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ABSTRACT
This paper presents a technique to solve the Constrained Clustering Problem, a semi-

supervised problem that uses external specialist knowledge to guide clustering. Several algorithms
were proposed in the literature to solve this problem, but their results may differ in terms of quality.
A recent paper introduced an integer linear programming model based on k-medoids that consider
consensus information while clustering. Their results showed how this information could improve
clustering quality. This model, however, is time-consuming in some datasets. This paper describes
how a Biased Random-key Genetic Algorithm with Q-Learning (BRKGA-QL) metaheuristic was
adapted to use such ideas. The experiments evaluated the quality of the solutions and computational
time obtained by BRKGA-QL and the integer linear programming model in 25 datasets from the
literature. The experimental results show that the BRKGA-QL was able to reduce computational
burden while maintaining solution quality.
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rithm.

Paper topics (CI – Computational Intelligence, MP - Mathematical Programming)

http://live-proceedings.pantheonsite.io/p/174850

DOI: 10.59254/sbpo-2023-174850

http://live-proceedings.pantheonsite.io/p/174850
http://dx.doi.org/10.59254/sbpo-2023-174850


1. Introduction
Clustering is a machine learning task used in different fields of science and industry. It has

applications in medical imaging, market segmentation, social network analysis, data compression,
and many others [Ezugwu et al., 2022]. The objective is to cluster a set of objects in the dataset
according to their similarity. Usually, this task is performed in a non-supervised way, ignoring
the domain knowledge from a specialist. However, several works show how such information can
improve clustering quality [Wagstaff e Cardie, 2000; Wagstaff et al., 2001; Bilenko et al., 2004;
Zhang et al., 2019, 2022].

This paper focuses on a variant of the Clustering task denoted as Constrained Cluster-
ing [Basu et al., 2008]. It is a semi-supervised approach that uses the external specialist domain
knowledge through constraints that state which pairs of objects must be in the same group or not in
the resulting clustering partition. Several Constrained Clustering techniques were proposed in the
literature, from integer linear programming (ILP) models [Randel et al., 2018], heuristics [Wagstaff
et al., 2001; Khashabi et al., 2015; Antoine et al., 2012; Pelleg e Baras, 2007; Gao et al., 2023], and
metaheuristics de Oliveira et al. [2017]; González-Almagro et al. [2020, 2021]; González-Almagro
et al. [2022].

One way to balance the outcome of different algorithms is to use a consensus technique.
A recent paper [Freitas et al., 2022] proposed a k-medoids ILP model, denoted as KM-α, which
uses the information provided by the consensus of different Constrained Clustering algorithms to
improve solution quality. It is a bi-objective model that uses the distance between objects and a
consensus matrix to guide the clustering process. Users can control the objective function empha-
sis through a parameter α, giving more or less emphasis on the domain knowledge presented in
the consensus matrix. The authors tested this model using five constrained clustering algorithms
and 25 datasets proposed in the literature. Their experimental results have shown that considering
consensus information improved the quality of the obtained partitions (measured through the Ad-
justed Rand Index Hubert e Arabie [1985] measure). This technique, however, is time-consuming
in some datasets. Since KM-α provided quality results but was time-consuming for larger prob-
lems, this paper proposes the adaptation of a metaheuristic to reduce the computational burden. The
Biased Random-key Genetic Algorithm with Q-Learning (BRKGA-QL) [Chaves e Lorena, 2021;
Schenekemberg et al., 2022] was selected as the base metaheuristic because of its modularity and
usability (only one parameter to tune).

This paper uses the following structure. First, section 2 presents the Constrained Cluster-
ing Problem definition, applications, notation, and related research. Next, section 3 the KM-α ILP
model. Section 4 describes how the BRKGA-QL metaheuristic was adapted. Section 5 presents the
experimental results. Finally, Section 6 presents the concluding remarks of this work.

2. Constrained Clustering Problem
In the Constrained Clustering Problem (CCP) [Basu et al., 2008], a clustering algorithm

should create a partition ΠX (a set of one or more groups) for a dataset X composed of n objects,
given a set of constraints provided by an external specialist. There are two types of constraints: one
states that a pair of objects should belong to the same group in the resulting partition (must-link or
ML), and another one states the opposite (cannot-link or CL). Figure 1 graphically illustrates the
CCP on a small dataset composed of five objects. It can be observed from the example that the
resulting partition respects the ML and CL constraints provided by the external specialist.

