
FROM DETERMINANTS OF LOW BIRTHWEIGHT

TO FACTOR-BASED MACROECONOMIC

FORECASTING

By Johannes Tang Kristensen

A dissertation submitted to

Business and Social Sciences, Aarhus University,

in partial fulfilment of the requirements of

the PhD degree in

Economics and Management

CREATES
Center for Research in Econometric Analysis of Time Series





PREFACE

This dissertation is the result of my PhD studies at the School of Economics and Man-

agement at Aarhus University during the period September 2008 to August 2011. I am

grateful to the School of Economics and Management, and the Center for Research in

Econometric Analysis of Time Series (CREATES), funded by the Danish National Re-

search Foundation, for providing excellent research facilities and generous financial

support which has allowed me to attend numerous courses and conferences.

There are a number of people I would like to thank. First, I would like to thank

my main supervisor Christian M. Dahl for his encouragement and support during

my studies. I’m also grateful that Allan Würtz agreed to be my co-supervisor and take

time out of his busy schedule to give comments and feedback on my work.

From September 2010 to December 2010 I visited the Department of Economet-

rics at Vrije Unversiteit Amsterdam. I would like to thank the department for their

hospitality. I’m especially grateful to Siem Jan Koopman and Michael Massmann for

inviting me to join a research project which has so far resulted in chapter three of this

dissertation. Moreover, I would like to express my sincere gratitude to Charles Bos

for helping me get settled in and being good company during numerous lunch and

coffee breaks.

At Aarhus University I would like to thank the faculty and my fellow PhD students

for providing an inspiring work environment. Special thanks go to Stefan for being

an excellent office mate, Anders for always being ready to accept a mathematical

challenge, Malene and Lene for many exciting matches at the football table, and

Lasse and Mikkel for being great company both in the gym and at the dinner table.

Furthermore, I appreciate that Christian, Kenneth, Laurent, Niels H. and Niels S.

helped me keep the coffee machine busy in the mornings while discussing the state

of the world.

Finally, I would like to thank my girlfriend Gitte for her never-ending encourage-

ment and support, I couldn’t have made it without you.

Johannes Tang Kristensen

Aarhus, August 2011

i





UPDATED PREFACE

The pre-defence took place on 17 October 2011 in Aarhus. I am grateful to the mem-

bers of the assessment committee, Hans Christian Kongsted, Alessandra Luati and

Timo Teräsvirta, for their careful reading of the dissertation and their many useful

comments and suggestions. Many of the suggestions have been incorporated in the

present version of the dissertation while others remain for future work.

Johannes Tang Kristensen

Aarhus, November 2011

iii





CONTENTS

Summary vii

Danish summary ix

1 Headlights on tobacco road to low birthweight outcomes 1
1.1 Introduction and motivation . . . . . . . . . . . . . . . . . . . . . . . . 2

1.2 Econometric setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

1.3 Data description . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.4 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

1.5 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

1.6 Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

1.7 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

1.8 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2 Factor-based forecasting in the presence of outliers 49
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.2 A large-dimensional factor model . . . . . . . . . . . . . . . . . . . . . 51

2.3 Monte Carlo results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

2.4 Empirical application . . . . . . . . . . . . . . . . . . . . . . . . . . . . 66

2.5 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

2.6 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

2.7 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3 Modelling time-varying loadings in dynamic factor models 85
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

3.2 Forecasting using large-dimensional factor models . . . . . . . . . . 87

3.3 Identification and misspecification . . . . . . . . . . . . . . . . . . . . 93

3.4 Forecasting in practice . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

3.5 Concluding remarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

3.6 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

3.7 References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

v





SUMMARY

This dissertation comprises three self-contained chapters on two different economic

topics, namely determinants of low birthweight, and factor-based macroeconomic

forecasting. In spite of quite different applications the econometrics used link the

chapters methodologically and reflect the path my research has taken me through

the econometric literature during my studies. Shortly described the dissertation

commences with an investigation into the use of quantile regression panel data

methods for uncovering determinants influencing birthweight in chapter one. A

special case of quantile regression is median regression which is the focus of chapter

two. In this chapter the economic topic is changed to the challenge of producing

factor-based macroeconomic forecasts, and a new robust factor model estimator

based on the median is proposed. Chapter three continues within the theme of factor-

based forecasting, and uses a reduced-rank regression interpretation of factor models

to treat the issue of structural instability and time-varying loadings.

