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Abstract

The MlIxed DAta Sampling (MIDAS) model has proven to be a valuable tool in the
modeling of data sampled at different frequencies. With this new possibility arises the
option to aggregate explanatory data into intermediate frequencies before regressing upon
them. As such the room for noise can be decreased. This paper studies the added value of
data piling in the use of MIDAS models. It finds that oftentimes there is an intermediate
frequency of data aggregation that produces better forecasts than either the raw data
or the fully aggregated data. Furthermore it appears that R? and Akaike Information
Criteria are in some cases accurate predictors of model optimality. However, the number
of cases in which they are wrong remains too large. Still data piling should be regarded

as a valuable addition to today’s econometric Time Series toolbox.
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Chapter 1

Introduction

In recent years, much has been written about the MIxed DAta Sampling (MIDAS) models
that have been introduced by Ghysels et al. in 2004 (Ghysels et al., 2004). Following
the demonstrated use in financial applications in the context of volatility forecasting by
Ghysels et al. (2006) were many others, including Clements and Galvao (2008), who
show that the MIDAS model also has value in a macroeconomic context and add an
autoregressive component. MIDAS models were also recently used by Andreou et al.
(2010) and Monteforte and Moretti (2010) to forecast quarterly GDP using daily observed
financial variables. Franses (2016) analyses different specifications of the MIDAS model
and evaluates their performance in both simulated and empirical context. The ability to
model data sampled at a low frequency using data sampled at a higher frequency opens

doors to many new possibilities.

But besides the various areas of application and broad range of specifications there are
also some entirely new possibilities for the use of MIDAS models. This research will focus
on the researching optimal levels of data piling, which is possible due to the existence
and functionality of MIDAS models. For instance, if one analyses daily financial data in
order to forecast quarterly or yearly GDP, the case might be made that not every day has
its ‘own’ unique effect, and trying to forecast using all days might leave too much room
for unnecessary noise. It might make more sense to aggregate the daily observations into
weekly, monthly or even quarterly observations. This research will attempt to construct a

technique to find the optimal data aggregation level in order to achieve the best forecasts.



Chapter 2

Experiment Description

This section describes the models and techniques used in order to investigate the efficiency
of different kinds of MIDAS models. It first discusses Unrestricted MIDAS (U-MIDAS)
models and then addresses the Almon lag and its use in MIDAS models.

2.1 Defining Optimal Forecasting Performance

Since a study is conducted on the optimal level of explanatory variable aggregation,
we need to define optimality. The optimal model will be defined as the model that
produces the best forecasts in terms of Root Mean Squared Prediction Error (RMSPE)
performance. The study of RMSPE performance is interesting as it includes punishments
for both bias and inefficiency. The goal of this analysis is to find a way to estimate the data
aggregation level that produces the best forecasts based on the parameter estimates of a
hold-out sample. That is, based on test values originating from the estimation sample we
need to be able to identify what level of data aggregation will deliver the best forecasting

performance.

Given that the MIDAS structures properly estimate the parameters, there arises a new
set of possibilities in constructing forecasts for the low-frequency dependent variable. For
example, say we take annual unemployment rates as our dependent variable, and weekly
observations of the number of employees of a staffing agency as our independent variables.
It is now possible to apply a MIDAS structure to these data and, as such, construct a
one-step-ahead forecast based on our weekly data. However, it would also be possible

to aggregate the weekly observations into monthly ones and, consequently, use those
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Chapter 2. Ezxperiment Description 3

monthly observations to construct a (monthly-to-yearly) MIDAS model. Similarly, we

could construct quarterly or biannual observations and corresponding MIDAS structures.

2.2 Unrestricted MIDAS Models

The Unrestricted MIxed DAta Sampling (U-MIDAS) model was proposed by Koenig et
al. (2003) and was also considered by Clements and Galvao (2008) to forecast quarterly
GDP. It differs from the MIDAS model proposed by Ghysels (2004) because it does not
use Almon-distributed lag functions, and thus does not restrict its parameters. The

explanation on Almon-distributed lags will follow later.

