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O que sao features?

e (eralmente os algoritmos de aprendizagem de maquina lidam com uma estrutura matricial
de dados (essa matriz é chamada de dataset)

e Asdiversas fontes de dados(db, imagem, dudio, texto, etc) sdo convertidas para uma unica
tabela(dataset)

e No dataset denominamos as linhas como exemplos, instancias, observagées ou objetos e
nas colunas como atributos, variaveis ou features

Position | Experience Skill Country City Salary ($)
Developer 0 1|USA New York 103100
Developer 1 1|USA New York 104900
Developer 2 1|USA New York 106800
Developer 3 1|USA New York 108700
Developer 4 1|USA New York 110400
Developer 5 1|USA New York 112300
Developer 6 1|USA New York 114200
Developer 7 1|USA New York 116100
Developer 8 1|USA New York 117800
Developer 9 1|USA New York 119700
Developer 10 1|USA New York 121600




Representacao de dados multimidia

724 pixels (x)

28 pix

BN N

xid sz

Original Image

Imagens

Example Feature Maps

text

0 Eddard Stark is a king in the north.
1 Aking but one king : kings are everywhere.
2 Hodor was different : he was not a king .

3 But the North could not change without him.
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Representacao dos Dados - Microarray

Através da analise de microarray (dados genéticos) buscamos identificar os genes com maior

expressao para uma determinada doenca/tumor/estudo.
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FENG, Jie; XU, Jing. Identification of
pathogenic genes and transcription factors
in glaucoma. Molecular medicine
reports, v. 20, n. 1, p. 216-224, 2019.



Features P ' -
Alguns desafios PNEFREE
Dispersao dos dados id1/0|1(0|1]1/0[1]0
Como diminuir a dispersao dos id2|011]1)0]1)1]0]0
dados a partir das features ? id3|1/1/0/1]0]0/0]|1

n = objetos



Features

Desafios

Eliminar features indesejadas
Como selecionar as 2 melhores
features ?
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Features

Alguns desafios

Curse of

dimensionality

dimensions >> instances

a) 1D - 4 regions
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O que sao features?

Raw Data Feature Features
Engineering
Customer  Age Growp Max
NN Purchase
Q- Q Q- Qo Amount
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~~ A v gory o
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Q O Q. 3001 s 1254
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Any data from any source, Examples: Customer age, Example: Happy customers
historic and real time, current location, mood, items who purchased hoodies
structured and unstructured

( FEATURES ARE THE FUEL DRIVING Al )

https://www.iguazio.com/glossary/feature-store/
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Data Science Solution Workflow

Business
Understanding

7 g
Deployment Collection
~ Data Science Life \

Model CYCI e Data
Evaluation Preparation

y Exploratory
Modelling Data Analysis
€«

https://laptrinhx.com/complete-life-cycle-of-a-data-science-machine-learning-project-3256392522/
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CD4ML

Continuous Delivery for Machine Learning

Danilo Sato

Continuous Delivery for Machine Learning (CD4ML) is a
software engineering approach in which a cross-functional
team produces machine learning applications based on code,
data, and models in small and safe increments that can be
reproduced and reliably released at any time, in short
adaptation cycles.

Arif Wider Christoph Windheuser
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CD4ML Process
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Continuous Delivery for Machine Learning - CD4ML



https://martinfowler.com/articles/cd4ml.html

Model Building

Model Building

Data Features Model
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Featurization (Feature Store)
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https://feast.dev/
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Por que é importante obter features
interpretaveis?

\ﬁsqalizing Important_ Features
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Features
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Feature Importance Score

RandomForest evaluation - Titanic

Feature importance

0.25
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CCCCC

Porque o aprendizado nao-supervisionado ?




Unsupervised Learning

Concept drift

Current Window

\' 4

Namitha, K., Santhosh Kumar, G. Learning
in the presence of concept recurrence in
data stream clustering. J Big Data 7, 75

(2020).