3. KM-α ILP model
KM-α is a bi-objective ILP model for the CCP proposed in Freitas et al. [2022] as an

adaptation to the k-Medoids Constrained (KMC) ILP model (Randel et al. [2018]). In KMC, the
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Figure 1: Resulting partition ΠX given a dataset X composed of n = 5 objects and a set
of ML and CL constraints.

euclidean distance is used to cluster the objects, and the ML and CL constraints are explicitly con-
sidered in the mathematical model. In KM-α, however, such constraints are considered indirectly
in its objective. The objective considers two criteria: minimizing the distance between objects and
medoids and maximizing the pairwise information that considers if an object and medoid should
be together. The pairwise information is represented by a consensus matrix created based on the
solutions of different constrained clustering algorithms. Finally, a parameter α controls which side
of the objective function the final user wants to emphasize more (distance or consensus). By not
considering constraints explicitly, KM-α can be used to solve problems CCP with hard, soft, and
group constraints Law et al. [2004] or constrained overlapping clustering Scripps e Tan [2010]. The
KM-α ILP model is defined as:

Minimize

n∑
i=1

n∑
j=1

[(1− α)dij − αcij ]xij

Subject to
n∑

j=1

xjj = k (1)

n∑
i=1

xij = 1 ∀j = 1, ..., n (2)

xjj ≥ xij ∀j = 1, ..., n, ∀i = 1, ..., n (3)

xij ∈ {0, 1} ∀i = 1, ..., n, ∀j = 1, ..., n (4)

The KM-α ILP model uses as input a distance matrix (D), consensus matrix (C), and the
parameters α and k. The parameter α ∈ [0, 1] controls the balance between distance and consensus
objectives, while k indicates the number of groups the user wants to obtain. The value dij represents
the distance between objects i and j in the distance matrix D. In contrast, cij is provided by the
consensus matrix C. This value represents the number of solutions from the constrained clustering
algorithms that assign the objects i and j to the same group. The n by n consensus matrix C is
created based on the partitions obtained by different constrained clustering heuristics.

4. BRKGA-QL
BRKGA-QL was introduced in Chaves e Lorena [2021] to reduce the burden of parameter

tuning of the original BRKGA technique proposed in Gonçalves e Resende [2011]. It uses the Q-
Learning Reinforcement Learning algorithm Watkins [1989] to learn the best parameters of the
BRKGA during the evolutionary process. Further enhancements were proposed for BRKGA-QL in
Schenekemberg et al. [2022] to the diversification and intensification of the Q-Learning technique
and the diversity of the elite set.
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The enhanced version of the BRKGA-QL algorithm Schenekemberg et al. [2022] is used
in this paper. Figure 2 presents its main components. It follows a modular structure, and the
final user only needs to implement the problem-dependent components: the decoder and the local
search. Moreover, it requires only one parameter: the amount of time (seconds) the algorithm
should execute. Hence, this reduces the amount of burden of parameter tuning. This parameter is
tuned based on the complexity of the proposed decoders and local search.

begin

initiate Q-Table

generate initial population

decode each individual

apply local search 
heuristicsapply local search heuristicsapply local search heuristics

runtime
exceeded?

end

set adaptive Q-Learning 
parameters

choose an action for each 
state from Q-Table

classify individuals as elite or 
non-elite

copy elite individuals to next 
generation

generate offspring for next 
generation

calculate reward and update 
Q-Table

local search? identify communities with 
similar individuals

create chaotic individuals

queue promising 
individuals for LS

yes

no

yes

no

Problem-independent

Problem-dependent

Figure 2: BRKGA-QL main components. Adapted from Schenekemberg et al. [2022].

4.1. Solution Representation
Figure 3 presents the solution representation adopted in the BRKGA-QL. Every position

of the random-keys vector (r) represents a medoid. The decoder transforms the vector r to a CCP
solution vector (s), and the encoder transforms the solution vector s back to its random-keys form
k. The remaining objects are assigned to groups during fitness evaluation (more details in the next
subsection).

0.1 0.2 0.9 0.4r = 

k = 4 

1 2 9 4s = 

DECODER ENCODER

Figure 3: Solution representation for a CCP problem with k = 4 medoids and n = 10
objects.