The U-MIDAS model simply models the low-frequency variables by including (at least)
all the high-frequency explanatory variables corresponding to the low-frequency same
period. Throughout this paper we will assume, for simplicity, that there is only one
explanatory variable that is included with multiple lags. Franses (2016) denotes the
difference between two frequencies as S (i.e. months to quarters indicates S = 3, weeks
to years indicates S = 52). That allows for the definition in (2.1), in which Y7 is a
low-frequency independent variable and X, 7 is the s explanatory observation from the
low-frequency period T, s € S. In this definition k is the number of lags of the explanatory

variable, and k is some period dependent on the value of k.

Yr = B0 Xsr + BiXs—110+ -+ Beo1 X5k k (2.1)

The U-MIDAS model will be used in replication of work done by Franses (2016) in order
to assess the workings and accuracy of the U-MIDAS model. This is a necessary step in
order to be justify the use of different kinds of U-MIDAS models.

2.2.1 Yearly to Biannual

In order to properly test the functioning of the U-MIDAS models a simulation experiment
will be performed. This simulation uses the DGP specified in (2.2), with ¢, ~ N(0, 1).
This DGP is then treated as if we only observe the sum of two consequent observations
half the time, making it a lower frequency variable. As such, a discrepancy between

explanatory and dependent variables arises in terms of rate of occurrence. The creation
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of the low-frequency variable is done using the HILO transformation proposed by Franses

(2016): the aggregate low-frequency variables (Yr) are defined as the sum (average) of the

corresponding high frequency flow (stock) variables (y;, also denoted Y;r with i € ).

The first step of Franses’” HILO transformation for biannual observations is given in (2.3).

After consequently multiplying both sides of (2.3) with the inverse of the utmost left

matrix and the vector [11] we arrive at the low frequency definition, given by (2.4).

This model, however, still includes an unobserved variable (Y r). But, as (2.5) holds, the

model specified in (2.6) can be used to perform the U-MIDAS regression on the generated
Yr values®. (2.5) is the U-MIDAS model proposed by Franses (2016). The true value of

the parameters in (2.6) can be found in Table 2.1.

Ye = ayi—1 + Poxe + P11 + &
1 0\ (Yir _ 0 a) (Yira n Bo O Xir n
—a 1) \Yaor 0 0/ \Yor— B Bo) \Xor
0 B\ (Xir— L €11
0 0 XQ’Tfl €21

Yr=Yor+Yir=(a+ 042)}/2,T—1+
BoXor + (Bo +afo+ B1)Xar + (b1 +ab)Xor—1 + (a+ Derr +ear

aYor_1 =a(aYir—1 + BoXor1+ 51 Xir—1 + €27-1)

Yr =p+pYr_1 + 00 Xor + 01 X7 + 02 Xor1 + 03X 71+ uy

TABLE 2.1: The true values of the parameters in the U-MIDAS regression for
biannual to annual data (2.6)

Parameter True value

2

P a
do Bo

01 1+a)by + B

2 afBo + (1+a)k
03 aby

(2.2)

(2.3)

(2.4)

(2.5)

(2.6)

INote that flow variables are variables that concern a ‘flow’, and as such are to be summed in order
to aggregate, where a stock variable gives a snapshot of a situation and as such should be averaged in

order to aggregate different observations.

2The lagged MA term is omitted as Franses (2016) shows it has little added value in the model.



Chapter 2. Ezxperiment Description )

2.2.2 Yearly to Quarterly

In order to further asses the quality of the U-MIDAS model proposed by Franses, a
simulation has been performed using the DGP specified in (2.7). This DGP can be
used to construct low frequency observations with S = 4, which resembles a yearly to
quarterly U-MIDAS model. After performing a HILO transformation we can define a
U-MIDAS regression in a similar way as in Section 2.2.1. The U-MIDAS regression for
this simulation is thus defined as in (2.8). The true values of the parameters in (2.8) can
be found in Table 2.2.

The assessment that the U-MIDAS definition produces accurate estimations for different
levels of data aggregation will validate the search for for the optimal aggregation level.
Therefore it is valuable to study the accuracy of U-MIDAS models with different levels

of aggregation of data.

