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1 Introduction

Regression models involving data sampled at different frequencies are of general interest. In
this document we describe Matlab code for running such regression based on a framework
put forward in recent work by Ghysels, Santa-Clara, and Valkanov (2002), Ghysels, Santa-
Clara, and Valkanov (2006) and Andreou, Ghysels, and Kourtellos (2010) using so called
MIDAS, meaning Mi(xed) Da(ta) S(ampling), regressions.

The original work on MIDAS focused on volatility predictions, see e.g. Alper, Fendoglu,
and Saltoglu (2008), Aragé and Salvador (2010), Chen and Ghysels (2010), Engle, Ghysels,
and Sohn (2008), Brown and Ferreira (2003), Chen, Ghysels, and Wang (2009b), Chen,
Ghysels, and Wang (2009a), Clements, Galvao, and Kim (2008), Corsi (2009), Forsberg
and Ghysels (2006), Ghysels, Santa-Clara, and Valkanov (2005), Ghysels, Santa-Clara, and
Valkanov (2006), Ghysels and Sinko (2006a), Ghysels and Sinko (2006b), Ghysels, Rubia,
and Valkanov (2008), Leén, Nave, and Rubio (2007), Sinko (2006) among others.

Recent work has used the regressions in the context of improving quarterly macro forecasts
with monthly data (see e.g. Armesto, Hernandez-Murillo, Owyang, and Piger (2009),
Clements and Galvao (2008a), Clements and Galvao (2008b), Frale and Monteforte (2009),
Kuzin, Marcellino, and Schumacher (2009), Galvao (2006), Monteforte and Moretti (2008),
Marcellino and Schumacher (2010), Schumacher and Breitung (2008), Tay (2007)), or
improving quarterly and monthly macroeconomic predictions with daily financial data (see
e.g. Andreou, Ghysels, and Kourtellos (2008), Ghysels and Wright (2009), Hamilton (2008),
Tay (2006)).

Other regression applications include Ghysels, Plazzi, and Valkanov (2007) (commercial real

estate valuation), Valkanov, Yadav, and Zhang (2009) (option early exercise premia),

In addition, dynamic correlation models featuring mixed data sampling schemes based on
MIDAS have been used by Colacito, Engle, and Ghysels (2009) and Baele, Bekaert, and
Inghelbrecht (2010).

Econometric analysis of MIDAS regressions appears in Ghysels, Santa-Clara, Sinko, and
Valkanov (2003), Andreou, Ghysels, and Kourtellos (2010), Bai, Ghysels, and Wright (2009),
Kvedaras and Rackauskas (2010), Rodriguez and Puggioni (2010), Wohlrabe (2009), among

others.



MIDAS regression can also be viewed as a reduced form representation of the linear projection
that emerges from a state space model approach - by reduced form we mean that the MIDAS
regression does not require the specification of a full state space system of equations. Bai,
Ghysels, and Wright (2009) show that in some cases the MIDAS regression is an exact
representation of the Kalman filter, in other cases it involves approximation errors that are
typically small. The Kalman filter, while clearly optimal as far as linear projections goes,
has several disadvantages (1) it is more prone to specification errors as a full system of
measurement and state equations is required and as a consequence (2) requires a lot more
parameters, which in turn results in (3) computational complexities that often limit the
scope of applications. In contrast, MIDAS regressions - combined with forecast combination
schemes if large data sets are involved (see Andreou, Ghysels, and Kourtellos (2008)) are

computationally easy to implement and more prone to specification errors.

2 Intro to MIDAS regressions

For illustrative purpose we start with a combination of two sampling frequencies - and select
a combination of one quarterly and one daily time series. In particular, suppose we are
interested in forecasting a quarterly series, denoted Yﬁl, using daily time series, denoted
X j’?t, for the j** day in quarter ¢ (with j = 1 the first day of the quarter and j = Np the last,
with Np the number of days in a quarter - assumed constant for simplicity). The conventional
approach, in its simplest form, consists of aggregating the daily data to a quarterly frequency
by computing for example averages to obtain X = (XN, + X%, 14+ +X{})/Np and

subsequently estimate a regression:
Y =+ BX +un (2.1)

where p and 3 are unknown parameters and w1 is the error term. In (2.1) uses implicitly an
equal weighting scheme of the high frequency data since aggregation is based on an average

of the daily data. An alternative approach would consist of estimating a model:

Np—1

Yt% =p+ Z ﬁND—jX]L\?D,j,t + Ut (2.2)
=0



Such an approach is unappealing because of parameter proliferation: when Np = 66, we

have to estimate 68 slope coefficients.!

