (with and without the caret package), C and Matlab, including all the relevant
classiflers available today. We use 121 data sets, which ropresent the whole UCT data
base (excluding the larpe-scale problems) and other own real problems, in order to achieve
signifieant conclusions about the elassifler behavior, not dependent on the data set eol-
lection. The classiflers most likely to be the bests are the random forest [[F)
versions, the best of which (implemented in R and aceessed via caret) achieves 04.1% of
the maximum acturacy overcoming B0% in the 84.3% of the data sets. However, the dif-
forenes is not statistieally significant with the second best, the SVM with Gaussian kernel
implemented in C using LibS&VM, which achieves 92.3% of the maximum accuracy. A few
models are clearly better than the remaining ones: random forest, SVM with Ganssian
and polynomial kernels, extreme learning machine with Gaussian kernel, C5.0 and avNNet
(a committee of multi-layer perceptrons implemented in R with the caret package). The
random forest is clearly the best family of elassiflers (2 oot of 5 bests classiflors are RF),
followed by SWM (4 elassifiers in the top-10), neural networks and boosting ensembles (5
and 3 members in the top-20, respectively).

Keywords: classification, UCH data base, random forest, suppaort vector machine, neural
networks, decision trees, ensembles, rule-based classiflors, discriminant analysis, Bayesian
classiflers, peneralized linear models, partial least squares and principal component re-
gression, multiple adaptive regression splines, nearest-neighbors, logistic and multinomial
regression
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%0332% Original Data Bagging Training
.O.. Input: [ (a base inducer), T (the number of iterations), S (the original
[ I I ] training set), ¢ (the sample size).
000009 00000 00000 1 t«1
00000 | 00000 00000 U™ .
3:  S; « a sample of p instances from S with replacement.
(o] m m Aggregating 4:  Construct classifier M; using I, with S; as the training set
' ' 5 tet+1
seetig 6 untilt > T
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AdaBoost Training
Input: I (a weak inducer), T (the number of iterations), and S (a training
set).
Model 1,2,..., N are individual models (e.g. decision tree) Output: A It. .O’tit m T i Al
1: t 1
22 Dy(i) ¢ 1/m;i=1,....m
3: repeat
4:  Build Classifier M; using I and distribution D
3t Et Z Dt (I)
M, (z,)Fy,
weakness 6: if &1 > 0.5 then
7: T+t-1
8: exit Loop.
Ensemble(with all its predecessors) 9: end if
100 o« iln (%‘&

Source: Google

11: Dy (i) = Dy (2) - e~y M (z,)

122 Normalize D;+ to be a proper distribution.
13: t—t+1

14: untilt > T
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Training dataset 33 5ha ieds Lo vk
93 b3 Vel d3g =1
ad b4 4 d4 1 >
s bS s ds 2 Input: /DT (a decision tree inducer), T' (the number of iterations), S (the
/7 \ training set), p (the subsample size), and N (the number of attributes
X | ¥ used in each node).
Bootsi gt eal e |5 b1 o1 di 1 a2 b2 2 Output: M;:t=1.....T
sl 2 @ d 2 b3 3 d3 1 e omes a3 b3 1 e K e |
as ¢ d5 2 b4 ¢4 d4 1 as bs 2

1:
2: repeat

3: S; + Sample p instances from S with replacement.
4:  Build classifier My using IDT(N) on S;
5

6

Ensemble 9\0 /O\
of trees z L+ +
3 b\d bld b/ cuntilt > T

Aggregation  Majority decision |
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Gradient Boosting Machines ( jiq

GBM Training

Input: A base regression algorithm - I, number of iterations 7', the training
set, S = {(zi.yi)}'%,, and a differentiable loss function L(y, F(z))

1: Initialize model with a constant value: Fy(z) = argminy_;_; L(y;,7)
Y

2::7 € 1

3: repeat

43  Bort=I1;u::, m, compute pseudo-residuals:

rij = — [d_l‘%""‘.(_}%‘.‘;"_u] ] ‘
26 F(z)=F;.1(x)
5. Construct regression model h; using I using the training set
{(@i,rij) FiZa
6:  Find multiplier 7; by performing line search on the following one-
dimensional optimization problem:
Vi = argﬂminzzil L (yi, Fj—1(xi) + vhj(zi)).
Update the model: Fj(x) = Fj—i(x) + yjhj(x).
8 J+<3j+1
cuntil j > T
10: Output Fys(x)
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Rotation Forest
(Rodriguez et al., 2006)
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Rotatlon Forest  juq

Rotation Forest

Input: I (a base inducer), S (the original training set), 7" (number of
iterations), and K (number of subsets).

1: fori=1to T do
2. Split the feature set into K subsets: F;; (for j=1..K)
3 forj=1to K do
4: Let S; ; be the data set S for the for the features in F; ;
5: Eliminate from S; ; a random subset of classes
6: Select a hootstrap sample from S; ; of size 75% of the number of
objects in S; j. Denote the new set by S;_J-

7: Apply PCA on S; ; to obtain the coefficients in a matrix C; j
8:  end for
9:  Arrange the Cj j, for j = 1 to K in a rotation matrix R; as in the

equation:

a{),a®, ... .aM [0] [0]
R — (0] AP [0]
0] [0] -5 S

10:  Construct RY by rearranging the columns of R; so as to match the

order of features in F
11: end for gl S S99 tlgimo Sulgs
12: Build classifier M; using (SR{, X) as the training set daychegroup @
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