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Abstract

Vector autoregression (VAR) models are widely used in an attempt to identify and

measure the effect of monetary policy shocks on an economy and to forecast economic

times series. However, the sparse information sets used in the VAR approach have been

subject to criticism and in recent decades, the use of factor models as a means of dimension

reduction has been a subject of greater focus. The method of summarizing information

contained in a large set of macroeconomic time series by principal components, and use

these as regressors in VAR models, has been pointed out as a potential solution to the

problems of limited information and estimation of too many parameters.

This paper combines the standard VAR methodology with dynamic factor analysis on

Swedish data for two purposes, to assess the effects of monetary policy shocks and to ex-

amine the forecasting properties. Latent factors estimated by the principal components

method are in this study found to contribute to a more coherent picture in line with eco-

nomic theory, when examining monetary policy shocks to the Swedish economy. The

factor-augmented models can on the other hand not be shown to increase the forecasting

accuracy to a great extent compared to standard models.

Keywords: Factor models, Factor-augmented vector autoregressions, principal compo-

nents, impulse-response functions, forecasting.
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1 Introduction
Since Sims (1980), vector autoregressive (VAR) models are widely used in economic anal-

yses and many extensions within this group of models have since then been developed.

Main focus in this paper is on one of these extensions, namely factor-augmented models.

VAR models have proven to offer a number of advantages for forecasting economic

time series and are used to identify and assess effects of monetary policy shocks on macroe-

conomic variables. However, VAR models are based on a limited informations set. To

conserve degrees of freedom, standard VAR models often contain less than ten variables

(Bernanke, Boivin, & Eliasz, 2005; Stock & Watson, 2002b). As a consequence, these

methods depend only upon on the small number of variables chosen from a much larger

information set. Three problems following the use of sparse information sets in monetary

policy identification are highlighted in Bernanke et al. (2005).

First, since the central banks and the private sector have information not considered

in the VAR approach, measurements are likely to be contaminated by an omitted variable

bias. The subset of variables included in the model is unlikely to span the information

sets used by actual central banks, the financial market participants and other observers. An

illustration of this problem is the so called price puzzle, when measurements can indicate a

positive effect on prices from an increase in the interest rate. These results are in contrary

to what would be expected in economic theory, where a contractionary policy is expected

to result in a lower price level. One explanation for the price puzzle is that the result

depends on omitted variables (Sims, 1992). A second problem is that impulse responses

can be observed only for the small set of included variables.

Finally, the concept of a theoretical construct like ’economic activity’ may not be per-

fectly represented by a few observable measures like GDP or industrial production. This

problem is also addressed by Stock and Watson (2002b) when forecasting economic time

series. As real economic activity often is used to predict measurements like inflation, an

arbitrary decision on the best measure of real activity for the purpose must be made. In

addition to this arbitrary choice, any observable measure can contain measurement errors.

One alternative to the choice of a few observables is to pool information from a large

set of variables. In the factor-augmented model approach, examined in this paper, the stan-

dard VAR analysis is combined with factor analysis in so-called dynamic factor models.

In this type of models, information from a large set of series can be summarized in a small

number of estimated factors. Augmenting the standard models, the estimated factors then
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impose information regarding the dynamics of the economy without giving up the statisti-

cal advantages of restricting the VAR analysis to a small number of series.

The use of dynamic factor models in economics have become popular in empirical

macroeconomics in the last decades, even though the literature goes back to Sargent and

Sims (1977), where a dynamic generalization of the classic factor analysis model were

presented. Mainly two estimation methods are currently used in the estimation of dynamic

factor models, a principal components and a maximum likelihood approach, where the first

is applied in this paper. In the principal components method, two approaches for extracting

information can be distinguished. In a first approach, arising from Stock and Watson (1998,

1999, 2002a, 2002b), the factors are estimated by static principal components. The second

relies on dynamic principal components and was introduced by Forni, Hallin, and Reichlin

(2000); Forni, Hallin, Lippi, and Reichlin (2004).

For use of the maximum likelihood estimator, see, among other, Doz, Giannone, and

Reichlin (2012). For a more detailed explanation and a comprehensive list of earlier work

on the different estimation methods, including Bayesian methods, see Bai and Ng (2008).

The first analysis of monetary policy shocks in large panels, based on a factor-augmented

VAR (FAVAR) model, was developed by Bernanke et al. (2005), where the static princi-

pal component methodology is applied to extract factors that summarize the information

present in a large data set. These estimated factors are then included in monetary VAR

models. Results concerning the use of factors in forecasting exercises based on the same

methodology are discussed in, among others, Stock and Watson (2006) and Banerjee, Mar-

cellino, and Masten (2008). In recent years, forecasting with factor-augmented error cor-

rection models (FECM), introduced by Banerjee and Marcellino (2009) have gained a fair

amount of attention. As the FAVAR models, these models protects from omitted variable

bias but where the FAVAR is specified in first differences, and therefore misspecified in the

presence of cointegration, the factor-augmented ECM allows for inclusion of error correc-

tion terms.

In this paper, eventual gains from inclusion of factors in structural analysis and fore-

casting are examined. The paper has two main purposes. First, whether the inclusion of the

factors improves the understanding of the effects of monetary policy shocks, and second,

whether the inclusion lead to more accurate forecasts of real macroeconomic variables.

The paper is structured as follows. Section 2 describes the background, estimation and

identification of the dynamic factor model while the augmented models are presented in

Section 3. The empirical application is presented in two parts in Section 4. First the im-
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plementation regarding the monetary policy shocks and second, the forecasting exercise.

Conclusions are found in Section 5.

2 The dynamic factor model
Common factors from a large data set are to be estimated. This estimation is accomplished

using principal components analysis and this study will follow Bernanke et al. (2005) and

use the Stock and Watson (1998, 1999, 2002a, 2002b) approach with static factors esti-

mated in an approximate factor model. An explanation of the differences between a strict

and an approximate formulation is to be followed after setting up notation and making a

distinction between the static and dynamic representation of the factor model.

Suppose a large number of informational background series are available, observed

for t = 1, ..., T and denoted by the N × 1 vector Xt. Dynamic factor models represent

the observed series as a linear combination of two unobserved components. A common

component, driven by factors, and an idiosyncratic component. Following the notation in

Bai and Ng (2008), for i = 1, ..., N , a static factor model is defined as

xit = λ′iFt + eit, (1)

where λi is referred to as the factor loadings and is a vector of weights that unit i put on

the corresponding r common factors Ft. The term λ′iFt can be referred to as the common

component of the model while eit, is referred to as the idiosyncratic error. Let Xt =

(x1t, ..., xNt)
′, F = (F1, ..., FT )′, and Λ = (λ1, ..., λN )′. The static representation of the

factor model in vector form is then

Xt = ΛFt + et (2)

and for the T × N matrix Xt = (X ′1, ..., X
′
N ), and e = (e′1, ..., e

′
N ), the matrix form of

the factor model is

X = FΛ′ + e. (3)

Even though the model specifies a static relationship between the observed variables and

the factors, Ft ca be a dynamic vector process

A(L)Ft = ut. (4)

The static model can be contrasted with a dynamic representation defined as

xit = λ′i(L)ft + eit, (5)
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where λi(L) = (1− λi1L− ...− λisLs) is a vector of dynamic factor loadings of order s

and the factors are assumed to evolve according to

ft = C(L)εt, (6)

where εt are iid errors. (Bai & Ng, 2008)

A first distinction can now be made between the static and dynamic representation of

the dynamic factor model. The static term in a dynamic factor model refers to the static

relationship between the common component and the variable. That is, when all series

are hit by the common shocks at the same time the factor model is called static. In the

more general case where different series are hit by different lags of the common shocks,

the model is called dynamic (Forni et al., 2004).

As stated, focus in this paper is on factors estimated with static principal components.

Even though knowledge of the dynamic factors is useful in some analysis, many econo-

metric methods can be developed within the static framework. The static and the dynamic

factor estimates empirically produce rather similar forecasts, but the static principal com-

ponent method have been shown to behave noticeably better in empirical analyses and the

static factors are on practical grounds easier to construct, as stated in Boivin and Ng (2005).