Data Labelling
labeled data
Unlabelled Data Labelled Data . . . .
" g o ceoo
L X ‘)| — > ©000

e

K-means

bigdata

0000 ‘\

1. train the model
with labeled data

Model

unlabeled data
(X X J
(X X J ;
2. use the trained model

(X X/
000 to predict labels for the
X unlabeled data
pseudo-labeled data labeled data
(X X 0000
000 0000
000 0000
(X X 0000
3. retrained the
model with the
pseudo and
labeled datasets Model
together
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Clustering Solution Workflow

Representacao dos
Objetos
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Unsupervised feature selection method based on iterative similarity graph ;\
factorization and clustering by modularity

Marcos de S. Oliveira “"", Sergio R. de M. Queiroz*, Francisco de A.T. de Carvalho*

* Centro de dade Federal de by Recife, PE, Brazil
b Recife leﬂfnrAdvmcd Studies and Systems (CESAR), Recife, PE, Bruzil

ARTICLE INFO ABSTRACT

Keywords: Feature selection is an important research area aimed at eliminatij from high-di: 1
Feature selection datasets. Feature selection methods are categorized according to the availability of labels. Supervised methods
Unsupervised learning usually select features that have high correlations with the data labels, however, this cannot be done by
l"":"k ’P::’“maum unsupervised methods, since the labels are not available, making the development of them even more
Graph modularity challenging. Some unsupervised hods proposed in the li get around this problem by generating

“pseudo-labels™, using clustering techniques, and then making feature selection as in the supervised scenario.
There are also methods in which the selection is not guided by a cluslermg criterion, generally performing
some kind of reconstruction of the original dataset in low dii . in both app hes a
local structure is generated, usually starting from a similarity graph built by using the entire set of features.
This may compromise the results of the methods when there are many irrelevant and noisy features, which
makes it difficult to reveal or an initial rep: ion of the data. Another drawback of some current
methods is the large amount of hype or the putational time required for a single
which can render such methods unfeasible for some large datasets. In order to address these problems, it is
proposed in this work a new unsupervised feature selection method, called KNMFS, which performs the scoring

of the features in low computational time using a three-step p (1) a similarity graph I ing step
based on non-negative iterative matrix factorization her with a Gaussian filter to miti the noise effects
caused by irrel (2 ad ing step from the learned graph using a modularity optimization

strategy and (3) a random forest algorithm is applied to compute the scores based on the labels generated
by the clustering step. To verify the effectiveness of the proposed method, experiments in real and synthetic
datasets were conducted. In both cases, the obtained results showed that the KNMFS method, compared to
other state-of-the-art methods, obtained good results according to the metrics of Accuracy, ARI and NML
Friedman'’s statistical tests were also performed to give id to the rep d results.
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KNMFS

Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS

Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS

step 1/5: Similarity matrix
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KNMFS

step 1/5: Similarity matrix

=)
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KNMFS

Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS

step 2/5: Iterative NMF 1 2
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KNMFS

step 2/5: Iterative NMF
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KNMFS

Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS

step 3/5: Similarity Graph
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from sklearn.neighbors import kneighbors graph
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KNMFS

Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS e

step 4/5: Louvain Community Detection
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Kernelized NMF and Modularity Feature Selection (KNMFS)
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KNMFS

step 5/5: Feature Scoring
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KNMFS

step 5/5: Feature Scoring
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KNMFS

https://github.com/marcosd3souza/KNMFS

& marcosd3souza/ KNMFS  rubic
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[ LICENSE Initial commit

[) README.md Update README.md

i= README.md

KNMFS

ff7cesb onApr2 ® 11 commits

7 months ago
13 months ago

7 months ago

Unsupervised Feature Selection Method Based on Iterative Similarity Graph Factorization and Clustering by

Modularity

Abstract

Feature selection is an important research area aimed at eliminating unwanted features from high-dimensional

Feature ion methods are

ized according to the availability of labels. Supervised methods

usually select features that have high correlations with the data la- bels, however, this cannot be done by

unsupervised methods, since the labels are not available, making the devel

of them even more challenging.