The first chapter “Headlights on tobacco road to low birthweight outcomes –

Evidence from a battery of quantile regression estimators and a heterogeneous panel”

is co-authored with Stefan Holst Bache and Christian M. Dahl, and studies a number

of potential determinants of low birthweight using quantile regression methods. Low

birthweight outcomes are associated with considerable social and economic costs,

and therefore the possible determinants of low birthweight are of great interest. One

such determinant which has received considerable attention is maternal smoking.

From an economic perspective this is in part due to the possibility that smoking habits

can be influenced through policy conduct. It is widely believed that maternal smoking

reduces birthweight; however, the crucial difficulty in estimating such effects is the

unobserved heterogeneity among mothers and the fact that estimation of conditional

mean effects seems potentially inappropriate. We provide a unified view on the

estimation of relationships between prenatal smoking and birthweight outcomes

with quantile regression approaches for panel data and emphasize their differences.

This paper contributes to the literature in three ways: i) we focus not only on one

technique, but provide evidence from several approaches and highlight a variety

of statistical issues; ii) the performance of the methods are thoroughly tested in a

simulated environment, and recommendations are given on their appropriate use;

iii) our results are based on a detailed data set, which includes many relevant control
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variables for socio-economic, wealth and personal characteristics.

The second chapter “Factor-based forecasting in the presence of outliers – Are fac-

tors better estimated by the median?” proposes a new robust factor model estimator.

Macroeconomic forecasting using factor models estimated by principal components

has become a popular research topic with many both theoretical and applied contri-

butions in the literature. In this paper we attempt to address an often neglected issue

in these models: The problem of outliers in the data. Most papers take an ad-hoc

approach to this problem and simply screen datasets prior to estimation and remove

anomalous observations. We investigate whether forecasting performance can be

improved by using the original unscreened dataset and replacing principal compo-

nents with a robust alternative. We propose an estimator based on least absolute

deviations (LAD) as this alternative and establish a tractable method for computing

the estimator. In addition to this we demonstrate the robustness features of the es-

timator through a number of Monte Carlo simulation studies. Finally, we apply our

proposed estimator in a simulated real-time forecasting exercise to test its merits.

We use a newly compiled dataset of US macroeconomic series spanning the period

1971:2–2011:4. Our findings suggest that the chosen treatment of outliers does affect

forecasting performance and that in many cases improvements can be made using a

robust estimator such as our proposed LAD estimator.

Finally, the third chapter “Modelling time-varying loadings in dynamic factor

models – A reduced-rank regression approach” which is co-authored with Siem Jan

Koopman and Michael Massmann, attempts to address the issue of time-varying

loadings in factor models. The theory and applications of dynamic factor models

have been explored in many directions in the literature. However, the case of time-

varying loadings is an area which has not yet received much attention. A number

of papers document that in macroeconomic forecasting, factor loadings vary over

time or exhibit structural breaks, and that this in turn adversely affects forecasting

performance. In this paper we propose a novel way of estimating dynamic factor

models with time-varying loadings using a reduced-rank regression approach. By

making parametric assumptions on the processes governing the loadings we are able

to make estimation tractable and apply the model in a forecasting framework. Using

monthly US macroeconomic data we attempt to verify previous findings regarding

time-varying loadings, and we conduct a simulated real-time forecasting exercise in

order to assess the importance of incorporating time-varying loadings. Our results

show that the data do exhibit time-varying loadings, but that forecasting performance

is not necessarily improved by incorporating it into the model.



DANISH SUMMARY

Denne afhandling består af tre uafhængige kapitler, der omhandler to forskellige

økonomiske emner, der hhv. beskriver årsager til lav fødselsvægt og undersøger

faktorbaserede makroøkonomiske prognoser. De relativt forskellige emner bindes

sammen af de økonometriske teknikker, der ligger til grund for analyserne.

Første kapitel “Headlights on tobacco road to low birthweight outcomes – Eviden-

ce from a battery of quantile regression estimators and a heterogeneous panel” er

skrevet i samarbejde med Stefan Holst Bache og Christian M. Dahl. Artiklen undersø-

ger en række årsager, der kan medføre lav fødselsvægt. Emnet er af samfundsmæssig

interesse, da lav fødselsvægt skaber betydelige sociale og økonomiske omkostninger,

hvorfor en afklaring af årsagerne til lav fødselsvægt kan være af afgørende betydning.

