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Abstract

Even slight improvements in forecast accuracy can have a huge

economic impact. Especially, when considering the steady increase

of interconnections in the global financial markets, and the ever

growing pressure of quick decisions. Empirically, combinations of

forecasts from several plausible models usually outperform the fore-

cast of the best fitted model in the presence of model uncertainty.

Can the accuracy of the nowcast of Swedish GDP be improved by

combining the forecasts of multiple economic models? Different

specifications of mixed data sampling (MIDAS) regressions are

fitted and used to produce nowcasts of current quarter GDP. The

performance of the pooling and the single model selection is evalu-

ated by pseudo out-of-sample forecast MSE. Simple pooling schemes

of the forecasts significantly outperforms the benchmark, while very

few of the best fitted models achieve significantly improved accu-

racy over the benchmark. Overall, the pooling of forecasts also

produces more stable and lower mean square forecast errors than

the other model specifications.
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1 Introduction

In most economic situations, there is a lot of information that need to be

considered before making a decision. This means that the forecaster usually

has multiple variables to consider, and in most cases there are also several

different statistical methods that are applicable. Consequently, the final choice

of method and variables will differ depending on who is making the decisions.

This results in a subjective model specification, influenced by what the specific

decision maker consider reasonable or not. One way to make the forecast

decision more objective, is to pool the forecasts between all subjective models.

Bates and Granger [1969] showed that a composite set of forecasts can

outperform the original forecasts. Since then, this empirical observation has

continued to be confirmed and evolved, both theoretically and empirically (see,

for example, Hendry and Clements [2004]; Timmerman [2006]; Clark and

McCracken [2010]; Kuzin et al. [2013]). The consensus is that it is better

to combine forecasts from multiple models, than trying to fit the best model

and using that to forecast. There exist several explanations why this is the

case, and all of them are in one way or another connected to model -errors/-

misspecifications. Remember, all models are representations of reality, but it

is never a perfect account of reality. Statistically, it means that the real data

generating process (DGP) is never known, which results in misspecifications

and estimation errors in most models. Although, if the estimated model

matches the DGP perfectly, it will yield the best forecasts [Greene, 2012, p. 54].

However, in most real life scenarios it is unlikely that the model is a perfect

representation of the DGP. Hence, the effect of badly constructed models can

be counteracted by pooling the forecasts as shown by Timmerman [2006].

The problem of model misspecification is a well known problem within

statistics, and it is not just about picking the correct model. Usually, the

researcher have multiple choices to make before arriving on a finalized model;

model identification, estimation method, checks of model assumptions, model

evaluation, inference and forecast choices. In most cases, these choices are not

straight forward and decisions need to be made by the researcher.

Moreover, one specific model is very seldom the best predictor of the future

at all time points. Mostly, because different models react differently to shocks

and structural breaks. This means that some models will overreact, while

others underreact to new information. Consequently, a model that is best in

a certain time period, is unlikely to still have the best performance in a time
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period under different circumstances. Therefore, there are advantages with

forecasts that can adjust to structural changes [Pasaran and Timmerman, 2007].

By combining forecasts the negative impact of the structural changes can be

reduced. Especially, if one forecast has a positive bias while another has a

negative bias, their combination might be closer to the true value [Hendry and

Clements, 2004]. Hence, the same arguments for why portfolio diversification

works, can directly be applied to the pooling of forecasts [Bates and Granger,

1969]. Usually, the forecaster does not have access to all available information,

only one realization of a variable that depends on several unobserved variables.

Consequently, it is impossible to fit a model using all information contained in

the population, which means that a diversification strategy, pooling of forecasts,

can reduce the uncertainty of the forecast [Timmerman, 2006].

Another growing problem is the curse of dimensionality, meaning that it

is impossible to estimate a comprehensive model without putting restrictions

on the estimates. Even when using factor models there is still specification

problems; number of factors, estimation method, weights, forecast equation

and so forth [Stock, 2006]. However, instead of creating one large super
model, which will have estimation problems due to too few degrees of freedom.

