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Abstract—The Oracle model has been used not only for
comparison between techniques but also in the design of different
methods in Multiple Classifier Systems (MCS). Even though the
model represents the ideal classifier selection scheme, Dynamic
Classifier Selection (DCS) techniques present a large performance
gap from the Oracle. This means that, for a significant number of
instances, the DCS techniques are not able to select a competent
classifier, despite the Oracles assurance of its presence in the
pool. Given that issue, this work aims to investigate the reasons
why the Oracle model may not be well suited for guiding the
search for a promising pool of classifiers for DCS techniques.
For this purpose, a pool generation method that guarantees an
Oracle accuracy rate of 100% in the training set is proposed.
This method is further used to analyse the behavior of DCS
techniques when the presence of at least one competent classifier
in the pool for each training sample is assured. Experiments show
that integrating Oracle information in the generation phase of
an MCS has little impact on the gap between the accuracy rates
of DCS techniques and the Oracle. Moreover, it is also shown
that, for a theoretical limit of 100%, the DCS techniques were
only able to select a competent classifier for at most 85% of the
instances, on average. Results suggest that the Oracle is not the
best guide for generating a pool of classifiers for DCS, for the
model is performed globally whilst DCS techniques work with
local data only.

I. I NTRODUCTION
The Oracle, defined in [1], is an abstract model in which,
for each test instance, the classifier that correctly labels it is
selected, if the pool contains such a classifier. The Oracle is
often regarded in the literature as a possible upper limit for
the performance of MCS, and for that reason, it is widely
used to compare performances of different fusion and selection
schemes [1], [2].
Moreover, the concept of the Oracle is used in different areas of MCS. For instance, it is quite related to the
construction of diverse pools. Diversity is the measure of
how complementary the classifiers in the pool are, so that a
pool that contains classifiers that make different mistakes in
different regions of the feature space is more diverse than a
pool with classifiers that always respond similarly. Intuitively,
a highly diverse pool of classifiers would have a high Oracle
accuracy rate [3], [4].
Another area in which the Oracle’s properties are explored is
Dynamic Selection (DS) techniques [5], which select specific
ensembles according to each query sample. For instance,

the K-Nearest-Oracles Eliminate (KNORA-E) and K-NearestOracles Union (KNORA-U) methods and their variants, introduced in [6], apply the concept of the Oracle directly by
selecting an ensemble formed by the classifiers, called the
k nearest Oracles, which correctly classify a given query
sample’s neighbors. On the other hand, the Random Linear
Oracle method [7] uses, instead of single classifiers in the
pool, mini ensembles with two classifiers and a random linear
function, the latter functioning as an Oracle that selects one
of the two classifiers to use for labeling each test instance
according to its relative position to the hyperplane.
For DCS techniques, in which only one classifier is selected
to label a query instance, the Oracle simulates the perfect
selection scheme by identifying the best expert for each
particular test sample. The Oracle accuracy rate is, therefore,
the theoretical limit for such techniques. That way, the model
can measure how close a DCS technique is from its maximum
performance and indicates whether there is still room for
improvements in classification accuracy. However, it has been
shown that there is a significant performance gap between DS
schemes and the Oracle [2], [6]. For instance, in [8], it was
shown the accuracy rate of the Oracle was almost 20 percentile
points greater than the accuracy of some DCS techniques, for a
pool of 100 Perceptrons generated using Bagging [9]. In other
words, the Oracle stated that, among those 100 classifiers,
there was at least one that could correctly classify these 20
percentile points of the query samples, but the DCS techniques
were not able to select any competent classifier in the pool for
these instances.
Based on that observation, the reasons why the Oracle can
display undesired behavior when used as a guide to generate
a pool of classifiers for DCS schemes are investigated in this
work. To that end, a supervised method for producing a pool
of classifiers that guarantees an Oracle accuracy rate of 100%
in the training set is proposed. That is, the proposed method
assures the presence of at least one competent classifier in
the pool for each training sample. The behavior of the DCS
techniques, when the theoretical limit for the training set is
maximum, is then analyzed, and based on that analysis the
relationship between the Oracle model and DCS techniques is
discussed.
Apart from guaranteeing an Oracle of 100% in the training
set, the proposed technique for generating a pool of classifiers