Særligt rygning er i fokus set fra et økonomisk perspektiv, da rygevaner kan påvirkes

gennem politiske indgreb. Det er generelt anerkendt, at rygning under gravidite-

ten reducerer fødselsvægten, men pga. uobserveret heterogenitet blandt mødre og

det faktum, at den betingede middelværdi oftest er et uinteressant mål, er effekten

vanskelig at estimere. Denne artikel giver et samlet overblik over mulighederne for

at estimere effekten af rygning under graviditeten ved hjælp af kvantilregressions-

metoder og paneldata. Arbejdet supplerer den eksisterende litteratur ved bl.a. at

sammenligne forskellige tilgange og fremhæve statistiske faldgruber samt at under-

søge metodernes anvendelighed i forskellige scenarier; alt sammen baseret på et

omfangsrigt og detaljeret datasæt, der giver baggrund for grundige analyser og deraf

troværdige konklusioner.

Andet kapitel “Factor-based forecasting in the presence of outliers – Are factors

better estimated by the median?” undersøger muligheden for at opnå robust esti-

mation of faktormodeller. Makroøkonomiske prognoser baseret på faktormodeller

estimeret ved hjælp af principal components-analyse er blevet et populært forsk-

ningsområde med mange både teoretiske og praktisk anvendte bidrag i litteraturen. I

denne artikel vil vi forsøge at løse det ofte oversete problem med outliers i data. Vi

undersøger, om præcisionen af prognoserne kan forbedres ved at udskifte principal

components med et robust alternativ i form af en estimator baseret på least absolute

deviations og demonstrerer desuden, hvordan denne kan beregnes. På baggrund af

en række simulationer samt en empirisk anvendelse konkluderer vi, at outliers kan

være et alvorligt problem, der giver anledning til reduceret præcision af prognoser,
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samt at brugen af vores estimator kan afhjælpe dette.

Det tredje og sidste kapitel “Modelling time-varying loadings in dynamic factor

models – A reduced-rank regression approach” er skrevet i samarbejde med Siem

Jan Koopman og Michael Massmann og giver en analyse af, hvorvidt faktormodeller

bør specificeres med tidsvarierende parametre. En række artikler dokumenterer, at

de faktormodeller, der bruges til at danne makroøkonomiske prognoser, har para-

metre, der varierer over tid, samt at dette medfører en reduktion i præcisionen af

prognoserne. I denne artikel præsenterer vi en ny fremgangsmåde til at estimere

dynamiske faktormodeller med tidsvarierende parametre. Ved at gøre parametriske

antagelser om de processer, der styrer parametrene, er vi i stand til at gøre estimatio-

nen praktisk mulig og anvende modellen til at danne makroøkonomiske prognoser.

Vi dokumenterer påny tilstedeværelsen af tidsvarierende parametre på amerikanske

makroøkonomiske data, dog bliver præcisionen af prognoserne ikke nødvendigvis

forbedret ved at tage højde for dette i modellen.
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Abstract

Low birthweight outcomes are associated with considerable social and economic

costs, and therefore the possible determinants of low birthweight are of great interest.

One such determinant which has received considerable attention is maternal smok-

ing. From an economic perspective this is in part due to the possibility that smoking

habits can be influenced through policy conduct. It is widely believed that maternal

smoking reduces birthweight; however, the crucial difficulty in estimating such ef-

fects is the unobserved heterogeneity among mothers and the fact that estimation

of conditional mean effects seems potentially inappropriate. We provide a unified

view on the estimation of relationships between prenatal smoking and birthweight
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outcomes with quantile regression approaches for panel data and emphasize their

differences. This paper contributes to the literature in three ways: i) we focus not

only on one technique, but provide evidence from several approaches and highlight a

variety of statistical issues; ii) the performance of the methods are thoroughly tested

in a simulated environment, and recommendations are given on their appropriate

use; iii) our results are based on a detailed data set, which includes many relevant

control variables for socio-economic, wealth and personal characteristics.

1.1 Introduction and motivation

The potential adverse health consequences of low birthweight outcomes, along with

the considerable economic burden they are believed to impose on society, have at-

tracted much attention by researchers in both medical and economic literature. The

use of birthweight as a proxy for the general health condition of infants is common-

place, as it has been linked to a vast array of health related complications, both short-

and long-term.