Y = ayi—1 + Box + L1241 + Poxi_o + B3T3 + & (2.7)

Yr=Ysr+Ysr+Yor+Yir=p+pYr_ 1+
Boxar + Bixsr + Baxor + B3vir+

(2.8)
Birar—1 + Bsrsr—1 + Beror—1 + Brriroat
Bswar—2 + Byrzr_o+er
TABLE 2.2: The true values of the parameters in the U-MIDAS regression for
quarterly to annual data, described in (2.8)
Parameter True value
p ot
do Bo
01 Bo(l+a)+ 5
0 Bo(1+a+a?) + Bi(1+ o) + B
53 Bo(l+a+a?+a®) + Bi(l+a+a?) + Bl +a) + B3
Oy Bola+a?+a®)+ i1+ a+a®+a?) + Bao(l+a+a?) + B3(1 +a)
d5 Bo(e? +a®) + Bi(a+ a4+ o) + Bo(14+ a+ a® + o) + B3(1 + a + o?)
d6 Boo® + Bi(a® 4+ o) + Bo(a+ o + o) + f3(1 + a + a* + o?)
57 Bra® + Ba(a? + o) + B3(a + o + a?)
0g Bac® + f3(a” + o)

dy 53043
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2.3 MIDAS Models

2.3.1 Almon Distributed Lag Model

In order to be able to use highly different frequencies of observations, we need to account
for the problem of having to estimate a lot of parameters. When using a model to fit
weekly data onto yearly observations, and assuming the ‘original’, high-frequency DGP
contains four significant x; lags, one would theoretically need to estimate 106 parameters.
We will denote this number of parameters to be estimated in a U-MIDAS specification
as m. As we usually do not have datasets spanning over 100 years, this poses a problem.
Ghysels (2004) proposed to use the lag structure proposed by Almon (1965) (Almon
lags) in order to account for this problem. As Ghysels was the inventor of the whole
MIDAS concept, this model will be denoted as the MIDAS model and the unrestricted
model will be referred to as the U-MIDAS model. Currently Almon lags are a widely
accepted technique to decrease the required number of parameters to estimate. Almon

used Weierstrass’s Approximation Theorem, which tells us that:

“Fvery continuous function defined on a closed interval [a,b] can be
uniformly approrimated, arbitrarily closely, by a polynomial function of finite

degree, P.”

As such Ghysels suggests to restrict the parameters of the MIDAS model to force them to
lie on a polynomial of degree P, as in (2.9). This alleviates our number of parameters to
be estimated from k to P. Usually, P is assigned a (rather) small value, such as 2, 3, or 4,
and P < m. However, there does not exist a way to properly determine the best degree
and lag of the polynomial other than trial and error. Schmidt and Waud (1973) warn
their audience about the results of misspecification when using Almon lags and Frost
(1975) shows that using the maximization of corrected R-squared values results in biased
and non-normal estimators for the parameters. Pagano and Hartley (1981) suggest to
use a two-step approach for choosing the correct number of lags and degrees when using
the Almon lags, in which first the optimal number of lags is determined using the Akaike
Information Criterion (AIC), and then consequently using AIC to determine the optimal
degree of the polynomial.
ap + ari + agi® + - + api’

Bi = T . 5 p (2~9)
D1 Qo+ auf +azf? 4+ ap)
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2.3.2 Simulation and Data Application

To test whether the optimal level of data aggregation can be determined in advance of
making forecasts, both simulation and real-life data will be used to construct forecasts
on different levels of data aggregation. Both experiments will consist of weekly data that
is aggregated to forecast yearly observations, either with a weekly, monthly, quarterly,
biannually or yearly frequency. These models are described in a comparable fashion
to those described in subsections 2.2.1 and 2.2.2. The number of lags included in all
different MIDAS models can be found in Table 2.3. Based on a 90% estimation sample,
the remaining 10% of the sample will be forecasted recursively through one-step-ahead
forecasts. In the simulation a DGP with four x; lags will be used to generate the data. In
order to evaluate their accuracy the models’ R? values and Akaike Information Criteria
will be compared to find which teller best predicts forecasting accuracy. Then the models’
Root Mean Squared Prediction Error (RMSPE) performances will be compared to see
who performed the best with regards to forecasting.