The forecaster can instead create several simple models and combine their

forecasts, avoiding the problems of the curse of dimensionality. Therefore,

the pooling of forecasts can be viewed as a dimensionality reduction method,

which incorporates all available information into the forecast.

In this paper the pooling of forecasts is compared to regular model selection,

evaluating the pseudo out-of-sample nowcast performance of Swedish GDP.

Does pooling of forecasts outperform regular model selection? Are there any

difference in stability in the forecasts when comparing different time periods?

Do different models and weighting schemes show different performance in

their nowcasts? Can a significant improvement in forecast accuracy be detected

in comparison to a simple benchmark model?

The theoretical definitions of the models and the pooling schemes are

presented in Section 2. The method and data is described in Section 3, followed

by the results in Section 4. Finally, the conclusions can be found in Section 5.
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Type Model Specification

MIDAS

(MID) Single indicator MIDAS model
(MAR) Single indicator MIDAS model with AR term
(F-MID-EM) Factor MIDAS, EM algorithm
(F-MAR-EM) Factor MIDAS with AR term, EM algorithm
(F-MID-EC) Factor MIDAS, eurocoin
(F-MAR-EC) Factor MIDAS with AR term, eurocoin

VAR (F-VAR) Factor VAR model

Benchmarks
(AR) Auto regressive model of GDP growth
(AVG) Recursive mean of GDP growth

Table 1. The different model specifications used in this paper.

2 Model Specifications

Most economic data is sampled at different frequencies. As an example, fi-

nancial data are readily available on a daily basis, or even intra daily, while

most macroeconomic data are sampled at a lower frequency; weekly, monthly

and quarterly. This results in a ”ragged-edge” problem, meaning that different

variables has different patterns of missing values at the end of the sample

[Kuzin et al., 2013]. A simple solution is to use the last observation to fill

out the missing values at the end of the sample, creating a balanced data-set

at the lower observation frequency. The problem with this approach is that

it does not consider the actual information that is present at the moment.

Therefore, many models has been proposed to incorporate the information in

the ragged-edge sample. In this paper some of the most commonly used models

are used, mixed data sample (MIDAS) regression and vector autoregressive

(VAR) models. The MIDAS model can be specified with or without and AR

term, single indicators or multiple indicators, and it can also use factors instead

of indicator variables [Clements and Galvao, 2009]. The factor VAR models are

expressed in state-space form, and is estimated using the EM-algorithm and the

Kalman filter [Banbura and Runstler, 2011]. An alternative way to incorporate

factors in a mixed frequency situation is to use the eurocoin model, which can

be viewed as a restricted factor-MIDAS approach [Altissimo et al., 2010]. The

different models are presented in more detail below, and an overview of the

models can be found in Table 1.
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2.1 MIxed DAta Sampling (MIDAS) Regression

Recently, the MIDAS regression has gotten a lot of momentum. MIDAS re-

gression is a form of a distributed lag model [Griliches, 1967]. The depen-

dent variable depends on exogenous variables and their previous realizations

yt = β0 +W (L)xt + εt, where W (L) is some finite or infinite lag polynomial

operator, usually parameterized by a small set of hyper-parameters [Andreou

et al., 2010]. Moreover, the MIDAS model allows for different frequencies

in the y and x variables, allowing the use of the high frequency information,

while keeping the model specification relative simple. This means that it should

outperform models that need to impute the missing observations to get a bal-

anced data-set before running the regression [Ghysels et al., 2007, Clements

and Galvao, 2009, Andreou et al., 2010]. Additionally, MIDAS regression

can be viewed as a reduced form of the linear projection from a state space

representation, using the Kalman filter (see, for example, Ghysels and Wright

[2012]; Bai et al. [2013]).

This paper compares quarterly GDP against monthly indicators. Hence, the

single indicator MIDAS regression can be expressed as

ytq+hq = ytm+hm = β0 + β1B(Lm;θ)x
(m)
tm+wx

+ εtm+hm , (1)

where hq is the forecast horizon in quarters, and hq = hm/3. Tm is last month

where GDP is observed, wx is number of months the indicator variable is

observed after Tm. The superscript (m), denotes the higher sampling frequency,

which is monthly, hence m = 3.