presents other advantages in comparison with classical ensemble methods such as Bagging, Random Subspace [10], and
Boosting [11]. It automatically defines the pool size according
to the training data, so it does not require the pool size to be
set beforehand as these methods do. Also, it uses a heuristic
to train the classifiers, which makes the training much faster
than in these methods.
This article is organized as follows. In Section II, the
proposed ensemble generation method used for the subsequent
analysis of the relationship between the Oracle and DCS
techniques is presented. Experiments are conducted in Section
III, and the results are evaluated and interpreted. Finally, in the
last section, experimental results are summarized, and future
researches are suggested.
II. T HE P ROPOSED M ETHOD
The proposed method is presented in Algorithm 1. It consists of generating hyperplanes iteratively in such a way that
each instance in the training set must be correctly classified
by at least one of the base classifiers in the pool, that is, the
Oracle for the training dataset is 100%. The base classifiers
chosen to produce such hyperplanes were Perceptrons, due
to their weakness. Using weak base classifiers can provide
more differences between the DS techniques [12], and hence
a better comparison between them. Therefore, the algorithm
itself discovers the amount of Perceptrons needed in the pool,
according to the training dataset. Furthermore, to speed up
the training process, we also proposed a heuristic to find the
Perceptrons’ weights without explicitly training them.
Algorithm 1 Pseudocode of the proposed method.
1: Γ ← {z1 , z2 , ..., zN } {Training dataset}
2: C ← {c1 , c2 , ..., c|C| } {Problem classes}
3: Pool ← {}
4: while Γ 6= {} do
5:
for j ← 1, |C| do
6:
R(j) ← centroid(cj ) {Centroid of class j}
7:
end for
8:
d ← max(pairwiseDistance(R)) {Maximum distance between centroids}
9:
a, b ← f indIndex(d)
10:
midP oint ← (R(a) + R(b))/2
11:
normal ← (R(a) − R(b))/d
12:
wp ← {normal} {Perceptron p weights}
13:
θp ← −midP oint · normal {Perceptron p bias}
14:
p ← perceptron(wp , θp )
15:
for i ← 1, N do
16:
if test(p, zi ) = label(zi ) then {Perceptron p classifies instance i correctly}
17:
Γ ← Γ − {zi } {Excludes instance i from dataset}
18:
end if
19:
end for
20:
Pool ← Pool ∪ {p} {Add Perceptron p to the Pool}
21: end while
22: return Pool

Figure 1a shows a training dataset with N = 350 instances
and |C| = 5 classes. The step-by-step execution of the algorithm for this example happens as follows. Steps 1 and 2 of
Algorithm 1 consist of assigning to Γ the entire training dataset
and to C the five classes of the problem ({1,2,3,4,5}). Step 4
assigns the Pool to an empty set.
In the first iteration of the algorithm’s outer loop, the
centroids of each of the five classes are calculated and stored
in the matrix R (steps 6 to 8). All five centroids are represented
by asterisks (*) in Figure 2a. Then, in steps 9 and 10, the two
most distant points in R are chosen, in this case R(3) and R(5),
and their classes a,b = 3,5 identified. In Figure 2a, Class 3 and
Class 5 centroids are the large asterisks. From step 11 to step
15, the weights wp and bias θp of Perceptron 1 are calculated,
using Equations 1 and 2 with a,b = 3,5. The weights wp of
the Perceptron are the coordinates of the normalized distance
vector between the centroids, while the Perceptron bias θp is
obtained by applying the scalar product between the midpoint
and the normalized distance vector between the centroids.
These two parameters are calculated so that Perceptron 1 separates R(3) and R(5) halfway between them, as can be observed
in Figure 2a. In steps 16 to 20, each instance in Γ is tested
with Perceptron 1, and the instances correctly classified are
then excluded from Γ. Since Perceptron 1 correctly classifies
all instances of Class 3 and Class 5, as can be seen in Figure
2a, by the end of that iteration Γ no longer contains instances
of both classes, though it still contains all instances of the
other classes. In step 21 the Perceptron 1 is then added to the
Pool.
wp =

R(a) − R(b)
kR(a) − R(b)k

θp = −wp ·

R(a) + R(b)
2

(1)
(2)

In the second iteration of the outer loop, Γ contains all
instances of Class 1, Class 2, and Class 4, so the centroids of
these classes are calculated from steps 6 to 8 and stored in R.
These centroids are represented by the three asterisks in Figure
2b. The centroids chosen in steps 9 and 10 are R(2) and R(4),
since they are the most distant to each other, as can be noticed
in Figure 2b, in which they are the large asterisks. Then,
the weights wp and bias θp of Perceptron 2 are calculated
from step 11 to step 15, dividing the space between R(2) and
R(4) right in the middle, as Figure 2b shows. Perceptron 2
is then used to test each instance in Γ from steps 16 to 20,
and the instances that remain in Γ are the ones Perceptron 2
classifies incorrectly. Since Class 2 and Class 4 are not linearly
separable, Perceptron 2 is not able to eliminate all instances
of those classes. Perceptron 2 is added to the Pool in step 21.
In the third iteration, Γ still has instances of Class 1, Class
2, and Class 4, so their centroids R(1), R(2), and R(4) are
calculated from steps 6 to 8. It can be observed that, since
most of Class 2 and Class 4 instances were eliminated in the
previous iteration, their centroids changed. It did not happen
to centroid of Class 1, as neither Perceptron 1 nor Perceptron
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Fig. 1: Toy problem. (a) Training dataset. (b) Perceptrons generated by the proposed method.
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Fig. 2: Generation of Perceptrons using toy problem. (a) First iteration. (b) Second iteration. (c) Third iteration. (d) Last
iteration.

