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1 Abstract

This thesis studies Mixed Data Sampling (MIDAS) and its applicability on

forecasting the U.S unemployment rate (both quarterly and monthly) using

different leading indicators. Both a basic MIDAS model and an AR-MIDAS

model are evaluated using two different weighting functions, the Beta lag and

the exponential Almon lag. Their forecasting accuracy are compared to the ones

of an AR(1) and an ADL(1,1) model. The data used covers a time period from

1970 to 2012. Our results show that initial claims is the best indicator and that

MIDAS works best for horizons up to twelve months ahead when forecasting the

monthly unemployment rate, and one quarter ahead when forecasting quarterly

unemployment rate.
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2 Introduction

The unemployment rate is one of the most important macroeconomic factors. The

ability to predict it accurately could help policy makers make sound decisions

about which policies to implement regarding the future state of the economy. This

thesis aims to study forecasting of the U.S. unemployment rate, both on monthly

and quarterly data, using initial claims as a leading indicator.

Our main emphasis in this paper is to study how well Mixed Frequency Data

Sampling (henceforth MIDAS) models are at forecasting the unemployment rate.

MIDAS is a relatively new time series regression technique developed in the last

couple of years (see Ghysels et al. (2002, 2007)) which makes it possible to model a

low frequency variable with one or several high frequency variables in a flexible and

parsimonious way. In classic time series regressions, data are often sampled at the

same frequency. However, often there are variables available at higher frequencies

which could be used in the model to increase forecasting accuracy. In these cases

the data can be used as is, or aggregated into the same frequency; both methods

have problems which we cover in section 3.1. We will use MIDAS to circumvent

these problems.

There are several previous studies using MIDAS models on macroeconomic data

(see Clements & Galvão (2008, 2009) and Kuzin et al. (2009)), though forecasting

unemployment with MIDAS has as far as we know not been done before. In this

thesis we partly follow Montgomery et al. (1998) who have done an in-depth

study of forecasting the U.S unemployment rate. They evaluate the forecasting

performance of several different autoregressive models, including a bivariate AR

model using initial claims as leading indicator, on the quarterly U.S unemployment

rate.

Initial claims is a commonly used leading indicator when it comes to modelling

unemployment. Figure 1 illustrates the relationship between these two variables.

The graph suggests that there is a strong relationship between unemployment rate

and initial claims, however Montgomery et al. did not find any overall improvement

in the predictive ability by including initial claims as a regressor. Further,

McConnell (1998) studies the relationship between changes in employment and

initial claims during 1952 to 1997. Her findings are that inclusion of initial claims

reduces forecasting accuracy (slightly) if the whole sample is used. However, if
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Figure 1: Graph illustrating the relationship between monthly unemployment rate and initial

claims in the U.S from 1970 to 2012.

the sample is divided into periods of expansions and recessions, the predictive

power of initital claims decreases during periods of expansions and increases during

recessions. An updated report by Kliesen and Wheelock (2012) uses the same

approach as McConnell but re-estimates the model on new data from 1990-2011.

Their results shows significant improvements in forecasting accuracy during periods

of expansions and a decrease in accuracy during recession months. These are

conflicting results, and they indicate that initial claims might not always be a good

indicator. However, all these studies use very basic models with an aggregated

series of initial claims as a regressor. In this paper we want to find out how well

initial claims works when used as a high frequency indicator in MIDAS models.

This paper is organized in the following way: in section 3 we will cover the

basic theory about the models, section 4 and 5 presents the method and data we

use for the empirics, the results will be presented in section 6 and finally our main

conclusions in section 7.
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3 Theory

3.1 Issues using data of mixed frequencies

When forecasting using data of mixed frequencies, for example quarterly and

monthly data, there are conventional approaches one can use. One way is to

simply estimate the model leaving the data in different frequencies, giving each

high frequency variable a unique parameter. A step weighting model of such can

be written in the following fashion:

Y Q
t+1 = α + β1X

M
t + β2X

M
t−1 + β3X

M
t−2 + εt+1 (3.1)

This approach is unappealing because of parameter proliferation. In this case there

are only three lagged values of X, one quarter of months, but for other frequencies

and more lags there can be a lot of coefficients to estimate making the regression

somewhat unmanageable.

Another way of dealing with this issue is to aggregate the high frequency

variable into the low frequency by time-averaging:

X̄t =
1

m

m∑
k=1

LkHFXt (3.2)

where m denotes the the number of high frequency variables per low frequency

variable and LkHF is the high frequency lag operator such that L1
HFXt = Xt−1.

