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B Additional experiments

B.1 Ablations for the selected subset of features

Figure 3a shows the e↵ect of the selected feature set XJ on the average lower bound �̂LB found by our testing
procedure for the bias model from scenario 1 (see Figure 1a). In scenario 1, we introduced constant bias in
the subgroups resulting from di↵erent combinations of the features “newbie”, “mens” and “channel”, with
a maximum true bias �⇤ = 60. When |XJ | = 3, we precisely select all features responsible for heterogeneity
between rct and os datasets, achieving the highest power. Intuitively, the bias function cannot be accurately
learned with smaller feature sets, and the test loses power. On the other hand, when increasing the feature
set, the test also progressively loses power due to the curse of dimensionality, being particularly severe with
smaller sample sizes. We note that we do not consider one-hot-encoded features in the visualization, i.e.
when we choose all features |XJ | = 6, we represent each data point with a 13-dimensional vector. After the
sixth feature, we simply add redundant features sampled from a normal N (0, 1) distribution.

B.2 Optimization convergence

We assess the reliability of our testing procedure by studying the behavior of the optimization process for
scenario 1, specifically during the training of the small neural network. Recall that, given the non-convex
nature of the optimization problem, we cannot guarantee convergence to the true global minimum g⇤.
We plot in Figure 3b the test statistic with respect to the training epochs under di↵erent random network
initializations, setting �̂ = 58. We observe that the test statistic consistently reaches the same local minimum
and that the optimization stabilizes after 10,000 epochs.

(a) Ablation over subset of features (b) Optimization convergence

Figure 3: (a): E↵ect of varying the feature set XJ on the average lower bound �̂LB in scenario 1, illustrating
the trade-o↵ between feature set size and the power of the test. The highest power is achieved when the
feature set size |XJ | = 3, encompassing only the relevant features. The significance level is set at ↵ = 0.05,
and �? represents the oracle test, which rejects for � < �?. We average runs over 5 seeds and report the
standard error. (b): Evolution of the test statistic with respect to the training epochs for scenario 1 using
the small neural network. We set �̂ = 58 (recall that �⇤ = 60) and the significance level at ↵ = 0.05. The
test statistic corresponding to the fixed significance level ↵ is also plotted. The rest of the hyperparameters
are the same as in the experimental evaluation.
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