Some unsupervised methods proposed in the literature get around this problem by generating “pseudo-labels”, using
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KNMFS

Data & Methods

LS (He et al., 2006)

SPEC (Zhao & Liu, 2007)
MCEFS (Cai et al., 2010)

UDFS (Yang et al., 2011)
JELSR (Gu et al., 2011)

NDFS (Wang & Zhang, 2012)
RUFS (Qian & Zhai, 2013)
GLSPFS (Liu et al., 2013)
FSASL (Du & Shen, 2015)
iDetect (Yao et al., 2015)
SCUFS (Zhu, Zhu et al., 2017)
GSR_SF (Hu et al., 2017)
LGRSFS (Zhu, Zhang et al., 2017)
URAFS (Li et al., 2018)
DGUFS (Guo & Zhu, 2018)
AEFS (Han et al., 2018)

TSFS (Mirzaei et al., 2020)
SCFS (Parsa et al., 2020)

Table 2

Datasets.
Dataset Domain Features Instances Classes
warpAR10P Image 2400 130 10
warpPIE10P Image 2420 210 10
pixraw10P Image 10000 100 10
orlraws10P Image 10304 100 10
nci9 Biological 9712 60 9
ProstateGE Biological 5966 102 2
Carcinom Biological 9182 174 11
TOX171 Biological 5748 171 4
ALLAML Biological 7129 72 2
SMK-CAN Biological 19993 187 2
isolet Other 617 1560 26
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KNMFS

Metodologia

Para os métodos foram utilizadas configuragdes default. Por exemplo, k=5 para
construcao do grafo knn e distancia euclidiana

O numero de features selecionadas foi através de numeros magicos: [10, 20, 30 ... 100]
0O K-Means foi executado com o k igual ao numero de classes prévia

Foram calculadas as meétricas de cluster accuracy, NMl e ARI

Os resultados foram compilados considerando o MAX, AVG e STD

o em sequida foi realizado o teste de Friedman e post-hoc nemenyi para identificar
uma diferenca significativa (CD)

40



KNMFS

Time

Table 3

Total time spent (in seconds) by the methods of the experiments performed in all Datasets.
Method warpAR10P warpPIE10P pixraw10P orlraws10P nci9 ProstateGE Carcinom TOX171 ALLAML SMK-CAN isolet Total time
LS 2 3 2 3 2 2 3 2 2 2 6 41
SPEC 1 2 2 2 1 1 2 2 1 2 10 177
MCFS 7 11 57 63 38 22 82 39 25 354 8 1639
UDFS 51 51 2371 7506 9532 2465 3517 1566 2915 128243 81 179255
JELSR 171 191 4088 4953 3887 1067 3629 1080 1700 31695 1190 60746
NDFS 14 14 550 602 502 126 436 118 209 4568 18 7457
RUFS 556 646 7354 2413 1835 804 2249 1034 974 12271 1591 43277
GLSPFS 473 557 501 528 412 273 762 517 282 934 2298 18545
FSASL 4492 4696 108 368 125498 102045 29935 87 566 26932 45911 801539 11058 1463895
iDetect 75 106 97 103 62 54 200 118 44 455 845 29949
SCUFS 1090 2890 2600 2625 1077 1654 6671 3920 1039 17 887 62827 104 280
DGUFS 32 69 86 90 40 50 181 111 36 434 2965 26037
AEFS 15 17 26 27 20 19 38 25 17 73 30 641
TSFS 86 121 261 275 130 160 388 233 142 981 228 7704
SCFS 240 50 1638 1739 1577 422 1227 349 656 20088 198 28184
KNMFS 3 2 4 2 2 2 6 4 2 6 35 68
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KNMFS e

Table 4
Clustering results measured by accuracy (Max and Mean ACC% =+ STD) of the compared methods. The best result is highlighted in violet, the second best in blue and the third in cyan. The baseline represents the result when all
features are used.