Algorithm 1 represents the proposed decoder. Line 4 is reponsible for mapping the
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random-key value (r[i]) from the continuous space {r[i] ∈ R | 0 ≤ r[i] ≤ 1} to a discrete so-
lution space {s[i] ∈ N | 1 ≤ s[i] ≤ n}. Meanwhile, Algorithm 2 is responsible for the inverse
mapping. Algorithm 3 was proposed to create feasible solutions for the CCP since, for instance, a
solution with repeated medoids can not exist. The CREATESOLUTION function receives as input
the number of medoids (k) and the number of objects in the dataset (n) and outputs a random-key
vector (r).

Algorithm 1: DECODER
Input: Random-keys vector (r),

number of medoids (k) and
objects (n)

Output: Solution vector (s)
1 function DECODER (r, k, n)
2 s← [0, 0, . . . , 0]

// vector of size k
3 for i← 1 to k do
4 s[i]← ceil(r[i] ∗ n⌉)
5 end
6 return s

7 end

Algorithm 2: ENCODER
Input: Solution vector (s), number

of medoids (k) and objects
(n)

Output: Random-keys vector (r)
1 function ENCODER (s, k, n)
2 r ← [0.0, 0.0, . . . , 0.0]

// vector of size k
3 for i← 1 to k do
4 r[i]← s[i]/n
5 end
6 return r

7 end

The auxiliary vector medoids in Line 3 controls if a medoid was already selected while
constructing a solution. The loop in Lines 4-10 selects the k medoids. The do-while (Lines 5-
7) prevents the selection of repeated medoids. Finally, in Line 9, the medoid selected for the ith
position is encoded to a value in the continuous space {r[i] ∈ R | 0 ≤ r[i] ≤ 1}.

Algorithm 3:
CREATESOLUTION

Input: Number of groups (k) and
objects (n)

Output: Random-keys vector (r)
1 function CREATESOLUTION (k, n)
2 r ← [0.0, 0.0, . . . , 0.0]

// vector of size k
3 medoids← [0, 0, . . . , 0]

// vector of size n
4 for i← 1 to k do
5 do
6 id←

randomint(1, n)
7 while medoids[id] = 1;
8 medoids[id]← 1
9 r[i]← id/n

// Encode
10 end
11 return r

12 end

Algorithm 4: FITNESS
Input: Solution vector (s), number

of medoids (k) and objects
(n), α parameter, the distance
(D) and consensus (C)
matrices

Output: Fitness value (fit)
1 function FITNESS (s, k, n, α, D, C)
2 fit← 0.0
3 for i← 1 to n do
4 fitbest ←∞
5 for j ← 1 to k do
6 fiti,s[j] ←

(1− α)D[i, s[j]]−
αC[i, s[j]]

7 if fiti,s[j] < fitbest
then

8 fitbest ←
fiti,s[j]

9 end
10 end
11 fit← fit+ fitbest
12 end
13 return fit

14 decoderend

http://live-proceedings.pantheonsite.io/p/174850

DOI: 10.59254/sbpo-2023-174850

http://live-proceedings.pantheonsite.io/p/174850
http://dx.doi.org/10.59254/sbpo-2023-174850


4.2. Fitness evaluation
Algorithm 4 presents the proposed fitness function that resembles the objective function

of the KM-α model. It receives as input a decoded solution vector (s), the number of medoids
(k), the number of objects (n), the α parameter, the distance (D) and consensus (C) matrices. The
algorithm outputs the fitness value (fit). The asymptotic complexity of the algorithm is O(n ∗ k).

Algorithm 4 aims to assign the remaining objects of the dataset to groups defined by the
medoids of the vector solution (s). In Line 2, the algorithm assigns zero to the fitness variable (fit),
then it starts a loop at Lines 3-12 that evaluates the best group for each object i. Line 4 defines a
variable (fitbest) to store the fitness that gives the best partial increment to the problem’s objective
function. The loop in Line 5 checks who is the best medoid for an object. Line 6 evaluates the
benefit of assigning an object i to the same group as medoid s[j]. Line 7 tests if the current medoid
being evaluated is the best; if so, Line 8 stores it in fitbest. Finally, at Line 11, the solution’s fitness
is incremented with the best partial increment (fitbest).