The most severe event, perinatal mortality, has been found to be more likely in the

event of a low birthweight outcome. Several studies find statistical evidence of this

linkage, see e.g. Bernstein, Horbar, Badger, Ohlsson, and Golan (2000), Almond, Chay,

and Lee (2005), and Black, Devereux, and Salvanes (2007). Furthermore, it is believed

that low birthweight may lead to complications such as epilepsy, mental retardation,

blindness, and deafness. For a review and references, see Hack, Klein, and Taylor

(1995). While many of these complications are directly observable, some studies also

consider less obvious socio-economic implications of low birthweight, a very popular

topic being school performance. Kirkegaard, Obel, Hedegaard, and Henriksen (2006)

find a graded relationship between birthweight and school performance. In a follow-

up study with 5,319 Danish children aged 9–11, they conclude that the risk of reading,

spelling and arithmetic disabilities is greater with low birthweight children. Similarly,

Corman and Chaikind (1998) find that repeating a grade, or special class attendance,

is more likely among low birthweight children. This may suggest that even future

earnings and labour market outcomes may be affected by birthweight. According to

Black et al. (2007), this is indeed the case.

The strong evidence that low birthweight has adverse effects has naturally led

to substantial efforts towards identifying the determinants of these undesirable out-

comes. One such determinant which has received much attention in the literature is

maternal smoking habits during pregnancy. Statistical efforts suggest a strong corre-

lation between low birthweight and maternal smoking, see e.g. Bernstein, Mongeon,

Badger, Solomon, Heil, and Higgins (1978) and Permutt and Hebel (1989). Other stud-

ies examine the effect of smoking on some of the above-mentioned complications

directly, e.g. Wisborg, Kesmodel, Henriksen, Olsen, and Secher (2000), who find that

smoking increases the risk of the sudden infant death syndrome, Wisborg, Kesmodel,
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Henriksen, Olsen, and Secher (2001), who find an increased risk of still birth and

infant mortality from maternal smoking, and Linnet, Obel, Bonde, Hove, Thomsen,

Secher, Wisborg, and Henriksen (2006), who link hyperactive-distractible behaviour

in preschool children to intrauterine exposure to tobacco smoke. Medical research

gives several reasons why cigarette smoking may affect birthweight. An explanation

that seems to stand out is that the foetus may suffer from chronic hypoxic stress as

a consequence of smoking. DiFranza, Aligne, and Weitzman (2004) and Hofhuisi,

de Jongste, and Merkus (2003) explain this phenomenon in part by a lowered maternal

uterine blood flow and a reduction in oxygen diffusion across the placenta. An inter-

esting observation is that smoking does not seem to have a significant adverse effect

on all birth outcomes. Wang, Zuckerman, Pearson, Kaufman, Chen, Wang, Niu, Wise,

Bauchner, and Xu (2002) conclude that the association between maternal cigarette

smoking and reduced birthweight is modified by maternal genetic susceptibility, after

having considered two specific gene polymorphisms.

From an economic perspective, interest lies not with the individual as such,

but rather with society as a whole. Maternal smoking habits are thus an especially

interesting determinant since it is believed to be modifiable through policy conduct,

e.g. by regulating taxes on tobacco products or by introducing smoking prohibitions

in public areas. While medical research gives much attention to why smoking causes

low birthweight, the above has led economists to focus primarily on the extent of

this effect, and the associated costs. This perspective has the advantage of allowing

analysts to disregard the specific medical links between maternal smoking and low

birthweight, when using appropriate methods.

In an attempt to estimate the direct costs associated with low birthweight, Almond

et al. (2005) use data from hospitals in New York and New Jersey to find that the costs

peak at $150,000 (in year 2000 dollars) for newborns weighing 800 grams. In contrast,

an infant weighing 2,000 grams has an estimated associated cost of $15,000. The

soaring costs at the low end of the birthweight distribution highlight an important

point. Using traditional mean regression will only uncover effects on the birthweight

mean, i.e. infants weighing around 3,500 grams. One way to overcome this problem

is to use a quantile regression approach, which can provide estimation results across

the entire distribution. This is done by Abrevaya (2001) and Koenker and Hallock

(2001), who find justification for the quantile approach since regression estimates vary

throughout the distribution. It is, however, troublesome to consider the estimated

effects as causal, because the analyses do not account for unobserved heterogeneity.