Dataset Baseline LS SPEC MCFS UDFS NDFS RUFS GLSPFS FSASL iDetect SCUFS DGUFS AEFS TSFS SCFS KNMFS
warpAR10P 0,19 0,34 0,34 0,48 0,40 0,43 0,52 0,41 0,35 0,45 0,39 0,30 0,32 0,24 0,53 0,67
0,56 £ 0.02 031 £0.02 031 +0.04 042 + 0.03 024 £ 0.06 032 £ 005 030+ 003 035+ 00i 026%005 0322005 0274000 029+004 026%002 020006 031 £0.06
warpPIEIOP 0,30 0,44 0,44 0,33 0,64 0,64 0,57 0,36 0,31 0,50 0,39 0,31 0,28 0,32 0,69 0,46
041 £ 0.02 041 £ 0.02 029 + 0.02 046 + 0.13 049 &£ 0.11 032 £ 0.4 028 + 0.0 022+ 002 036+ 000 028003 0242003 025+000 029+002 038011 0422002
pixrawlOP 0,94 0,93 0,93 0,76 0,85 0,64 0,97 0,96 0,84 0,77 0,93 0,78 0,92 0,86 0,86 0,98
086 + 0.10 086 +0.10 069 + 0.04 076 + 0.04 051 + 0.0 073 £ 010 085+ 005 080+ 004 053+ 001 079 +0.07 067 + 002 086+ 005 080 + 0,02 063+ 0.11 095 £ 0.04
orlraws10P 0,82 0,73 0,73 0,78 0,77 0,59 0,87 0,71 0,57 0,81 )88 0,68 0,77 0,82 0,86 0,84
069 + 0.03 069 + 0.04 064 + 0.12 0,66 + 0,05 045 + 0.07 069 + 0.07 067 + 0.03 046 + 0.05 042 + 0,01 071 = 0.05 060 + 0.02 070 + 0.02 078 + 0,01 058 + 0.13 0,81 + 0.02
nci9 0,43 0,38 0,37 0,40 0,43 : 0,47 0,53 0,52 0,30 0,42 0,48 0,45 0,48 0,42 0,60 0,62
036 + 0.0 035+ 0.0 036 +0.03 036+ 005 039005 032%005 036=005 039 +003 024+00 032+000 037 +006 040002 038002 036+00 037 +006 055004
Prostate-GE 0,03 0,57 0,57 0,58 0,52 0,57 0,88 0,89 0,58 0,53 0,61 0,64 0,61 0,63 0,57 0,62 0,64
057 + 0.00 057 + 0.00 057 + 0.0l 052+ 0,00 054+ 002 059 =011 057 + 004 055+003 052000 05 +000 05 «000 05«00l 061 +000 0574000 054005 06200l
Carcinom 0,66 0,60 0.60 0,64 0,57 0,37 0,53 0,73 0,44 0,59 0,64 0,63 0,53 0,60 0,43 0,55 0,81
051 + 0.03 051 + 0.04 054 + 0.06 037 + 0.11 032+ 003 038 +0.07 046+ 0.09 036+ 0.04 041 +0.09 037 + 001 045+ 0.0l 047 £ 0.0l 051 + 0.02 039 £ 001 039 + 0.06 072 £ 0.06
TOX171 0,25 0,53 0,53 0,44 0,55 0,46 0,46 0,57 0,52 0,46 0,49 0,49 0,49 0,48 0,44 0,50 0,45
049 + 0.01 050 = 0.00 039 + 0.04 045 + 0.04 044 + 0,01 037 + 0.03 042+ 0.05 044 + 005 033 + 004 033+ 000 043 +0.04 045+ 00l 045+ 001 042 £ 00l 038 + 004 042 £ 0.03
ALLAML 0,17 0,75 0,75 0,65 0,74 0,74 0,78 0,90 0,74 0,68 0,74 0,76 0,72 0,75 0,74 0,75 0,79
073 « 0.00 074 £ 0.00 055 %005 070400 072400 059 008 067 +008 071400l 06200 059000 070=%006 067 «002 068003 071 00 063+ 006 075 =% 0.03
SMK-CAN 0,00 0,56 0,56 0,59 0,53 0,53 0,61 0,66 0,61 0,65 0,64 0,58 0,53 0,54 0,55 0,62 0,64
0,55 + 0,00 055+ 0.00 058 +0.01 051 + 00 053+ 000 055=%00 053200 05600 054+004 054400 053+00 05 +00 053+00 0524+00 055005 061 +002
isolet 0,76 0,50 0,52 0,48 0,52 0,41 0,38 0,66 0,47 0,64 0,41 0,60 0,10 0,08 0,07 0,66 0,61
042 + 0,06 042 + 0.06 040 + 0.06 037 + 012 031 + 0,08 026 + 0,06 043 « 0.10 031 + 0.10 041 + 0,09 026+ 006 039 +0.11 024 + 041 044 + 048 039 + 038 037 + 0,14 055 = 0.07
AVG Max 0,41 0,58 0,58 0,56 0,59 0,51 0,58 0,72 0,57 0,54 0,59 0,62 0,50 0,53 0,50 0,66 0,68
Mean 0,54 0,54 0,49 0,50 0,48 0,34 0,50 0,50 0,44 0,42 0,50 0,46 0,52 0,49 0,46 0,63
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Table 5
Clustering results measured by Normalized Mutual Information (Max and Mean NMI% + STD) of the compared methods. The best result is highlighted in violet, the second best in blue and the third in cyan. The baseline represents
the result when all features are used.

