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Online Stable Streaming Feature Selection Algorithm Using Multi-level
Ensemble Learning

WANG Qi,ZHOU Peng,ZHANG Yan-ping
('School of Computer Science and Technology , Anhui University , Hefei 230601 , China)

Abstract ; Feature selection is an essential part of the preprocessing phase of data mining, aiming to select the most relevant subset of
features from the original data set. Traditional feature selection methods assume that the data set is static and unchanging. However, in
real applications,data may be dynamically generated and processed. For this reason,online streaming feature selection methods emerged
that generate features one by one in a streaming manner. Currently,most of the online stream feature selection methods proposed by re-
searchers mainly focus on scalability, high accuracy, and low time overhead while ignoring the algorithm ‘s stability. Stable feature
selection results can effectively enhance users” credibility in the algorithm and make it of practical value. Aiming at the stability problem
of the online feature selection algorithm, a new online stable stream feature selection algorithm framework ( Multi —level Ensemble
Learning Stream Feature Selection, MESFS) is proposed based on the multi-level ensemble learning strategy. Specifically,at the data set
level , Extreme Learning Machine (ELM) is used to group and map samples to improve the accuracy of the algorithm. At the feature
selection level ,multiple iterations and adaptive threshold adjustment strategies are used to calculate the weight of features and selection to
reduce the volatility and randomness of feature selection results. Four traditional static feature selection algorithms and five advanced
online flow feature selection algorithms were selected, and many experimental comparisons were conducted on public data sets such as
UCI, ARFF,and NIPS. The results show that the proposed method can perform excellently under training data disturbance—the balance
between prediction accuracy and stability.
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553 1 T R R T 2R RERF ) IR R AR B Tk -7 -
A3 OESHRETHEEZSEZE %

F5 MESFS OSFSMI FOSFS SAOLA OFS3WD AINV

6 61.01 24.94 2.32 31.55 40.27 20.78

7 88.30 43.83 7.57 52.86 18.10 96.00

8 56.20 25.94 10.68 17.4 9.53 27.17

9 97.30 18.68 26.04 40.02 56.76 41.23

10 79.29 32.36 23.86 35.26 60.09 37.70

11 71.42 25.61 38.11 58.91 58.91 59.94

12 77.52 42.54 66.34 31.81 71.52 79.80

A 75.86 30.56 24.98 38.26 45.03 51.80

SEYHES 1.43 4.7 5.3 3.93 3.36 2.29

%4 KNNHEZR Lo FHRMEE %

F5 MESFS OSFSMI FOSFS SAOLA OFS3WD AINV

6 88.13 70.13 88.13 88.67 81.33 79.33

7 71.67 61.67 75.00 70.00 78.33 45.00

8 75.00 56. 67 55.00 56. 67 58.33 58.33

9 71.43 31.43 87.15 85.71 88.57 68.57

10 68.57 48.57 77.14 80. 00 84.29 81.43

11 96. 67 77.22 93.89 88. 67 95.66 80.56

12 57.46 50.62 54.77 52.65 70.73 51.92

M 76.97 56.62 75.85 74.62 79.61 66.45

SEYHES 2.5 5.64 3.36 3.36 1.79 4.36

A5 HEAERFRHEE LA ETENE s

F5 MESFS OSFSMI FOSFS SAOLA OFS3WD AINV

6 0.396 7 1.368 8 0.384 7 0.526 1 0.269 1 1.719

7 0.4532 1.0452 0.101 3 0.107 1 0.084 6 0.025

8 0.234 0.654 6 0.307 4 0.3335 0.274 8 1.367

9 0.694 0.588 1 0.443 1 0.643 9 0.3186 1.786

10 0.368 8 0.524 6 0.437 4 0.591 7 0.290 8 1.727

11 3.078 8 2.079 3 1.027 9 1.944 9 0.206 5 0.303

12 0.147 0.0399 0.072 9 0.043 8 0.043 1 0.037

M 0.767 5 0.900 7 0.396 4 0.598 7 0.212 5 0.995
Xk 3 2.71 4 2.86 5.43 3
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