4.3. Crossover and Mutation
The original parametric crossover operator from the BRKGA-QL used in this paper [Sch-

enekemberg et al., 2022] was adapted to maintain the feasibility of the created individuals (Figure
4). The crossover function comprises two phases: first, it decodes the elite and non-elite random-
keys vectors. An auxiliary vector (v) is also created to control which medoids exist in the elite
solution. In the next phase, the crossover operation is executed. It uses the elite parent as its base
and only accepts an allele from the non-elite parent if two criteria are satisfied: the random number
is greater than the crossover probability and if the solution does not already contain the medoid
being exchanged.

Non-elite 
parent 0.2 0.1 0.3 0.4

Elite parent

1 2 9 4

v = [1,1,0,1,0,0,0,0,1,0]

2 10 3 1

DECODER

0.1 0.2 0.9 0.4

DECODER

(a) Preprocessing.

2 10 3 1

1 10 9 5

Non-elite 
parent

Transformed 
Elite

Random
value > 0.6 (  0.2 ,  0.7 ,  0.4 ,  0.1 )

CROSSOVER

v[i] == 0 (   1 ,    0   ,   0   ,   1   )

Elite parent 1 2 9 4

CRITERIA

(b) Parametric Crossover.

Figure 4: Graphical representation of the modified parametric crossover operator. Figura
(a) presents the preprocessing steps, while (b) shows the crossover operation.

The original mutation operator from the BRKGA-QL was also adapted to maintain the
feasibility of the created individuals (Figure 5). This function also comprises two phases: first,
it decodes the selected random-keys vector and creates an auxiliary vector (v) to be used during
mutation. In the next phase, the mutation is performed in an allele only if two criteria are satisfied:
the random number is less than the mutation probability and if the solution does not already contain
the medoid being exchanged.

5. Experimental Results
All experiments were conducted on an Intel i7-10750H with 32GB RAM using Windows

operating system. The BRKGA-QL was implemented in C++, ILP model in Julia v1.8.4 [Bezanson
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0.1 0.2 0.9 0.4

v = [1,1,0,1,0,0,0,0,1,0]

1 2 9 4

r =

s =

DECODER

(a) Preprocessing.

1 5 9 4

Random
value < 0.3 ( 0.1 ,  0.2 ,  0.7 ,  0.8 )

MUTATION

v[i] == 0 (   1  ,   0   ,   0   ,   1   )

CRITERIA

Mutant

(b) Mutation Operator.

Figure 5: Graphical representation of the modified mutation operator. Figura (a)
presents the preprocessing steps, while (b) shows the mutation operation.

et al., 2017] using the package JuMP v1.6 [Dunning et al., 2017]. Finally, CPLEX v20.1 [IBM,
1987-2020] was used as the optimization solver. Table 1 presents the details about the datasets
used in the experiments. It shows their names, the total number of objects, classes, and the source
from the literature that provided it. The ML and CL constraints for the datasets were proposed
in Baumann [2020] 1. Three types of constraints were created based on the original labels of the
datasets and the number of objects in the dataset (10%, 15%, and 20%).

Table 1: Datasets.

Name Objects Classes Source
Soybean 47 4 UCI

Zoo 101 7 Keel
Appendicitis 106 2 Keel

Iris 150 3 Keel
Tae 151 3 Keel

Hayesroth 160 3 Keel
Wine 178 3 Keel
Sonar 208 2 Keel
Glass 214 6 Keel

Newthyroid 215 3 Keel
Spectfheart 267 2 Keel

Heart 270 2 Keel
Circles 300 2 Github
Spiral 300 2 Github
Moons 300 2 Github

Haberman 306 2 Keel
Ecoli 336 8 Keel
Bupa 345 2 Keel

Ionosphere 351 2 Keel
Movement Libras 360 15 Keel

Monk2 432 2 Keel
Saheart 462 2 Keel

Led7Digit 500 10 Keel
Breast Cancer 569 2 Sklearn

Vehicle 846 4 Keel

The following constrained clustering heuristics were selected to evaluate the proposed
BRKGA-QL: BLPKM Baumann [2020], TVClust Khashabi et al. [2015], and LCVQE Pelleg e
Baras [2007]. They were selected because of their efficiency (computational time) and relatively

1https://drive.google.com/drive/u/1/folders/1sjnPYitey8q9zrPKa_YpFS7iNKTT15QH
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different views on how to solve the constrained clustering problem. The BLPKM was implemented
in Julia and we used the TVClust and LCVQE implementation avaiable in Github2.