2 were able to classify Class 1 instances. The large asterisks
in Figure 2c show that centroids R(1) and R(4) are the most
distant ones in this iteration, with centroid R(2) in black.
Perceptron 3 is then created from step 11 to step 15 so
that it splits the plane in a half. From steps 16 to 20, each
instance remaining in Γ is then tested with Perceptron 3, and
the instances it correctly classifies are further eliminated from
Γ. It can be observed that the remaining Class 4 instance is
correctly classified by Perceptron 3, so Γ only possesses Class
1 and Class 2 instances after the third iteration. In step 21 the
Perceptron 3 is then added to the Pool.
In the fourth and last iteration, Γ contains only 4 instances, 3
of Class 1 and 1 of Class 2, as showed in Figure 2d. Centroids
R(1) and R(2) are calculated from steps 6 to 8 and chosen
to calculate the weights wp and bias θp of Perceptron 4 from
steps 11 to 15. Each instance in Γ is tested with Perceptron 4 in
steps 16 to 20, and since it correctly classifies all 4 remaining
instances, they are eliminated and Γ turns into an empty set.
Perceptron 4 is then added to the Pool in step 21, and the
algorithm leaves the outer loop, returning the Pool in step 23.
Figure 1b shows the entire training dataset with all four
Perceptrons generated by the proposed method. The spatial
disposition of the only four Perceptrons necessary to “cover”
the entire dataset can be observed. It is important to note
that the algorithm is strictly deterministic, that is, it will
always generate the same pool given the same input (training
set). Also, the generated classifiers are simple, two-classes
Perceptrons. Furthermore, the algorithm guarantees an Oracle
accuracy rate of 100% for the training dataset.
III. E XPERIMENTS
In order to assess the presence of a significant difference
between the Oracle accuracy rate and the accuracy rate yielded
by different DCS techniques, as well as its relation to Oracleguided ensemble methods, experiments were conducted over
a total of 20 datasets. All of them are public datasets. Eleven
from the UCI machine learning repository [13], three from the
Ludmila Kuncheva Collection [14] of real medical data, three
from the STATLOG project [15], two from the Knowledge
Extraction based on Evolutionary Learning (KEEL) repository
[16] and one from the Enhanced Learning for Evolutive Neural
Architectures (ELENA) project [17]. The main characteristics
of each dataset are shown in Table I. For these experiments, 20
replications of each dataset were used. Each replication was
generated by randomly splitting the dataset in two parts: 75%
for training and 25% for test.
The accuracy rates of different DCS techniques were
obtained using four state-of-the-art methods: Overall Local
Accuracy (OLA) [18], Local Class Accuracy (LCA) [18],
Modified Local Accuracy (MLA) [19], and Multiple Classifier
Behaviour (MCB) [20]. These techniques were chosen due
to their superior performance in comparison with other DCS
techniques in a recent survey regarding dynamic selection of
classifiers [5]. The neighborhood size K for each of the DCS
techniques is set to 7, for they also performed the best with
this configuration in the survey.

TABLE I: Main characteristics of the datasets used in the
experiments.
Dataset
Adult
Blood Transfusion
Cardiotocography (CTG)
Steel Plate Faults
German credit
Glass
Haberman’s Survival
Heart
Ionosphere
Laryngeal1
Laryngeal3
Liver Disorders
Mammographic
Monk2
Phoneme
Pima
Sonar
Vehicle
Vertebral Column
Weaning

No. of
Instances
48842
748
2126
1941
1000
214
306
270
315
213
353
345
961
4322
5404
768
208
846
310
302

No. of
Features
14
4
21
27
20
9
3
13
34
16
16
6
5
6
6
8
60
18
6
17

No. of
Classes
2
2
3
7
2
6
2
2
2
2
3
2
2
2
2
2
2
4
2
2

Class Sizes

Source

383;307
570;178
1655;295;176
158;190;391;72;55;402;673
700;300
70;76;17;13;9;29
225;81
150;120
126;225
81;132
53;218;82
145;200
427;403
204;228
3818;1586
500;268
97;111
199;212;217;218
204;96
151;151

