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Evaluation

The predominant recommendation in the machine learning
literature is to strictly separate model development (training
and selection) and evaluation by means of data splitting.
Following this default strategy to evaluate only a single final
model on a distinct test dataset has two main advantages:
(a) The generalization performance (or error) can be
estimated without bias and (b) it is easy to test statistical
hypotheses regarding the final performance. However, this
approach is inflexible as one cannot alter the final model
choice after the performance assessment without
compromising the statistical inference (e.g. the type I error
rate). We explore new model evaluation strategies where
multiple models are deliberately assessed simultaneously to
utilize the test data to improve model selection.1,2,3,4,5

Methods and Results
We consider evaluation strategies ψ = (κ, ϕ) which consist of
a selection rule κ based on the hold-out- or cross-validation
ranking and a multiple test ϕ depending on the test data.
As a generic simultaneous test procedure ϕ, we employ the
so-called maxT-approach which relies on a multivariate normal approximation and is applicable for most performance
measures.1, 2 As an alternative Bayesian procedure for the
analysis of multiple correlated proportions (e.g. classification
accuracies), we propose a multivariate Beta-Binomial model.3
Both methods can be extended to the so-called co-primary
endpoint analysis whereby sensitivity and specificity of multiple binary classifiers or assessed simultaneously.4,5 In extensive
simulation studies, we compared different selection rules κ on
various synthetic binary classification tasks for which initial
candidate models were trained via prominent learning algorithms (CART, EN, SVM, XGBoost). Besides the default approach (selection of single best validation model), we implemented the heuristic within 1 SE rule (selection of all models
within 1 standard error of best validation model). Moreover,
we assessed the optimal EFP rule derived in the framework
of Bayesian decision theory.4 Our results indicate that the
test data can and should be used to improve model selection
in supervised machine learning unless an unbiased estimation
is deemed to be the main study goal. Moreover, statistical
power can also be increased while still controlling the type I
error rate of overoptimistic performance claims when a suitable adjustment for multiple comparisons is employed.

In order to assess the prediction performance of a statistical
model it is key to obtain a reliable estimate of its ability to
predict the outcome of future observations. In many cases,
hypotheses testing and confidence intervals for performance
measures could facilitate the predictor’s credibility by overcoming an overly optimistic performance estimation. Thus,
an at least asymptotically valid statistical inference on prediction performance measures post model selection is at least
desirable. The aim of this research project is the development
of tools and methodology for this post-selection inference for
prediction performance. Besides, as the assessment of the
prediction performance is usually deferred to a separate and
independent validation study which is both costly and time
consuming, we aim to simplify and improve the validity of the
study in which the predictor has been developed.

Approach and Further Steps
We have started with assuming the situation of a validation
study where, based on a collection of independently pre-fitted
models, an optimal value for the hyperparameter is selected
and the model is refitted with this hyperparameter now based
on the validation data. This extends Westphal & Brannath
(2019a)1 where no model refitting is done. Inference is then
sought for a prediction performance measure ϑ of the finally
selected model. Here we want to apply weighted bootstrap
methods by nonparametric tilting (cf. Efron 1981)6 to resample the distribution of the performance estimate under the
null ϑ = ϑ0 . The weights w = (wi ) are determined numerically from a high-dimensional and constrained optimization
problem such that the Kullback-Leibler distance D(w, w0 ) =
P
wi log(nwi ) between the reweighted distribution and the
empirical distribution, with weights w and w0 , respectively, is
minimized. In a first approach, we will use the boot R package7 and apply its tilt.boot function to apply bootstrap tilting
in order to evaluate the prediction accuracy rate of a binary
classifier. This function estimates the empirical influence values Ui (w) = lim→0 −1 {ϑ([1 − ]w + δi ) − ϑ(w)} using
regression of bootstrap replicates8 of the prediction
accuraP
τ
cy, and yields weights wi = exp(τ Ui (w ))/ exp(τ Uj (wτ ))
that minimize D(w, w0 ) among all w satisfying ϑ(w) = ϑ0 .6
In the second step we will then consider refitting all models before hyperparameter selection. In the final step we will
aim to take the entire complex model building process into
account and to control the multiple type I error rate and simultaneous coverage probabilities, at least asymptotically. At
this stage we might need to use more powerful optimization
methods to cope with this complex optimization problem and
adapt methods from the WORHP software library (cf. Kuhlmann & Büskens, 2018)9 in coorperation with the working
group Optimization and Optimal Control of Prof. Büskens at
the Center for Industrial Mathematics.
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