Under the assumption that the factors and the idiosyncratic errors are uncorrelated with

zero mean, the covariance structure of the static model is given by

Σ = ΛΛ′ + Ω (7)

where Σ and Ω are theN ×N population covariance matrix ofXt and et respectively. The

normalizationE(FtF
′
t) = Ir is assumed. Bai and Ng (2008) refer Equation (1) to as a strict

factor model if Ω is diagonal. If the idiosyncratic disturbances in Equation (1) are cross-

sectionally independent, serially independent and uncorrelated with the common factors,

then the model is referred to as a classic, strict or exact factor model. In economic terms

however, these assumptions may be viewed as too restrictive. The type of factor models

where these assumptions are relaxed are known as large dimensional approximate factor

models. The approximate factor model allows for some heteroskedasticity and limited

serially and cross-sectionally dependence of the idiosyncratic components, as well as for

weak dependence between the idiosyncratic components and the factors (Bai & Ng, 2008).
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2.1 Estimation and identification of the factors

The starting point in the static principal components approach is the estimation of the

factors and the loadings. In classical factor analysis Λ is estimated under fixed N . Given

Λ, the factor scores are then estimated in a second stage. The estimate for Ft is though not

consistent under fixed N . Under large N and large T , it is possible to treat both Λ and F

in Equation (3) as parameters and estimate these simultaneously. The residual matrix e is

then obtained from e = X − FΛ′ (Bai & Ng, 2008).

Important to note is that we cannot estimate the factors, only the common factor space.

That is, when estimating Equation (3), the factors and their loadings are not separately

identifiable. For an arbitrary r × r invertible matrix A

X = FΛ′ + e

= FAA−1Λ′ + e

= F ∗Λ∗′ + e

(8)

and restrictions are needed to uniquely identify F and Λ. An arbitrary r × r matrix has r2

free parameters and r2 restrictions are therefore needed. The normalization

F ′F

T
= Ir (9)

provides r(r+1)/2 restrictions and the requirement of Λ′Λ being diagonal gives r(r−1)/2

additional restrictions. Combining these restrictions will lead to uniquely identified F

and Λ. These restrictions are used in the principal components method when k estimated

factors requires k2 restrictions (Bai & Ng, 2008).

Following Stock and Watson (1998), for any given k, the method of principal compo-

nents constructs a T × k matrix of estimated factors and a corresponding N × k matrix of

estimated loadings by solving

min
Λk,Fk

S(k), with S(k) = (NT )−1
N∑
i=1

T∑
t=1

(xit − λ′ki F kt )2 (10)

subject to the normalization that F ′kF k/T = Ik and Λ′kΛk being diagonal. Concentrating

out Λk, the matrix F̂ is equal to
√
TẐ, where Ẑ are the eigenvectors corresponding to the

k largest eigenvalues of XX ′. See Bai and Ng (2008) for a detailed explanation of this

optimization problem.

Stock and Watson (2002b) discuss the alternative single-step Bayesian approach and

Bernanke et al. (2005) compare the two-step principal component estimation method with
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the alternative one-step approach making use of Bayesian likelihood methods and Gibbs

sampling to estimate the factors. Their conclusion is that the advantages of using this

approach appear to be modest in this application. The estimation of the factor models are

in this study to be conducted by the two-step principal components approach.

A correct specification of the number of factors is crucial for validity of factor models

(Bai & Ng, 2002). In order to determine the number of factors needed, this study will use

the Bai and Ng (2002) criterion IC2(k). This criterion is commonly used in the literature

(see for example Bernanke et al. (2005), Banerjee, Marcellino, and Masten (2014)) for

the determination of the number of factors. The information criterion reflects the trade-off

between the goodness-of-fit and the risk of overfitting.

The sum of squared residuals divided by NT from a factor model with k estimated

factors is denoted S(k) = (NT )−1
∑N

i=1

∑T
t=1(xit − λ̂′ki F̂

k
t )2. Letting g(N,T ) be a

penalty function, the information criterion is defined as

IC(k) = ln(S(k)) + kg(N,T ) (11)

where the first term on right-hand side is a measure of the goodness-of-fit of the model.

The second term is an increasing function of both N and T and is a penalty for overfitting.

In order to determine the number of factors, the information criterion is to be minimized.

Bai and Ng (2008). The IC2(k) used in this paper is defined as

IC2(k) = ln(S(k, F̂ k)) + k

(
N + T

NT

)
ln(min{N,T}). (12)

To enable an interpretation of the parameters, Bai and Ng (2013) study three sets of

restrictions such that F and Λ are exactly identified. In a first set of restrictions, PC1, a

requirement that the diagonal elements of Λ are distinct and positive, and are arranged in

decreasing order is imposed. Without this requirement there will be rotational indetermi-

nacy. In this case it is thus not required to know which unit that is affected by which factor.

A next two sets of restrictions, PC2 and PC3, involve ordering the data. PC2 restricts

Λ1, the first r × r block of Λ to be an invertible lower triangular matrix. It thus requires

knowledge of which variable that is affected by the first factor only, which variable is af-

fected by the first two factors only, and so on. That is, the choice of the first r variables of

Xt and their ordering provide the auxiliary information for identification.

Comparing PC1 and PC2, Bai and Ng (2013) find that when using PC2 the, in their

case, eight factors are much more concentrated on the variations in eight series which facil-

itates the interpretation of these factors. In this paper, focus is on the use of the estimated
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factors, not on the specific interpretation. The first set of restrictions is therefore to be used

but a rotation according to PC2 is done for a comparison.

It can be noted that stationary and non-stationary data involve different assumptions

(Bai & Ng, 2008). In this section stationary data is assumed, which involves the series in

Xt to be, if needed, transformed to I(0).

3 Factor-augmented models
In this study, focus is on the use of factor-augmented models in analysis of monetary

transmission and forecasting. A first application will evaluate the use of factors in the

study of transmission of monetary policy shocks. Following Bernanke et al. (2005), the

impact of monetary shocks to the economy, with the estimated factors used as regressors

in recursive VAR models, is in focus.The question of interest is whether included factors

in the VAR can give a more coherent picture of the effects of contractionary monetary

policy shocks. The repo rate determined by the the Swedish central bank, Riksbanken, is

considered to be the only monetary policy instrument.

In a second application focus is on how the estimated factors can contribute in fore-

casting when incorporated in standard VAR and vector error correction model (VECM)

methodology.

3.1 Factor models in structural analysis

Let Xt denote the N × 1 vector of economic time series, Yt denote the vector of M × 1

observable macroeconomic variables that is a subset of Xt and Ft denote the k × 1 vector

of unobserved factors that capture information contained in Xt. Following the notation of

Bernanke et al. (2005), the joint dynamics of (Ft, Yt) is given by the equationFt
Yt

 = Φ(L)

Ft−1

Yt−1

+ vt (13)

where Φ(L) is a lag polynomial with finite order and vt is an error term with mean zero

and covariance matrix Q. This VAR model includes both observable and unobservable

variables where the factors can be seen as common forces that drive the dynamics of the

economy. Bernanke et al. (2005) refer to Equation (13) as a factor-augmented vector au-

toregressive (FAVAR) model. Since the factors are unobserved, Equation (13) cannot be

estimated directly.
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Assuming that the informational time series Xt are related to the unobservable factors

Ft and the observed variables Yt, an observation equation can be written of the form

Xt = ΛfFt + ΛyYt + et (14)

where Λf is a N × k matrix of factor loadings, Λy is N ×M and et is the N × 1 vector of

error terms, weakly cross-sectionally and serially correlated and with mean zero. That is,

an approximate and static specification of the dynamic factor model.

The estimation procedure consists of a two-step principal components approach. In a

first step the space spanned by the common components, here denoted as Ct = (F ′t , Y
′
t ),

is estimated using the first k + M principal components of Xt, via Equation (10). The

estimated common space spanned by the factors is denoted Ĉt. Demonstrated in Stock and

Watson (2002b), when N is large and the number of principal components used is at least

as large as the true number of factors, the principal components consistently estimate the

space spanned by both Ft and Yt.