UCI
UCI
UCI
UCI
STATLOG
UCI
UCI
STATLOG
UCI
LKC
LKC
UCI
KEEL
KEEL
ELENA
UCI
UCI
STATLOG
UCI
LKC

The gap between the Oracle and the DCS techniques is
initially evaluated using Bagging, for it is a classical ensemble
method used in several DS works [8], [21]. Furthermore,
the gap is evaluated using the proposed generation method
presented in Section II since it guarantees an Oracle accuracy
rate of 100% for the training data, which allows further
analysis to be performed.
Table II shows the mean accuracy rates for the pools
generated using Bagging for the test data. The generated pool
for all datasets, in this case, was always 100 Perceptrons. The
use of Perceptrons as base classifiers was done so that it could
match the type of base classifier used in the proposed method
and in previous works regarding DS techniques. The chosen
pool size is fixed for simplicity and contains the same amount
of classifiers as in previous works [8], [21], [22].
It can be observed in Table II that, even though the mean
Oracle accuracy rate for the test data was over 90%, all
DCS techniques tested in this experiment yielded an average
accuracy rate below 80%. For almost half of the datasets,
the difference between the Oracle and each DCS technique
mean generalisation accuracy rates were over 20 percentile
points. Thus, as presented in the column Oracle-DCS accuracy
gap in this table, there is a significant difference between
the theoretical limit and the actual recognition rate of DCS
schemes for pools generated by ensemble methods that do not
take into account the Oracle model.
To evaluate if the same behavior occurs with Oracle-guided
generation methods, the same datasets were tested with pools
generated by the proposed method and the accuracy rates of
both Oracle and DCS techniques for the test data can be
observed in Table III. Since the number of classifiers in the
pool is determined by the method itself, the column Np shows
the mean pool size for each dataset. It can be observed that
the same behavior present in the previous experiment with
Bagging occurs in this case. The mean Oracle accuracy rate
for the test data was also over 90%, and although it is quite
close to 100%, the mean DCS accuracy rates still did not reach

TABLE II: Mean and standard deviation of the generalisation accuracy rate of the Oracle model and the four chosen DCS
techniques for the test dataset, for a pool of 100 Perceptrons generated using Bagging. The Oracle-DCS accuracy gap column
denotes the difference between the mean accuracy rates of the Oracle and each DCS technique. Best results are in bold.
Datasets

Oracle

Adult
Blood
CTG
Faults
German
Glass
Haberman
Heart
Ionosphere
Laryngeal1
Laryngeal3
Liver
Mammographic
Monk2
Phoneme
Pima
Sonar
Vehicle
Vertebral
Weaning
Average

95.59 (0.39)
94.20 (2.08)
93.08 (1.46)
88.72 (1.89)
99.12 (0.70)
90.65 (0.00)
97.36 (3.34)
95.90 (1.02)
96.20 (1.72)
98.86 (0.98)
100.0 (0.00)
93.07 (2.41)
99.59 (0.15)
98.98 (1.19)
99.34 (0.24)
95.10 (1.19)
94.46 (1.63)
96.80 (0.94)
97.40 (0.54)
92.10 (0.92)
95.82

OLA
82.08 (2.42)
75.00 (2.36)
86.65 (2.35)
66.52 (1.65)
71.20 (2.52)
57.60 (3.65)
69.73 (4.17)
85.29 (3.69)
88.63 (1.98)
77.35 (4.45)
71.91 (1.01)
58.13 (3.27)
82.21 (2.27)
74.07 (6.60)
78.84 (2.53)
73.95 (2.56)
74.52 (1.54)
81.50 (3.24)
85.89 (3.74)
77.63 (2.35)
75.93

DCS accuracy rate
LCA
MCB
83.58 (2.32)
78.61 (3.32)
75.00 (2.87)
73.40 (4.19)
86.65 (2.35)
85.71 (2.21)
66.00 (1.69)
68.17 (1.59)
73.33 (2.85)
73.60 (3.30)
59.45 (2.65)
67.92 (3.24)
70.16 (3.56)
67.10 (7.65)
85.29 (3.69)
83.82 (4.05)
88.00 (1.98)
87.50 (2.15)
77.35 (4.45)
77.35 (4.45)
72.90 (2.30)
71.91 (1.01)
58.13 (4.01)
58.00 (4.25)
82.21 (2.27)
81.25 (2.07)
74.07 (6.60)
74.07 (6.60)
78.84 (2.53)
73.37 (5.55)
73.95 (2.98)
76.56 (3.71)
76.51 (2.06)
76.56 (2.58)
80.33 (1.84)
84.90 (2.01)
85.00 (3.25)
84.61 (3.95)
77.63 (2.35)
81.57 (2.86)
76.21
76.29