The key feature of MIDAS regression models is the use of a parsimonious and data-driven
weighting scheme. The parsimonious specification yields a linear projection of high frequency

data X fz onto YtQ using only a few parameters:

Np—1

=0

Note that equation (2.3) nests the regression model in equation (2.1) under equal or flat
weights. We assume that Z;yjfleD_j(GD ) = 1, which allows us to identify the slope
coefficient 3 in the MIDAS regression model. The parameters (u, 3,07) are estimated by
Nonlinear Least Squares (NLS). Later we will discuss various parametric specifications for

the weighting schemes

Our understanding of MIDAS regression can be further enhanced by decomposing the
conditional mean in equation as the sum of an aggregated term based on flat weights, XtQ ,
and a weighted sum of (higher order) differences of the high frequency variable. Following
Andreou, Ghysels, and Kourtellos (2010), we can easily show that the MIDAS term in

equation (2.3) can be written as

Np—1
1
Z wND*j(eD)XJQD—j,t = N_D(Xjep,t + XﬁD_u + .t Xft)
7=0
1 D 1 D
+ ('lU() — N_D>XND’t + (U)l — N_D)XND_I’t + ...
1 Np —1
+ (’U)ND_Q — m)th + ( ?VD —Wyg — Wy — ... — wND—2)X1Dt

where the last parenthesis uses the assumption that the weights sum to one. Substituting

equation (2.4) into (2.3) we get

Np—1 1

Y = p+BX2+8 ) (wn,(07) - NIAPIXE (2.5)

Jj=0

! Typically we have about 66 observations for many daily financial data over a quarter since each month
has 22 trading days.



Equation (2.5) shows that the traditional temporal aggregation approach, which imposes
flat weights w; = 1/Np and only accounts for XtQ , yields an omitted variable term in the
regression model (2.1). This implies a host of econometric estimation issues - pertaining
to asymptotic inefficiencies at best or, as typical, asymptotic biases - that are discussed in
detail in Andreou, Ghysels, and Kourtellos (2010).

The remainder of this section is structured as follows. In subsection 2.1 we cover DL-MIDAS
regressions, followed by ADL-MIDAS in subsection 2.2 .The parameterization of the various
MIDAS regressions is covered in subsection 2.3. Multiplicative ADL-MIDAS are discussed in
subsection 2.4. In the next subsection we introduce MIDAS regressions involving other low

frequency regressors followed by a subsection covering so called leads in MIDAS regressions.

2.1 DL-MIDAS regressions

MIDAS regressions share some features with distributed lag models, or DL models, and also

have unique novel features. A stylized DL model is of the following type:

qg—l

YO =nu+ Y B0DX2, + u, (2.6)

Jj=0

where > ; B;(69) is some finite or infinite lag polynomial operator, usually parameterized
by a small set of hyperparameters (see e.g. Dhrymes (1971) for a survey on distributed lag
models). The same idea was used in the MIDAS regression we discussed so far, albeit with

series sampled at different frequencies.

By analogy with DL models, we can characterize a DL — MIDAS(pY) regression model as:

P;’%*l Np—1

Y5 =n+8Y D> wnp-isjenp(07) XN, iy + i, (27)

j=0 i=0

where the second summation allows for daily lags to extend beyond the last day of quarter ¢,
but to simplify notation, we will always take lags in blocks of quarterly sets of daily data, p¥.
Note that equation (2.7) nests the simple DL model in equation (2.1) under flat-weights. We
assume again that Z?SO_ ! SOV N it enp (A7) = 1, which allows for the identification of

the slope coefficient § in the DL-MIDAS regression model.



Note that in a general DL-MIDAS regression model the regressor is sampled m times more
frequently than the regressand where the latter has a sample of T observations. The
asymptotics are based on T for a given m. Therefore one studies the asymptotic properties
of the estimators assuming that the span of the data set T" grows and the high frequency
sample size of the regressors would be mT' such that when 7' — oo then both the low and

high frequency samples become large.