In Equation (14), a recursive structure where the monetary policy instrument is ordered

last is assumed. This implies that the unobserved factors do not correspond to a monetary

policy shock within a month. To obtain the estimates of the factors Bernanke et al. (2005),

divide Xt in slow-moving and fast-moving variables. Slow-moving series are assumed not

to respond directly to shocks in monetary policy. Here is the real variables like measures

of output, production and consumption included. Fast-moving series on the other hand are

assumed not to be predetermined and to react direct to policy shocks. Here are the financial

variables and business indicators included.

The identification first requires determining the part of Ĉt that is not spanned by Yt.

This is achieved by first estimating the slow-moving factors F̂ st , estimated as the principal

components of the slow-moving variables. The regression

Ĉt = b1F̂
s
t + b2Yt + ut (15)

is estimated and F̂t can then obtained from Ĉt − b̂2Yt.

In the second step, Equation 13 is then estimated with the unobserved factors replaced

by their estimated counterparts. Assuming that M + k << N , the amount of information

that can be incorporated in a FAVAR can thereby be increased significantly in comparison

to a standard VAR model.
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Based on Equation (13), the reduced form VAR in F̂t and Yt has the structural form

Γ(L)

F̂t
Yt

 = εt (16)

where Γ(L) is a lag polynomial of order p and εt is the vector of structural innovations.

The impulse response functions of F̂t and Yt is then computed fromF̂t
Yt

 = Ψ̂(L)εt (17)

where Ψ(L) is a matrix of order h and Ψ(L) = [Γ(L)]−1. IfXt is estimated from Equation

(14), impulse response functions for each of the variables in Xt can be obtained as

X̂t =
[
Λ̂f Λ̂y

]F̂ ′t
Y ′t

 =
[
Λ̂f Λ̂y

]
Ψ̂(L)εt. (18)

3.2 Factor models in forecasting

The estimation and use of common factors from a large data set is found in forecasting

exercises and the use of factors have been successfully applied in a number of papers to

forecast macroeconomic variables. Among others, Stock and Watson (2002b) includes

factors, or what the authors call diffusion indexes, when forecasting variables for the US,

Artis, Banerjee, and Marcellino (2005) examines the forecast accuracy for the UK and

Banerjee et al. (2008) study the forecasting performance of diffusion index-based methods

in short samples for the Euro-area.

Let yt be a scalar series that is to be forecasted and N -dimensional Xt consists of a

large large number of possible predictors represented as a linear combination of a common

component, driven by factors, and an idiosyncratic component as in Equation (3). The h

steps ahead forecast of yt can then be written as

yt+h = β′FFt + β′wwt + εt+h (19)

where wt is a vector of observed variables, e.g. lags of yt, that together with Ft are useful

for forecasting the variable of interest and εt+h is the resulting forecast error. The principal

components of {Xt}Tt are estimates of the factors and are used in Equation 19 to estimate

the regression coefficients. The forecast is constructed as

ŷT+h = β̂′F F̂T + β̂′wwT (20)

and this forecast approach can be extended to different models.
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In the analysis of large-dimension factor models, Bai and Ng (2002) assumed all vari-

ables to be I(0) and the information criterion used is applicable to differenced data. Data

in differences is though not always wanted and the specification does miss out of long-

run information (Bai, 2004). In this context, Banerjee and Marcellino (2009) introduces

cointegrating or long-run information into the dynamic factor model, denoted FECM.

The difference between the FAVAR and the FECM when it comes to the factor esti-

mation is that the latter estimates principal components from the data in levels, compared

with the estimation in the FAVAR framework where the factors are extracted from data

that is transformed, if necessary, to I(0). In Bai (2004), large-dimension factor models of

non-stationary variables are analyzed and cointegration among the factors are permitted.

The FECM combines in other words error-correction, cointegration and dynamic factor

models. By introducing a new criterion, Bai (2004) shows that the dimension of non-

stationary factors can be consistently estimated without the need of differentiating the data.

In this paper, the IPC2(k) criterion in Bai (2004) is used for determining the number of

non-stationary factors. Banerjee et al. (2014) highlight the good forecasting properties of

the FECM relative to standard ECM and FAVAR models. For a more detailed explanation

of the forecasting properties of the FECM, see Banerjee et al. (2014).

4 Data and empirical applications
The data set used in this study consists of 176 macroeconomic variables for Sweden. The

panel data ranges from 2005:04 to 2014:12 and consists of quarterly and monthly time se-

ries. The rather short range was determined from availability of data. The short time span

is though interesting, as factor-augmented models are mentioned as a solution in the short-

T large-N forecasting context (Banerjee et al., 2008). To get a broad data set representing

the the Swedish economy, macroeconomic series were chosen from Swedish indicators,

Prices, Employment, Industrial new orders and turnover, Real output and income, Ex-

change rates and international market rates, Interest rates and marked based rates, Stock

prices, Money and Credit Aggregates and Balance of Payments.

Since seasonal patterns of the series can hide the characteristics of the data, such pat-

terns are, if needed, removed. The seasonal adjustment is done using the X-12 ARIMA

procedure if the series are positive, and with an additive model otherwise.

In this paper the intention is to work with monthly data. Quarterly data series are there-

fore disaggregated into monthly ones using a Chow-Lin (min. RSS) ecotrim procedure
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(Sax & Steiner, 2013). With this disaggregation procedure, it is possible to make use of

related series observed at the desired frequency. As an example, the quarterly measured

GDP can be disaggregated to a monthly series using information of consumer price index

and the industrial production volume. Angelini, Henry, and Marcellino (2006) examines

an extension of this procedure using factor models. By using estimated factors as related

indicators in the disaggregation process, the authors conclude that factor models in this

context do perform well. Due to time limits, this disaggregation method is not used here.

As stated in Section 2, the intention is to work with stationary series, so the data set is,

if needed, transformed to induce approximate stationarity. First differences of logarithms

are in general used for real variables while data in levels are used for nominal interest rates.

In Appendix A all series and their transformations are described.

The transformed and seasonally adjusted series are then screened for outliers. As is

Stock and Watson (2005), observations of the transformed series with absolute median de-

viations larger than six times the interquartile range were replaced by the median value

of the preceding five observations. The outlier-adjusted data set are then used when de-

termining the number of and estimating the static factors. In this step the series are also

standardized to have zero mean and unit variance. In all other applications the unadjusted,

but transformed, series are used.

The empirical application is continued with the estimation of the static factors. The

whole data set is used and the estimation is conducted from Equation (10) with the nor-

malization in Equation (9). Examining the proportion of the variance explained by each

factor, it can be seen that the first factor explains about 17 percent of the variation in the

data set, while the second factor explains an additional 8 percent. The percentage for the

explanation of another factor decreases rapidly and the 8th factor explains 3 percent of the

variation in the data set.

As stated in Ludvigson and Ng (2005), since the factors are not exactly identified, a

detailed interpretation is not appropriate. Moreover, the factors will not correspond exactly

to an economic concept so labeling the factors would be misleading. Nonetheless, a look

of how the factors capture the information is relevant. Figure 4 in Appendix B show the

marginal R2 for the first eight estimated factors. This is obtained by regressing each of the

176 individual series in the data set onto each estimated factor, one at a time.

A closer look at the correlation between the factors and series, presented in Table 1,

reveals that the first factor loads heavily on the interest rate spreads, explaining about 85

percent of the variation in the lending, deposit and repo rate and the one and three month
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Table 1: Variation explained by the factors

Factor Variable R2

Factor 1 Lending rate 0.854

Deposit rate 0.853

Repo rate 0.846

STIBOR 1M 0.846

STIBOR 3M 0.833

Factor 2 Consumer price index 0.521

GDP deflator, total resources 0.435

Current account 0.404

GDP 0.377

US 5Y 0.365

Factor 3 Industrial Production Index 0.751

Export 0.703

Business IP, manufacturing industry 0.658

Business IP, service sector, 0.631

Hourly wage, workers 0.568

Factor 4 PPI, Manufacturing 0.529

PPI, Total 0.481

PPI Consumer goods 0.472

PPI, Agriculture etc. 0.447

PPI, Capital goods 0.444

Factor 5 SDR (Special Drawing Rights) 0.214

Retail trade indicator 0.196

USD 0.189

KIX index 0.183

IP, manufacturing industry 0.177

Stockholm Interbank Offered rate (STIBOR). The second factor loads heavily on price

indexes, the current account and GDP as well as on the US five year market rate while the

third factor loads on production indexes, export and wages. The fourth factor seems to be

a price factor, loading on producer price indexes. The fifth factor is harder to interpret, but
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i seems to capture some information in a few of the foreign variables included in the data

set.