The polynomial B(Lm;θ) is the exponential Almon lag1 defined as

B(Lm,θ) =
K∑
k=0

b(k,θ)Lkm, b(k,θ) =
exp(θ1k + θ2k

2)∑K
k=0 exp(θ1k + θ2k2)

, (2)

with two parameters θ = [θ1, θ2]. Lm is the monthly lag operator, defined as

Lmxtm = xtm−1. This specification allows us to use all available monthly infor-

mation, since the regressor B(Lm,θ)x
(3)
tm+wx

is a function of lagged monthly

indicators values [Kuzin et al., 2013]. Ghysels et al. [2007] also showed that

the Almon polynomial is very flexible even in the two-parameter case, which

means that this specification should be able to capture most dynamic structures
1There exist other alternative lag-polynomials. The two most commonly used are the Almon

lag and the beta polynomial, see Ghysels et al. [2007] for more information.
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in the monthly lags. The choice of K, the lag length of the Almon polynomial,

is not always straight forward. However, by limiting the the number of parame-

ters to only two parameters, θ1, θ2, it provides a parsimonious way to consider

monthly lags. This allows for a large K to approximate the impulse response

function of GDP growth from the indicator. The choice of K also becomes

data-driven, the lag length is directly dependent on the values of θ [Ghysels

et al., 2007]. The model is estimated using nonlinear least squares (NLS), and

a forecast can be made as

ŷTq+hq |Tm+w = β̂0 + β̂1B(Lm; θ̂)x
(3)
Tm+wx

. (3)

The model is specified and estimated on all available data up to time Tq for

the dependent variable, and only Tm+wx−3 for the right hand side variables

[Clements and Galvao, 2009]. The model is then used to make a forecast

of yTq+hq using the final values of the indicators from periods Tm + wx, Tm +

wx − 1, . . ., where w is the number of monthly periods. Note that the monthly

indicator is usually available earlier than GDP. Therefore, the MIDAS model

is able to incorporate the information from the higher frequency variable in

the projection. In this paper the forecast is done for the current, unobserved

quarter hq = 1, hence the name nowcast. The MIDAS regression can also be

generalized to include a larger number of indicators by defining separate lag

polynomials for each additional indicator [Kuzin et al., 2013].

Two types of single indicator MIDAS models are used in this paper, single

indicator MIDAS without and AR term (MID) and a single indicator MIDAS

model with an AR term (MAR).

2.2 Factor Approach

In the simple MIDAS model specification, only one indicator variable is used

to forecast the quarterly GDP. A way to incorporate more information in the

regression, is to incorporate factors as indicator variables. Assuming that N

monthly variables has a factor representation as

Xtm = ΛFtm + ξtm = χtm + ξtm , (4)

where the r-dimensional vector of factors is denoted as Ftm = (f ′1,tm , . . . , f
′
r,tm)′.

The common component is χtm = ΛFtm and ξtm is the idiosyncratic part.

Under the assumption that the dataset is balanced, multiple estimation methods
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are available. The two most commonly used are the principal component

analysis PCA as in Stock and Watson [2002], and generalized PCA as in Forni

et al. [2005]. The main difference is that the generalized PCA uses a two step

approach, which in theory, should be able to put less weight on variables with

a large idiosyncratic component. However, the generalized PCA is not suitable

for forecasting [Forni et al., 2005]. Therefore, the factors are estimated using

PCA as in Stock and Watson [2002].