TABLE 2.3: The number of x lags that should theoretically be included in various

MIDAS models using different levels of data aggregation. Theoretical number of x

lags included are based on an assumed unobserved DGP (as described by Franses,
2016) containing four lags.

Data aggregation level No. of lags included

Annual 2
Biannual 4
Quarterly 9
Monthly 26

Weekly 106




Chapter 3

Simulations

In this chapter I first describe simulations ran to confirm that the use of U-MIDAS models
is appropriate given the used definition. In this simulation, the U-MIDAS regression
definition as specified by Franses (2016) is used (see Chapter 2). First the simulation
that is performed by Franses is replicated which models annual data using biannual
explanatory variables. Consequently the functionality of the U-MIDAS definition is tested
on annual data that is explained by quarterly data. Finally forecasts are constructed
based on the simulated data and I attempt to find ways to determine the optimal data

aggregation level based on the estimation sample using MIDAS models with Almon lags.

3.1 Explanatory Power of U-MIDAS Models

3.1.1 Experiment Description

First a justification of the use of U-MIDAS models for explaining our data is required.
In order to assess the accuracy of the U-MIDAS model I have performed simulation
runs for different values of the first y; lag coefficient () and number of low-frequency
observations (/N) and investigate the values of the bias and standard deviation of the
parameter estimators of the regression. If the bias and standard deviation of the regression
have acceptably low values one can conclude that it is appropriate to use a U-MIDAS
regression to explain annual data using biannual explanatory variables. Then, we might
expect that we can also use U-MIDAS models properly to produce forecasts of our low-

frequency data.
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3.1.2 Biannual Data to Annual Observations

The results of the simulation using simulated biannual data to fit annual observations,
introduced in (2.2) to (2.6), can be found in Table 3.1. It is remarkable that the bias
of estimations does not necessarily appear to improve with an increase in the number of
observations (N). The standard deviation intuitively does decrease with an increase in
N. Overall the model appears to estimate the parameters very well and even with small

values for @ and N the model provides reasonable estimates for most parameters.

TABLE 3.1: Simulation results based on a sample of N ‘yearly’ observations, when a
‘biannual’ DGP is the true process with z; ~ N(1,1), &, ~ N(0,1), and yo ~ N(0,1)
and y; = ayr—1 + x¢ + 2211 + &, 1.000 replications. The U-MIDAS regression is:
Yr =p+pYr—1 + 00 Xor + 01 X117+ 02Xor—1 + 03 X171 +

P 50 51 52 63

a N mean std mean std mean std mean std mean std

True 0.25 1 3.5 3.5 1
0.5 40 0.30 0.14 1.02 129 347 129 346 130 0.75 1.38
400 0.34 0.04 1.02 038 348 038 341 038 0.65 040

True 0.64 1 3.8 4.4 1.6
0.8 40 0.64 0.11 097 153 3.8 153 436 153 1.68 1.58
400 0.69 0.03 099 044 380 044 438 045 142 046

True 0.9025 1 3.95 4.85 1.9
095 40 0.88 0.05 099 166 392 165 483 166 194 1.65
400 0.91 0.01 1.02 048 397 048 4.83 048 1.87 0.48

3.1.3 Quarterly Data to Annual Observations

When looking at the results for the quarterly-to-yearly observations in Table 3.2! it
appears that again different values of N do not improve the parameter bias in any way.
The standard deviation however is still, as is intuitive, decreased with an increase in
the number of data points. It is very apparent that the parameters for x lags that are
directly included in the DGP (247, -+ ,22r_1) are estimated with smaller biases than
those that only influence Y observations indirectly through the U-MIDAS structure

(T17-1, -+ ,T37—2). Again all observations are acceptably close which defends the use of

'Full version of Table 3.2 is available in Appendix A.1.
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U-MIDAS models at different frequencies and thus the comparison of the different models

could be interesting.