Dataset Baseline LS SPEC MCFS UDFS JELSR NDFS RUFS GLSPFS FSASL iDetect SCUFS DGUFS AEFS TSFS SCFS KNMFS
warpAR10P 0,19 0,35 0,36 0,46 0,50 0,25 0,48 0,55 0,44 0,42 0,42 0,43 0,30 0,41 0,36 0,63 0,71
032 &£ 0.02 0324002 045+00 0432004 021 +002 043001 029 +007 036+004 024007 030006 0244006 027002 022+008 029+00i 031 %009 058z 006
warpPIEIOP 0,30 0,43 0,43 0,38 0,62 0,66 0,63 0,34 0,39 0,47 0,36 0,27 0,33 0,38 0,69 0,51
041 £ 0.01 041 £ 0.01 031 +0.04 056 + 0.04 001 061 005 033 %005 028+002 028004 037+007 029400 0222003 029002 0344002 040012 047 « 0.03
pixrawlOP 094 0,92 0,92 0,85 0,98 0,55 0,96 0,95 0,93 0,82 0,96 0,90 0,94 0,94 0,92 0,97
089 + 0.03 089 +0.03 078 +0.05 088 + 0.04 L 001 050 +003 08 %007 091+00 08 +006 059 +011 0842006 08l +003 08 +006 09000 071 +011 096 =+ 0,02
orlraws10P 0,82 0,80 0,80 0,76 0,75 0,49 0,90 0,85 0,86 0,83 0,90 0,69 0,86 0,91 0,89 0,93
079 + 0.0 079 + 0.01 068 + 0.07 071 + 0,04 L 002 045+ 002 0754007 0804004 073+006 044017 078 +006 065+004 079 +004 085006 0634013 089+ 003
nci9 0,43 0,40 0,40 0,35 0,30 0,34 0,55 0,48 0,42 0,44 0,50 0,43 0,39 0,39 0,56 0,64
037 + 0.02 036 +0.02 031 +0.03 024+ 0,02 004 028 +004 036+005 0404005 031 +004 029+005 030=+008 038200 031 +004 03400 0372006 05« 0.0
Prostate-GE 0,03 0,01 0,01 0,04 0,08 0,02 0,39 0,02 0,05 0,07 0,06 0,05 0,05 0,02 0,04 0,07
001 + 0.00 001 +0.00 003 %00 003+002 002000 002000 003003 002000 002+00 00400 002400 00400 005200 001 +000 00200 005z 002
Carcinom 0,66 0,68 0,65 0,55 0,41 0,33 0,75 0,47 0,53 0,63 0,73 0,55 0,60 0,43 0,54 0,77
058 £ 0.11 056+« 0.12 051 +0.04 030 + 0,05 0,26 + 0.04 046 + 0.09 039 + 0.04 039 + 005 031 + 0,15 052+ 007 050+ 005 053 +006 038+00 036007 070 =006
TOX171 0,25 0,38 0,38 0,16 0,39 0,07 0,38 0,30 0,24 0,23 0,30 0,28 0,27 0,33 0,35 0,37
036 £ 0.0 035 £ 0.02 008 +0.04 026 + 0,06 005 £ 0.0 017 £ 0.07 021 + 0.06 013 +0.04 006 + 0.07 021 +0.05 023 +006 018 +006 025+ 006 010+ 007 027 = 0.08
ALLAML 0,17 0,17 017 0,16 018 0,02 0,51 0,15 0,17 0,18 0,23 0,15 013 0,13 0,20 0,23
015 + 0,01 015+ 001 010+ 005 013+ 002 01200 001 +00 010007 0124002 004004 0054005 0111005 0062004 0072004 01I1 4002 004008 017 £ 005
SMK-CAN 0,00 0,01 0,01 0,07 0,01 0,01 0,01 0,10 0,04 0,06 0,03 0,00 0,01 0,02 0,04 0,06
0,01 + 0.00 001 + 000 003 +00 000000 001000 000=000 00«00l 00200l 001 £ 0,00 001 £0.01 000000 000000 001000 00«00 004002
isolet 0,76 0,68 0,67 0,65 0,71 0,50 0,41 0,74 0,54 0,58 0,66 0,63 0,70 0,63 0,76 0,75
0,50 « 0.06 059 006 052+012 057+013 039010 029 +008 0534010 03901l 034+ 009 048 £ 011 053 %012 062+ 009 058 +006 046016 068 + 0.08
AVG Max 0,32 0,35 0,35 0,32 0,35 0,30 0,24 0.47 0,33 0,35 0,47 0,31 0,34 0,33 0,51 0,55
Mean 0,32 0,32 0,27 0,29 0,27 0,21 0,28 0,28 0,20 0,35 0,27 0,28 0,29 0,31 0,49
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Table 6
Clustering results measured by Adjusted Rand Index (Max and Mean ARI% + STD) of the compared methods. The best result is highlighted in violet, the second best in blue and the third in cyan. The baseline represents the result
when all features are used.