2.2 ADL-MIDAS regressions

When Y;f?—l is serially correlated, as it is typically the case for time series variables, the
simple model in equation (2.1) is extended to a dynamic linear regression or autoregressive
distributed lag (ADL) model. Again the conventional approach, in its simplest form,
aggregates the high frequency data at the low frequency by computing simple averages and

estimates a simple linear regression of Ytgl on XtQ. Take for instance the ADL(1,1)
Y = p+ nY? + BXP 4w, (2.8)

where p and 3 are unknown parameters and ;. is an error term. In a similar manner the
ADL — MIDAS(p%, pR) is:

Q—l D*l

Py Px Np—1

YO =n+ D) w2+ 8D Y wnpiiienn (07) XKy iy + e (2.9)
=0 j=0 =0

Note that again the number of daily lags is a multiple of the number of trading days in a
quarter, Np. As above the slope coefficient 3 in the MIDAS regression is identified via the
scaling of the weights, such that they add up to one. The above model specification generates

notation very similar to ARMA models, e.g. ADL-MIDAS(1,1) or ADL-MIDAS(AIC,AIC)

(more on model selection later).

2.3 Parameterizations the MIDAS polynomial weights

Various parameterizations for the polynomial lag structure appearing in equations such as
(2.7), (2.9), (2.23), (2.21), (2.22), etc. have been used and discussed notably in Ghysels,
Santa-Clara, Sinko, and Valkanov (2003). We will use N as the number of lags in the



MIDAS polynomial - without specific reference to say daily lags. The specifications are as

follows:

1. Normalized beta probability density function, unrestricted (u) and restricted (r) cases
with non-zero and zero last lag. Please note that for specifications with a small
number of MIDAS lags the zero-last-lag assumption may generate significant bias in

the weighting scheme.

L O Lo

w};,nz :wi(017927 93) = ZNz x0171(1 - x‘)92_1 —+ 93 (210)
i=1Ti i

w:’nz :U}i(l,@g,gg) (211)

w?’z = wi(01,92,0) (212)

'LU;’Z = wi(l,GQ,O) (213)

where z; = (1 — 1)/(N —1).2
2. Normalized exponential Almon lag polynomial
691i+92i2
w; = w;(61,0) (2.15)

3. Almon lag polynomial specification of order P (not normalized, i.e. sum of individual

weights is not equal to 1 and fw;(0) from Eq. 2.9 are estimated jointly).

P
Bwi(f, ..., 0p) = Oy (2.16)
p=0

2To eliminate irregular behavior of the polynomial for some values of @ at the ends of [0,1] interval we
use instead xz; = eps + (i — 1)/(IN — 1)(1 — eps), where eps is a machine 0 for MATLAB.



Note that this can also be written in matrix form:

wo 10 0 0

w 11 1 0,

ws 1 2 22 ... 2F 0,

ws | |1 3 32 ... 3P : (2.17)

: Co : : : Op
|l wy | |1 N N2 ... NP

Therefore the use of Almon lags in MIDAS models can be achieved via OLS
estimation with properly transformed high frequency data regressors using the matrix
representation appearing in the above equation. Once the weights are estimated via
OLS, one can always rescale them to obtain a slope coefficient (assuming the weights

do not sum up to zero).

4. Polynomial specification with step functions (not normalized)

P
Bwi(0h, ..., 0p) = O iciagar) + > Oplic(ay—r.a)

p=2
w=1<a <...<ap=N (2.18)
I B 1, ap-1 <1<aq,
elep-1.0l 0, otherwise

where gqg=1<a; <...<ap=N.

We implicitly referred to model selection in the previous subsection when we mentioned
ADL-MIDAS(AIC,AIC). Indeed, AIC/BIC criteria will be used to select optimal number of

lags for the regressions, as discussed in detail Section 3.



2.4 Multiplicative MIDAS regressions

Recall that temporal aggregation imposes a fixed weighting scheme such as equal weights.