Figure 6 graphically illustrates the sequence (from top to bottom) adopted in the experi-
ments. Initially, it presents the type of data the problem uses: a dataset in tabular form and a file
that stores the pairs of constraints. Next, it presents the input format the Constrained Clustering
Algorithms use: a distance matrix D, a set of ML and CL constraints, and the number of groups
(k). The next panel (Constrained Clustering output) presents an example of the execution of the
CCP algorithms and the resulting partitions and consensus matrix C. Panel ”Consensus Clustering
input” shows the input format for the consensus techniques: the distance matrix D, the consensus
matrix C, and the number of groups (k). Finally, the last panel presents the partitions obtained by
the consensus algorithms for different values of the α parameter.

[ 2 , 1 , 1 , 2 , 2 , 1 ] 

[ 3 , 2 , 1 , 1 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 3 ] 

[ 3 , 1 , 2 , 1 , 3 , 3 ] 

0.0    0.5    0.0    0.25  0.25  0.25
0.5    0.0    0.0    0.75  0.25  0.0
0.0    0.0    0.0    0.25  0.25  0.25
0.25  0.75  0.25  0.0    0.25  0.0
0.25  0.25  0.25  0.25  0.0    0.5
0.25  0.0    0.25  0.0    0.5    0.0

[ 3 , 2 , 1 , 2 , 2 , 1 ] 

[ 3 , 2 , 1 , 2 , 2 , 1 ] 

[ 3 , 1 , 2 , 1 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 2 ] 

[ 3 , 1 , 3 , 1 , 3 , 3 ] 

[ 2 , 1 , 1 , 2 , 2 , 1 ] 

[ 3 , 2 , 1 , 2 , 2 , 1 ] 

[ 3 , 1 , 2 , 1 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 3 ] 

[ 3 , 1 , 2 , 1 , 3 , 3 ] 

[ 3 , 1 , 2 , 2 , 2 , 1 ] 

C = 

… … …

BLPKM TVClust LCVQE

KM-. BRKGA-QL BRKGA-QL (LS)

[ 2 , 1 , 1 , 2 , 2 , 1 ] 

[ 3 , 2 , 3 , 3 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 3 ] 

[ 3 , 1 , 2 , 1 , 3 , 3 ] 

[ 3 , 2 , 1 , 2 , 1 , 1 ] 

[ 3 , 2 , 1 , 2 , 2 , 1 ] 

[ 3 , 1 , 2 , 1 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 2 ] 

[ 3 , 1 , 3 , 1 , 3 , 3 ] 

[ 3 , 1 , 1 , 2 , 2 , 1 ] 

[ 3 , 2 , 1 , 2 , 2 , 1 ] 

[ 3 , 1 , 2 , 1 , 2 , 3 ] 

[ 3 , 1 , 2 , 2 , 3 , 3 ] 

[ 3 , 1 , 2 , 1 , 3 , 3 ] 

[ 3 , 1 , 2 , 2 , 2 , 1 ] 

… … …

1

2

3

4

30

…

0.1

0.2

0.3

0.4

0.9

…

0.0    0.2    0.0    0.5    0.25  0.25
0.8    0.0    0.0    0.75  0.25  0.0
0.0    0.0    0.0    0.25  0.0    0.25
0.5    0.25  0.25  0.0    0.25  0.0
0.25  0.25  1.0    0.25  0.0    0.5
0.25  0.0    0.25  0.0    0.5    0.0

D = 

Constraints
(0.1, 0.15, 0.2)

ML = {(1,2), (1,3)}
CL = {(1,5), (2,4), (3,5)} 

Data

Constrained Clustering input

Constrained Clustering output

0.0    0.2    0.0    0.5    0.25  0.25
0.8    0.0    0.0    0.75  0.25  0.0
0.0    0.0    0.0    0.25  0.0    0.25
0.5    0.25  0.25  0.0    0.25  0.0
0.25  0.25  1.0    0.25  0.0    0.5
0.25  0.0    0.25  0.0    0.5    0.0

D = 

Consensus Clustering input

0.0    0.5    0.0    0.25  0.25  0.25
0.5    0.0    0.0    0.75  0.25  0.0
0.0    0.0    0.0    0.25  0.25  0.25
0.25  0.75  0.25  0.0    0.25  0.0
0.25  0.25  0.25  0.25  0.0    0.5
0.25  0.0    0.25  0.0    0.5    0.0

C = 

Consensus Clustering output

k = 3

k = 3

Figure 6: Schematic illustration of the experiments.