To examine the interpretation further, the PC2 set of restriction from Bai and Ng

(2013) is applied to the data set. That is, an ordering of the data is involved. Since the

PC2 requires knowledge of which variable that is affected by which factor, the results

presented in Table 1 are used. The data is ordered such that the first five series correspond

to the variables with the highest R2 for respective factor. In this case, the first five series

are the lending rate, consumer price index, industrial production index, production price

index for manufacturing and SDR.

Table 6 and 7 in Appendix B presents the marginal explanatory power of the five factors

for the five selected series. As explained in Bai and Ng (2013), the (i, j)th entry in Table 7

is the difference between R2(j) and R2(j − 1), where the R2(j) is the R2 in a regression

of the ith series on the first j rotated factors. The same calculations for the non-rotated

data is presented in Table 6. Under PC2, presented in Table 7, the interest rate responds

to the first factor only, while the consumer price index responds to the first two factors,

and so on. The result confirms that the first factor is related to interest rates, the second to

consumer prices and the third to industrial production. The PC2 is assumed to concentrate

the factors on the variations in the series, and thereby facilitate the the interpretation of the

factors. In this case, the results for the rotated data do not differ in any great extent to the

marginal R2 for the non-rotated data.

4.1 Monetary policy shocks in the FAVAR

Emphasized by Bernanke et al. (2005) and mentioned in the introduction, there are three

main reasons why an usual VAR analysis might be insufficient in monetary policy identi-

fication. In short, small scale models are unlikely to cover all the information the policy

maker have and a choice of specific series representing general economic concepts is nec-

essary. The choice of data to be included in the VAR analysis in that sense to some degree

arbitrary. In addition, only the dynamic responses for the few variables included in the

model can be estimated. The FAVAR model does to some degree overcome these issues.

Since Equation (13) nests the standard VAR, it can be directly determined if the un-

observed factors do contribute with some additional, and relevant, information. If so, the

methodology can be used to investigate the responses of any series of Xt.

In the empirical implementation of the FAVAR model, the policy instrument is assumed
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to be the only observable variable. In this paper the repo rate is considered to be the policy

instrument so that Yt = Rt in the preferred FAVAR specification. It can be emphasized that

this FAVAR specification is preferred of reasons mentioned above, no choice of specific

series representing general economic concepts is necessary. Following Soares (2013), this

model is then compared with the results from a standard four variable VAR model including

CPI, GDP, the repo rate and a exchange rate index. Two other specifications are considered,

where Yt = (CPI,GDP,Rt, TCW ) and the models are augmented with unobservable

factors and do nest the VAR specification. The marginal contribution of the factors can

thereby be isolated.

The lag order of the models are determined by standard likelihood tests. It turns out

that the lag order of both the three-variable VAR and the FAVAR specifications is three.

Based on the information criterion IC2, proposed by Bai and Ng (2002), the number of

factors in the preferred FAVAR specification is two. These two factors explain 21.2 percent

of the variation in the large data set. The number of two included factors are in line with the

use of three factors in Bernanke et al. (2005) for US data, while other studies find that up

to seven factors is to be included. (See for example Soares (2013), Bai and Ng (2013) and

Banerjee et al. (2014)). In Bernanke et al. (2005) the sensitivity of the results is examined

by increasing the number of factors to five, an increase that did not change the qualitative

nature of the results.

The identification of the monetary policy shock is obtained using a standard Cholesky

decomposition where the policy instrument is ordered last. The effects of a standardized

monetary shock, corresponding to a 25-basis-point increase of the repo rate is then exam-

ined. Figure 4.1 displays the resulting impulse response functions for the interest rate, CPI

and GDP.
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Figure 1: Effect of a 25-basis-point increase in the interest rate
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As can be seen in Figure 1, there seems to be a prize puzzle present in the small scale

VAR specification. That is, there seems to be a counter-intuitive increment in prices due

to the shock in the official interest rate. As an explanation, Sims (1992) stated that the

prize puzzle could be a result of an econometric misspecification. The central banks may

raise interest rates in anticipation of future inflation and the shock is then a response more

than a shock. A solution stated was to include commodity price indexes into the VAR

models and thereby control for future inflation. Given that the prize puzzle is a result of

misspecification, the inclusion of CPI does not seem to be enough here. In addition, there

seems to be a counter-intuitive effect on the Swedish GDP in the VAR specification. The

impulse response function shows a positive response on the GDP due to the shock to the

interest rate, before the effect turns negative after a couple of months.

The VAR specification is to be compared with the three FAVAR specifications men-

tioned, the preferred model with the interest rate as the only observed variable and two

models with the interest rate, CPI, GDP and TCW as observed, augmented with one or two

factors.

Adding one factor to the standard VAR does not seem to have large impact on the

impulse response results presented in Figure 1. Adding two factors on the other hand do

seem to have an effect. The total effect after 48 months shows an negative effect on prices

from an increase in the interest rate. Comparing these results with the preferred FAVAR

model, it can be noted that the impulse response results from the latter do not show any

increment in prices due to the contractionary policy shock. The initial increase in GDP

is reduced when including two factors. The result is though comparable with the four

variable VAR model. As the two-factor augmented VAR show an initial increase follows

by an larger decrease, the preferred FAVAR specification only shows a decrease, before

the effect eventually fades out. In total, the results from the model with three observable

variables and two factors are more comparable with the results from the preferred FAVAR

model. As stated in Bernanke et al. (2005), this suggests that the estimation of the factors

in the preferred FAVAR model can capture information about real activity and prices, even

though no such variable is included as observed in the the model specification.

In the preferred FAVAR model there is no sign of a prize puzzle. The unanticipated

shock to the interest rate seems to have a direct and negative effect on prices. Assuming

that the price puzzle actually depends on econometric misspecification and is an omitted

variable problem, this can be seen as an expected result. It may indicate that the esti-

mated factors, summarizing information contained in the large Swedish data set, capture
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Table 2: Precision, compared for the four model specifications

Interest rate CPI GDP

VAR 0.082 0.045 0.055

FAVAR 0.069 0.038 0.042

VAR + 1 factor 0.079 0.045 0.055

VAR + 2 factors 0.074 0.046 0.059

the information used by the central bank so that the omitted variable problem is solved.

Following Soares (2013), the comparison is to be completed with a comparison of

the precision of the responses. As the two-step procedure implies presence of what can

be called generated regressors, as the factors, treated as regressors in the second step of

the procedure, are unobserved (Bernanke et al., 2005). An implementation of a bootstrap

procedure based on Kilian (1998) that accounts for the uncertainty in the factor estimation

is therefore used when estimating the precision of the results. Using a bootstrap procedure

with 5000 replications, the average precision measured over 48 periods for the responses

of interest rate, CPI and GDP, is calculated and the results are presented in standard error

units in Table 2.

The model with the highest precision for the three variables is highlighted. From Table

2 it can be noted that the FAVAR model has the better precision in all three cases. Inter-

estingly, the information from the factors augmenting the standard VAR do not seem to

contribute in reducing uncertainty.

As stated above, one of the advantages of the FAVAR model is that impulse response

functions can be obtained for all variables included in the large data set Xt from Equation

(18). Figures 2 to 3 display the impulse responses of 22 chosen variables to a shock in the

interest rate. The 90 percent confidence intervals presented are calculated using a bootstrap

procedure with 5000 iterations, as mentioned above.

In Figure 2, the responses for the preferred FAVAR model with the interest rate as

the only observed variable are displayed, presented as the responses for the differentiated

series in standard deviation units.

