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The progress of the ICT technology has produced data-sources that continuously generate datasets with different features and
possibly with partial missing values. Such heterogeneity can be mended by integrating several processing blocks, but a unified
method to extract conclusions from such heterogeneous datasets would bring consistent results with lower complexity. This
paper proposes a flexible propensity score estimation method based on statistical learning with classification, and compared its

performance against classical generalized linear methods.
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Fik cardbill height | stent acutemi
R—=ATA YV 0.468 0.00583 8.00 16.76
LogisticR 0.184 0.00534 | 7.90 16.30
GBDT 0.446 0.00563 8.11 15.88
CNN 0.127 0.00530 | 7.88 16.17
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GBDT 1.219 0.298 | 0.00583 0.00439
CNN 1.005 0.270 | 0.00593 0.00438
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