MLA
80.34 (1.32)
76.06 (2.68)
86.27 (1.78)
67.76 (1.54)
71.20 (2.52)
57.60 (3.65)
73.68 (3.61)
86.76 (5.50)
81.81 (2.52)
75.47 (5.55)
61.79 (7.80)
58.00 (4.25)
75.55 (5.50)
75.92 (5.65)
64.94 (7.75)
77.08 (4.56)
76.91 (3.20)
74.05 (6.65)
77.94 (5.80)
80.26 (1.52)
73.96

Oracle-DCS accuracy gap
OLA
LCA
MCB MLA
13.51
12.01
16.98
15.25
19.20
19.20
20.80
18.14
6.43
6.43
7.37
6.81
22.20
22.72
20.55
20.96
27.92
25.79
25.52
27.92
33.05
31.20
22.73
33.05
27.63
27.20
30.26
23.68
10.61
10.61
12.08
9.14
7.57
8.20
8.70
14.39
21.51
21.51
21.51
23.39
28.09
27.10
28.09
38.21
34.94
34.94
35.07
35.07
17.38
17.38
18.34
24.04
24.91
24.91
24.91
23.06
20.50
20.50
25.97
34.40
21.15
21.15
18.54
18.02
19.94
17.95
17.90
17.55
15.30
16.47
11.90
22.75
11.51
12.40
12.79
19.46
14.47
14.47
10.53
11.84
19.89
19.60
19.52
21.85

TABLE III: Mean and standard deviation of the generalisation accuracy rate of the Oracle model and the four chosen DCS
techniques for the test dataset, for a pool generated using the proposed method. Np is the average number of Perceptrons in
the pool. The Oracle-DCS accuracy gap column denotes the difference between the mean accuracy rates of the Oracle and
each DCS technique. Best results are in bold.
Datasets

Np

Oracle

Adult
Blood
CTG
Faults
German
Glass
Haberman
Heart
Ionosphere
Laryngeal1
Laryngeal3
Liver
Mammographic
Monk2
Phoneme
Pima
Sonar
Vehicle
Vertebral
Weaning
Average

3.10 (0.31)
3.00 (0.00)
4.30 (0.47)
9.10 (0.31)
3.10 (0.31)
4.80 (0.77)
3.80 (0.41)
3.20 (0.41)
3.70 (0.47)
2.40 (0.68)
4.80 (1.11)
3.20 (0.41)
2.90 (0.31)
2.50 (0.51)
4.40 (0.50)
3.50 (0.51)
3.30 (0.66)
5.60 (0.50)
2.50 (0.69)
3.00 (0.00)
3.80

99.83 (0.38)
100.0 (0.00)
100.0 (0.00)
99.67 (0.27)
99.64 (0.22)
97.92 (1.83)
100.0 (0.00)
99.56 (0.97)
99.20 (1.05)
98.49 (1.16)
99.89 (0.35)
99.77 (0.72)
99.66 (0.73)
100.0 (0.00)
100.0 (0.00)
99.69 (0.35)
99.23 (0.97)
99.81 (0.32)
98.97 (0.79)
98.55 (1.12)
99.49

OLA
88.15 (2.93)
75.53 (1.14)
90.24 (0.77)
71.91 (1.60)
70.04 (2.35)
66.79 (4.17)
71.58 (5.24)
86.62 (2.18)
87.16 (2.76)
80.38 (4.26)
72.25 (1.71)
58.37 (3.53)
82.60 (2.47)
86.20 (3.74)
86.74 (0.73)
72.29 (2.39)
80.00 (3.33)
70.09 (2.57)
81.41 (2.06)
78.68 (3.71)
77.85

DCS accuracy rate
LCA
MCB
87.40 (2.82)
88.15 (2.93)
75.74 (1.04)
75.53 (1.14)
90.30 (0.84)
90.24 (0.77)
71.99 (1.53)
71.91 (1.60)
70.84 (1.87)
70.52 (2.08)
69.43 (3.33)
66.79 (4.17)
71.05 (1.91)
71.71 (4.91)
86.47 (2.85)
86.18 (2.36)
87.27 (3.21)
87.16 (2.71)
80.94 (4.70)
80.57 (4.59)
72.58 (2.14)
71.80 (1.58)
58.37 (2.81)
58.37 (3.49)
81.63 (3.06)
82.60 (2.47)
90.28 (2.18)
87.96 (3.80)
87.01 (0.77)
86.73 (0.73)
73.23 (3.39)
72.71 (2.67)
78.08 (5.01)
79.81 (3.09)
70.75 (2.22)
70.14 (2.52)
82.31 (1.93)
82.69 (2.22)
78.82 (3.05)
79.21 (3.30)
78.22
78.03