In the case of unbalanced datasets, an alternative way of estimation is

needed. Kuzin et al. [2013] proposes three different approaches. First, the

simple solution of vertical alignment. Use the last observation to fill out the

missing data [Marcellino and Schumacher, 2010]. Second, principal compo-

nent factors and the EM algorithm. A first guess of the missing values are

imputed, which yields a balanced dataset for a first estimate of the PCA. The

expectation conditioned upon the observed values and the estimated PCA yields

an updated estimate of the missing values. Another PCA is performed on the

updated balanced dataset. The procedure is repeated until convergence is

achieved [Marcellino and Schumacher, 2010]. Finally, the factor model can be

estimated in state-space form, using maximum-likelihood to estimate the factors

and the Kalman filter to impute the missing values [Banbura and Runstler,

2011].

Factor estimates for the MIDAS models are estimated using two different

methods; PCA and EM-algorithm (F-MID-EM) (F-MAR-EM), and the eurocoin
specification (F-MID-EC) (F-MAR-EC). While the VAR models is estimated using

the EM algorithm and the Kalman filter (F-VAR).

2.3 Factor-MIDAS

In the simple case, with only one factor f̂tm for forecasting (r = 1). The factor

MIDAS model can be expressed as

ytq+hq = ytm+hm = β0 + β1B(Lm,θ)f̂
(3)
tm+w + εtm+hm , (5)

where hq is the forecast horizon in quarters, and hq = hm/3 [Marcellino and

Schumacher, 2010]. Tm = 3Tq, is the last month where GDP is observed, w

is number of months the indicators are observed after Tm. The estimation

of the coefficients, f̂ (3)
tm+w is skip sampled, which means that f̂ (3)

j = f̂j , j =

3 + w, 6 + w, . . . , Tm + w, so that every third observation starting from the
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final observation is included in the regressor f̂ (3)
tm+w. However, no monthly

information is discarded, as the lagged operator Lm operates at the monthly

frequency and k number of monthly lags. For example, k = 2,

ytq+hq = β0 + β1b(0,θ)f̂
(3)
tm+w + β1b(1,θ)f̂

(3)
tm+w−1 + β1b(2,θ)f̂

(3)
tm+w−2 + εtm+hm .

(6)

After the factors are estimated, the MIDAS model can be estimated with NLS

using the f̂ as the indicator variable

yTm+hm|Tm+w = β̂0 + β̂1B(Lm, θ̂)f̂Tm+w. (7)

As for the simple MIDAS model, it is easily generalized to multiple factor

models

ytq+hq = β0 +
r∑
i=1

βiBi(Lm,θi)f̂
(3)
i,tm+w + εtm+hm , (8)

and it can also be generalized to incorporate an AR term [Marcellino and

Schumacher, 2010]

ytq+hq = β0 + λytm +
r∑
i=1

βiBi(Lm,θi)(1− λL3
m)f̂

(3)
i,tm+w + εtm+hm . (9)

Marcellino and Schumacher [2010] showed that only models with r = 1

or r = 2 performs well in forecasting GDP, larger specifications either had

poor results or were unstable. They also found that the factor-MIDAS models

perform well at short forecast horizons but poorly at longer horizons. They did

not find any difference between the three different factor estimation methods,

which is in-line with previous research [Boivin and Ng, 2005, D’Agostino

and Giannone, 2012]. Stock and Watson [2002] investigated several different

dynamic factor models, and the forecast performance of several different macro

economic variables. They found that the factor models seems to outperform

the autoregressive benchmark, even at longer forecast horizons.

2.4 Vector autoregressive (VAR) models

The factor estimates can be expressed in the state-space form, which can be used

directly to perform forecasts by including GDP. This results in an approach very

7
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similar to the vector autoregressive model. We use the approach introduced

in Banbura and Runstler [2011], which combines the monthly factor model

with a forecast equation of mean-adjusted quarterly GDP growth in a mixed-

frequency approach. By introducing a latent monthly GDP growth yt, the

quarterly GDP growth can be viewed as a month to month aggregate of GDP

growth. Following Mariano and Murasawa [2010] the quarterly growth of GDP

can be disaggregated as

ytm =
1

3
y∗tm +

2

3
y∗tm−1 + y∗tm−2 +

2

3
y∗tm−3 +

1

3
y∗tm−4, (10)