Examining the real economic variables in the preferred model, the responses seem to

be in line with economic theory. A positive shock to the interest rate is followed by an eco-

nomic deceleration. A distinct drop in GDP can be noticed and the effect of the monetary

18



0 48
-0.5

0

0.5
The repo rate

0 48
-0.5

0

0.5
GDP

0 48
-0.5

0

0.5
CPI

0 48
-0.2

0

0.2
Orders, manufacturing industry

0 48
-0.5

0

0.5
Turnover, manufacturing industry

0 48
-0.2

0

0.2
IP

0 48
-0.2

0

0.2
IP durable consumption goods

0 48
-0.2

0

0.2
IP non-durable consumption goods

0 48
-0.5

0

0.5
Consumption expenditure

0 48
-0.2

0

0.2
CPI,food and beverages

0 48
-0.2

0

0.2
Total PPI

0 48
-0.2

0

0.2
Export deflator

0 48
-0.2

0

0.2
Import deflator

0 48
-0.2

0

0.2
Current account

0 48
-0.5

0

0.5
STIBOR 3M

0 48
-0.5

0

0.5
TCW

0 48
-0.5

0

0.5
OMXS30

0 48
-0.2

0

0.2
M1

0 48
-0.2

0

0.2
Employment

0 48
-0.5

0

0.5
Vacancies

0 48
-0.5

0

0.5
The Economic Tendency Indicator

0 48
-0.5

0

0.5
Confidence Indicator total indudstry

Figure 2: Responses from the preferred FAVAR model including the repo rate and 2 factors

19



policy shock seems to be resistant for about two years. Orders and turnover in manufac-

turing industry as well as the production index are negatively affected by the shock. The

effect on turnover in intermediate goods industry, capital goods industry, durable goods

industry and manufacturing industry, where only the latter is presented in the figure, show

a larger, negative response while non-durable goods seems unaffected.

The TCW index (Total Competitiveness Weights) is a way of measuring the value of the

Swedish krona against a basket of other currencies. The positive response to the increased

interest rate can therefore be interpreted as an increased value of the Swedish currency.

That is in line with the estimated negative effect on the current account, implying that

import grows in relation to export. Also this is supported by economic theory, since an

increased interest rate is expected to imply a relatively lower price on imported goods.

The response of employment, measured by Labour Force Surveys and displayed as

number of employed, indicate a small but negative effect. A larger impact can be seen on

vacancies. A shock to the repo rate does also seem to have large impact on the Economic

Tendency Indicator, the confidence indicator of total industry and the consumer macro

index, aggregates of questions included in confidence indicators for firms and households.

When looking at price variables, the effects are not as distinct. Negative, but non

significant, effects on the consumer price and the total producer price (PPI) indexes can

be noticed. The response of the import indicates a small decrease in import prices while

the export prices seems more unaffected of the shock. Notably, the consumer price index

for food and beverages seems to respond positively to a positive shock in the interest rate

and, not included in Figure 2, the responses show that the consumer price indexes for

household goods and inventories respond positively to a shock in the interest rate. The

consumer price index of transport and the producer price index of energy related goods

have the most distinct negative responses.

The responses described above are comparable with the results of Bernanke et al.

(2005) for the US and Soares (2013) for the euro area. The results of the impulse re-

sponses for the FAVAR model are in line with what would be expected from an increase in

the interest rate.

Following Soares (2013), the response functions from a VAR model including con-

sumer price index, GDP, the repo rate and an exchange rate index augmented with two

factors, are presented in Figure 3.

The responses in Figure 3, show to a great extent the same signs as the responses

from the preferred FAVAR model. One exception is that differences in the responses for
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Figure 3: Responses from a VAR model including repo rate, CPI, GDP, an exchange rate index

and 2 factors
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GDP and CPI can be noted. The intuitive negative effect that could be seen in the preferred

FAVAR model follows here an initial positive effect on the variables. For the other variables

the responses are similar to those from the FAVAR model.

To get a broader view of the results, the impulse response functions will be comple-

mented with a variance decomposition exercise. This consists of determining the fraction

of the forecasting error of a variable that is due to a particular shock, at a certain horizon.

Fraction variance of Yt+k − Ŷt+k|t du the monetary policy shock εMS
t can be expressed as

var(Yt+k − Ŷt+k|t | εMS
t )

var(Yt+k − Ŷt+k|t)
. (21)

The variance decomposition for the FAVAR framework suggest a measure of the rela-

tive importance of a structural shock only to the portion of the variable explained by the

common factors. (Bernanke, Boivin, & Eliasz, 2004) The variance decomposition for Xit

can more precisely be expressed as

Λivar(Ct+k − Ĉt+k|t | εMS
t )Λ′i

Λivar(Ct+k − Ĉt+k|t)Λ′i
(22)

where Λi is theith line of Λi =
[
Λf ,Λy

]
and

var(Ct+k−Ĉt+k|t|εMS
t )

var(Ct+k−Ĉt+k|t)
is the standard variance

decomposition based on Equation (13).

The variance decomposition results for the 22 variables included in the impulse re-

sponse analysis are presented in Table 3. The first two columns in Table 3 reports the

contribution of the monetary policy shock to the variance of the forecast error at a 6- and

48-month horizon for the 22 variables analyzed. The third column contains the R2 of the

common component of each variable, that is the fraction of the variable explained by the

common factors (F̂ ′t , Y
′
t ). Since the repo rate (Yt) is assumed to be an observed factor, the

R2 for this variable is one by construction.

The results presented in Table 3 indicate a relatively small impact of the monetary pol-

icy shock. The policy shock explains less than two percent of variation in all the production

and price variables, with the exception of the consumer price index for food and beverages

where the contribution is about four percent.

The R2 is a measure of how well that the common component summarize the infor-

mation in the variable and the values presented in the third column of Table 3 indicate that

the factors do not explain a sizable fraction of all of the variables included in this set. For

the often used macroeconomic indicators, GDP and consumer price index, the fraction ex-

plained is 51.7 and 54.4 percent respectively. For the production index as well as for orders
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Table 3: Variance decomposition for 22 chosen variables

Variance decomposition R2

6 months 48 months

Repo rate 0.473 0.161 1.000*

GDP 0.003 0.004 0.517

CPI 0.002 0.003 0.545

Orders, manufacturing industry 0.005 0.006 0.133

Turnover, manufacturing industry 0.002 0.003 0.204

IP 0.003 0.004 0.124

IP, durable goods 0.017 0.017 0.019

IP, non-durable goods 0.000 0.000 0.028

Consumption expenditure 0.002 0.003 0.361

CPI, food and beverages 0.045 0.039 0.097

PPI, total 0.000 0.000 0.387

Export deflator 0.002 0.003 0.337

Import deflator 0.000 0.001 0.289

Current account 0.001 0.002 0.054

STIBOR, 3M 0.445 0.139 0.978

TCW 0.001 0.001 0.312

OMXS30 0.004 0.004 0.429

M1 0.029 0.095 0.050

Employment 0.001 0.005 0.015

Vacancies 0.004 0.005 0.452

The Economic Tendency Indicator 0.006 0.007 0.567

Confidence Indicator, total industry 0.006 0.006 0.635

*This is by construction.

and turnover in the manufacturing industry, the fraction is lower, only 12.4, 13.3 and 20.4

percent of the variation in the variables can be explained by the common component. For

the employment, only, 1.5 percent of the variance is explained by the common component.

This result should be contrasted with the 45.2 and 85.6 percent explained for the number

of vacancies, a potentially better measures of the situation on the labour market.

The contribution of the monetary policy shock at a 48 month horizon indicate a modest
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role of the policy innovations and is in line with the results of Bernanke et al. (2005).

As a robustness check, the results of this section is to be checked for robustness to

changes in the number of factors. The number of factor are extended to five, as in Bernanke

et al. (2005), and the result is presented in Table 8, Appendix C.

The obtainedR2s are considerable higher for some of the variables examined, meaning

that the factors explain a larger fraction of the variation. A large increase in the fraction

explained can be found for the production index and orders in the manufacturing industry,

where the fraction now is 42.2 and 31.8 percent of the variation, as well as for producer

price index, export and import. Since the third factor is highly correlated with production

and the forth factor is correlated with PPI, these were expected. The larger fraction ex-

plained by the factors do affect the variance decomposition, which should be noted. In

other cases, like for the CPI, orders in manufacturing industry and consumption expendi-

ture, the results are robust to an increased number of included factors.