MLA
85.66 (1.71)
71.01 (3.26)
24.91 (1.21)
24.50 (0.57)
63.96 (2.27)
49.62 (2.13)
70.13 (4.05)
82.79 (5.61)
81.93 (2.78)
79.06 (5.01)
43.71 (3.70)
56.40 (2.98)
81.78 (2.35)
72.41 (3.80)
72.74 (1.06)
69.95 (1.97)
60.96 (5.65)
37.41 (2.18)
72.95 (5.78)
67.11 (2.41)
63.45

Oracle-DCS accuracy gap
OLA
LCA
MCB MLA
11.68
12.43
11.68
14.17
24.47
24.26
24.47
28.99
9.76
9.70
9.76
75.09
27.76
27.68
27.76
75.17
29.60
28.80
29.12
35.68
31.13
28.49
31.13
48.30
28.42
28.95
28.29
29.87
12.94
13.09
13.38
16.77
12.04
11.93
12.04
17.27
18.11
17.55
17.92
19.43
27.64
27.31
28.09
56.18
41.40
41.40
41.40
43.37
17.06
18.03
17.06
17.88
13.80
9.72
12.04
27.59
13.26
12.99
13.27
27.26
27.40
26.46
26.98
29.74
19.23
21.15
19.42
38.27
29.72
29.06
29.67
62.40
17.56
16.66
16.28
26.02
19.87
19.73
19.34
31.44
21.64
21.26
21.45
36.04

80%. As in the previous case, in almost half of the datasets
the gap between the generalisation accuracy rates were over
20 percentile points for all DCS techniques, which shows that,
even though the proposed method uses the Oracle as a guide to
generate the pool, it did not make the recognition rates much
closer to the theoretical limit.
It can also be observed in Table III that the Oracle generalisation accuracy rate significantly increased in comparison
with the previous case, reaching more than 99% on average.
However, the average accuracy rates of all DCS techniques
but MLA increased by only a slight difference, which shows
that a considerable improvement in the theoretical limit did
not lead to a significant increase in classification accuracy by
these techniques.
Moreover, the performance of MLA using the pool generated by the proposed method was much inferior to the
other three DCS techniques. The cases in which the difference
was the greatest were all multi-class datasets. This happened
because the local competence estimation in MLA is the sum of
all the distances between the neighbors and the test instance,
given that the classifier labels them as of the same class.
Therefore, if a classifier labels a test instance and all its
neighbors of the same class, it will be deemed more competent
than another classifier that labels only part of the neighborhood
as of the same class, regardless of the actual local accuracy rate
of them both. Since MLA does not filter out non-applicable
classifiers, that is, classifiers that do not recognize any of a test
instance’s neighbors, and the proposed method generates only
two-class classifiers, the selection, especially for multi-class
problems, became based solely on the distance weighting, for
usually each classifier in the pool labels most instances in the
local region as of one of the two classes it recognizes.
20
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Fig. 3: Difference between the mean generalisation accuracy
rates of the proposed method (Table III) and Bagging (Table
II), for the Oracle and the four DCS techniques.
To validate the comparison between the behavior of the
Oracle in the two previous experiments, Figure 3 shows the
boxplot of the difference between the generalisation accuracy
rates of the proposed method (Table III) and Bagging (Table

