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Mixed data sampling (MIDAS) regression models allows us to use the information
contained in high-frequency regressors to predict low-frequency variables. In this article,
a new class of MIDAS regression models, called the fully nonparametric mixed data
sampling (FNP-MIDAS) regression model, is proposed. To obtain an h-period ahead
forecast of a low-frequency variable yLt using N high-frequency predictors xH1,t, . . . , x

H
N,t,

the authors define the FNP-MIDAS regression model in an additive form as

yLt+h = αh +
N∑
i=1

Ji∑
j=0

βh,i,jφh,i

(
xHi,t−j/m

)
+ εLt+h,

where Ji is the maximum lag order of the i-th predictor xHi,t, φh,i(·) is the component

function that transforms this predictor regardless of its lag orders, and εLt is an i.i.d. error
term. This model can be viewed as an extension of nonparametric MIDAS by J. Breitung
and C. Roling [J. Forecast. 34 (2015), no. 7, 588–603; MR3416308] and an alternative
to semiparametric MIDAS by E. Ghysels, V. Kvedaras and V. Zemlys-Balevičius [in
Handbook of statistics. Vol. 42, 117–153, Elsevier, Amsterdam, 2020, doi:10.1016/bs.
host.2019.01.005].

FNP-MIDAS is primarily designed to improve forecasting performance. From this
viewpoint, the main focus of this article is on presenting algorithms to estimate N com-

ponent functions {φh,i}Ni=1 and
∑N

i=1(Ji + 1) + 1 coefficients αh, {{βh,i,j}Ji
j=0}Ni=1. These

parameters can be estimated by a simple backfitting algorithm that alternates coeffi-
cient estimation and component function estimation at each iteration (whereas their
joint estimation is not possible because of identification issues). Convergence of the esti-
mation algorithms and uniqueness of component function estimates are demonstrated.
It is of second interest to estimate the underlying data generating process by FNP-
MIDAS, and thus consistency of the estimators is not proven. Masayuki Hirukawa
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