What would happen if we instead consider a parameter-driven regressor:

Np—1

XP0R) = ) wnp-ilBR)XN, i

=0

where we scale weights again such that they add up to one. This will allow us to estimate a
model we call multiplicative MIDAS or ADL — MIDAS — M (p%,p%):

Q Q
py_1 pX_l

VO =n+ > mY 2+ > BXZ(08) + (2.19)
k=0 k=0

The above equation looks like a standard ADL model, except that it involves a parameter-
driven regressor that mimics an aggregation scheme. There are pros and cons to the above
approach. The pros are that the above multiplicative weighting scheme corresponds to the
structure of a steady state Kalman filter with mixed data sampling, see Bai, Ghysels, and
Wright (2009) for further details. Furthermore, the specification nests standard aggregation
schemes and can also easily handle very complex aggregation schemes, as shown in Chen
and Ghysels (2010). The main disadvantage of the multiplicative MIDAS regression scheme
is that it is not as parsimonious as the ADL-MIDAS in equation (2.9) which involves a
single polynomial and therefore requires the estimation of a few parameters. Bai, Ghysels,
and Wright (2009) in fact show that the differences in terms of RMSFE between standard
ADL-MIDAS and the multiplicative specification are small, including cases where the

multiplicative specification is an exact match of the steady state Kalman filter.

2.5 Factors and other regressors in ADL-MIDAS models

Recently, a large body of recent work has developed factor model techniques that are
tailored to exploit a large cross-sectional dimension; see for instance, Bai and Ng (2002),
Bai (2003), Forni, Hallin, Lippi, and Reichlin (2000), Forni, Hallin, Lippi, and Reichlin
(2005), Stock and Watson (1989), Stock and Watson (2003), among many others. These
factors are usually estimated at quarterly frequency using a large cross-section of time-

series. Following this literature Andreou, Ghysels, and Kourtellos (2008) investigate whether



one can improve factor model forecasts by augmenting such models with high frequency

information, especially daily financial data.

We therefore augment the aforementioned MIDAS models with factors, F;, obtained by

following dynamic factor model

Xt = AtF;g + Ut (220)
F, = QF_+n

wir = ap(L)ug—1 +ex, 1=1,2,...,n

where the number of factors is computed using criteria proposed by Bai and Ng (2002).
The data used to implement the factor representation will be described in the next section.

Suffice it here to say that we use series similar to those used by Stock and Watson (2008a).

Augmenting the MIDAS regression models from the previous subsection with the factors, we
obtain a richer family of models that includes monthly frequency lagged dependent variable,
quarterly factors, and a daily financial indicator. For instance, equation (2.9) generalizes to
the FADL — MIDAS(pF,pg,p)’%) model:

pr—1 pP-1 pR—1 Np
VO =u+ D> BIFR+ D Y+ 8> wnpinen, (07) XK, iy s+t (2:21)
i=0 j=0 j=0 i=1

where we use quarterly factors F? to augment the ADL-MIDAS regression. Note that we
can also formulate a FADL — MIDAS — M (pp, pf;), p?() model that involves a multiplicative
MIDAS weighting scheme.

Equation (2.21) simplifies to the traditional factor model with additional regressors when
the MIDAS features are turned off - i.e. say a flat aggregation scheme is used. When the
lagged dependent variable is excluded then we have a projection on daily data, combined

with aggregate factors.

It should finally be noted that we can add any low frequency regressor, not just factors. The

software is written such that one can add any type of low frequency regressor.



2.6 MIDAS with leads

Giannone, Reichlin, and Small (2008), among others, have formalized the process of updating
the nowcast and forecasts as new releases of data become available.®> These studies typically
use again state space setup. The process can be mimicked via MIDAS regression models
with leads. Say we are one or two months into quarter ¢ + 1. We consider MIDAS models
with two months of daily lead data in order to incorporate real-time information available.
Consider the Factor ADL model with MIDAS in equation (2.21), which allows for J2 daily
leads for the daily predictor. Then we can specify the FADL — MIDAS(pg,pg,pg, ,JR)

model

pr—1
V¢ = u+ Z BIF2, + Z 1Y,
J}?_l pX_lND 1
5[2 wJ)?fi(e D D it T Z Z WP Np— 1+j*ND<9D)Xth il
1=0 =
+Upyq (2.22)

In the above equation, we use a single polynomial that caries the leads as well as the daily

lags. In a multiplicative MIDAS scheme, we can write a model with leads as follows:

JR-1

D) D)
t+1 ‘9 E : wyp—i(0x XJszt

where we scale weights again such that they add up to one. This will allow us to estimate a
model we call multiplicative MIDAS or ADL — MIDAS — M(pg,pg):

pgl

Y;fi?-l H Z ,UkY gt ﬁLXt_H QD Z ﬂkXtQk + Ut 41 (2-23)
k=0

Hence, the aggregation scheme is used via a partial sum for the lead days into month ¢ + 1.