TABLE 3.2: Selection of simulation results based on a sample of IV ‘yearly’ observations,
when a ‘quarterly’ DGP is the true process with z; ~ N(1,1), g ~ N(0,1), yo ~
N(0,1), DGPis ys = a+ x¢ + 1.2041 + 0.821_2 + 0.7x4_3 + £¢, 1.000 replications.
The U-MIDAS regression is: Yp = w+ pYr—1 + 50:E47T + 511‘ng + (52&?2’7“ + (5313177“ +
044,71 + 052371 + 062, 7—1 + 0721, 7—1 + 08Ta,7—2 + d9x3 72 + ET
The full version of this Table can be found in Appendix A.1

a=20.5 a=0.8 a=0.95

True N=40 N =400 True N =40 N =400 True N =40 N =400

01

02

mean 0.0625  0.12 0.13 0.41 0.42 0.43 0.81 0.81 0.82
std 0.13 0.04 0.06 0.02 0.02 0.01
mean 1.00 1.00 1.00 1.00 1.07 1.01 1.00 1.03 1.01
std 0.62 0.17 0.94 0.25 1.18 0.31
mean 2.70 2.74 2.69 3.00 2.96 3.01 3.15 3.17 3.14
std 0.62 4.35 0.94 0.25 1.18 0.31
mean 4.35 4.34 4.35 5.40 5.41 5.40 5.99 6.01 5.99
std 0.62 0.17 0.94 0.25 1.18 0.31

mean 0.3625  0.067 -0.037  1.22 1.11 0.99 1.92 2.01 1.87
std 0.950 0.258 1.08 0.30 1.19 0.32

mean 0.0875 -0.130 -0.225  0.36 0.27 0.12 0.60 0.58 0.55
std 0.832 0.225 1.07 0.29 1.19 0.32

3.2 Forecasting Power of U-MIDAS Models

The results of the forecasts of different models are depicted in Tables 3.3 and 3.4. The
accuracy of the models is expressed in terms of Root Mean Squared Prediction Errors
(RMSPEs), which contain information on both the bias and the standard deviation of
the forecasts. It is immediately obvious that the U-MIDAS model always performs worse

than the true DGP, which makes sense. But, the smaller the value of « (the first y; lag
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coefficient) the better the performance of U-MIDAS. This makes sense as the higher the
value of «, the larger the advantage of the True DGP of including the y;_; lags. When
the discrepancy between frequencies is small (biannual to yearly), the significance of the
lagged y; is small (o = 0.5) and there is a realistic sample size (N = 40), U-MIDAS’
performance even approaches the true DGP in terms of RMSPE.

TABLE 3.3: RMSPE values for different values of a and IV, using the biannual DGP
specified in (2.2). Hold-out sample consists of [10%] of the observations.

N =40 N =400
U-MIDAS True DGP U-MIDAS True DGP

a=10.5 6.595 6.163 6.503 4.167
a=038 9.098 4.044 10.049 4.430
a=0.95 15.579 4.431 9.789 4.504

TABLE 3.4: RMSPE values for different values of o and IV, using the quarterly DGP
specified in (2.7). Hold-out sample consists of [10%] of the observations.

N =40 N =400
U-MIDAS True DGP U-MIDAS True DGP

a=0.5 2.899 1.401 3.193 1.594
a=0.8 5.128 1.333 5.486 1.703
a=0.95 7.928 1.290 6.404 1.394

3.3 Optimal Level of Data Piling

In order to assess whether there is an added value to looking at different levels of data
aggregation, a simulation has been performed in which the high-frequency y; is sampled
at a weekly frequency. Through a HILO transformation, the low-frequency Y7 observa-

tions are generated that are then regressed on different levels of aggregated explanatory
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variables, . A comparison is made in terms of RMSPE performance and as predictors
for RMSPE performance R? and AIC are considered.

First off, the appropriate Almon degree for this simulation had to be selected. Table
3.5 displays how many times per level of data aggregation a certain degree was optimal
(degrees were considered between 2 and 6). It is apparent that an Almon degree of 2
most often is the best fit for this model. Therefore all other values in this section have

been generated using MIDAS models with Almon lags of degree 2.