2https://github.com/GermangUgr/TFG
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The study conducted 30 executions of the constrained clustering heuristics without any
time limitations and a single execution of KM-α for each α value without any time restrictions.
The algorithm performs at least one complete iteration. Additionally, BRKGA-QL was executed
ten times using α values ranging from 0 to 1, in increments of 0.1, with a time limit of 30 seconds
per execution. This time limit was stipulated empirically. One of the factors considered was the
number of carried out to be experiments. An experiment with a sample of each dataset showed that
30 seconds was enough for the method to converge to a local optimum.

The quality of the partitions obtained by the heuristics and the consensus techniques was
evaluated using the Adjusted Rand Index (ARI) metric Hubert e Arabie [1985] against the orig-
inal dataset classes. The ARI value lies between 0 and 1, where the value 1 represents that the
partitions are identical. Table 2 presents the experimental results for the heuristics and the consen-
sus techniques. The time measurement unit is seconds. The column denoted as α in KM-α and
BRKGA-QL represents the α that provided the solution with the highest ARI score. The ”time”
columns represent the time (in seconds) to achieve the best solution.

The results presented in Table 2 show that the best algorithm in terms of ARI was BLPKM,
which obtained the highest ARI values for almost all instances. However, this algorithm explicitly
considers the ML and CL constraints in the mathematical model, which may result in infeasible
solutions for instances that contain bridge objects, such as those considered in the article Scripps e
Tan [2010]. It is also noted that the results of the KM-α and BRKGA-QL algorithms were improved
by the consensus information, as the best value of α for both algorithms was greater than 0 for all
instances. BRKGA-QL was computationally faster than KM-α, especially for instances with a
larger number of objects.

The consensus results were affected by the algorithms considered, as two of them (TVClus
and LCVQE) did not perform well in isolation. This directly affected the consensus information of
the KM-α and BRKGA-QL algorithms. Furthermore, within this approach, the search duration was
restricted, which might have resulted in the method not discovering the optimal scenario due to the
brief timeframe.

6. Conclusions
This paper described how the Biased Random-key Genetic Algorithm with Q-Learning

(BRKGA-QL) metaheuristic was adapted to work as a consensus technique for the Constrained
Clustering Problem. The BRKGA-QL used a recent ILP-based consensus model, denoted as KM-
α, as its basis. Its fitness function was adapted to work as the objective function of KM-α. In
addition, a custom decoder and local search were proposed for the consensus.

The computational results showed that the KM-α and BRKGA-QL algorithms benefited
from the consensus matrix information, improving their results for values greater than zero of the α
parameter. The BRKGA-QL algorithm was better in terms of computational time. In future work,
the performance of the BRKGA-QL algorithm could be evaluated on instances with bridge objects
where some constraints are not necessarily satisfied. In this case, the goal would be to minimize the
number of these constraints.
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Table 2: Experimental results.

KM-α BRKGA-QL BLPKM TVClust LCVQE
Dataset Constraint α ARI Time α ARI Time ARI Time ARI Time ARI Time

Soybean
0.1 0.1 1.0 0.05 0.1 1.0 0.08 1.0 0.11 0 0.06 1.0 0.13

0.15 0.1 1.0 0.05 0.1 1.0 0.05 1.0 0.08 0 0.09 1.0 0.13
0.2 0.1 1.0 0.05 0.1 1.0 0.82 1.0 0.09 0 0.06 1.0 0.13

Zoo
0.1 0.6 0.7 0.24 0.6 0.7 0.22 0.97 0.08 0.72 0.78 0.94 0.02

0.15 1.0 0.71 0.24 1.0 0.71 9.17 0.95 0.15 0.84 0.85 0.94 0.01
0.2 0.3 0.7 0.22 0.3 0.7 4.04 0.96 0.19 0.79 0.69 0.95 0.02

Appendicitis
0.1 0.4 0.53 0.34 0.4 0.53 0.09 0.62 0.08 0.56 0.13 0.45 0.14

0.15 0.5 0.8 0.3 0.5 0.8 0.11 1.0 0.06 0.69 0.47 0.39 0.01
0.2 0.5 0.76 0.48 0.5 0.76 0.09 1.0 0.05 0.91 0.59 0.05 0.36