To conclude it should be noted that two modes of forecasting can be used in the Matlab

MIDAS Toolbox. The first is fixed in-sample estimation and fixed out-of-sample prediction

3Nowecasting is studied at length by Doz, Giannone, and Reichlin (2008), Doz, Giannone, and Reichlin
(2006), Stock (2006),Angelini, Camba-Mendez, Giannone, Riinstler, and Reichlin (2008), Giannone, Reichlin,
and Small (2008), Moench, Ng, and Potter (2009), among others.

10



and the second is a rolling window approach. For details, see Section 3.

2.7 Forecast combinations

There is a large literature on forecast combinations, see Timmermann (2006) for an excellent
survey. Although there is a consensus that forecast combinations improve forecast accuracy

there is no consensus concerning how to form the forecast weights.

Given the findings in Stock and Watson (2004), Stock and Watson (2008b) and Andreou,
Ghysels, and Kourtellos (2008) we focus primarily on the Squared Discounted MSFE forecast
combinations method, which delivers the highest forecast gains relative to other methods in

many applications. The software also includes a BIC-based criterion as an option.

Let 9 4n denote the it" individual out-of-sample forecast of Yit+nie computed at date ¢.
The combination forecasts are weighted averages of the individual forecasts (possibly with

time-varying weights):

Jene = Z Wi Ui t+hlt (2.24)
i=1

where n is the number of individual models. We consider four different weighting schemes:

e Equally weighted weights

1
it = — 2.25
Wee = (2.25)
e BIC-weighted forecast
exp(—BIC})
it = =n 2.26
T T exp(—BIC)) (2:20)
e MSFE-related model averaging:
m;, tl
Wit = S -1
Dict mi,tl
(2.27)

t
_ t—i/ h B 2
m;t = E 0 (ys+h_%’,s+h\s>
i=Tp

where Tj is the first out-of-sample observation, gjzhs s out-of-sample forecast, § —

exponential averaging parameter.

11



1. MSFE averaging: 6 =1
2. DMSFE averaging: 6 = .9

2.8 Nuts and bolts issues

Practical implementation of MIDAS involves issues that are typical for regression analysis,
yet there are some not commonly encountered in standard regression problems and they

pertain to the mixed sampling nature of the data.

Since the quarterly/daily combination has been used throughout this document, consider
the situation of holidays occurring throughout a calendar year. This will create an unequal
number of days on a quarter by quarter basis. While one can take different approaches
towards this, we treat the holidays as missing values in the MIDAS polynomial. They will

be linearly interpolated using various schemes.

The algorithms can be grouped into (1) specifications with the same number of MIDAS lags

each period and (2) specifications that cover the same time span each period.

Define a sequence of MIDAS polynomial weights w,,, w,,,.... Then we have the following:

1. Equally-spaced specification.

(a) It is characterized by the fact that each observation point {y;, X factor;, Xmidas;}
has the same number of MIDAS lags Xmidas;. As a result, different periods may
have different time span coverage but the same number of lags. The sequence of

weights wr;, wr,, , ... is defined in this case as w;, wit1,. ...

2. Real-time specifications. They are characterized by unequal number of MIDAS lags

over time that cover the same time span.

(a) Real time specification. The distance between w,; and w-,,, is proportionate to

7; — Tix1. No artificial observations are inserted in the MIDAS polynomial.

(b) Real time specification with zeros at the end. Depending on the number of
calendar days within a given time interval all missing days are added as zeros
to the end of Xmidas lag structure. MIDAS weights are constructed as in the

equally-spaced case. *

4Please note that normalization of the polynomial in this case is different from the equally-spaced

12



3 Software Usage

In this section we describe the implementation of data generation, estimation and forecast

averaging algorithms for MIDAS regressions. The model of interest is

K plh-1 pe—1 PR—1Np—1
Q _ F -Q Q D\ v D
Yiie=np+ Z Z Ginilin + Z 12 + 0 Z Z WNp—itjanp (07) XN 4y + Utrs
k=1 i=0 =0 =0 =0

