METCC: METric learning for Confounder Control
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«  Prior work such as Hidden Covariates with Prior (HCP) (Mostafavi et al., o ) - . L |:—|—il o
2013), used mixed effects models to adjust for confounder effects. HCP learns 053] | — 016 - METCC may not lose information about age due to the fact that the disease
a Gaussian model where the observations Y, follow a distribution label is a clear confounder, which was used to train METCC embeddings.
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«  Metric learning methods are advantageous because the loss function L 0101 Lo e normalization. This allows us to account for confounding effects without
requires only the variable of interest to normalize, as opposed to mixed * We use counts of cfDNA reads that align to CHESS gene bodies from 817 R ol werce o W e Mo wetcc W et having a priori knowledge of these effects, labels to which can be rare or
samples (Wan et al. 2018). In addition to a disease label of healthy or CRC, o . . d hard to procure.
O B \.J E CT | V E each sample has associated an institution where it originated, age when the * Performance drop in dls.ease clas:5|f|c.0t|on can be Interpr.ete 7 dS 0 proxy
blood was drawn, and batch which it was processed. We grouped age into measure of how much information is lost to the normalization process. - Embeddings generated with METCC can outperform embeddings normalized
We analyze: the bins: [0-50, 50-55, 55-60, 60-75, 75-80, 80-85, 85+]. Prediction of other labels can be interpreted as a measure of how much with a mixed effects model in a biological prediction task.
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representations when both positive and negative class sample are used for HCP Normalized Data
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Figure 4 and Table 1 depict classification performance. Area Under the Receiver
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