Using this aggregated variable in the same regression approach as in Equation 3.1

we can use the following model:

Y Q
t+1 = α + β1X̄

Q
t + εt+1 (3.3)

Here we don’t suffer from a large number of parameters to estimate but instead

there will be loss of information due to the aggregation.
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3.2 Model specifications

3.2.1 ARIMA

An ARIMA(p,d,q) model consists of an autoregressive part of order p, a difference

operator of order d and a moving average part of order q. An ARIMA(p,0,0) is

equivalent to an AR(p) model:

yt = α1Yt−1 + ...αpYt−p + εt (3.4)

In our comparison we will use an AR(1) model including one lag of y:

yt = α1Yt−1 + εt (3.5)

An ARIMA(0,1,0) is known as a random walk which will be used as a benchmark

model in this thesis.

3.2.2 Autoregressive Distributed-lag

If a time series regression model includes not only the current but also lagged

values of explanatory variables it is called a distributed-lag model. If the model

incorporates autoregressive dynamics it is called an Autoregressive Distributed-

Lag model (henceforth ADL model). Using an ADL(1, q) model (with one y-lag)

a h-step ahead forecast is given by the following equation (see Clements & Galvão

(2009))

yt = β0 + ρyt−h +

q−1∑
i=0

βixt−h−i + εt (3.6)

In our comparison we will use an ADL(1,1) which includes one lag of both the

y and x variables;

yt = β0 + ρyt−h + β1xt−h + εt (3.7)

3.2.3 MIDAS

MIDAS models are similar to distributed-lag models since they include lagged

values of explanatory variables. However it solves the problems with mixed

frequencies in a very effective way using a polynomial weighting function which

makes it possible to estimate many lags of explanatory variables with only a small

number of parameters.
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Following the example of Clements & Galvão (2009) an h-step ahead forecast

using a MIDAS model with one explanatory variable can be expressed in the

following fashion:

yt = β0 + β1B
(
L1/m;θ

)
x
(m)
t−h + εt (3.8)

B
(
L1/m;θ

)
=
∑K

k=1 b(k;θ)L(k−1)/m is the polynomial lag operator and where

L(k−1)/mx
(m)
t−h = x

(m)
t−h−(k−1)/m is the lag operator. The notation index t indicates

the time unit for the low frequency variable. The forecasts will be based on this

time unit. Lower case m indicates the sampling rate of the higher frequency

variable. L is a lag-operator and b is some weighting function that can have

different parameterizations. All parameters depends on the horizon h and forecasts

are computed directly without having to supply new forecasted values of x. The

betas are regression coefficients. K is the number of lags of x included in the

polynomial. For further understanding let’s look at an example. In our case we

have quarterly and monthly data, hence m = 3 since there are three month per

quarter. We forecast one quarter ahead, h = 1, and set K = 48 meaning that

the last 4 years of information are used. Using these values we get B
(
L1/3; θ

)
=∑48

k=1 b(k; θ)L(k−1)/3 and Equation 3.8 can be written as:

yt = β0 + β1

[
b(1;θ)x

(3)
t−1 + b(2;θ)x

(3)
t−1−1/3 + ...+ b(48;θ)x

(3)
t−1−47/3

]
+ εt (3.9)

In this thesis we focus on two weighting functions, the exponential Almon lag and

the Beta Lag. Ghysels et al. (2002) parameterized the exponential Almon lag in

the following way:

b(k;θ) =
exp(θ1k + θ2k

2)∑K
k=1 exp(θ1k + θ2k2)

(3.10)

where again k is the lag numbers and θ1 and θ2 are the parameters which determines

the shape of the polynomial.If the exponential Almon weighting function has the

parameters θ1 = θ2 = 1, it forms a straight line where all lags are weighted equally.
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The weights sum to unity which makes it possible to identify the slope coefficient

β1 (in Equation 3.8).

The Beta lag is based on the beta function parameterized in the following way

by Ghysels et al. (2002):

b(k;θ) =
f( k

K
, θ1, θ2)∑K

k=1 f( k
K
, θ1, θ2)

(3.11a)

f(
k

K
, θ1, θ2) =

( k
K

)θ1−1(1− k
K

)θ2−1

B(θ1, θ2)
(3.11b)

B(θ1, θ2) =
Γ(θ1)Γ(θ2)

Γ(θ2 + θ2)
(3.11c)

Γ(θ) =

∫ ∞
0

exp{−x}xθ−1dx (3.11d)

The beta function uses two parameters θ1 and θ2 which are both positive. If the

Beta weighting function has θ1 = θ2 = 0, it will generate a straight line where all

lags are weighted equally. Again the weights sum to unity which makes it possible

to identify the slope coefficient β1.