(3.1)
Currently multiplicative MIDAS is not implemented (p? = 1). MIDAS with leads
specification is implemented via defining proper values of s. It can take either numeric
or string values. Consider the following example. Assume that Y is observed on a quarterly
basis. Numeric values of s (1,2,3,...) define regression in terms of lags of Y. If s = 1 and
Y is observed quarterly, the data is constructed using data vector X observable prior to the
lagged value of Y (X observable at the date when lagged Y is available). String values of
s define the time distance between Y and explanatory variables in terms of calendar days,
weeks, months, quarters. For example, s = '3m’ or s = ’1q’ will generate results that are
close to the result for s = 1 for quarterly Y.> MIDAS with leads is estimated when time lag
defined by s is smaller than 3 months. Say, for s = ‘lm’ in this case will use For s < ‘3m/ it

will perform “nowcasting”. In particular,

An example file midas_example.m is located in the main directory. In this file we generate
an artificial data set with 2 factors, 30 MIDAS daily lags, and 3 dependent variable lags and

subsequently estimate the parameters of the regression.

For the purposes of estimation the input data is stored as a structure with fixed fields. We

use the artificial data from midas_example.m as an example of such a structure:

%$Vector of high-frequency data that generates X#i*j
data.x=randn (10000, 1) x5;

%Corresponding dates in the datenum() form
data.xdate=datenum(1990,1,1:10000) ';

$Vector of data to form ﬁgs
data.y=(l:yperiod:10000) ';

specification.
5Dates of announcement of Y do not necessarily occur at the same day of the month. Thus, “one quarter
ago” and “one lag ago” might refer to different dates.

13




%Corresponding dates in the datenum() form
data.ydate=datenum(1990,1,1:yperiod:10000) ';

%K factors to form,ffgﬁk. They are defined as a cell array. As

%a result each factor can have different number of observations. The resulting
% dataset will be the intersection of all timespans
data.factors={randn(size(data.y)) randn(size(data.y))};

$corresponding cell array with K vectors of dates

data.factorsd={data.ydate data.ydate};

The program allows to choose forecasting/nowcasting horizon s of Y, (Eq. 3.1) in terms
of lags of Y, number of years, quarters, months, weeks, days. The next step is to define
parameters for proper data transformation, i.e. s, K,p% etc. All options are stored in a
special structure. The options are divided into three groups: data generation, polynomial

specification, estimation and estimation options.

$%%%%%%%%5%%%%%%%%%%% Data generation options $%%%%%%%%%%%%%%%

$Number of HF lags/time span in MIDAS polynomial opt.aggr.xlag

%(p£<—1 in Eg.2.21) It can be defined either in numeric

$format or in string format numeric|'Nd'|'Nwk'|'Nmn'|'Ng'|'Ny',
$where N - is a number of days/weeks/months/quarters/years

%$For the equally spaced specification p.12 la it should be numeric.
%$For all other specifications (p.l1l2 2a, 2b, 2.8) it should be char.
opt.aggr.xlag=30;

$linear interpolation for missing dates in MIDAS. true\false (See p.12)

opt.aggr.xmidaslip=false;

$equally spaced specification, xlag should be numeric
opt.est.polyconstr='es';
$real time specification with zeros at the end, xlag should be char
opt.est.polyconstr="'zae';
%$real time specification, xlag should be char
opt.est.polyconstr="rt';

$Number of Y lags (pg——l) in Eg.2.21)
opt.aggr.ylag=3;

%$Forecasting horizon opt.est.horizon s in Eq.3.1)

%$Can be defined either in numeric format (a simple forecasting case)

%$or in string format (forecasting/nowcasting cases).

14




%numeric\'Nd'|'ka'\'Nmn'|'Nq'|'Ny',

opt.est.horizon=1;

$number of lags ph% —1 for each factor k=1,...,K in Eqg.3.1)
opt.aggr.factors=[3 2];

[

$5%%%%%%%5%5%%%%%%%%%% Data estimation options $%%%%%%%%%%%%%%%

[

% Optimal Y lags selection (in terms of AIC or BIC) See Section 77.