II), for the Oracle and all four DCS techniques. It can be
observed that the performance of both methods is to some
degree similar since the medians of the difference between
the accuracy rates are close to zero for all DCS techniques
but MLA. Therefore, the results suggest that using the Oracle
as a guide to generate the pool of classifiers do not necessarily
improve the accuracy rate during the test, since guaranteeing
an Oracle accuracy rate of 100% in the training set and almost
100% in the test set does not imply the DCS technique will be
able to select the right classifier in the pool. It is also worth
noting that the proposed method was able to obtain similar
accuracy rates to a pool of size 100 generated by Bagging with
considerably fewer classifiers (3.8 in average), as the column
Np from Table III shows. Also, the number of classifiers
generated by the proposed method was automatically obtained
according to the training data, as opposed to Bagging, which
requires the pool size to be set beforehand.
To further investigate the performance of the DCS techniques and its relationship to the Oracle, the training set was
used as test set using the pools generated by the proposed
method. Table IV shows the hit rate of OLA, LCA, MCB and
MLA, that is, the rate at which these methods selected the
correct classifier, and their accuracy rate for the training data
as well. The correct classifier of an instance in this context is
the one that correctly predicted the label of this instance in
the generation phase (step 16 of Algorithm 1). It is important
to remember that the proposed ensemble generation approach
guarantees an Oracle of 100%, in other words, each instance
in the training set has at least one classifier that correctly
classifies it. So, it can be observed that, even though the
Oracle for the training dataset is always 100%, the hit rate
of the DCS techniques were above 90% in only two of the
20 datasets, which means that, although the presence of the
correct classifier in the pool is guaranteed, the DCS techniques
were not able to easily select it. This shows a significant
gap between the theoretical limit and the rate at which the
DCS techniques actually select the most competent classifier
in the pool, which suggests that the Oracle, as intuitive as
it may be, is not the best guide for dynamically selecting a
classifier. The reason behind this is that the Oracle perceives
the classification problem globally, whereas DCS techniques
rely on local information to select the best classifier for each
test instance. Thus, the Oracle information may not be much
relevant for dynamic selection schemes.
Furthermore, the results from Table IV shows that the
accuracy rate of the DCS techniques in the training data was
always similar or greater than their hit rate, which suggests
that, when the correct classifier is not chosen, it usually
selects another suitable one to label each instance. It also
shows the same behavior seen previously regarding the use
of the Oracle as a guide to generate the pool, since for an
Oracle accuracy rate of 100%, it correctly classified less than
90% of the training instances, on average. This further shows
that the Oracle is not a very good information to use when
generating a pool of classifiers. The hit rate, on the other
hand, captures in a better way the relationship between the

TABLE IV: Mean and standard deviation of the hit rate and the accuracy rate of the DCS techniques using the training dataset
for testing, for the same pool generated by the proposed method in Table III. The hit rate is the rate at which the correct
classifier for a given training instance is selected by the DCS technique. The theoretical limit is always 100%, since the
evaluation is done over the training set. Best results are in bold.
Dataset
Adult
Blood
CTG
Faults
German
Glass
Haberman
Heart
Ionosphere
Laryngeal1
Laryngeal3
Liver
Mammographic
Monk2
Phoneme
Pima
Sonar
Vehicle
Vertebral
Weaning
Average

OLA
86.91 (0.87)
79.59 (0.51)
92.50 (0.59)
76.88 (1.26)
71.05 (1.44)
76.21 (1.98)
76.26 (1.10)
84.06 (1.92)
86.46 (1.48)
84.75 (2.07)
74.81 (2.95)
67.22 (1.40)
82.72 (0.64)
85.77 (3.60)
87.40 (0.46)
75.64 (1.55)
80.00 (3.62)
76.14 (1.49)
82.39 (2.14)
83.45 (1.33)
80.51

Hit rate
LCA
MCB
86.77 (0.92)
87.14 (0.73)
80.20 (0.35)
79.61 (0.51)
92.63 (0.44)
92.49 (0.63)
76.84 (1.01)
76.87 (1.26)
75.75 (1.35)
71.23 (1.47)
77.95 (1.92)
76.27 (1.99)
76.61 (1.46)
76.35 (1.10)
83.86 (2.40)
83.96 (1.72)
87.34 (1.53)
86.43 (1.43)
84.81 (2.38)
84.75 (1.93)
73.98 (1.99)
74.85 (2.90)
70.62 (2.91)
67.34 (1.28)
82.83 (1.54)
82.68 (0.73)
91.82 (3.61)
86.67 (4.48)
89.48 (0.44)
87.40 (0.47)
76.02 (1.67)
75.82 (1.83)
83.46 (3.45)
80.19 (3.63)
77.98 (1.57)
76.20 (1.51)
84.33 (2.32)
82.39 (2.19)
84.38 (1.72)
83.36 (1.20)
81.88
80.60

