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ADASYN and Category Inverse Proportion Weighting Method to Imbalanced

Data of Alzheimer’s Disease
Yang Hui, Yi Fuliang, Chen Durong, et al ( Department of Health Statistics, School of Public Health, Shanxi Medical
University (030000) , Taiyuan)

[ Abstract)
method weighting method were used to balance the datasets, then multi—classification prediction of cognitive normal (CN) , mild

Objective The adaptive synthetic sampling( ADASYN) algorithm and category inverse proportion weighting

cognitive impairment( MCI) , and Alzheimer’s disease ( AD ) combined with classifiers were performed. Methods Data were
obtained from the Alzheimer’s Disease Neuroimaging Initiative( ADNI) database, which was filled in missing values by random
forest(RF), and feature subsets were selected by elastic net (EN). We chose ADASYN algorithm and category inverse
proportion weighting method processing the category imbalance data, and four models were constructed by combining RF and
support vector machine ( SVM ) respectively : ADASYN-RF, ADASYN-SVM, weighted random forest( WRF) , and weighted
support vector machine( WSVM ). We evaluated the classification performance by macro-P, macro-R, macro-F1, ACC,
Kappa value and area under the receiver operating characteristics curve ( AUC). Results ADASYN - RF had the best
classification performance( Kappa=0.938, AUC =0.980), followed by ADASYN-SVM. The most important classification
features obtained using ADASYN - RF were CDRSB, LDELTOTAL, and MMSE, which have been clinically validated.
Conclusions Both the ADASYN algorithm and the category inverse proportion weighting method can assist in improving
classifier performance, and the ADASYN algorithm is superior.

[ Key words] Category imbalance; Adaptive synthetic sampling; Weighting method; Alzheimer’s disease ; Classification
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ADAS13 8(5,11) 14(10,20) 30(25,36) 538.05 <0.001
ADASQ4 2(1,4) 5(3,7) 9(8,10) 461.81 <0.001
MMSE 29(29,30) 28(27,29) 23(21,25) 483.03 <0.001
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LDELTOTAL 13(11,16) 8(5,9) 1(0,3) 645.40 <0.001
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t-tau(pg/mL) 206.4(180.3,253.2) 258.7(199.6,326.4) 358.3(298.7,436.4)  203.35 <0.001
p-tau( pg/mL) 18.9(16.1,23.9) 24.9(18.1,32.2) 35.8(29.1,44.0) 212.47 <0.001
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