Dataset Baseline LS SPEC MCFS UDFS JELSR NDFs RUFS GLSPFS FSASL iDetect SCUFS DGUFS AEFS TSFS SCFS KNMFS
warpARIOP 0,02 0,12 0,12 0,24 0,24 0,06 0,20 0,31 0,20 0,19 0,19 0,20 0,07 0,19 0,14 0,39 0,50
009 +0.02 009002 021 %002 0174005 00400 017 « 004 009+ 005 014003 006004 008005 006004 00600 005005 008003 0104006 037+ 007
warpPIEIOP 0,08 0,17 017 0,14 0,32 0,11 0,44 0,39 0,16 0,15 0,25 0,18 0,07 0,13 0,14 0,48
016 £ 0.01 0,16 + 0.0l 009 + 0.03 026+ 0.04 009+ 001 037 £ 0.06 012+ 004 009 + 00l 009 + 003 014 +005 010+ 002 005+ 0.0l 0.02 012 +£00 018 £ 0.11
pixrawlOP 0,87 0,86 0.86 0,68 0,96 0,80 0,31 0,93 0,91 0,83 0,64 0,93 0,76 0,84 0,81
079 = 0.07 079 + 0.07 058 007 072+010 079+ 002 023 %005 064+012 08 +005 061010 035+013 067 «011 0,60+ 0.06 0.10 077 £ 005 049 + 0.14
orlraws10P 0,65 0,61 0,61 0,58 0,49 0,67 0,24 0,78 0,67 0,71 0,69 0,81 0,46 0,80 0,79
056 + 0.03 056 + 0.03 046 + 0.09 041 + 0,07 063 + 003 019 « 003 055010 060+ 006 051 +008 020+ 019 05 «0.10 040 =+ 0.03 +0.07 070 + 0,10 039 + 0,17
nci9 017 0,09 0,09 0,09 0,02 0,18 0,08 0,27 0,18 0,14 0,14 0,22 0,14 0,10 0,31
007 £ 0.01 007 £ 0.0 004 + 0.03 000+ 00 012003 003=%003 008=005 010+005 003003 003%00§i 006005 008003 0.04 005+ 003 0,09 £ 0.06
Prostate-GE 0,02 0,01 0,01 0,05 0,03 0,01 0,00 0,47 0,02 0,05 0,04 0,05 0,03 0,02 0,05
001 + 0,00 001 +0.00 003400 00000 0004000 000=000 003400 001+00 00200 00l +00 001 00 002x 00! 0.01 001 000 001 + 0.0
Carcinom 0,52 0,50 0,50 0,44 0,14 0,20 0,17 0,64 0,24 0,39 0,49 0,66 0,39 0,45 0,22 0,38
039 + 011 036013 036+006 00600 014400 01000 029 +011 017 +004 020 +006 015015 035+000 0332006 038007 0184003 017 + 0,07
TOX171 0,20 0,22 0,22 0,11 0,30 0,19 0,04 0,27 0,22 0,16 0,16 0,21 0,20 0,17 0,21 0,26
020 £ 0.01 020 %00l 005+005 018+005 017002 002=%00 011 +006 015+ 005 008003 003005 014+004 0162004 0114004 017 +0.0i 006 + 0,05
ALLAML 0,24 0,24 0,24 0,08 0,15 0,21 0,02 0,64 0,21 0,26 0,21 0,33 0,21 0,18 0,18 0,24
021 £ 001 021 +0.02 0034003 010002 0174002 -001=00 0122010 017 +002 006005 000005 0142008 010006 0114005 01600 004+ 007
SMK-CAN 0,00 0,01 0,01 0,08 0,01 0,00 0,01 0,13 0,05 0,06 0,08 0,04 0,00 0,00 0,02 0,05
001 £ 0.00 001 £ 000 003 %002 000000 000000 000=%00 00000 001 %00l L 0.0 001400 00000 000%000 000%000 001+00 00l +00 0042002
isolet 0,52 0,41 0,39 0,44 0,46 0,27 0,18 0,54 0,30 0,30 0,39 0,45 0,36 0,57 0,51
031 +0.06 031 006 030+012 028=+014 017 +008 011 £005 029 +0.10 017 + 0.08 + 0, 0,12 + 0,06 029 + 0.10 036 + 0.09 030 + 006 024+ 013 044 + 0,09
AVG Max 0,23 0,23 0,23 0,21 0,22 0,19 0,12 0,39 0,23 0,25 0,23 0,20 0,24 0,22 0,39 0,43
Mean 0,20 0.20 0,16 0,16 0,17 0,09 017 017 0,14 0,08 0,15 0,18 0,18 0,16 0,37
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Friedman Test R