MLA
80.95 (0.28)
66.29 (1.14)
23.93 (0.60)
24.49 (0.25)
45.29 (3.53)
46.83 (2.28)
65.83 (4.34)
72.48 (5.83)
75.74 (1.71)
78.38 (3.53)
38.75 (0.83)
44.71 (2.86)
76.53 (1.34)
49.23 (10.62
70.16 (0.62)
59.76 (2.17)
48.33 (5.71)
36.92 (1.01)
69.46 (3.69)
56.11 (1.42)
56.50

theoretical limit and the actual recognition rate because, since
the Oracle and the DCS techniques observe the problem from
different perspectives, the hit rate measures the intersection
between these two perspectives. Therefore, the hit rate may
be a better guide than the Oracle in the process of generating
a pool of classifiers.
IV. C ONCLUSION
In this work, a general view of the Oracle model and
its usage in the literature was introduced. More specifically,
the relationship between the Oracle model and DS schemes
was discussed, and it was claimed that, although the model
indicates the upper limit for DCS techniques, these techniques
usually struggle to select the classifier deemed by the Oracle
the best one in the pool. This difficulty is characterized by the
notable difference between the Oracle and the DCS techniques
accuracy rates.
With that in mind, it was proposed an ensemble generation
method that guarantees an Oracle accuracy rate of 100%
in the training set. The proposed method is an incremental
ensemble generation method which generates binary classifiers
by placing hyperplanes in the feature space until at least one
classifier correctly classifies each training instance in the pool.
This method is faster than classical ensemble methods, since
the classifiers are not trained, and it can find the pool size
automatically according to the training data. The purpose of
using such a method was to investigate whether the use of
the Oracle as a guide to generate a pool of classifiers for
DCS techniques was advantageous, given that the presence of

OLA
88.43 (0.66)
82.46 (0.34)
93.86 (0.40)
80.96 (0.69)
82.75 (0.91)
77.64 (1.66)
80.52 (1.76)
86.19 (0.98)
90.08 (0.96)
85.44 (2.13)
80.15 (1.64)
79.19 (3.12)
84.20 (1.12)
94.81 (1.02)
92.20 (0.35)
81.65 (0.76)
88.91 (1.50)
80.98 (0.98)
86.31 (1.35)
88.27 (1.26)
85.25

Accuracy rate
LCA
MCB
89.23 (0.41)
88.70 (0.50)
82.55 (0.38)
82.50 (0.37)
93.92 (0.43)
93.86 (0.40)
81.84 (0.65)
80.96 (0.69)
83.19 (0.56)
83.05 (0.91)
79.75 (1.71)
77.58 (1.60)
80.78 (1.89)
80.65 (1.57)
87.23 (1.06)
86.09 (0.66)
89.35 (0.97)
86.25 (3.03)
86.00 (1.77)
85.44 (1.97)
79.92 (1.28)
80.19 (1.55)
81.47 (3.05)
79.31 (3.06)
84.34 (1.20)
84.16 (1.22)
96.54 (1.00)
95.71 (0.59)
92.29 (0.38)
98.59 (0.12)
82.66 (0.75)
81.81 (0.67)
88.46 (1.72)
89.04 (1.48)
81.69 (0.72)
80.99 (0.97)
86.76 (1.16)
86.31 (1.27)
88.81 (1.15)
88.23 (1.10)
85.84
85.47

MLA
84.43 (0.62)
69.41 (1.16)
24.13 (0.68)
24.83 (0.33)
65.64 (1.97)
47.64 (2.52)
70.83 (3.33)
80.69 (3.32)
79.58 (2.07)
79.38 (2.95)
43.11 (3.24)
58.80 (1.16)
79.23 (1.29)
70.80 (3.98)
71.68 (0.60)
69.53 (0.95)
64.55 (2.81)
39.50 (0.96)
73.60 (2.51)
65.66 (3.06)
63.15

at least one competent classifier for each training instance is
guaranteed in this scenario.
Experiments have shown that there is a significant gap
between the theoretical limit and the DCS techniques for
pools generated without Oracle information and that difference
remained roughly the same for pools with an Oracle accuracy
rate of 100% in the training set. In fact, for a theoretical limit
of 100%, the average accuracy rate was approximately 85% in
the best case, which shows the DCS techniques have difficulty
in selecting the most competent classifier, despite there being
one for sure in the pool. The reason for this is that, although
the Oracle model is performed globally, DCS techniques use
only local data to select the best classifier, which suggests
that, despite its use in the literature for such a task, the Oracle
model is not the best guide in the search for a promising pool
for DCS techniques. It was also suggested that the hit rate,
that is, the rate at which a DCS technique selects the right
classifier for a given instance, was a better guide in this search,
since it conveys both local and global information regarding
the performance of a pool of classifiers using DS schemes.
A further investigation of the use of the hit rate in ensemble
generation methods for dynamic selection techniques may be
conducted in the future. Moreover, since the proposed method
usually generates only one competent classifier per training
instance, the effect of multiple correct choices during the
selection phase was not examined. Thus, an analysis regarding
the importance of redundancy, that is, the presence of more
than one competent classifier per sample in the pool, for DS

techniques may also be performed henceforth. Furthermore,
studies regarding the diversity in the generation process by
the proposed method may be conducted in the future.
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