Table 3.6 is a cross table comparing the occurrence of optimality in terms of RMSPE to
that of optimality in R? for different levels of data aggregation. It immediately stands out
that the model using annual observations of the explanatory variables never produces the
optimal forecasts. This is probably due to the large loss in information that is incurred
by aggregating all (independent) explanatory variables. It is also remarkable that the
diagonal entries are all the largest in their respective rows. This shows that R? optimality
coincides with forecasting optimality more often (on average 37% of the cases) than that

it occurs with any other frequency’s optimality.

Table 3.7 is a cross table comparing the occurence of optimality in terms of RMSPE
to that of optimality in AIC for different levels of data aggregation. The Table shows
similar results to those of Table 3.6 except the diagonal entry for the biannual level of
data aggregation is not the highest in its row. It appears to be the case that the AIC

overvalues the inclusion of (much) information.
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TABLE 3.5: Cross table showing the occurrence of (forecasting performance) optimality
for different frequencies and different Almon degrees. Results are based on a simulation
experiment with 1,000 replications. The DGP used is as in (2.7) with € ~ N (0, 1).
DGP: y: =08y 1 + x4+ 1.204 1 + 08249 + 0.724_3 + &¢

Almon degree

| 2 3 4 5 6

Annual 487 261 163 67 22

-, Biannual 653 346 1 0 0
Q
I

S Quarterly | 431 165 133 124 147
&

Monthly 407 166 142 135 150

Weekly 396 181 152 135 136

2374 1,119 591 461 455

TABLE 3.6: Cross table showing the occurrence of (forecasting performance) optimality
for different frequencies versus R? optimality for different frequencies. Results are based
on a simulation experiment with 1,000 replications. The DGP used is as in (2.7) with
e~ N(0,1).
DGP: yy =0.8y—1 + x4 + 1.204_1 + 082490 + 0.724_3 + &

R? Optimality
‘Annual Biannual Quarterly Monthly Weekly

2 Annual 0 0 0 0 0
3
£ Biannual ) 102 66 71 75
S
> Quarterly 7 47 88 46 63
§ Monthly 4 49 40 70 52
S
= Weekly 3 48 39 35 93

16 246 233 222 283
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TABLE 3.7: Cross table showing the occurrence of (forecasting performance) optimality
for different frequencies versus AIC optimality for different frequencies. Results are
based on a simulation experiment with 1,000 replications. The DGP used is as in (2.7)
with € ~ N(0,1).
DGP: y: =0.8ys—1 + x4 + 1.204 1 + 082490 + 0.724_3 + &4

AIC Optimality
‘Annual Biannual Quarterly Monthly Weekly

2 Annual 0 0 0 0 0
=
£ Biannual 0 40 91 88 97
S
> Quarterly 0 19 104 54 74
$ Monthly 0 15 53 81 66
S
= Weekly 0 19 49 40 110

0 93 297 263 347
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Application on Unemployment and
Staffing Data

This section describes the application of the aforementioned techniques on a real-life
dataset. By doig so I am able to assess whether the forecasting using different levels of

aggregated data also produces different results in empirical environments.

4.1 Data Description

The dependent data used is this research concerns the levels of unemployment in the
Netherlands originating from the Centraal Bureau voor Statistiek (CBS, Dutch Central
Bureau for Statistics) and independent data about the temporary workers under contract
with Randstad, the biggest Dutch staffing agency. The data was gathered between 1967
and 2004, since in 2005 the definition for Randstad’s data was altered, which caused
a break in the data. Furthermore, the first year of observations was lost in the data
transformation process, which leaves 37 yearly observations about unemployment and
1.924 weekly observations about Randstad employees. For visualization purposes, the

raw data regarding Randstad and unemployment are displayed in Figure 4.1.

4.1.1 Data Transformations

Obviously, different levels of data piling had to be constructed. For the aggregation from

weeks to months, 4% weeks had to be put into each month, which means some weeks

15
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12.00% 100,000

10.00% 80,000

8.00%

60,000
6.00%

40,000
4.00%

20,000
2.00% !