Average rank of methods (the smaller the better) by ACC, NMI and ARI (Max and mean). The best result are enlighten in bold and the second
best is underlined.

Method ACC Max ACC Mean NMI Max NMI Mean ARI Max ARI Mean
LS 8,09 4,91 9,00 5,55 9,18 5,45
SPEC 8,18 5,09 9,00 6,18 9,09 5,64
MCFS 10,00 8,36 10,18 8,73 10,00 8,36
UDFS 8,55 8,91 7,45 8,36 8,82 10,09
JELSR 12,36 9,55 11,64 8,18 12,45 9,00
NDFS 8,73 10,55 12,73 12,64 13,09 13,09
RUFS 1,91 8,36 2,55 8,55 2,55 8,27
GLSPFS 8,18 8,09 9,27 7,45 8,27 7,27
FSASL 11,00 12,18 8,09 10,64 7,73 9,82
iDetect 7,36 12,27 8,55 11,91 9,18 12,27
SCUFS 5,55 8,55 6,18 9.8 4,91 8,91
DGUFS 12,09 9,91 11,91 10,00 11,91 10,18
AEFS 9,64 6,82 10,18 8,36 9,09 8,45
TSFS 12,09 9,36 10,36 7,73 10,18 7,18
SCFS 4,55 10,55 5,27 10,27 4,91 10,00
KNMFS 3,64 2,00 2,45 1,45 3,27 1,82

Table 8

Friedman test results.
Metric 2 Critical F Test result
ACC Max 35,98 2,79 2,10 Reject null hypothesis
ACC Mean 48,86 4,21 2,10 Reject null hypothesis
NMI Max 51,11 4,97 2,10 Reject null hypothesis
NMI Avg 48,07 4,54 2,10 Reject null hypothesis
ARI Max 51,66 5,05 2,10 Reject null hypothesis
ARI Avg 50,71 4,91 2,10 Reject null hypothesis

cC. e .S . A.R
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Nemenyi Test
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Pessoas impulsionando inovacao.

Inovacao impulsionando negécios.

Thanks!