Iris
0.1 0.4 0.83 0.77 0.4 0.83 24.44 0.89 0.19 0.94 0.65 0.69 0.13

0.15 0.6 0.96 0.71 0.6 0.96 0.42 0.96 0.19 1.0 0.42 0.94 0.14
0.2 0.2 1.0 0.77 0.2 1.0 0.29 1.0 0.12 1.0 2.96 0.96 0.13

Tae
0.1 0.9 0.11 1.55 0.9 0.11 0.43 0.19 0.17 0.07 0.32 0.09 0.01

0.15 0.9 0.35 1.2 0.9 0.35 0.26 0.74 0.2 0.07 0.77 0.04 0.4
0.2 0.7 0.31 1.45 0.7 0.31 0.26 0.98 0.1 0.07 1.28 0.05 0.49

Hayesroth
0.1 1.0 0.05 1.17 1.0 0.05 2.1 0.25 0.2 0.17 0.86 0.12 0.01

0.15 1.0 0.82 1.57 1.0 0.82 0.42 0.98 0.2 0.4 1.49 0.13 0.03
0.2 1.0 0.86 1.48 1.0 0.86 0.38 0.94 0.19 0.96 1.24 0.1 0.41

Wine
0.1 0.1 0.91 1.88 0.1 0.91 29.28 0.66 0.21 0.68 0.9 0.69 0.34

0.15 0.1 0.85 1.68 0.1 0.85 0.34 0.57 0.09 0.92 1.67 0.46 0.01
0.2 0.1 0.92 2.02 0.1 0.92 10.17 0.58 0.16 0.9 0.82 0.45 0.42

Sonar
0.1 1.0 0.78 2.99 1.0 0.78 0.26 0.8 0.11 0 0.17 0.05 0.14

0.15 1.0 0.82 3.55 1.0 0.82 0.29 0.98 0.11 0 0.17 0.57 0.44
0.2 0.5 1.0 3.84 0.5 1.0 0.32 1.0 0.09 0 0.19 0.04 0.83

Glass
0.1 0.8 0.26 3.08 0.8 0.26 11.82 0.43 0.37 0.29 1.84 0.22 0.48

0.15 0.8 0.59 2.93 0.8 0.59 22.15 0.8 1.13 0.29 2.09 0.32 0.49
0.2 0.3 0.63 3.48 0.3 0.63 13.47 0.96 0.91 0.29 1.64 0.3 0.75

Newthyroid
0.1 0.2 0.95 3.05 0.2 0.95 0.33 0.97 0.17 0.95 1.6 0.95 0.14

0.15 0.2 1.0 3.1 0.2 1.0 4.05 1.0 0.1 0.98 0.51 0.98 0.16
0.2 0.2 0.98 2.85 0.2 0.98 15.91 0.98 0.28 1.0 0.91 0.95 0.14

Spectfheart
0.1 0.3 0.01 6.45 0.3 0.01 0.79 0.87 0.14 0 0.42 0.01 0.72

0.15 1.0 1.0 18.13 1.0 1.0 0.47 1.0 0.09 0 0.22 0.13 1.14
0.2 0.2 -0.01 6.89 0.2 -0.01 0.39 1.0 0.14 0 0.26 -0.01 1.48

Heart
0.1 0.8 0.82 5.52 0.8 0.82 1.16 0.9 0.11 0.76 2.39 0.72 0.16

0.15 1.0 0.93 5.47 1.0 0.93 0.39 1.0 0.12 1.0 1.41 0.64 0.12
0.2 0.9 1.0 5.29 0.9 1.0 0.77 1.0 0.16 1.0 1.72 0.71 0.15

Circles
0.1 1.0 0.43 8.65 1.0 0.43 1.12 0.87 0.11 0.15 1.22 0.01 0.4

0.15 1.0 0.38 8.2 1.0 0.38 1.42 1.0 0.1 1.0 2.03 0.01 0.77
0.2 1.0 0.45 7.92 1.0 0.45 1.74 1.0 0.16 1.0 2.07 0.01 1.34

Spiral
0.1 1.0 0.39 7.8 1.0 0.39 1.24 0.88 0.08 0.12 0.87 0.02 0.13

0.15 0.8 1.0 8.25 0.8 1.0 1.08 1.0 0.11 1.0 2.37 0.02 0.81
0.2 0.8 1.0 7.74 0.8 1.0 2.27 1.0 0.17 1.0 1.13 0.15 1.21