In the basic MIDAS model, for both the exponential Almon and the Beta

lag, there will be a total of four parameters to estimate β0, β1, θ1 and θ2. All

parameters are estimated using non-linear least squares. The polynomial functions

take various shapes for different parameter values. Figure 2 and 3 on the next

page show examples of different shapes, illustrating how flexible these functions

are using only two parameters.
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Figure 2: Exponential Almon polynomial weighting function with three different

parameter combinations. The weights are plotted using 48 lags. The slowly

declining line has θ1 = 0.01 and θ2 = −0.004, the steep line has θ1 = 0.0001

and θ2 = −0.01 and the hump-shaped line has θ1 = 0.099 and θ2 = 0.0099. The

values are chosen to illustrate the flexibility of Equation 3.10.
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Figure 3: Beta polynomial weighting function with three different parameter

combinations. The weights are plotted using 48 lags. The slowly declining line has

θ1 = 1 and θ2 = 4, the steep line has θ1 = 1 and θ2 = 10 and the hump-shaped

line has θ1 = 1.6 and θ2 = 7.5. The values are chosen to illustrate the flexibility

of Equation 3.11a.
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3.2.4 Autoregressive MIDAS

In order to increase forecasting performance its popular to include autoregressive

dynamics in regressions. A basic Autoregressive MIDAS (henceforth AR-MIDAS)

model suggested by Ghysels et al. (2002) can be written as

yt = β0 + λyt−1 + β1B(L1/3;θ)x
(3)
t−1 + εt (3.12)

One additional parameter, λ, is to be estimated, compared to the previous

MIDAS model. All parameters are estimated with non-linear least squares.

3.3 Within-period forecasting

An additional benefit with mixed frequency data (using MIDAS regression) is that

it offers an easy way to use information released within the period to make within-

period forecasts, i.e. nowcasting (see Clements & Galvão (2009)). In equation

3.13 below the low frequency notation h is excluded, instead the lags are only

expressed in the higher sampling rate, s. Setting s = m is equivalent to equation

3.8 with h = 1. However, by setting s < m we forecast using m− s high frequency

observations within the period to make a s/m-step ahead prediction.

yt = β0 + β1B(L1/m;θ)x
(m)
t−s/m + εt (3.13)

3.4 Diebold-Mariano test

To test if differences in predictive accuracy between two models are statistically

singificant we use a Diebold-Mariano test (see Diebold & Mariano, 1995). Since

we compare non-nested models we employ a two-tailed test, implying that we only

test for significant differences; we cannot test which model is the best one. We

test the following hypothesis:

H0: σ2
i,t+h − σ2

j,t+h = 0

H1: σ2
i,t+h − σ2

j,t+h 6= 0

where σ2
i,t+h and σ2

j,t+h denote the variance of ei,t+h and ej,t+h, which are the h step

ahead forecasting errors of two models. The forecast errors are defined as yt− ŷt. A
rejected null hypothesis implies that there is a difference in the predictive accuracy.
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4 Method

The purpose of this paper is to evaluate how well (AR-)MIDAS models will

forecast the US unemployment rate, both monthly and quarterly, using initial

claims as the main leading indicator. Other indicators used for comparison are the

non-farm payrolls and average weekly hours worked. To evaluate the forcasting

accuracy comparisons are made with two other models, AR(1) and ADL(1,1).

The AR(1) model is commonly used to model the unemployment rate (see Sims

& Todd (1991) and Montgomery et al. (1998)). The ADL(1,1) model includes

the same explanatory variables as the MIDAS models, though aggregated into the

same frequency as the dependent variable. Two MIDAS models, a basic MIDAS

and a AR-MIDAS, will be evaluated using two different weighting functions, the

exponential Almon lag and the Beta lag. We set the number of lags (K) to 48.

When forecasting the quarterly U.S. unemployment rate the model will be

estimated using a total of 80 observations where the initial window is from

1970Q1 to 1989Q4. Forecasting the monthly U.S. unemployment rate the initial

window covers the same period (20 years) but includes 240 observations, 1970M01

to 1989M12. Rolling window estimation will be used up until the last period

of 2011 (2011Q4 and 2011M12). This will produce 89 respectively 265 out of

sample forecasts for different horizons up until one year ahead ending at 2012Q4

respectively 2012M12 giving us a total of 23 years of forecasts to evaluate, including

both expansions and recessions in the economy.

The models are evaluated using the mean square error (MSE) of the forecasts

calculated using equation 4.1 below. The MSE should be as small as possible if

the predicted value and the actual value are close.