4.2 Forecasting macroeconomic variables

As stated in Section 3.2, economic forecasting based on a small number of factors have

been found to perform well. To examine the forecasting properties of the inclusion of fac-

tors for this data set, this paper will follow Banerjee et al. (2014) in comparing two sets of

competing models. A first set includes an autoregressive model (AR), a vector autoregres-

sion (VAR) and an error-correction model (ECM) and are all based on observable variables

only. To be more precise, the forecast of the univariate AR model is produced with Equa-

tion (20), with the factor term F̂T excluded. Since the VAR is specified in first differences,

and therefore is misspecified in the presence of cointegration, a comparison is also made

with an error correction model.

In order to assess whether additional information plays a role in forecasting, the second

set of models augments the first set with extracted factors. This set then consists of FAR,

FAVAR and FECM, that are factor-augmented AR, VAR and ECM models. The question

of interest is whether the factors can improve the forecast accuracy or not. Banerjee et

al. (2008) also examines autoregressive forecasts with intercept correction and second dif-

ferencing of the variable of interest, alternatives remedy in presence of structural breaks,

but do not find these tools successful in their context. These methods are hence not to be

examined in this paper.

As in Stock and Watson (2002b) and in Banerjee et al. (2014) a set of four macroe-
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conomic variables of real economic activity is examined. In this paper, the set includes

employment, wages, orders in manufacturing industry and an industrial production index

(IP). The observable variables are then augmented with two factors, assumed to protect the

results from omitted variable bias and thereby produce more accurate forecasts.

The forecast period spans the period 2012:1 to 2014:12, starting the estimation in

2005:4. A desire for precise estimation of the cointegration relationships and a need for a

long evaluation sample suggest the use of a long sample (Banerjee et al., 2014). It should

be noted that in this case, the estimation and evaluation periods are considered relatively

short.

The lag length for the models is determined by likelihood-ratio tests and are assumed to

be the same over the whole forecast period, while the model is re-estimated in each period.

The number of co-integrating relations are determined using the trace statistic of Johansen

cointegration test and a 95 percent level of significance. For more information on the

Johansen test, see Johansen (1991). Four different forecast horizons are considered. This

study follows Banerjee et al. (2014) in using iterated h-step-ahead forecasts, in contrast

to the use of direct h-step-ahead in Stock and Watson (1998, 2002a, 2002b). Except in

the presence of substantial misspecification, iterated forecasts are shown to produce more

more accurate forecasts. (Stock, Watson, & Marcellino, 2006). The iterated forecasts are

calculated as

ŷτ+h = yτ +
h∑
i=1

∆ŷτ+i (23)

where τ = 93, ..., 117−h and observation 93 refers to 2011:12. As a measure of accuracy

the mean-square deviation (MSE) of the forecast is calculated as

24∑
i=h

(ŷt+i|t+i−h − yt+i)2/(25− h) (24)

The results are presented in Table 4. The first column presents the root-mean-square

deviation (RMSE) for the benchmark AR model. The second to fifth columns present the

MSE for the predictions of the competing models relative to the MSE of the AR model.

Following Banerjee et al. (2014), the significance of the results are examined by the Clark

and West (2007) test of equal predictive accuracy.

At first glance at the results in Table 4, no clear conclusions can be made. The model

with the lowest relative MSE seems to vary over the variables and the different horizons. It

can though be concluded that the AR model performs with rather consistent accuracy for

the different horizons.

25



Table 4: Forecast accuracy for the models

RMSE MSE relative to MSE of AR

h Variable of AR FAR VAR FAVAR ECM FECM

1 IP 0.0184 0.9770 1.9166 1.2723 1.2594 1.1371

Orders 0.0685 0.9622 0.9447** 1.0209 0.9609** 0.9406**

Wages 0.0016 1.0170 1.4035 1.0457 1.2594 1.0859

Employment 0.0045 0.8056** 1.0729 1.0688 1.3361 1.2283

2 IP 0.0181 1.1065 1.2858 1.3622 1.0946 2.1073

Orders 0.0658 1.0298 0.9900** 1.0366 1.0897 1.5992

Wages 0.0020 0.9954 0.9623 0.9071** 0.9351 1.2497

Employment 0.0046 0.8700* 0.8576 0.7929** 1.2547 1.0363

6 IP 0.0266 1.1211 0.8340** 0.9765 1.7805 3.5693

Orders 0.0698 0.8935** 0.8365** 0.7407** 0.9250** 1.4135

Wages 0.0029 0.6643 0.9700 0.7363** 0.7560** 1.3970

Employment 0.0057 0.7645** 0.8903* 0.8515 1.5060 1.2445

12 IP 0.0301 1.2759 1.0867 1.4825 5.9779 3.7187

Orders 0.1074 0.9050** 0.8861** 0.8809* 0.7740** 1.6062

Wages 0.0030 1.0925 0.8790 0.8591* 0.5811** 4.6417

Employment 0.0053 0.8830 0.6905** 0.5668** 2.1001 3.8193

* Significant at the 10 percent level of the Clark and West (2007) test of equal predictive accuracy

** Significant at the 5 percent level of the Clark and West (2007) test of equal predictive accuracy

From a closer look at the results for h = 1, it can be noted that the factor-augmented

models do seem to produce significant better forecasts in most cases, even though the gains

are small. Compared with the AR, the FAR models seems to be the most accurate, more

accurate than the benchmark models in three out of four cases. Only the relative MSE for

employment is though significantly lower. The FECM model is more accurate than the

ECM but only significantly better than the benchmark models in one out of four cases. The

FAVAR model performs consistently worse than the AR for these four variables but seems

better than the VAR model in three out of four cases.

When forecasting two periods away, the VAR model seems to give the most accurate

results, only worse than the benchmark model in forecasting industrial production. The

factor-augmented vector autoregressive models can be noted performing better than for one
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period away and is now better in forecasting wages and employment. The error correction

models now perform considerable worse than for the one month horizon, worse than the

benchmark in seven out of eight forecasts.

At a six month horizon the VAR and the FAVAR perform better than the benchmark

in all cases, while the FAR is worse only forecasting industrial production. The factors do

actually seem to be informative a at six and twelve month horizon, where the FAVAR model

performs better than the VAR model for all variables except from industrial production. It

should though be noted that the longer forecasts horizon may be affected by the relatively

short forecast period.

In total, the FAVAR has the best accuracy of the six models, significantly better than

the AR model in seven out of 16 forecasts. At the longer horizons, no model performs as

poorly as the FECM.The poor performance of the FECM in this study can be explained

with the short time span. As stated in Banerjee et al. (2014), accounting for cointegration

and factors may not always be sufficient. A relatively short estimation and evaluation can

affect the forecast accuracy heavily and this may be an explanation for the poor results of

the FECM in this case.

It can be noted that the factor-augmented models do seem to perform well for employ-

ment and overall, for the forecasts examined in this paper the factor-augmented models

perform better than their non-augmented counterparts in 28 out of 48 cases. This result

is somewhat inconsistent with earlier mentioned work, where the inclusion of estimated

factors do seem to increase the forecast accuracy. It can though be noted that the sample

in this paper is considerable shorter than data sets used in earlier studies. In Banerjee et al.

(2014) the authors extend the analysis and examine models estimated for Germany, using

much shorter times series. They conclude that accounting for cointegration and factors not

seems to be sufficient, a finding that they conclude can be due to the short evaluation and

estimation periods. This is in line with the findings in this study.
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5 Conclusions
The main reason for this study is to examine if a large set of variables can be informative

when modeling macroeconomic data for Sweden. Today it is possible for central banks and

the private sector to monitor thousands of economic time series. At the same time, only a

few can be included in standard VAR models. In this study, information from a large panel

of Swedish macroeconomic time series is summarized in a few estimated factors. Used as

regressors, the advantages of these factors are then examined in two ways with the purpose

to detect potential gains from augmenting small-scale models. First, to assess the effects

of monetary policy shocks, second to forecast a set of real macroeconomic variables.