where tm = 3, 6, 9, . . . , Tm, assuming that GDP is observed the third month

each quarter. This implies that each ytq is a representation of the unobserved

monthly growth rates. The latent monthly GDP growth rate can be expressed

in state-space form, using the implied factor structure in Equation 4 [Banbura

and Runstler, 2011]. Following Kuzin et al. [2013], this can be expressed as

ytm = ΛyFtm + ξytm ,

Xtm = ΛtmFtm + ξtm ,

Ψ(Lm)Ftm = ηtm ,

(11)

where Λy is the factor representation of monthly GDP growth with (1× r)-
dimensional loadings. The Xtm is the factor representation of the monthly

indicators, and ηtm is the VAR specification of the model. In this setup, the

monthly GDP, ytm , and the factors, Ftm , can be regarded as the states. By

applying the EM-algorithm, the model can be estimated, which then can be

used to make forecasts using the Kalman filter.

Giannone et al. [2008] showed that the factor VAR models outperform

the benchmark, average growth of GDP, when nowcasting. However, the VAR

models actually had worse forecast accuracy than the benchmark at longer

forecast horizons.

2.5 Eurocoin, ”Smoothed” MIDAS regression

An alternative way to incorporate factors into a mixed frequency framework is

to use the eurocoin estimator, as explained in Altissimo et al. [2010]. The idea

is to make a first projection using the factor estimates minimizing the short-run

8
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component, creating smooth factors. By applying the modification introduced

in Marcellino and Schumacher [2010], a hm-step forecast can be expressed as

ŷTm+hm|Tm+w = µ̂+ Σ̃yF(hm − w) · Σ̂−1
F F̂Tm+w, (12)

where µ̂ is the sample mean of GDP growth and F̂ is the smooth factor. Σ̂F is the

estimated sample covariance of the factors. The estimate Σ̃yF(k) is a particular

cross-covariance with k monthly lags between GDP growth and the factors

[Marcellino and Schumacher, 2010]. Note that Σ̃yF(k) is the cross-covariance

estimate between the smoothed GDP and the factors. The eurocoin model is

very similar to a MIDAS model. The eurocoin specification can be viewed as a

single factor MIDAS model, but with a different weight of the lag polynomial.

2.6 Pooling, Sample and Benchmarks

Usually, a simple average of the forecasts performs very well and it is the

weighting scheme to beat. Several other pooling schemes has been introduced.

Most of them show similar performance as the simple mean, but most show

poorer results in comparison to the mean of equal weights [Stock, 2006,

Marcellino and Schumacher, 2010, Clark and McCracken, 2010, Kuzin et al.,

2013]. The idea is that, if the researcher try to estimate the optimal weights of

the forecasts from the sample, model misspecification and estimation errors

are once again introduced. Counteracting some of the primary effects of the

pooling to begin with.

In this paper five different weights of the forecasts are used; equal weighted

mean, median, weights based on the MSE of the last 4 observations and weights

based on the BIC [Kuzin et al., 2013].

2.6.1 Benchmark (AVG)

In most of the literature on the subject there are two benchmark models used.

Either an autoregressive model or some kind of simple average. In this paper a

recursive in-sample mean of GDP growth is used as a benchmark (AVG)

ŷTq+hq =
1

Tq

Tq∑
t=1

yt. (13)

9
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This can be viewed as a random walk of the level of GDP. The autoregressive

(AR) benchmark model is also included as a comparison. The number of lags

used in the AR model is decided by the BIC [Marcellino and Schumacher,

2010].

2.6.2 Sample Size

Different papers use different sample sizes for the estimation window. This

paper follows the procedure in Kuzin et al. [2013] and uses n = 120. There

are some arguments made that the models should be estimated with different

sample sizes and include both estimates in the pooling. As an example, Clark

and McCracken [2010] uses n = 40, 60 and includes both estimates in the

pooling of the forecasts, which improved the accuracy.