MSE =
1

T

T∑
t=1

(yt − ŷt)2 (4.1)

In order to tell how the models perform relative to each other we compare them

to a benchmark model (a random walk) calculating a benchmark ratio. This ratio

should be less than one if the model perform better than the benchmark, and as

small as possible relative to the other models.

MSEMODEL

MSEBENCHMARK

(4.2)
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The Diebold-Mariano test will be used to check if differences in predictive accuracy

between the models are statistically significant (see section 3.4).

All MIDAS models are estimated and forecasted using R and the midasr R

package.1

5 Data

Data series for all variables are collected from the FRED database at the Federal

Reserve Bank of St. Louis. All data are revised and seasonally adjusted and covers

a time period from 1970 to 2012.

The U.S unemployment rate is released monthly. Since we partly follow

Montgomery et al. (1998) which uses quarterly data, we aggregated the data into

a quarterly series by calculating an average of the corresponding three months of

each quarter. The data is made stationary by taking the natural logarithm and

first difference. Using the natural logarithm we get the growth rate.

The explanatory variables used in the ADL and MIDAS models are all labor

market related indicators which could explain some variation in the unemployment

rate. The main variable is the initial claims which is a measure of the number of

jobless claims filed by individuals seeking to receive state jobless benefits. A high

number of initial claims correlate with a weakening economy and could therefore

be used as an indicator of unemployment (see Figure 1 in the introduction). Non-

farm payrolls represents the amount of paid workers of any business minus farm

employees, government employees, private household employees and employees

of nonprofit organizations, this number represent about 80 % of the workers

contributing to the U.S. GDP.

1Midasr package can be dowloaded at https://github.com/mpiktas/midasr (2013-12-03)
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The relationship between non-farm payrolls and the unemployment rate is

illustrated in Figure 4 below. The non-farm payrolls line is trending upwards

though during peaks of unemployment it shows a slight decline and vice versa.

Figure 4: Graph illustrating the relationship between monthly unemployment rate and non-

farm payrolls in the U.S from 1970 to 2012.

Average weekly hours measures an average of the number of hours worked per

week by production workers in U.S. manufacturing industries. Figure 5 shows

the relationship between average weekly hours and unemployment. Looking at

the graph there seems to be a semi-strong negative correlation between these two.

Both graphs indicate that some sort of relationship, nonetheless none of them seem

to be quite as good as initial claims.

Figure 5: Graph illustrating the relationship between monthly unemployment rate and average

weekly hours in the U.S from 1970 to 2012.

When forecasting quarterly unemployment rate, the ADL model uses quarterly

series of initial claims, non-farm payrolls and average weekly hours, all aggregated

13



from their original frequencies by taking the average of the three observations

occuring each quarter. The MIDAS models use monthly series of the same variables

where only initial claims has to be aggregated since it is released weekly.

When forecasting monthly unemployment rate, we use initial claims as the

explanatory variable, with weekly sampled data. However, it has to be normalized

for the software to work, meaning that each month needs an equal number of weekly

lags. There is not a fixed number of weekly observation per month, as there is

for quarters and months, so for the months including five observations we simply

removed the last one making all months have four weekly observations. The ADL

model includes a monthly series of this variable, hence it has been aggregated by

taking the average of the weeks occuring each month. A summary of all variables

and their transformations are presented in Table 1 below.

Variable Original frequency Transformation

Unemployment rate Monthly ln ∆

Intitial claims Weekly ln ∆

Non-farm payrolls Monthly ln ∆

Average weekly hours Monthly ln ∆

Table 1: List of all variables used. ln=natural logarithm. ∆=first difference.
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6 Results

The results are divided into two parts, one where we forecast quarterly data and

one with monthly data.

6.1 Quarterly U.S unemployment rate

Table 3 shows the forecast performance for all models compared to the benchmark

model. Using initial claims as a leading indicator, on a one-step ahead forecast

the AR-MIDAS model with the exponential Almon lag gets the smallest relative

score, 0.5534. Hence it beats all the other models in predictive accuracy, it is 37 %

better than the AR(1) and 27 % better than the ADL(1,1). The Diebold-Mariano

tests show that the difference against the AR(1) and the ADL(1,1) is statistically

significant on a one percent level (see tables 6 and 7 in the Appendix). The other

(AR-)MIDAS models also performs quite well on a one-step ahead prediction;

there are no significant differences between none of the (AR-)MIDAS models (see

Tables 8, 9 and 10 in the Appendix). For longer horizons the ADL model, using

initial claims as indicator, produces the best forecasts, though the differences are

not statistically significant.