0.00%

$ & SO S $ & $ g g0 $ § & & &
& R £ N 5 N K s R a9 R K 39 N N ®
B T SN S N S B G
(A) Yearly observations on the unemploy- (B) Weekly observations on the number of
ment rate in the Netherlands people under contract with Randstad B.V.

FI1GURE 4.1: Raw data inputs for the application section
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(A) Quarterly observations on the number of (B) Yearly observations on the number of
people under contract with Randstad B.V. people under contract with Randstad B.V.

FIGURE 4.2: Different frequencies of the number of people under contract with Rand-
stad constructed through data piling.

were put into one month for %th and in the other month for %th. Some results of data
piling can be found in Figures 4.2a and 4.2b. Furthermore, in order to account for the
non-stationarity embedded in the Randstad data, the data has been transformed to first

differences rather than absolute values, see Figure 4.3.

4.2 Application Results

Figure 4.4 shows the R? values, AIC values, and RMSPEs for U-MIDAS models explaining
the annual unemployment data in the Netherlands using quarterly, biannual, and annual
aggregations of the weekly available number of Randstad payroll jobs. The optimal values
for each of the series are darkly outlined in all figures for graphical purposes. There are
no restrictions imposed on the shape of the parameter curve. It is remarkable that the

biannual data aggregation level outperforms both other models in terms of R?, AIC and
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FIGURE 4.3: First differences of the graphs in Figures (4.2) and (4.1)

RMSPE. This result is coherent with the hypothesis that there might be a correlation
between the models’ in-sample explanatory power and out-of-sample forecasting power.
Due to the limited number of years of data and the high number of parameters to be
estimated, though, it is not possible to apply weekly or monthly data aggregation levels on
this method. As such the model parameters are restricted by using an Almon Distributed

Lag (Almon) model.

However, Figures 4.5a and 4.5b show that for some of the most common Almon degrees
(P =2, P = 4) the best R? and AIC values do not coincide with the best RMSPE values.
Also the AIC values have been scaled. For P = 2 the best RMSPE even coincides with
the worst R? value. These results appear to contradict our expected outcomes, however,
they can arise due to misspecification of the MIDAS model with Almon lags (Schmidt &
Waud, 1973). Actually, when looking at the AIC selection criterion specified by Pagano
and Hartley (1981), see also Figure 4.6, it becomes clear that the optimal Almon degree
for this dataset is P = 3.
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FIGURE 4.4: Results for the Dutch unemployment data forecasted using a MIDAS

model with beta polynomial. Given in the figure are the R? values (LHS) of the esti-

mation sample and the RMSPEs (RHS) of the forecasting sample for annual, biannual,
and quarterly observations.
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FIGURE 4.5: Results for the Dutch unemployment data forecasted using a MIDAS
model with Almon Distributed Lag polynomials. Given in the figure are the R? val-
ues and scaled versions of the AIC (LHS) of the estimation sample and the RMSPEs
(RHS) of the forecasting sample for annual, biannual, quarterly, monthly, and weekly
observations. The estimation sample consists of 33 observations.

In the optimal model according to the AIC selection criterion (with P = 3) the lowest
RMSPE occurs with a biannual level of data aggregation. Furthermore, the R? is at its
maximum and the AIC at its minimum for the biannual level of data aggregation. In this
case, model selection based on either R? or AIC would thus have resulted in improved
forecasting power of the model. In comparison, the forecasts made by the biannual model

with P = 3 are 10% and 15% more accurate than weekly and annual models, respectively.
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FIGURE 4.6: Results for the Dutch unemployment data forecasted using a MIDAS
model with different degrees of Almon lags. Given in the figure are the AIC values of
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FIGURE 4.7: Results for the Dutch unemployment data forecasted using a MIDAS

model with Almon Distributed Lag polynomial of degree 3. Given in the figure are

the R? values and scaled versions of the AIC (LHS) of the estimation sample and the

RMSPEs (RHS) of the forecasting sample for annual, biannual, quarterly, monthly, and
weekly observations.
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Conclusion