Not only is the susceptibility of smoking effects among mothers different, as noted

above, but there are undoubtedly many other individual characteristics which cannot

be accounted for.

Econometric panel data models allow controlling for (time invariant) unobserved

individual heterogeneity. However, their extension to a quantile regression framework

is still somewhat limited. In a recent paper, Abrevaya and Dahl (2008) consider the
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extension of the “correlated random effects” model by Chamberlain (1984) to a

quantile regression framework, and estimate the effects of various birth inputs on

birthweight, using data from Arizona and Washington. Their results indicate that

the negative effects of smoking, albeit present, are significantly lower in magnitude

across all quantiles than the corresponding cross-sectional estimates.

This paper in part extends the results of Abrevaya and Dahl, using Danish data,

which in itself is novel: no previous study has applied such techniques to data with

this origin. The advantage of our data, relative to those used in existing literature, lies

in the richness and availability of variables. Quite naturally, however, there are fewer

observations due to a small geographical area. Finally, the Danish Civil Registration

System allows perfect linkage of the data. Based on the idea of the above mentioned

study, we consider a new correlated random effects specification for quantile regres-

sion which, at the cost of a more restricted specification, allows for the use of an

unbalanced dataset and benefits from a more parsimonious amount of regressors.

Finally, we consider fixed effects approaches to quantile regression, in particular we

examine a model specification by Koenker (2004) and suggest a simple a two-stage

fixed effects approach.

Before we delve into our birthweight application in Section 3, we take a tour in the

realm of quantile regression for panel data. Our treatment offers a unified framework

in which the different approaches can be discussed and compared appropriately. We

are not aware of a similar discussion, and believe it to be novel and relevant more

generally. Simulations will serve to illustrate features and test performance of the

discussed estimation methods.

1.2 Econometric setup

Panel data and quantile regression – a prologue

A chief difficulty in examining the causal effect of prenatal smoking, and other rel-

evant observable variables, on birthweight outcomes is the possible existence of

influential but unobservable determinants. The identification and measurement of

all such determinants is an impossible task, and it can thus be necessary to control

for such unobserved effects. When repeated measurements for each individual are

available, analysts will try to utilize this panel structure of the data to either filter out,

or in some other way deal with e.g. time-invariant unobserved characteristics. There

is a very well developed machinery with a variety of estimation procedures available

for linear least-squares models, and hence the issues are here easily mitigated. Often,

and indeed in the present analysis, the conditional mean of the response is not of pri-

mary interest, but rather our attention is directed towards the conditional quantiles.

Not surprisingly, combining the power of panel data methods with that of quantile

regression methods is not a topic of little interest. While there are methods available

to do so, the topic is still relatively undeveloped, and there are some very important
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subtleties that often do not receive sufficient attention. In particular, one needs to be

very careful in defining the quantities or parameters of interest for reasons that we

will try to make clear. The main purpose of this section is to discuss some relevant

procedures for panel data quantile regression. Simulations will serve both to evaluate

the appropriateness of the methods and to investigate their performance. The dis-

cussion is of broader relevance than to the current analysis and we hope it will help

others in choosing the best approach for their particular application.

There are many ways of introducing quantile regression. One can take a structural

approach, assume a data-generating process (DGP), and describe how the error term

may change the coefficients at various quantiles. It is often hard to specifically link

a DGP to its quantile function. Therefore, another common approach is to think of

an approximation to the quantile function directly, and not emphasize how data

is generated. Angrist, Chernozhukov, and Fernández-Val (2006) show that, in the

linear case, the quantile regression estimator in a certain sense gives the best linear

approximation to the true conditional quantile function. Related is the Skorohod

representation where the response variable is generated by a (quantile) function that

depends, amongst other things, on a rank-variable (or quantile index). We shall start

the discussion with the following definition of the conditional quantile function. Let

Y denote the response variable, X a vector of covariates on which we condition, FY

the distribution function of Y , and τ ∈ (0,1) the quantile index. We define

QY (τ | X ) ≡ inf
{

y : FY (y | X ) ≥ τ} (1.1)

Then, in Skorohod representation,

Y =QY (U | X ), U | X ∼ uniform(0,1). (1.2)

It is well-known that the function is a solution to the minimization problem

QY (τ | X ) ∈ argmin
qτ(X )

E
[
ρτ(Y −qτ(X ))

]
, (1.3)

where ρτ(u) = (τ−1{u < 0})u, and the minimization is over all measurable functions

qτ(X ). It is also a solution to the estimating function E[1{Y ≤ qτ(X )}] = τ, or equiva-

lently E[τ−1{Y ≤ qτ(X )}] = 0. For an alternative to (1.3) for solving a parameterized

version of the latter estimating equation, see Bache (2010).