Initial claims is overall the best indicator, it consistently outperforms the other

indicator variables. Using initial claims as a leading indcator there is at least one

(AR-)MIDAS model that beats the AR(1) on all horizons. When using non-farm

payrolls or avg. weekly hours the results are not conclusive. On longer horizons

the differences are not that apparant. However, on shorter horizons the basic

MIDAS models performs quite poorly compared to the other models, the relative

performances are above one for both weighting functions. The results are in general

significantly worse than both the AR(1) and the ADL(1,1).

Comparing the ADL(1,1), including any of these two variables, and the AR(1)

there are no significant differences in predictive accuracy. Further, there is a

clear difference between MIDAS and AR-MIDAS, where the AR-MIDAS performs

better. These two results could be an indication that non-farm payrolls and avg.

weekly hours lack explanatory power hence these indicator variables are not useful

since the AR(1) tend to get better predictions than all of the the other models.

Comparing the two weighting functions for the MIDAS models, the exponential
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Almon lag and the Beta lag, there is no telling which one is the overall better choice

since the predictions are very similar. Moreover there is in general no significant

improvement using autoregressive dynamics in the MIDAS models.

Table 2 shows the MSE of all the models, including the benchmark. Con-

sistently for all the models, the MSE increases with a longer prediction horizon,

which is reasonable given the increased time span between the data at hand and

the future.
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MSE of quarterly forecasts

Model h = 1 h = 2 h = 3 h = 4

Random Walk 0.00149 0.00201 0.00267 0.00339

AR(1) 0.00129 0.00179 0.00211 0.00225

ADL(1,1)*

Intitial Claims 0.00112 0.00161 0.00194 0.00221

Non-farm payrolls 0.00132 0.00181 0.00213 0.00241

Avg. weekly hours 0.00125 0.00168 0.00199 0.00231

MIDAS Beta**

Intitial Claims 0.00087 0.00178 0.00210 0.00232

Non-farm payrolls 0.00206 0.00220 0.00228 0.00228

Avg. weekly hours 0.00162 0.00215 0.00241 0.00250

MIDAS Almon**

Intitial Claims 0.00089 0.00171 0.00209 0.00223

Non-farm payrolls 0.00221 0.00230 0.00238 0.00222

Avg. weekly hours 0.00236 0.00238 0.00241 0.00251

AR-MIDAS Beta**

Intitial Claims 0.00093 0.00170 0.00201 0.00246

Non-farm payrolls 0.00131 0.00189 0.00220 0.00251

Avg. weekly hours 0.00156 0.00198 0.00264 0.00308

AR-MIDAS Almon**

Intitial Claims 0.00082 0.00184 0.00219 0.00254

Non-farm payrolls 0.00139 0.00180 0.00222 0.00250

Avg. weekly hours 0.00131 0.00188 0.00232 0.00256

Table 2: MSE of forecasts of QUARTERLY Unemployment Rate one to four steps

ahead, (h = 1, 2, 3, 4). Bold values indicates the best score for each horizon.

* Model uses quarterly sampled indicators. ** Model uses monthly sampled

indicators.
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Relative performance of quarterly forecasts

Model h = 1 h = 2 h = 3 h = 4

AR(1) 0.8721 0.8876 0.7915 0.6630

ADL(1,1)*

Intitial Claims 0.7536 0.8005 0.7264 0.6518

Non-farm payrolls 0.8851 0.8965 0.7985 0.7089

Avg. weekly hours 0.8374 0.8363 0.7486 0.6799

MIDAS Beta**

Intitial Claims 0.5866 0.8848 0.7862 0.6838

Non-farm payrolls 1.3814 1.0911 0.8536 0.6706

Avg. weekly hours 1.0900 1.0692 0.9009 0.7361

MIDAS Almon**

Intitial Claims 0.6033 0.8484 0.7824 0.6567

Non-farm payrolls 1.4852 1.1440 0.8924 0.6535

Avg. weekly hours 1.5826 1.1837 0.9010 0.7405

AR-MIDAS Beta**

Intitial Claims 0.6256 0.8448 0.7507 0.7253

Non-farm payrolls 0.8787 0.9400 0.8248 0.7409

Avg. weekly hours 1.0484 0.9850 0.9867 0.9088

AR-MIDAS Almon**

Intitial Claims 0.5534 0.9149 0.8185 0.7488

Non-farm payrolls 0.9351 0.8924 0.8307 0.7367

Avg. weekly hours 0.8789 0.9329 0.8674 0.7550

Table 3: Relative forecast performance of QUARTERLY unemployment rate using

a random walk as benchmark. Value < 1 indicates that the model is better than

the benchmark, > 1 indicates that it is worse. Bold values indicates the best

score for each horizon. * Model uses quarterly sampled indicators. ** Model uses

monthly sampled indicators.
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6.2 Monthly U.S unemployment rate

In this section we present the results of the monthly U.S. unemployment forecasts

using only initial claims as a leading indicator. Here the (AR-)MIDAS models use

weekly data of the indicator, whereas the ADL model uses aggregated monthly

data.

