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INTRODUCTION RESULTS

» Statistical learning on biological data can be challenging due to confounding factors both * In simulated data, the performance gaps with and without confounder correction become
intrinsic (e.g., diurnal variation) and extrinsic (e.g., collection and processing). apparent as the sample size increases, i.e., logistic regression (logreg) vs. logreg with ONION and
MLP vs. DANN. In addition, logreg with Univariate ANCOVA to filter confounded variables is
* Confounding can cause models to generalize poorly and result in inaccurate performance marginally better than logreg (Figure 1).
metrics if models are not validated thoroughly.

» Consider all “positive” samples sourced from hospital A and all “negative” samples * In empirical data, without correcting for confounders (logreg and MLP), the performance is
sourced from hospital B. It is unclear whether a classifier with good cross validation artificially high when the test set is confounded in the same manner as the training set. However,
performance has learned features from the confounding signal (i.e., source hospital) or on the entire test set, without subsampling to mimic training set confounding, logreg and MLP
the signal of interest (i.e. positive/negative class label). models perform far worse than logreg with ONION and DANN, respectively (Figure 2).

* In the biological sex confounding experiment, signs of the weights associated with chrX and chrY in
logreg without ONION are opposite, whereas they are all centered around zero in the model with
ONION (Figure 3).

* Previous techniques to reduce confounding include:
» Stratified sampling (Wan et al., 2018), which may yield small sample sizes
* Normalizing data using covariate labels, e.g., Hidden Covariates with Prior (Mostafavi et

al. 2018) and ComBat (Johnson et al., 2007), which often requires test set covariate labels Figure 1. Comparison of no confounder correction versus with correction on
and model re-fitting at test time balanced test sets using simulated data. (A) Sample distribution in the training and
* Domain knowledge-based sequencing technical bias correction, e.g. LOWESS (Cleveland test sets. (B) Performance as the number of samples varies.

1979; Benjamini et al., 2012), which may not apply to generic machine learning problems
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Figure 2. Confounding experiments using clinical cancer data. (A) Sample

* Orthonormal basis construction in confounding factor normalization (ONION): Assume that X distribution in the training set and test sets. (B) Performance table.
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DATAS ETS * Simulated experiments show that ONION and DANN outperform univariate ANCOVA.
* Experiments using clinical cancer data show that ONION and DANN generalize well, reducing the

gap between the performance on the entire test set and a confounded, subsampled test set.
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’ Confouno!ed fjata simulation: We first.study Zi ~ N(0,14), i=1,2,... » Effective methods to mitigate the impact of confounders are subjects of ongoing research.
confounding in a well-understood setting by Wy, : dxp, Wy (i,5) ~N(0,1), : =1,2,....k
simulating confounded data (Figure 1A). W, : dx1, W, (i) ~N(0,1), i =1,2,....k AC K N OW L E D G E M E N TS
Ex ~ N(0,0°1,)
° Sequencing data from clinical cancer £y ~N(0,0%),i=1,2,....k The authors gratefully acknowledge Lena Cheng, Riley Ennis, Signe Fransen, Girish Putcha, and David
samples: The dataset consists of whole-genome a = o1, a2, ..., o] ~ Dir([s1, 52, ..., 5]) Weinberg for their extensive suggestions, feedback, and editorial support.
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