2.6.3 Real-time data vs. Final-revised data

Clements and Galvao [2008] shows that the final-revised data gives estimated

RMSE that is slightly lower than real-time, which is also confirmed by other

papers. The problem is that the benchmark models also show different results

depending on the type of data used, real-time or revised data. Overall, there

only seem to be a slight difference in MSE ratio compared to the benchmark. In

this paper only the final revised data is used due to limitations of the available

data.

2.7 Nowcast and Evaluation

A pseudo out-of-sample comparison is used. The nowcast is calculated with a

rolling window of data, with a sample size of n = 120 months. This sample

is shifted forward one step at the time through the full sample. The model is

estimated at each time-point and a forecast of the current GDP is estimated

which is compared to the actual observed value of GDP. Only the nowcast is

estimated, hq = 1. This means that at most three monthly observations in each

quarter is available when doing the nowcast. Observe that this implies that for

each quarterly GDP, three forecasts are made, based on the availability of the

monthly indicators for the given quarter, w = 1, 2, 3.

A problem with economic forecasts is how to properly evaluate which model

is the best to use in forecasting [Giacomini and White, 2006]. In most cases a

10
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simple loss-function is used:

MSE =

∑H
t=1(ŷt − yt)2

H
, (14)

where ŷ is the out of sample forecast, which is compared the observed value y.

H is the total number of forecasts estimated using the rolling window. Usually,

the best model is then decided by the model that produces the lowest MSE.

The problem is that this always yields a best model, without considering if

the difference is just due to randomness in the specific sample or an actual

difference in the ”population”. Hence, some formal test of the difference should

be implemented. The issue is that a formal test often requires a very large

forecast sample. Ashley [2003] showed that at least 100 forecast observations

are needed to reliable detect a 20 percent decrease in MSE at a 5 percent

significance level. Also, Clark and McCracken [2007] found that for the MSE

tests to reliable become asymptotically normal distributed, a large sample is

needed. Consequently, when looking at quarters, you would need a forecast

evaluation period of several decades to get a large enough sample. Moreover,

there are also discussions on which assumptions that need to be fulfilled to

make these type of tests valid, see Ashley [2003] for more information.

The standard test to evaluate differences in forecast error is the Diebold

Mariano (DM) test, as introduced by Diebold and Mariano [1995]. The DM test

needs very few assumptions when comparing forecast performance between

different models. Recent research has shown that the simple assumption of

covariance stationary forecast errors is actually sufficient in most situations,

even when comparing different model specifications [Diebold, 2013].

Let L(et) be the associated loss of the forecast error et, e.g. a quadratic

loss function is L(et) = e2
t . This means that the loss differential between two

forecasts is d12 = L(e1t)− L(e2t). Assuming equal predictive accuracy under

the null hypothesis, E(d12) = 0, results in a test-function defined as

DM12 =
d̄12

σ̂d̄12

d→ N(0, 1), (15)

where d̄12 = 1
H

∑H
t=1 d12t, which is the sample mean differential loss [Diebold,

2013]. σ̂d̄12 is a consistent estimate of the standard deviation of d̄12, defined as

σ̂d̄12 =
√
ĝ(0)/H, where ĝ(0) is a consistent estimator of the loss differential

11
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spectrum at frequency zero [Diebold and Mariano, 1995]

gd(0) =
1

2π

∞∑
τ=−∞

γd(τ),

γd(τ) = E[(dt − µ)(dt−τ − µ)].

(16)

The test will be consistent as long as the assumption of weak stationarity in the

difference of the forecast errors are fulfilled

E(d12) = µ, ∀t,

Cov(d12t, d12(t−τ)) = γ(τ), ∀t,

0 < V ar(d12t) = σ2 <∞.

(17)

3 Method

All data is from the Riksbank, Sweden’s central bank. The data contains revised

quarterly GDP for Sweden, and 100 monthly economic indicator variables. The

revised GDP is used in this paper and yt is the logarithm of the growth of GDP.

The indicator variables are selected from economic theory, they should contain

some information about the GDP. A large group of the variables are from the

Economic Tendency Survey, Konjunkturbarometern, which is performed by the

National Institute of Economic Research in Sweden. The data also contains the

Purchasing Managers Index, employment statistics, the production and sales

of Swedish businesses, trade in goods, financial indicators and international

economic indicators.