Moons
0.1 0.8 0.99 7.4 0.8 0.99 1.9 0.99 0.07 0.99 2.4 0.63 0.15

0.15 0.5 1.0 9.39 0.5 1.0 1.14 1.0 0.17 1.0 1.32 0.82 0.44
0.2 0.3 1.0 6.85 0.3 1.0 1.62 1.0 0.18 1.0 0.71 1.0 0.12

Haberman
0.1 0.3 0.01 9.17 0.3 0.01 1.92 0.93 0.11 0.34 1.29 0 0.56

0.15 0.3 1.0 16.26 0.3 1.0 1.21 1.0 0.12 1.0 2.95 0.01 0.92
0.2 0.4 1.0 14.24 0.4 1.0 1.01 1.0 0.17 1.0 1.01 0 1.57

Ecoli
0.1 0.7 0.45 11.39 0.7 0.45 3.44 0.77 1.4 0.73 6.69 0.62 0.03

0.15 0.6 0.66 11.6 0.6 0.66 14.82 0.95 0.99 0.81 7.92 0.75 0.64
0.2 0.3 0.65 12.41 0.3 0.65 8.45 0.99 1.15 0.87 7.35 0.77 0.82

Bupa
0.1 0.6 0.32 13.09 0.6 0.32 1.28 0.94 0.11 0 0.89 0.01 0.52

0.15 0.4 0.36 17.48 0.4 0.36 1.67 1.0 0.16 0 0.78 0.01 1.15
0.2 0.3 0.01 16.67 0.3 0.01 1.47 1.0 0.2 0.01 1.08 0.01 1.87

Ionosphere
0.1 0.3 0.53 14.18 0.3 0.53 1.76 0.94 0.14 0 0.24 0.05 0.76

0.15 0.3 0.32 14.32 0.3 0.32 1.3 1.0 0.15 0 0.28 0 1.28
0.2 0.4 1.0 13.17 0.4 1.0 1.64 1.0 0.21 0 0.34 0 2.03

Movement Libras
0.1 0.2 0.34 13.05 0.2 0.34 14.77 0.37 6.28 0 2.31 0.35 0.08

0.15 1.0 0.4 14.09 1.0 0.4 19.1 0.41 6.61 0 3.06 0.36 3.52
0.2 0.9 0.55 14.8 0.9 0.55 13.87 0.63 19.99 0 3.13 0.38 3.6

Monk2
0.1 1.0 0.87 32.26 1.0 0.87 1.09 0.97 0.17 0.99 1.17 0.65 0.5

0.15 0.6 0.86 24.82 0.6 0.86 2.06 1.0 0.2 1.0 1.31 0.63 1.05
0.2 0.6 1.0 26.4 0.6 1.0 1.55 1.0 0.3 1.0 1.84 0.87 1.08

Saheart
0.1 0.8 0.68 34.59 0.8 0.68 1.57 0.99 0.3 0.99 4.94 0.14 1.1

0.15 0.8 1.0 39.92 0.8 1.0 1.05 1.0 0.22 1.0 8.97 0.01 2.2
0.2 0.6 1.0 32.97 0.6 1.0 4.76 1.0 0.37 1.0 1.81 0 4.05

Led7Digit
0.1 0.9 0.64 46.83 1.0 0.64 29.44 0.69 4.13 0.3 15.45 0.58 0.03

0.15 1.0 0.86 47.15 1.0 0.86 5.44 0.89 4.23 0.33 10.06 0.68 1.0
0.2 1.0 0.96 47.42 1.0 0.96 12.27 1.0 4.03 0.35 14.8 0.65 1.57

Breast Cancer
0.1 0.3 0.99 60.52 0.3 0.99 1.8 0.99 0.2 0.07 3.78 0.96 0.15

0.15 0.3 1.0 60.22 0.3 1.0 4.98 1.0 0.35 0.11 4.6 1.0 0.17
0.2 0.2 1.0 56.82 0.2 1.0 7.05 1.0 0.54 0.97 8.67 1.0 0.18

Vehicle
0.1 1.0 0.38 526.14 1.0 0.38 28.48 0.96 1.11 0.37 23.64 0.08 2.52

0.15 1.0 0.43 249.49 1.0 0.43 32.35 1.0 1.4 0.69 55.65 0.08 4.86
0.2 0.7 1.0 220.07 0.7 1.0 30.03 1.0 2.41 0.69 24.23 0.07 8.56
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