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Abstract: Ensemble methods have become an important branch of imbalanced learning. However, the existing imbal-
anced ensemble methods all rely on the original instances without considering the structure information of the instances, so
their effectiveness is still limited. The research shows that the structure information of instances includes local and global
structure information. In order to solve the above problem, this paper proposes an imbalanced ensemble algorithm based on
deep instance envelope network (DIEN) and hierarchical structure consistency mechanism (HSCM). Considering the local
manifold and global structure information, the algorithm generates high-quality deep envelope instances to achieve class bal-
ance. Firstly, based on the instance neighborhood concatenation and fuzzy c-means clustering algorithm, the DIEN is de-
signed to mine the structure information of instances, obtaining the deep envelope instances. Then, the local manifold struc-
ture measure and global structure distribution measure are designed to construct the HSCM to enhance the distribution con-
sistency of interlayer instances. Next, DIEN and HSCM are combined to construct the optimized deep instance envelope net-
work—DH (DIEN with HSCM). Then, the base classifier is applied to the deep envelope instances. Finally, the bagging en-
semble learning mechanism is designed to fuse the prediction results of the base classifier to obtain the final results. At the
end of this paper, several groups of experiments are organized. More than 10 public datasets and representative related algo-

rithms are used for verification. Experimental results show that the proposed algorithm is significantly better in four perfor-
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mance metrics, such as AUC (Area Under Curve) and F-measure.
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