The results in this paper is to a certain extent in line with earlier findings in the liter-

ature. When assessing the results from the impulse response functions from an increase

in the interest rate, the so called prize puzzle is reduced in the augmented models. In

the preferred FAVAR model examined, where no arbitrary choice of variables to represent

economic concepts is needed, the variables examined in detail respond in a great extent

according to economic theory.

When examining the gains of including estimated factors in a forecasting exercise,

the results are somewhat tentative. The accuracy of the augmented models seems to be

good, with the exception of the factor augmented error correction model when the forecast

horizon is extended. From this study, no model can be stated generally better but the results

from the FAVAR model must be said to be satisfying.

This kind of analysis may benefit from the use of longer time series. Further work

on may want to focus on the use of dynamic factors or other estimation approaches for a

comparison.
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6 Appendix A
The first column of Table 5 displays the number of the series while an explanation of the

series is presented in the second column. In the third column the transformation code

appears, where 1 – no transformation, 2 – logarithm and 4 – first difference of logarithm.

The sources are presented in column four, The National Institute of Economic Research

(KI), Statistics Sweden (SCB) and Riksbanken, the central bank of Sweden. The stock

prices are collected at the financial portal investing.com. An asterisk next to the series

number denotes a slow-moving variable.

Table 5: Data description and transformation

No. Variable Tr. Source

Indicators
1 The Economic Tendency indicator 2 KI
2 Confidence indicator total industy 2 KI
3 Confidence indicator manufacturing 2 KI
4 Intermediate goods 2 KI
5 Investment goods 2 KI
6 Consumer goods 2 KI
7 Durable consumer goods 2 KI
8 Non-durable consumer goods 2 KI
9 Food/beverages/tobacco 2 KI
10 Textiles/clothing/leather 2 KI
11 Wood & products of wood/cork/cane 2 KI
12 Saw- and planning-mills 2 KI
13 Other products of wood 2 KI
14 Paper and paper products 2 KI
15 Pulp 2 KI
16 Paper and paperboard 2 KI
17 Printers; recorded media 2 KI
18 Coke and refined petroleum products 2 KI
19 Chemicals & chemical products 2 KI
20 Basic pharmaceutical prod. and prep. 2 KI
21 Rubber & plastic products 2 KI
22 Other non-metallic mineral products 2 KI
23 Basic metals 2 KI
24 Iron and steel basic products 2 KI
25 Fabricated metal products 2 KI
26 Computer/electronic/optical prod. 2 KI
27 Electrical equipment 2 KI
28 Machinery & equipment n.e.c. 2 KI
29 Motor vehicles/trailers 2 KI
30 Other transport equipment 2 KI
31 Furniture industry 2 KI
32 Other manufacturing industry 2 KI
33 Repair shops/installation companies 2 KI
34 Building and civil engineering 2 KI
35 Construction & buildnings 2 KI
36 Civil engineering 2 KI
37 Retail trade 2 KI
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No. Variable Tr. Source

38 Sales and repair motor vehicles 2 KI
39 Retails sale of other goods 2 KI
40 Retail sale of non-durable goods 2 KI
41 Stores information and communication 2 KI
42 Stores other household equipment 2 KI
43 Stores for cultural and recreational 2 KI
44 Stores for other goods 2 KI
45 Trade not in stores or markets 2 KI
46 Confidence indicator private service sector 2 KI
47 Hotels & restaurants 2 KI
48 Hotels 2 KI
49 Restaurants and catering 2 KI
50 Publishers 2 KI
51 Computer programming and consultants 2 KI
52 Financial institutions and insurance 2 KI
53 Operating own & leased real estate 2 KI
54 Real estate agencies 2 KI
55 Legal and accountting firms 2 KI
56 Consultants; head offices 2 KI
57 Architect’s offices 2 KI
58 Advertising & market research 2 KI
59 Renting companies 2 KI
60 Employment placement agencies 2 KI
61 Provision of personnel activities 2 KI
62 Travel agencies & tour operators 2 KI
63 Office administrative 2 KI
64 Confidence indicator household (CCI) 2 KI
65 Macro index household 2 KI
66 Micro index household 2 KI

Prices
67* CPI - Total (1980=100, SA) 4 SCB
68* CPI - Food and Non-alcoholic beverages (1980=100, SA) 4 SCB
69* CPI - Alcoholic Beverages and Tobacco (1980=100, SA) 4 SCB
70* CPI - Clothing and Footwear (1980=100, SA) 4 SCB
71* CPI - Housing (1980=100, SA) 4 SCB
72* CPI - Inventories and "house goods" (1980=100, SA) 4 SCB
73* CPI - Health (1980=100, SA) 4 SCB
74* CPI - Transport (1980=100, SA) 4 SCB
75* CPI - Post and telecommunications (1980=100, SA) 4 SCB
76* CPI - Recreation and culture (1980=100, SA) 4 SCB
77* CPI - Restaurants and logistics (1980=100, SA) 4 SCB
78* CPI - Goods and Services (1980=100, SA) 4 SCB
79* PPI - Total (2005=100, SA) 4 SCB
80* PPI - Capital goods (2005=100, SA) 4 SCB
81* PPI - Cosumption goods (2005=100, SA) 4 SCB
82* PPI - Energy related goods (2005=100, SA) 4 SCB
83* PPI - Non-durable cosumption goods (2005=100, SA) 4 SCB
84* PPI - Intermediate and capital goods (2005=100, SA) 4 SCB
85* PPI - Manufacturing, new orders (2005=100, SA) 4 SCB
86* PPI - Products of agriculture, forestry and fishing

(2005=100, SA)
4 SCB

87* GDP, implicit price deflator 4 SCB
88* Import, implicit price deflator 4 SCB
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No. Variable Tr. Source

89* Total resources, implicit price deflator, 4 SCB
90* Gross fixed capital formation, implicit price deflator 4 SCB
91* Gross domestic final expenditure, implicit price deflator 4 SCB
92* Export, implicit price deflator 4 SCB

Employment
93* Employment (Thousands of persons, SA) 4 SCB
94* Employment - Theoretical knowledge (Thousands of per-

sons, SA)
4 SCB

95* Employment - University training (Thousands of persons,
SA)

4 SCB

96* Employment - No vocational training (Thousands of per-
sons, SA)

4 SCB

97* Average hourly wage, worker in private sector (SA) 4 SCB
98* Average monthly wage, non-manual workers in private

sector (SA)
4 SCB

99* Unemployment % (SA) 1 SCB
100* Number of worked hours per week (SA) 4 SCB
101* Job openings (SA) 4 SCB
102* Vacancies (SA) 4 SCB

Industrial New Orders and Turnover,
103* Industrial new orders - Intermediate goods industry (Total

market, 2010=100, SA)
4 SCB

104* Industrial new orders - Capital goods industry (Total mar-
ket, 2010=100, SA)

4 SCB

105* Industrial new orders - Durable consumer goods industry
(Total market, 2010=100, SA)

4 SCB

106* Industrial new orders - Manufacturing industry (Total
market, 2010=100, SA)

4 SCB

107* Industrial turnover - Intermediate goods industry (Do-
mestic market, 2010=100, SA)

4 SCB

108* Industrial turnover - Energy related goods industry (Do-
mestic market, 2010=100, SA)

4 SCB

109* Industrial turnover - Capital goods industry (Domestic
market, 2010=100, SA)

4 SCB

110* Industrial turnover - Non-durable consumer goods indus-
try (Domestic market, 2010=100, SA)

4 SCB

111* Industrial turnover - Durable consumer goods industry
(Domestic market, 2010=100, SA)

4 SCB

112* Industrial turnover - Mines and quarries (Domestic mar-
ket, 2010=100, SA)

4 SCB

113* Industrial turnover - Manufacturing industry (Domestic
market, 2010=100, SA)

4 SCB

Real output and income
114* Import (Total SEK millions, SA) 4 SCB
115* Export (Total SEK millions, SA) 4 SCB
116* Industrial production index - Industry for energy related

goods (Chain index, 2010=100, SA)
4 SCB

117* Industrial production index - Industry for intermediate
goods excl. energy (Chain index, 2010=100, SA)

