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Abstract ; Feature selection plays an important role in the modeling and forecast of multivariate series. In this
paper, we propose a feature selection method based on data-driven high-dimensional k-nearest neighbor mutual
information. First, this method extends the k-nearest neighbor method to estimate the amount of mutual information
among high-dimensional feature variables. Next, optimal sorting of all these features is achieved by adopting a
forward accumulation strategy in which irrelevant features are eliminated according to a preset number. Then,
redundant features are located and removed using a backward cross strategy. Lastly, this method obtains optimal
subsets that feature a strong correlation. Using Friedman data, housing data, and actual effluent total-phosphorus
forecast data from wastewater treatment plant as examples, we performed a simulation experiment by adopting a
neural network forecast model with multilayer perception. The simulation results demonstrate the feasibility of the
proposed method.
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Fig.1 One-dimensional mutual information
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Table 1 Feature selection and test results for Friedman

Ik A AR A R RMSE
ALL X, ~X, 3.101£1.274
PLSR X, X,,X) X5, X, ,X), 3.543+1.440
MIFS! XX, X, X X 2.002+0.095
MRMR" ! X, X%, X, X5, X, 2.002+0.095
cMImt X, %5, X5, X, 2.002+0.095
Jmrt X ,%5,X, X5, X, 3.854x1.611
MmI Xy, X, X5 X, 3.854x1.611
STEP' XX, X, X5 Xy 1.143+0.070
kNN-FABC X, X, ,X, X5 X, 1.143+0.070
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Table 2 Feature selection and test results for Housing

Ik FRF RS, RMSE
ALL X, ~X 4.350+£0.515
PLSR X, X5 X6, Xy, 5.173+0.643
MIFS! Xi3,%0 XX, 5.125+0.482
MRMR Xp3,X) X, X 3.880+0.476
cMIm X3, X6, X)) Xy 3.880+0.476
Mt X3, X6, X X; 4.187+0.598
MM X13,X6,% 0, %5 4.187+0.598
STEP'! X3 ,Xg Xy X, 4.187+0.488
kNN-FABC X3, X5, X, 3.710+0.406
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Table 3 Significance of measurable variables
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Table 4 Feature selection and test results for TP

Fik FEEEREEE R RMSE
ALL X, ~X, 0.428+0.077
ERR X3,X, Xy X, 0.519+0.071
PLSR X3 ,X5,%, X X 0.464+0.033
kNN-FABC X7 ,X, X, X 0.159+0.004
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