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New Framework for Distributed Multivariate

Feature Selection

Mona Sharifnezhad, Mohsen Rahmani, Hosein Ghaffarian
Department of Computer Engineering, Faculty of Engineering,
Arak University, Arak, Iran

Abstract

Feature selection is a process for discovering relevant features and putting the irrelevant and redundant
features aside. In recent years, feature domain studies have increased in machine learning and pattern
recognition significantly, in a way that several techniques have been developed to solve the problem of
feature reduction. Feature selection is an essential activity in data preprocessing. It describes features
that significantly reduce the effects of noise and irrelevant and redundant data and provides desirable
prediction results. Feature selection algorithms are divided into three groups: Filter methods, are
typically divided into two subsets: univariate evaluation and multivariate evaluation. While in
univariate evaluation, features are evaluated based on attributing matching weights with their relevance
degree to the classes, multivariate evaluation approaches can manage the feature relevance to the classes
together with their redundancy. Wrapper methods, in these methods, the feature set is selected based on
the classifier in a way that all possible subsets of features are considered and evaluating all states, the
best subset that has more accurate classification is selected. Embedded methods, in these methods, the

d : search for an optimal feature set is located inside the classifier structure. In many current feature
,&f’ selection approaches, redundancy and relevance between features and class vector are considered
» . . \ .

Corresponding author GLI loougs ducawm g

OF 2ls F oLl VP Jlo gy ranllan £45 @ VF VNIV 1Ll Gu b @ VEL VYV th gy g )l @ VYA i Jluyl fu b @



simultaneously. However, these multivariate filter algorithms calculate the suitability of features by only
the intrinsic characteristics of the data. In this paper, we propose a new framework to offset the
multivariate feature selection problem regarding the interaction with classifiers in feature selection. Our
proposed framework calculates the relevance of each feature to class labels by embedded algorithms.
Then, redundancy among features is examined through multivariate filter algorithms. In addition, in the
proposed framework, instead of using all records at once, we use their horizontal distribution. This
approach reduces the runtime of the process in datasets with many instances and in environments
without centralized data. The results of the evaluation show that the suggested framework can improve
classification accuracy compared with the methods just based on multivariate filters. In addition, the
runtime speed is improved compared with the centralized methods.

Key words: Multivariate filter feature selection, Embedded feature selection, Classification, Distribution
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Compute:
1. Horizontal Partition on Train Data
D1 to Dy: Subset of Train Datasets
2. Proposed Framework of Feature selection on
each Subset of Train Data

—For each Dj Subset of Train Data

a. Maximum Relevancy by Embedded
Feature Selection (W)
b. Minimum Redundancy by Multivariate
Filter Feature Selection (Wey)
c. 8 (Wgx, Wey): Combine of Relevancy and
Redundancy
d. Remove Threshold Percent of Features with
Lower Score ()
e. Increment one Vote in Vector V for each
Remove Feature
3. Aggregated Subsets of Selected Features
a. Th: A threshold of votes to remove a Feature

b. FFS: Subset of Final Selected Features
4. Obtaining Accuracy by Classifier
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Algorithm 1 Pseudo-code for Proposed Approach

Input:
- Load Dataset D (mxs) with m Samples and s
Features
a. Train Dataset = D(m1Xs)
b. Test Dataset = D(m;Xs)
c. Vector of votes for Removing Features =V,
length of Number of Features, Initialize
the
V0
Output:
- FS: Subset of Final Selected Features

22 Information Gain (IG)
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19 Mutual Information Difference criterion (MID)
20 Mutual Information Quotient criterion (MIQ)

21 Complexity Measure
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(Table-2): Characteristics of used Dataset

Samples
Dataset Features Classes
Training Test
Ozone 72 1691 845 2
Madelon 500 1600 800 2
Spambase 57 3067 1534 2
Connect4 42 45038 22519 3
Spect 22 178 89 2
Isolet 617 5198 2599 26
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(Table-3): Results of KNN Classifier Accuracy

