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Abstract  Outlier detection has been widely used in many fields,such as network intrusion detection,credit card fraud detection,
etc. The increase in data dimensions leads to many irrelevant and redundant features,which will obscure the relevant features and
result in false positive results. Due to the sparseness and distance aggregation effects of high-dimensional data, the traditional out-
lier detection algorithms based on density and distance are no longer applicable. Most of the outlier detection research based on
machine learning focuses on a single model, which has certain deficiencies in anti-overfitting ability. The ensemble learning model
has good generalization ability,and in actual application shows better prediction accuracy than the single model. This paper propo-
ses an outlier detection sequence integration method LLCSE based on neighborhood consistency (locality and consistency based se-
quential ensemble method for outlier detection). Firstly,it constructs a basic model of outlier detection based on diversity, second-
ly,selects the abnormal candidate points according to the global integration consistency,and finally considers the local neighbor-
hood correlation of the data to select and combine the basic model results. Experiments verify that LCSE has an average outlier
detection accuracy increase of 20. 7% compared with traditional methods. Compared with the ensemble methods LSCP_AOM and
iForest, the performance is increased by 3. 6% on average. Therefore,it is better than other ensemble methods and neural network
methods.

Keywords High-dimensional data,Outlier detection, Ensemble diversity, Ensemble consistency,Neighborhood correlation
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Table 1  Outlier Detection data set

B & HEE  HE  FEH REE/X
Internet-Ads 3264 1775 177 9.97

Speech 3686 400 61 1.65

Musk 3062 166 97 3.2

Mnist 7600 100 700 9.2

Cardio 1831 21 176 9.61

Stamps 340 9 31 9.12
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Table 2 AUC of outlier detection algorithms

o

HEE Auto- R . .
KNN LOF Encoder iForest LSCP_AOM LCSE
Internet-Ads  0.752  0.761 0.701 0.626 0.720 0.727
Speech 0.507  0.523 0.505 0.502 0.517 0.522
Musk 0.624  0.639 0.989 0.987 0.988 0.992
Mnist 0.847  0.718 0.851 0.813 0.862 0.869
Cardio 0.727  0.582 0.952 0.924 0.926 0.935
Stamps 0.582  0.564 0.624 0.652 0.606 0.675
Average 0.673  0.631 0.770 0.751 0.769 0.787
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Fig. 2 Abnormal detection AUC under noise
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