This research is focused on studying the possible added value of data piling in the use of
MIDAS models. Results of models using intermediate levels of data aggregation (monthly,
quarterly and biannual aggregation in the Application chapter) are compared to the ‘tra-
ditional’ models that are currently used most commonly (annual and weekly aggregation
in the Application chapter). Simulation results show that more often than not the ag-
gregation of data can lead to an improvement in both in-sample explanatory power and
out-of-sample forecasting power. Furthermore, in some cases it appears that R* and AIC
optimality in the in-sample regression are valid indicators of forecasting optimality in the
hold-out sample. However, there remain a notable amount of cases in which these tellers
do not correctly predict which level of data aggregation is optimal. As such, it would
prove valuable to further research the possible indicators of forecasting optimality with

regards to data aggregation level selection.

What can be concluded is that oftentimes data aggregation does improve explanatory and
forecasting power and, as such, there lies value in the evaluation of differences between
forecasts of different models (i.e. different levels of data aggregation). As is demonstrated
in the Application chapter, the aggregation of data can lead to worthy improvements of
the forecasting power of the MIDAS model, whose results show 15% more accurate fore-
casts than the traditional fully aggregated model (annual-to-annual modeling) and also
10% more accurate forecasts than the well-known MIDAS model that does not aggregate
data (weekly-to-annual modeling). In this particular example the optimality of forecast-

ing accuracy, R? and AIC happen to coincide.

In conclusion, the data piling process appears to be a valuable addition to the MIDAS

method for modeling time series but the challenge will remain to find a way to properly

20
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predict the optimal data aggregation level. Further research can prove valuable if a proper

technique were to be found to make this prediction.



Appendix A

Tables

22



Appendix A. Tables 23

TABLE A.1l: Simulation results based on a sample of N ‘yearly’ observations, when a
‘quarterly’ DGP is the true process with z; ~ N(1,1), e, ~ N(0,1), yo ~ N(0,1), DGP
isyy=a+x + 1.2041 + 0.8x4_2 + 0.7x4_3 + ¢ (1000 replications)

a=0.5 a=0.8 a=0.95
True N=40 N =400 True N =40 N =400 True N =40 N =400

do

01

02

05

06

mean 0.0625  0.12 0.13 0.41 0.42 0.43 0.81 0.81 0.82
std 0.13 0.04 0.06 0.02 0.02 0.01

mean 1.00 1.00 1.00 1.00 1.07 1.01 1.00 1.03 1.01

std 0.62 0.17 0.94 0.25 1.18 0.31
mean 2.70 2.74 2.69 3.00 2.96 3.01 3.15 3.17 3.14
std 0.62 4.35 0.94 0.25 1.18 0.31
mean 4.35 4.34 4.35 5.40 5.41 5.40 5.99 6.01 5.99
std 0.62 0.17 0.94 0.25 1.18 0.31

mean 5.875 5.86 5.87 8.02 8.03 8.02 9.39 9.43 9.38

std 0.63 0.17 0.94 0.25 1.19 0.31
mean 5.58 5.53 9.50 8.71 8.79 8.69 10.81  10.81 10.80
std 0.63 0.17 0.94 0.25 1.18 0.31
mean 4.53 3.98 3.97 7.85 7.49 7.50 10.07  10.01 9.96
std 0.72 0.19 0.95 0.26 1.18 0.31
mean 2.59 2.39 2.28 5.52 5.50 9.38 7.73 7.74 7.70
std 0.83 0.23 0.99 0.27 1.17 0.31

mean 1.06 0.74 0.64 2.90 2.87 2.70 4.33 4.38 4.30

std 0.979 0.265 1.04 0.29 1.19 0.32
mean 0.3625  0.067 -0.037  1.22 1.11 0.99 1.92 2.01 1.87
std 0.950 0.258 1.08 0.30 1.19 0.32

mean 0.0875 -0.130 -0.225  0.36 0.27 0.12 0.60 0.58 0.55
std 0.832 0.225 1.07 0.29 1.19 0.32
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