The total dataset contains data from 1990q1 to 2014q2. There are several

indicator variables that are only available from 1993 and onward, and using a

estimation window of n = 120, results in forecasts from 2003q4 and onwards

in some models. Therefore, to make all model forecasts comparable, this is

used as the first available forecast. Hence, the total forecast period compared is

2003q4-2014q2. The sample is also divided into two parts, pre-crisis 2003q4-

2007q4, and post-crisis 2008q1-2014q2, to compare the difference in forecast

accuracy in stable and unstable economic environment.

A couple of indicators has a longer observation lag than GDP, meaning that

observed values are available at the same time or later than GDP. Therefore,

these can not be used to nowcast GDP. This includes all workforce variables;

number of employed, unemployed etc.; the number of cars sold, and import and
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export of goods. After these variables are removed the data-set still contains

92 indicator variables.

All variables are plotted. The first difference is applied to all variables that

has a non-stationary first moment, and variables with exponential growth is

log-transformed. There are several indicator variables that show patterns of

variation clustering, which indicates there might be heteroscedasticity present.

However, after looking through all the variables, it is obvious why it is al-

most impossible to make the correct model specification in a situation with

multiple explanatory variables. There is just too many choices and statistical

tests that need to be performed before running the appropriate model. Con-

sequently, pooling should reduce the forecast errors due to the unavoidable

misspecifications.

The number of factors used to create the models are r = 1, 2, . . . , 8. The

number of factors used can also be modeled driven by using the BIC. In most

cases this resulted in only one factor, which is coherent with previous research.

All calculations are done in Matlab R©, using code provided by the Riksbank2.

4 Results

Overall, the pooling of the forecasts produces more stable and better forecasts

compared to the benchmark, Figure 1. In contrast, most of the original models

has a lower forecast accuracy, higher MSE than the pooled forecasts, see

Appendix A. A few exceptions are present, e.g. the (F-MID-EC) have some

model specifications with 3 months of information that produces very low

MSEs, see Appendix A, Figure 5. The problem though, looking at the DM-test,

the MSE is not significantly lower than the benchmark at 5 percent significance

level. This implies that the individual forecasts from these models have a

large variation. Therefore, they are not consistently better than the benchmark

model.

Concentrating on the pooled models, most of them are significantly better

than the benchmark, Figure 1. The models that seem to perform the best is the

pooling of the single indicator MIDAS models, (MID) and (MAR). However,

pooling of all available models still show significant improvement in forecast

accuracy in relation to the benchmark (AVG).
2The code is written by Marta Banbura, Michele Modugno and Christian Schumacher.
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Figure 1. Relative forecast errors of the different pooling schemes in relation to the
benchmark model (AVG). The available monthly information of the current quarter is
w. The color of the bars represent the p-value of the DM-test.

The data is also split into two time periods, pre-crisis and post-crisis. Firstly,

the MSE in the forecast is very different between the two periods. The MSE of
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Figure 2. Relative forecast errors, pre- and post-crisis, of the different pooling schemes
in relation to the benchmark model (AVG). The available monthly information of the
current quarter is w. The color of the bars represent the p-value of the DM-test.

the benchmark model is around 0.19 pre-crisis, and around 2.03 post-crisis,

Figure 2. This confirms the expected increase in volatility and uncertainty

post-crisis. Secondly, pre-crisis, most models show no significant difference

from the benchmark models. The pooling of forecasts does not either show

any significant improvement in forecast accuracy compared to the benchmark

model, Figure 2. Finally, post-crisis most pooling schemes outperforms the

other models, especially the pooling of single indicator MIDAS models, Figure

2. Note that these tests are based on very small samples, which makes the tests

more unreliable.
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5 Conclusions

