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WI Informatlon Florena Buse Andralonescu suwpenisor  Asterios Katsifodimos responsible Professor I U D e I ft

TUDelft Systems

Web Information Systems (WI1S) Group, Delft University of Technology

. Introduction 1. Research question & sub-questions 1Sot(()eelPlatesFaL.JX.IX.t.s“S.cIXlsc co%g SteelPlatesFaults (cat\ - Nursery (nom., ord.) Nursery (sparse num.)
%‘u’o‘ ommERERERSES o i
. . . . . 5 | o~ 7 90 {7
| set of features/columns X | (RQ) How do correlation-based feature selection techniques, in particular Pearson, Spearman, D) A 90 =
(a) basclableR Cramér’s V, SU, influence the performance of Decision trees, Linear ML algorithms and Support § 80 I ol [ 7
X Xin X2 X3 Xiia Y vector machines? 3 i 80 g A
________________ i O ‘.‘.Q.K"".‘.I ¢ /o
candidate table C, (SQ1) What is the best correlation technique to be used considering the dimensionality and feature < | / 70 /
‘ . . ? :
_______ e Xju ! type(s) of the data: 0 10 20 33 0 10 20 33 8 2 4 6 8
(b) (SQ2) How much does the choice of ML algorithm influence the performance of correlation-based Number of features Number of features Number offeatures Number of features
new base table D’ feature selection techniques? —+— Pearson  —-— Spearman  —-— CramersV = —=— SU  —— Baseline
X. X, , X, Y Figure 4. Effectiveness of the methods on the original datasets (grey outline) and the encoded datasets (black outline).
l i+ ] Jj+
rank2 § | rank7 rank3 rankl rank5 rank 4 rank 6 _
N IV. Methodology R BreastCancer (569x31) R Arrhythmia (452x279)
select 5 best S ® 3 ®
new base table D (T T T N oo n 6 o ®
I ~ () ~ o
X; X2 Xis3 Xisa X; Y ,’ifcivi/_p_r FPTREESo EL ----------------------------- N o) o ® @ Pearson o) o %o
| | I . . | E 0 2 () E ) ® ®
_ | - | [ imputation ] [normallzatlon] [ encoding ] ! = °® ® Spearman = O ®
optimal set of features/columns X | I - ® , - 20
Legend Pre-ML| 1 ! S04 ® CrameérsV Is . O
f k gi b | -, . -
feature target feature | Z joincolumn [} ngEE:E ;zgct?;\:]en Y : [most/;flﬁmon] [ none ][ MinMax] [ none ] [OneHot] [KBinsDiscretizer] : § 0o ®® o0 ® o SU § O
""""" \ P A A A A A N B B
Figure 1. (a) Feature discovery vs (b) Feature selection. ) P —— o1 |.>|J< 0.0 o 08 3 000 0 O Ijj 0 : o0 00000 00
_______________ l_tri"r_‘d_atf_____________\ 25 50 75 100 25 50 75 100
1. Prelimi . P _ A Percentage of samples Percentage of samples
- Fretiminaries :\C?llir:?_p_r??to_c_efs?f] [ column sefection ] 1 Fligure 5. Efficiency of the feature selection stage computed for an increasing % of the samples.
/\
. . . . | 4 p B
We propose four correlation measures that can be incorporated into feature selection to compute i none ] ' correlation-based ] n BreastCancer (569x31) _ Arrhythmia (452x279)
the relevancy of any feature X; with regard to the target Y. : —_— ; G y G .
| e GJ i ‘."». I\...,.Q AR Narteg '4' G) 4
I Select k best ] Select above ¢ ] 0 0.7 ¢ V \ j 2
Pearson & Spearman | e e o “d —+— Pearson @
N I e = Wi - —  a— - —— -
Z 1(33@] X’L Y) I‘ [Pearson] Epearmaa E:ramer\] [ suU ] [Pearson] %pearmar] E‘,ramer\] [ su ] <06 Spearrn'an =
P(X;,Y) = )= , (1) In-ML | = e, - " — | S —— Cramer's V S 5
.. /SNvV .- v T geceesssssssssssss9999900eeeeeetERE 4 = —— SU =