Dataset C-IG C-ReliefF C-SVM_RFE C-mRMR SVM-RFE_By_C-mRMR With out
D-IG D-ReliefF D-SVM_RFE D-mRMR SVM-RFE_By_D-mRMR  Feature Selection
Ozone  98.70 98.22 98.70 98.70 98.70 98.12
98.82 93.79 90.18 98.70 98.58
Madelon  49.62 49.62 49.62 49.62 49.62 48.62
49.62 49.62 49.62 49.62 49.62
Spambase  95.56 77.69 94.65 92.37 90.54 91.65
94.98 88.00 91.86 96.41 99.61
Spect 68.54 66.29 64.04 65.17 64.04 62.92
64.04 64.04 70.79 65.17 62.92
Isolet 92.90 95.17 94.25 91.02 92.68 90.42
92.99 95.19 95.30 93.35 95.60
Connectd  66.42 60.42 71.22 72.26 73.12 65.58
66.42 60.42 74.72 73.12 75.42
Aerage  78.62 7457 78.75 78.19 7812 e
77.81 75.18 78.74 79.39 80.29
SVM b (gusgdiinh &85 o gulis :(F- Jgas)
(Table-4): Results of SVM Classifier Accuracy
Dataset  C-IG C-ReliefF C-SVM_RFE C-MRMR SVM-RFE_By_C-MRMR With out
D-IG D-ReliefF D-SVM_RFE D-MRMR  SVM-RFE_By_D-MRMR  Feature Selection
Ozone  98.75 98.70 98.58 98.58 98.58 98.35
Madelon ~ 49.37 48.25 49.50 50.15 51.26 48.25
Spambase  77.62 75.60 72.73 74.49 73.84 77.10
78.80 79.71 75.53 76.02 77.69
Spect 73.03 71.91 65.17 74.15 69.66 73.03
73.03 76.40 71.91 76.50 72.79
Isolet 73.64 90.62 88.26 90.06 91.45 85.23
81.14 90.72 89.14 91.35 92.82
Connect4  50.53 37.26 67.54 66.35 67.87 62.06
58.92 32.74 69.51 70.12 71.22
Average  70.49 70.39 73.63 75.63 7544 e
73.28 71.50 75.86 77.45 77.84
NB L suavainb cds cowi g bs (8- Jgu)
(Table-5): Results of NB Classifier Accuracy
Dataset C-IG  C-ReliefF C-SVM_RFE C-mRMR SVM-RFE_By C-mRMR With out
D-IG  D-ReliefF D-SVM_RFE D-mRMR SVM-RFE_By_D-mRMR  Feature Selection
70.41 71.84 71.24 73.67 72.43
Ozone 7351 7171 7953 73.50 72.20 7185
47.25 46.87 48.85 46.50 47.42
Madelon — 12'a7 50,00 495 47.0 48.88 46.87
76.53 92.85 80.12 78.88 90.35
Spambase o275  g795 89.68 93.22 93.46 93.20
73.03 76.50 71.91 74.15 70.79
Spect 7416 7528 74.16 71.91 74.16 7416
79.98 73.10 80.46 81.25 82.24
lsolet 7568 7818 82.42 82.42 86.45 80.34
60.58 60.30 60.42 60.10 60.42
Connect4 60.42 60.42 60.42 60.42 60.42 58.62
Average 0798 70.24 68.84 69.09 061
g 70.74 71.14 72.62 71.41 72.59
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i (Figure-4): Mean of KNN classifier accuracy on different feature selection methods
° 81
80 7
>
3 Y _
Y .« 7
8 78 B
2 77
S 76 W Centeralized
= 75
E 74 % Distributed
Y
2 73 e
© 72 oy
O 7 - -
IG ReleifF SVM-RFE MRMR  MRMR By
Feature Selection SVM_RFE
&S Ry obil i 53,5095 59, SVM guiainb C85 (1Sl (8- JSb)
(Figure-5): Mean of SVM classifier accuracy on different feature selection methods
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(Figure-6): Mean of NB classifier accuracy on different feature selection methods
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(Table-6): Runtime (seconds) for all tested feature selection algorithms

Ozone Madelon  Spect Spambase  Connect4
Isolet  Average
mRMR C  40.450 3631541 0.646 18.917  1565.512 5700.237 1826.217
D 31561 98.21 0.288 13.052 62.820 164.64 61.762
SVM-RFE C 4,728 6.960 0.680 8.962 12.250 9.146 7.121
D 0.245 0.712 0.224 0.645 0.828 0.947 0.600
IG C 2.116 22.008 0.316 3.077 7.847 30.742 11.018
D 1.429 16.037 0.096 2.737 2.183 20.05 7.089
RELEIFF C 10.284 61.802 0.711 15920 1502.104  603.497  365.720
D 0.805 15.310 0.024 2.712 8.195 123.17 25.036
_By mRMR C 88703 3925284 1.015 26.374  1743.731 6028.157 1968.877
SYM-RFE D 41863 155.683 0.771 7.348 37.387  256.091 83.190
S R Pl dligie oSy 95 buwsi oul L] (gba S5 g Slowi (V- Jgu)
(Table-7): Number of selected features by tested feature selection algorithm
Ozone Madelon Spect Spambase Connect4

Isolet

Full Set 72 500 22 57 42 617

mRMR C 55 185 21 42 30 226

D 31 52 16 29 32 124

SVM-RFE C 41 175 16 42 30 226

D 16 40 7 30 33 102

IG C 41 175 16 42 30 226

D 37 155 10 37 30 168

ReliefF C 40 174 16 42 30 226

D 17 68 10 21 34 175

SVM-RFE_By_mRMR C 59 175 16 42 30 226

D 37 50 18 34 32 131
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