% If enabled, it invalidates opt.aggr.ylag value.
opt.autoIC.auto=true; %enables automatic IC selection (true|false)
opt.autoIC.ic='bic'; %information criterion to optimize ('aic'\‘bic')
opt.autoIC.minlag=0; %Sminimum number of lags considered
opt.autoIC.maxlag=12; S%Smaximum number of lags considered

$Reports all lags if true (true|false). Otherwise the optimization
%$procedure reports only optimal ones.

opt.autoIC.reportall=false;

$%%%%%%%% Polynomial specification (See Subsection 2.3) $%%%%%%%%%%%

$Generates proper default values for the substructure opt.poly which
$suppresses estimation:

opt.poly=optpolyinit ();

$Estimation occurs only if the default values are changed

opt.poly.betann =2;%Non-zero Beta poly degree. Eg.2.11, if 1; Eg.2.10, if 2
opt.poly.beta=2;%Z%Zero Beta poly degree. Eqg.2.13, if 1; Eg.2.12, if 2
opt.poly.exp=2; %Exp. Almon poly degree Eq.2.15, if 1; Eqg.2.14, if 2.
opt.poly.almon = 3; %Almon polynomial degree P (Eg.2.16).
opt.poly.stepfun=[5 15 30]; %Defines ai,...,ap—1 (Eq.2.18).

Forecasting is defined using the options below. If they are not defined, the whole sample is

used for estimation.

$start date for the initial window, either datestr () or observation number

opt.est.start = '06/02/1990"';
%$end date for initial window, either datestr or observation number
opt.est.end = '12/01/1998";

%designates rolling window (1 for recursive estimation),
%0 for the fixed in-sample/out-of-sample

opt.est.estmethod = 0;

15




Given that the opt and data structures are defined as above, the estimation procedure runs

as follows:

output=midas_interface_adl_new (opt,data);

It will generate the output cell structure with the following substructures (if they were defined

in the polynomial specification options):

output{l}.beta: %Beta polynomial with zero last lag output
output{l}.betann: %Beta polynomial with non-zero last lag output
output{l}.exp: %Exp Almon polynomial output

output{l}.stepfun: %Stepfunction MIDAS output

output{l}.almon: %Almon lag output

output{l}.ylag %0Optimal ylag

Each of the substructures has the following entries:

.aic %AIC

.bic %BIC

.aopt %A1l optimal parameters as one vector

.aoptxols %A1l optimal parameters but MIDAS

.aoptmidas %All MIDAS optimal parameters

.error %Errors of estimation

.estvar %Esimated Covariance matrix of parameters using (X'X)~!42
.stderror%$St errors of parameters using .estvar
.Tvalues%t-values of parameters using .stderror

.R2%R?

.robustV %$Robust variance using NW kernel and sandwich estimator
.robustSE%$Robust se using .robustV

.robustT%$Robust t-stat using .robustSE

%$Out-of-sample Forecast

.yfor

Another set of substructures that partially duplicates the results above in more structured

way
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.COEFFS%structure of coefficients
.STDERR%structure of sterrors
.TVALUESSstructure of tvalues
.ROBUSTSE%structure of robust sterrors
.ROBUSTT%structure of robust t-stats

Each of these substructures have the following fields:

%$The most recent parameter is saved in the first element of the vector
.factorn %parameters/t-stats/etc for the nth factor

.factorn-1 %parameters/t-stats/etc for the n-1th factor

.factorl%parameters/t-stats/etc for the 1lst factor
.ylags%$parameters/t-stats/etc for y lags

$Intercept is in .midas(l), B (Exp, Beta, Betann) is in .midas (2), etc

%$For stepfunc and Almon specifications they are stored in their natural order

.midas%parameters/t-stats/etc for MIDAS polynomials

Model averaging is invoked via the following function:

averaging=midas._model_averaging (opt,data);
averaging.dmsfe; %Discounted MSFE average Eq.2.27, 6=.9
averaging.msfe %$MSFE average Eq.2.27, =1
averaging.mean %equal weighting Eq.2.25

averaging.BIC $%BIC average weighting Eg.2.26, d=.9

. There are three ways to define the models:

e Different model specifications for the same data set (vector of opt structures for the

same data structure).

e Different data sets for the same model(s) (Vector of data structures for the same opt

structure).

e Different model specifications for different data set.

Note: It is sufficient to define in the consecutive opt elements only fields that are different

from the opt(1). For example, to estimate an additional model using the same data with
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two factors with maximum lags [1 1] instead of [3 2], it is sufficient to define

opt (2) .aggr.factors=[1 1];
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