Table 5 shows the relative forecasting performance for all models. The

use of initial claims improves the forecasting accuracy compared to the pure

autoregressive model and the (AR-)MIDAS models produces the best forecasts on

all horizons. The AR-MIDAS Beta works best on short horizons (h = 1, 3), one-

step ahead it is 19 % better than the AR(1) and 17 % better than the ADL(1,1).

The MIDAS Almon is the best model on longer horizons (h = 6, 9, 12). However it

should be noted that none of the differences are statistically significant, see tables

11 and 12 in the Appendix.

The Beta lag is only marginally better than the Almon lag on shorter

horizons, for longer horizons the Almon lag is marginally better than the Beta

lag. Consistent with the results from the previous section we cannot claim that

one weighting function is better than the other. Further, as we saw in the previous

section, including autoregressive dynamics in the MIDAS models does not make

any significant improvement.

The ADL(1,1) works well on this data as well as for the quarterly forecasts, it

beats the AR(1) on all horizons except for a 12 step ahead prediction.

Table 4 shows the MSE of all the models, including the benchmark. Inconsis-

tent compared to the other models, the MSE of the AR(1) decreases with a longer

prediction horizon.

Comparing the results between monthy and quarterly forecasts using initial

claims, there are differences. Forecasting quarterly unemployment rate, as in

section 6.1, (AR-)MIDAS performes well on a one step ahead prediction, but is

outperformed by the ADL(1,1) on longer horizons. On monthly forecasts (AR-

)MIDAS works a lot better on all horizons relative to the other models.
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MSE of monthly forecasts

Model h = 1 h = 3 h = 6 h = 9 h = 12

Random Walk 0.001343 0.000994 0.001100 0.00120 0.001355

AR(1) 0.000720 0.000717 0.000715 0.000702 0.000692

ADL(1,1)* 0.000699 0.000642 0.000670 0.000689 0.000711

MIDAS Beta** 0.000598 0.000628 0.000664 0.000690 0.000685

MIDAS Almon** 0.000604 0.000635 0.000659 0.000671 0.000682

AR-MIDAS Beta** 0.000582 0.000627 0.000670 0.000695 0.000691

AR-MIDAS Almon** 0.000705 0.000642 0.000659 0.000684 0.000696

Table 4: MSE of forecasts of MONTHLY Unemployment Rate one to 12 steps

ahead, (h = 1, 3, 6, 9, 12). Bold values indicates the best score for each horizon.

* Model uses monthly initial claims as leading indicator. ** Model uses weekly

initial claims as leading indicator.

Relative performance of monthly forecasts

Model h = 1 h = 3 h = 6 h = 9 h = 12

AR(1) 0.5358 0.7212 0.6497 0.5872 0.5108

ADL(1,1)* 0.5209 0.6461 0.6091 0.5739 0.5249

MIDAS Beta** 0.4450 0.6312 0.6031 0.5774 0.5059

MIDAS Almon** 0.4493 0.6389 0.5990 0.5612 0.5030

AR-MIDAS Beta** 0.4330 0.6305 0.6089 0.5812 0.5097

AR-MIDAS Almon** 0.5245 0.6460 0.5990 0.5720 0.5136

Table 5: Relative forecast performance of MONTHLY Unemployment Rate using

a random walk as benchmark. Value < 1 indicates that the model is better than

the benchmark, > 1 indicates that it is worse. Bold values indicates the best score

for each horizon. * Model uses monthly initial claims as leading indicator. **

Model uses weekly initial claims as leading indicator.
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7 Conclusion

In this thesis we focused on the use of MIDAS to forecast the U.S unemployment

rate with initial claims as leading indicator. We found that initial claims is a

good indicator especially compared to the other indicators we studied. On both

monthly and quarterly forecasts, the predictive accuracy was better in the models

using initial claims compared to the pure autoregressive model. On quarterly

forecasts MIDAS worked best on short horizons whereas the ADL(1,1) was better

on longer horizons. On monthly forecasts MIDAS was best on both short and long

horizons relative to the other models, though the differences were not significant.