\/Z] 1 ZC@] X \/Z] 1 ) {___,_/ ______ \ 805 | 3
' model ] [ model selection & training ] §|<9 ' —— Baseline §|<3 1
. . . N o e o o - - ———— LIJ LIJ [ J
The Spearman correlation S(X;,Y) is computed in the same manner as P(X;,Y), except that X : - — [T 0 10 20 31 0O 50 100 150 200
and Y are rank-transformed to values in [1, N| [2]. : [ Linear model ] [ Decision tree ] [ - ] Number of features Number of features
: ________________ T Figure 6. Efficiency of the In-ML stage of the pipeline computed for an increasing # of features.
Cramér's V e L T
5 '\\ [ LightGBM ] [ XGBoost ] [Random forest] .
C(X;,Y) = X | -2 test data VI. Conclusions
N - mm(CXi —1,Cy — 1) S v
(o | : . : : : .
5. , . ' evaluation ] [ model evaluation ] : 1. (SQ1) (i) Effectiveness of methods is highly tied to the type(s) of features. Theoretical
where x“ is the chi-squared test. C'x. and Cy denote the number of categories of X; and Y [3]. @ g P : assumptions do not hold in practice and we devise new ones in Table 1.
: : : ! i) Efficiency of feature selection is dependent on the dimensionality of the data.
Symmetric Uncertainty (SU) : [ac"”racy’RMSE] [ A ] n i 1ency . PEne . - Y .
e e = = e e e ———————— / 2. (5Q2) (i) No correlation measure has been identified to exhibit superior effectiveness
SU(X,,Y) = 2-1G(X;,Y) (3) Figure 2. ML pipeline for the empirical evaluation. Blue hyperparameters form the baseline configuration. exclusively for a particular algorithm.
v H(X;))+ HY) (ii) Efficiency of the ML system decreases with feature selection, but it is worth the trade-off
- - . - , V. Empirical results to obtain increased effectiveness.
where I1G(X;,Y) is the information gain. H(X;) and H(Y) refer to Shannon’s entropy [4]. P
Gisette (disc.) Censusincome (cont., nom.) Arrhythmia (disc cont., nom.) Table 1. Feature types suitable to the correlation measures. Purple represents the types assumed in theory. Red
References * 85 g denotes the types that were found to work in practice.
/3 _.—@‘g’!‘!;: . oﬁih.“_./ ::? _ .ﬂ)ﬁ . .‘ ’. RS .t :nnx xexexerd
95 . ....:f- y ,_ o S Numerical Categorical
[1] 1. Guyon and A. Elisseeff, “An introduction to variable and feature selection,” Journal of machine learning research, vol. 3, no. Mar, > ;: QY ' 60
pp. 1157-1182, 2003. S ,7! 80 = --- Discrete Continuous Nominal Ordinal
2] G. Chandrashekar and F. Sahin, “A survey on feature selection methods,” Computers & Electrical Engineering, vol. 40, pp. 16-28, 01 2014. § 90 : / 2 Pearson % S %
W . o N ) Q !
3] H. Akoglu, User's guide to correlation coefficients,” Turkish toumal of.Emergenc.y Me‘dlcme’, vol. 18, pp..91 93,09 2018. | < I Spearman % . % %
[4] B. Singh, N. Kushwaha, and O. Vyas, “A feature subset selection technique for high dimensional data using symmetric uncertainty,” Journal g5 1 75 /S 50 | C 'S \/ v v v
of Data Analysis and Information Processing, vol. 02, pp. 25-105, 01 2014. ' ramer S. .
0 100 200 5 10 14 100 200 279 Symmetric Uncertainty v/ v v v v
Number of features Number of features Number of features

—o=— Pearson —e— Spearman === Crameér's V —— SU —== Baseline

Figure 3. Effectiveness of the correlation-based feature selection techniques averaged over all ML algorithms.
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