4 SCB

118* Industrial production index - Capital goods industry
(Chain index, 2010=100, SA)

4 SCB
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No. Variable Tr. Source

119* Industrial production index - Non-durable consumer
goods industry (Chain index, 2010=100, SA)

4 SCB

120* Industrial production index - Durable consumer goods in-
dustry (Chain index, 2010=100, SA)

4 SCB

121* Industrial production index - Mines and quarries (Chain
index, 2010=100, SA)

4 SCB

122* Industrial production index - Manufacturing industry
(Chain index, 2010=100, SA)

4 SCB

123* Industrial production index - Electricity, gas, steam and
hot water plats (Chain index, 2010=100, SA)

4 SCB

124* Turnover in the service sector - Households consumption
indicator (Nominal prices, 2010=100, SA)

4 SCB

125* Turnover in the service sector - Households consumption
indicator (Constant prices, 2010=100, SA)

4 SCB

126* Business Production Index - Business activities excl. fi-
nance and insurance (2010=100, SA)

4 SCB

127* Business Production Index - Mines and quarries, manu-
facturing industry and electricity supply (2010=100, SA)

4 SCB

128* Business Production Index - Service sector including wa-
ter supply sewerage, waste management excl. finance and
insurance (2010=100, SA)

4 SCB

129* Business Production Index - Construction (2010=100,
SA)

4 SCB

130* GDP expenditure approach - GDP at market price (Con-
stant prices, 2013, SA)

4 SCB

131* GDP expenditure approach - Total resources (Constant
prices, 2013, SA)

4 SCB

132* GDP expenditure approach - Household consumption ex-
penditure (Constant prices, 2013, SA)

4 SCB

133* GDP expenditure approach - General government final
consumption expenditure (Constant prices, 2013, SA)

4 SCB

134* GDP expenditure approach - Gross capital formation
(Constant prices, 2013, SA)

4 SCB

135* GDP expenditure approach - Gross domestic final expen-
diture (Constant prices, 2013, SA)

4 SCB

Exchange rates and International market rates
136 Currencies against Swedish kronor, 1 EUR 4 Riksbanken
137 Currencies against Swedish kronor, 1 USD 4 Riksbanken
138 SDR Special Drawing Rights (Dollar, Euro, Yen &

British pound)
4 Riksbanken

139 Swedish TCW index 4 Riksbanken
140 Swedish KIX index 4 Riksbanken
141 Euro market rates, maturity 3 months, US 1 Riksbanken
142 Euro market rates, maturity 3 months, EUR 1 Riksbanken
143 Euro market rates, maturity 3 months, GB 1 Riksbanken
144 International Government Bonds, maturity 5 years, US 1 Riksbanken
145 International Government Bonds, maturity 5 years, EUR 1 Riksbanken
146 International Government Bonds, maturity 5 years, GB 1 Riksbanken

Riksbank interest rates and Marked based rates
147 Deposit rate (Average %) 1 Riksbanken
148 Lending rate (Average %) 1 Riksbanken
149 Repo rate (Average %) 1 Riksbanken
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No. Variable Tr. Source

150 Stockholm interbank offered rate (STIBOR) 1M (Aver-
age %)

1 Riksbanken

151 Stockholm interbank offered rate (STIBOR) 3M (Aver-
age %)

1 Riksbanken

152 Treasury Bills SE 1M (Average %) 1 Riksbanken
153 Treasury Bills SE 6M (Average %) 1 Riksbanken
154 Swedish Government Bonds 2Y (Average %) 1 Riksbanken
155 Swedish Government Bonds 10Y (Average %) 1 Riksbanken
156 Fixing rate (STFIX) 3M (Average %) 1 Riksbanken
157 Fixing rate STFIX 5Y (Average %) 1 Riksbanken
158 Mortgage bonds 2Y (Average %) 1 Riksbanken
159 Mortgage bonds 5Y (Average %) 1 Riksbanken

Stock prices
160 OMX Stockholm 30 (OMXS30, monthly average) 4 investing.com
161 OMX Stockholm (OMXSPI, monthly average) 4 investing.com
162 OMX Nordic 40 (OMXN40, monthly average) 4 investing.com
163 Dow Jones Euro Stoxx 50 (STOXX50E, monthly aver-

age)
4 investing.com

Money and Credit Aggregates
164* Money supply - M1 (SEK millions, SA) 4 SCB
165* Money supply - M3 (SEK millions, SA) 4 SCB
166* Monetary financial institutions (MFI), assets and liabili-

ties - Foreign deposits (MFI and non MFI, SA)
4 SCB

167* Monetary financial institutions (MFI), assets and liabili-
ties - Domestic loans (non MFI, SA)

4 SCB

168* Monetary financial institutions (MFI), assets and liabili-
ties - Foreign loans (MFI and non MFI, SA)

4 SCB

169* Monetary financial institutions (MFI), assets and liabili-
ties - Domestic deposits (non MFI, SA)

4 SCB

170* Monetary financial institutions (MFI), assets and liabili-
ties - Domestic deposits, general government sector (non
MFI, SA)

4 SCB

171* Monetary financial institutions (MFI), assets and liabil-
ities - Domestic loans, general government sector (non
MFI, SA)

4 SCB

Balance of payments
172* Balance of payments - Transactions, financial account,

net (SEK billions)
2 SCB

173* Balance of payments - Transactions, capital account, net
(SEK billions)

2 SCB

174* Balance of payments - Transactions, current account, net
(SEK billions)

2 SCB

175* Balance of payments - Current account, import (SEK bil-
lions)

2 SCB

176* Balance of payments - Current account, export (SEK bil-
lions)

2 SCB

33



7 Appendix B
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Figure 4: Marginal R2 for the eight first factors

Table 6: Non-rotated factors, marginal R2

Factor

Series 1 2 3 4 5

Deposit rate 0.854 0.033 0.010 0.020 0.003

Consumer price index 0.000 0.521 0.002 0.000 0.001

Industrial Production Index 0.001 0.021 0.751 0.002 0.015

PPI, Manufacturing 0.130 0.005 0.008 0.529 0.005

SDR (Special Drawing Rights) 0.117 0.180 0.030 0.100 0.214

Table 7: Rotated factors, marginal R2

Factor

Series 1 2 3 4 5

Deposit rate 0.920 0.000 0.000 0.000 0.000

Consumer price index 0.075 0.474 0.000 0.000 0.000

Industrial Production Index 0.009 0.056 0.726 0.000 0.000

PPI, Manufacturing 0.055 0.005 0.002 0.616 0.000

SDR (Special Drawing Rights) 0.025 0.157 0.028 0.191 0.239

34



8 Appendix C
A robustness check. The forecast error variance decomposition for the FAVAR specifica-

tion in the robustness case is presented in Table 8. That is, the preferred FAVAR with the

repo rate and five estimated factors. The model is estimated with two lags.

Table 8: Variance decomposition for 22 chosen variables

Variance decomposition R2

6 months 48 months

Int rate 0.125 0.079 1.000*

GDP 0.023 0.024 0.549

CPI 0.003 0.005 0.546

Orders, manufacturing industry 0.004 0.005 0.205

Turnover, manufacturing industry 0.088 0.089 0.318

IP 0.152 0.152 0.423

IP, durable goods 0.049 0.049 0.154

IP, non-durable goods 0.148 0.147 0.183

Consumption expenditure 0.003 0.005 0.369

CPI, food and beverages 0.211 0.203 0.154

PPI, total 0.055 0.055 0.703

Export deflator 0.036 0.036 0.527

Import deflator 0.031 0.031 0.430

Current account 0.011 0.012 0.067

STIBOR, 3M 0.120 0.079 0.979

TCW 0.055 0.056 0.579

OMXS30 0.117 0.117 0.532

M1 0.042 0.042 0.138

Employment 0.171 0.070 0.156

Vacancies 0.014 0.016 0.467

The Economic Tendency Indicator 0.015 0.016 0.713

Confidence Indicator total indudstry 0.018 0.019 0.778

*This is by construction.
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