Evaluating the weighting functions, there are no significant differences using the

Beta lag or the exponential Almon lag hence we cannot say which one is preferable

when forecasting unemployment. Inclusion of autoregressive dynamics in the

MIDAS models did not significantly improve the forecasting accuracy when using

initial claims. However when using poor indicators (if you have to) autoregressive

dynamics is preferable.

In conclusion, our result suggests that MIDAS regression with initial claims

as leading indicator works well on short horizons when forecasting quarterly

U.S. unemployment rate. Forecasting monthly U.S. unemployment rate, the

combination works well on both short and long horizons.
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9 Appendix

DM-test of quarterly forecasts. AR(1) against Model

Model h = 1 h = 2 h = 3 h = 4

ADL(1,1)

Intitial claims 1.7558* 0.9226 0.9430 0.3519

Non-farm Payrolls -0.1423 -0.0845 -0.1008 -1.0566

Avg. weekly hours 0.5142 0.6595 0.6728 -0.5515

MIDAS Almon

Initial Claims 2.6213** 0.4767 0.1046 0.1929

Non-farm Payrolls -2.2710** -2.5479** -1.9144* 0.2560

Avg. weekly hours -2.5518** -1.8915* -1.3577 -1.0489

MIDAS Beta

Initial Claims 2.5423** 0.0198 0.0594 -0.5126

Non-farm Payrolls -1.9457* -1.2365 -1.6116 -0.2013

Avg. weekly hours -1.8040* -1.1698 -1.3364 -0.9163

AR-MIDAS exp. Almon

Initial Claims 3.0892*** -0.2609 -0.3116 -1.0726

Non-farm Payrolls -0.9347 -0.0486 -0.4332 -2.0385**

Avg. weekly hours -0.1017 -0.5148 -1.4049 -2.9433***

AR-MIDAS Beta

Initial Claims 2.2589** 0.3640 0.4572 -1.0121

Non-farm Payrolls -0.0981 -0.6039 -0.4964 -2.5383**

Avg. weekly hours -2.6143** -0.9204 -1.8484* -1.6508

Table 6: Two-tailed Diebold-Mariano test of quarterly forecasts with AR(1) against

the other models. Table shows the test-statistic for each combination for every

horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.
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DM-test of quarterly forecasts, ADL(1,1) against (AR-)MIDAS

Model h = 1 h = 2 h = 3 h = 4

Initial claims

MIDAS Almon -1.8715* 0.7528 1.1853 0.1617

MIDAS Beta -1.8237* 0.9285 0.9182 0.9159

AR-MIDAS Almon -2.6667*** 1.8508* 1.7291* 1.2443

AR-MIDAS Beta -1.3900 0.8171 0.4694 1.0712

Non-farm payrolls

MIDAS Almon 1.9812* 1.3526 0.8504 -0.8505

MIDAS Beta 1.6689* 0.7976 0.6490 -0.6214

AR-MIDAS Almon 0.5217 -0.0809 0.8361 0.5991

AR-MIDAS Beta -0.0734 0.8615 0.6827 0.7347

Avg.weekly hours

MIDAS Almon 2.6258** 1.5383 1.2373 0.7827

MIDAS Beta 2.1768** 1.1136 1.2893 0.6612

AR-MIDAS Almon 0.6159 1.9136* 2.3454** 1.9416*

AR-MIDAS Beta 3.1285*** 2.0749** 2.5250** 1.4546

Table 7: Two-tailed Diebold-Mariano test of quarterly forecasts with ADL(1,1)

against (AR-)MIDAS models. Table shows the test-statistic for each combination

for every horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.
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DM-test of quarterly forecasts, MIDAS against AR-MIDAS

Model h = 1 h = 2 h = 3 h = 4

AR-MIDAS Almon Almon Beta Almon Beta Almon Beta Almon Beta

Intitial claims 0.7390 0.4920 -0.8591 -0.4397 0.4608 -0.8377 -1.1893 -1.3139

Non-farm payrolls 2.1678** 1.7607* 1.4358 0.8200 0.3035 -0.6842 -1.7844* -1.2949

Avg. weekly hours 2.5608** 1.9322* 1.1024 0.6426 0.3035 -0.6842 -0.2359 -0.2680

AR-MIDAS Beta

Intitial claims -0.3305 -0.5775 0.0474 0.6050 0.8216 0.9214 -0.9988 -1.0575

Non-farm payrolls 2.3253** 1.9594* 1.2340 0.6539 0.6198 0.3454 -2.2034** -1.5590

Avg. weekly hours 2.0732** 0.4211 0.8327 0.4504 0.3069 -0.8296 -1.6134 -2.1620

Table 8: Two-tailed Diebold-Mariano test of quarterly forecasts with MIDAS

against AR-MIDAS. Table shows the test-statistic for each combination for every

horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.

