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I enjoyed reading this paper, which presents a new look to the problem of devel-
oping predictive distributions under very general conditions. The key idea of this
new method is transforming the data to iid observations exploiting a semiparamet-
ric model (such as a mean-scale one) or the probability integral transformation (PIT)
when a completely nonparametric model is preferred under a smoothness class as-
sumption. In this last sense the term model-free prediction is coined by the author.
This approach of transformation to iid (pseudo) residuals is parallel to the usual mod-
eling strategy conducted in parametric statistics to isolate the random component in
the data from the information contained in the conditioning variables. Then, resam-
pling can be used naturally to construct valid confidence intervals using the empirical
distribution of these residuals which are iid by construction. To accommodate (possi-
bly infinite dimensional) parameter estimation effects, one-leave-out transformations
are proposed by the author to replicate properly in finite samples the associated un-
certainty to predicting a new design point.

This principle provides its own point predictions inverting the transformation and
using an appropriate solution for a given loss function, so it is quite different from try-
ing to build confident intervals for a given prediction mechanism, for which specific
techniques or adjustments could be necessary. Though in simulations it appears that
such predictions behave similarly to the usual nonparametric estimators, it could be
interesting to further investigate in detail the properties of these new point estimates
(of conditional expectations), both asymptotically and in finite samples.

This comment refers to the invited paper available at doi:10.1007/s11749-013-0317-7.
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This transformation approach is also common, as outlined in different parts of
the paper, to the goodness-of-fit literature, where parametric models impose iid er-
rors with a given marginal distribution or specify directly conditional distributions.
Here the modeling target is obtaining residuals or proxies of these errors that can be
confronted to such (modeling) assumptions. This checking can be done by graphical
devices based on histograms of the PIT (see Dawid 1984 or Diebold et al. 1998 and
Gneiting et al. 2007 for further alternatives) and also by formal tests that account
for parameter estimation effects, see for instance Bai (2003) in a time series context,
Delgado and Stute (2008) or Kheifets (2011), which focus on the independence as-
sumption which is critical in time series applications and, as discussed in Sect. 4.6
of the paper, in the presence of smoothed estimates. However, the properties of such
tests under nonparametric estimation are yet unknown.

As stressed in the paper, the impact of bias in the construction of predictive inter-
vals can be important, and when g is nonlinear, special care has to be taken in the
design of the predictions. Along this line, one striking point in the general procedures
proposed in the setup of Sect. 4 is that of basing predictions for g(Y ) on the con-
ditional distribution of Y given x, and not working directly with the distribution of
g(Y ) given x. Then, it would be more natural to substitute
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The idea of using averages of g evaluations can make sense in the case of a linear-
scale model exploiting this structure, which will not hold for g(Y ), or in cases where
the function gm in Eq. (3) cannot be found easily for given g(Y ) observations, but in
the general case, working directly with the PIT based on the conditional distribution
of g(Y ) given x seems simpler and less bias-prone.

The methods proposed here seem to be able to solve also the problem of producing
valid predictive distributions for time series. Thus, a simple semiparametric predictive
transformation can be achieved for finite order AR and ARCH models, resembling
the mean-scale model, or in a single step through the probability integral transform
conditional on a finite number of previous observations, as specification tests for para-
metric PIT pursue. For instance, to generate h-step ahead AR(p) predictions, xf has
to be replaced by (an extrapolation of) the last p observations available. However, to
account for the parameter estimation effect in a linear model, Thombs and Schucany
(1990) condition on these p observations in their resampling algorithm, while Ruiz
et al. (2004) recreate the estimation effect using unconditional resamples and then
generate forecasts conditional on this history as in Cao et al. (1997). In the context of
the bootstrap method proposed in this paper enforcing such conditioning seems com-
plicated, though in principle it appears that conditioning is not necessary to provide
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valid predictive distributions, but it would be very interesting to know the opinion of
the author on this potential problem. A final issue in time series applications is that
of checking the validity of a finite autoregressive structure or the need to allow for
infinite dimensional conditioning sets by means of sieve methods.
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