Firstly, the results support previous research. Pooling of forecasts get a lower

MSE in comparison to the benchmark (AVG). Secondly, the combination of

forecasts outperforms the original models. Especially, the pooled single indica-

tor MIDAS models. At first glance it seems like the pooling of factor models

are better, they produce lower MSE than the pooling of single-indicator MIDAS

models. The problem is that this does not consider the variation in the forecast

errors. Looking at the DM-test, all pooling options of the single-indicator MI-

DAS models have a significant improvement of the forecast accuracy over the

benchmark model at 5% significance level. However, pooling of the factor mod-

els does not yield a significant improvement in comparison to the benchmark

model. This confirms the problems with only considering the lowest MSE. MSE

is just a point estimate, taking it at face value without considering the variation

in the forecast errors is atrocious inference. Consequently, a combination of

all available models, both single indicators and factor specifications, end up

in-between the performance of the pooling of factor models and the pooling of

single indicator MIDAS models.

Finally, the pooling show no significant improvement of forecast accuracy

in the pre-crisis period, while it outperforms the benchmark in the post-crisis

period. Theoretically, this is expected. The pooling of forecasts performs the

best in periods with an unstable DGF, which is likely in the high volatility

and uncertainty following the financial crisis in 2008. Therefore, the pooling

of forecasts should show better performance post-crisis than pre-crisis, as

confirmed by these results.

In total 280 models are estimated, and each model is used to produce fore-

casts at three different horizons, w = 1, 2, 3. Hence, there are 840 evaluations

of the forecast performance in comparison to the benchmark. Focusing on the

period 2003q4-2014q2, only 10 of these 840 comparisons showed a significant

improvement over the benchmark (AVG) using the DM-test. The nominal size

is 5%, which meant that we expected to get 0.05 · 840 = 42 number of type-I
errors, assuming that each test is independent3. Only getting 10 significant

results instead of the expected 42 at 5% significance level4, seems to confirm

the problem with the MSE tests in small samples. Moreover, given the high fre-

quency of significant results when pooling the forecasts gives more confidence
3Which is unlikely when each test is based on the same sample.
4At α = 0.1, 61 significant results in comparison to 84 expected rejections under the null.
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to the conclusion, pooling improves forecast accuracy.

Overall, pooling improves the forecast accuracy. It seem to perform better

during periods of high uncertainty. The results also indicates that picking

the most appropriate type of models for the specific situation can improve

the pooling results. Moreover, the simple mean of the forecasts is once again

confirmed to produce stable results, and no significance difference between the

different pooling schemes can be detected.

These results could have ramifications even outside the purely empirical

world. Lets us assume that each individual has their own way of viewing

the world, which implies that each individual has their own model of the

world. Consequently, each individual have different expectations of the future

depending on their own experience and knowledge. This would imply that

when the Executive Board of the Riksbank makes their forecasts, it would be

better if each of them would make their own forecast, and then combining

them. In contrast to discussing it before hand, which could be viewed as fitting
a best model on all available information.
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A MSE ratio of all models

Overall, most models perform poorly, no significant improvement in forecast

accuracy in comparison to the benchmark. There are some economic indicators

that seem better though, e.g. kibar14 and kibar28, Figure 4. kibar14 is

the confidence indicator for the manufacturing industry, and kibar28 is the

current backlog of the manufacturing industry, both variables are collected by

the Economic Tendency Survey. These results should be treated with a large

portion of caution though. Keep in mind that these are just the most significant

results of several hundred hypothesis tests.
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Figure 3. Relative forecast errors of the different single indicator MIDAS models in
relation to the benchmark model (AVG). The available monthly information of the
current quarter is w. The color of the bars represent the p-value of the DM-test.
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Single Indicator MIDAS, with AR term (MAR)
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Figure 4. Relative forecast errors of the different single indicator MIDAS models
with an AR term in relation to the benchmark model (AVG). The available monthly
information of the current quarter is w. The color of the bars represent the p-value of
the DM-test.
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Figure 5. Relative forecast errors of the different factor models in relation to the
benchmark model (AVG). The available monthly information of the current quarter is
w. The color of the bars represent the p-value of the DM-test.
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