DM-test of quarterly forecasts, MIDAS Almon against MIDAS Beta

Model h = 1 h = 2 h = 3 h = 4

Intitial claims 0.2470 -0.2928 -0.0998 -0.8502

Non-farm payrolls 0.7872 0.3940 0.8172 -0.5582

Avg. weekly hours 1.8031* 0.7404 0.0022 0.1024

Table 9: Two-tailed Diebold-Mariano test of quarterly forecasts with MIDAS

Almon against MIDAS Beta. Table shows the test-statistic for each combination

for every horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.

DM-test of quarterly forecasts, AR-MIDAS Almon against AR-MIDAS Beta

Model h = 1 h = 2 h = 3 h = 4

Intitial claims 1.0695 -1.3877 -1.7591* -0.6987

Non-farm payrolls -0.8366 0.9425 -0.1535 0.1348

Avg. weekly hours 2.5125** 0.7290 1.3361 1.1255

Table 10: Two-tailed Diebold-Mariano test of quarterly forecasts with AR-

MIDAS Almon against AR-MIDAS Beta. Table shows the test-statistic for each

combination for every horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.
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DM-test of monthly forecasts, AR(1) against Model

Model h = 1 h = 3 h = 6 h = 9 h = 12

ADL(1,1) 0.2000 0.7416 0.4384 0.1300 -0.1835

MIDAS Almon 1.1587 0.8106 0.5453 0.3010 0.1010

MIDAS Beta 1.2172 0.8863 0.5021 0.1130 0.0642

AR-MIDAS Almon 0.1507 0.7413 0.5455 0.1760 -0.0358

AR-MIDAS Beta 1.3777 0.8933 0.4389 0.0688 0.0145

Table 11: Two-tailed Diebold-Mariano test of monthly forecasts, AR(1) against

the other models. Table shows the test-statistic for each combination for every

horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.

DM-test of monthly forecasts, ADL(1,1) against (AR-)MIDAS

Model h = 1 h = 3 h = 6 h = 9 h = 12

MIDAS Almon -0.9586 -0.0690 -0.1069 -0.1710 -0.2845

MIDAS Beta -1.0171 -0.1448 -0.0637 0.0169 -0.2477

AR-MIDAS Almon 0.0493 0.0003 -0.1072 -0.0460 -0.1477

AR-MIDAS Beta -1.1776 -0.1517 -0.0005 0.0612 -0.1979

Table 12: Two-tailed Diebold-Mariano test of monthly forecasts with ADL(1,1)

against the (AR-)MIDAS models. Table shows the test-statistic for each

combination for every horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.

DM-test of monthly forecasts MIDAS against AR-MIDAS

Model h = 1 h = 3 h = 6 h = 9 h = 12

Almon Beta Almon Beta Almon Beta Almon Beta Almon Beta

AR-MIDAS

Almon -1.0080 -1.0664 -0.0693 -0.1451 0.0002 0.0434 -0.1250 0.0629 -0.1367 -0.0999

Beta 0.2190 0.1605 0.0827 0.0070 -0.1064 -0.0632 -0.2322 -0.0443 -0.0865 -0.0497

Table 13: Two-tailed Diebold-Mariano test of monthly forecasts with MIDAS

against AR-MIDAS. Table shows the test-statistic for each combination for every

horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.
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DM-test of monthly forecasts, MIDAS Almon against MIDAS Beta

h = 1 h = 3 h = 6 h = 9 h = 12

0.0585 0.0757 -0.0432 -0.1879 -0.0368

Table 14: Two-tailed Diebold-Mariano test of monthly forecasts with MIDAS

Beta against MIDAS Almon. Table shows the test-statistic for every horizon.*p-

value<0.1, **p-value<0.05, ***p-value<0.01.

DM-test of monthly forecasts, AR-MIDAS Almon against AR-MIDAS Beta

h = 1 h = 3 h = 6 h = 9 h = 12

-1.2269 -0.1521 0.1066 0.1072 -0.0502

Table 15: Two-tailed Diebold-Mariano test of monthly forecasts with AR-

MIDAS Beta against AR-MIDAS Almon. Table shows the test-statistic for every

horizon.*p-value<0.1, **p-value<0.05, ***p-value<0.01.
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