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1. Background 3. Methodology 5. Results

* Subspace mapping techniques aim to find a common The method for getting results consists of three parts: oo SNAA IR | ARSI
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Xt A biasing technique is used to bias the training data:
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Main research question: Figure 2. (A) A plot containing all samples in a synthetic data set. indicates a classifier trained on an unbiased training set. (A) (B)
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ow eflective are subspace mapping techniques In using the biasing technique described above. The biasing data point (F) Varying proxy A-distances. (A) (C) (E) SA and TCA with estimator

mitigating sample selection bias? used in the biasing technique is (0.5, 0.5). set to LR. (B) (D) (F) SA and TCA with estimator set to KNN.
e Assumption: Only unlabeled samples from an
underlying global domain and no samples from the

target domain 4. Experimental setup 6. Conclusions
e Experiments on four factors: training sample size, feature e SA effectively mitigates sample selection bias on data
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