Our discussion is focussed on linear-in-parameters subsets of functions over

which (1.3) is minimized, i.e. q(X ;β(τ)) = X >β(τ), and we shall investigate some

possible ways of incorporating information from repeated measurements to alleviate

identification issues that arise due to characteristics not included in the model. The

methods we discuss can be categorized into a fixed-effects and a correlated-random-

effects framework. The terminology is carried over from their least-squares analogies,

and we will not philosophize about the appropriateness of it. We will, however, now

argue why these two branches distinguish themselves even more from each other in

a quantile regression setting.
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Consider the following much simplified setup. We imagine a population of indi-

viduals, where each can be either of two types, say c = 0 or c = 1. Types are attributes

in the sense that they are constant and not under the individuals’ control (e.g. one

could think about genetic traits). The analyst has no information about types, i.e. for

all purposes they are unobservable.

The question of interest is how a treatment x (e.g. smoking during pregnancy)

affects the distribution of an outcome variable (e.g. birthweight). Figure 1 shows three

distributions that may be of interest.

Figure 1.1. Three densities of Y : one conditional on c = 1 (dashed), one conditional on c = 0
(dotted), and one unconditional of c (solid). All densities are here unconditional of x.

Now, if type is considered a part of the “noise” or “error term” in the model1, which

it may well be, say to a politician who wants to start a campaign against prenatal

smoking, then the unconditional density is the relevant one. On the other hand, even

though information in the data is not sufficient to reveal type, a doctor for example

may have “inside” information on type, and would want a model that conditions on

c. In this case, the conditional distributions are of interest. The main point here is

that the marginal effects of changes in X on the quantile function conditioning both

X and c are not the same as if conditioning only on X .

Fixed-effects approaches often incorporate estimates of c as a way of conditioning

on it, e.g. as the estimator by Koenker (2004). We will also suggest a simple 2-stage

plug-in method as a computationally simpler alternative. An inherent issue with

the fixed-effects methods is the incidental parameter problem that arises when the

number of repeated measurements is small and fixed.

The correlated random effects model, suggested first for regression quantiles

by Abrevaya and Dahl (2008), henceforth the AD model, tries to control for depen-

dence between X and c, which can bias the estimates, if ignored, when a “random

1In a treatment of quantile regression, “unexplained ranking mechanism” may be better terminology.
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assignment” interpretation is wanted. The idea is that one can generate one or more

“sufficient covariates” from the repeated observations which carry information that

can correct for the bias. For the present application, we will also consider an alterna-

tive specification that can be seen as a restricted version of the AD model, but which

will allow us to use an unbalanced panel, and which is more parsimonious in terms

of number of regressors.

We formally define the four estimators in section 1.2, but first we present an illus-

trative example of the point raised in this section about conditioning on unobserved

time-invariant variables.

An illustrative simulation experiment

Consider again the simple setup with a two-type population. The model that gener-

ated the data depicted in Figure 1.1 is generated as

ymb = xmb + cm + (1+xmb + cm)εmb , b = 1,2; m = 1, . . . , M , (1.4)

where one half of the population has cm = 1, the other cm = 0. The variable xmb is a

binary treatment and equals 1 with probability 0.5+0.2cm . The disturbance εmb is

a standard normal random variable. The subscripts m and b denote “mother” and

“birth” respectively, and are chosen in the light of the birthweight application.2 Note

that the unobserved type affects both location and scale of the response distribution.

We also define the counterfactual variables x̃mb and ỹmb , where x̃mb equals 1 with

probability 0.5 and ỹmb is determined by (1.4) with x̃mb in place of xmb . These then

represent a counterfactual world, where type has no impact on treatment probability.

We will consider three “targets” for the estimate of a coefficient for the effect of being

treated (setting x = 1):

∆τ : = QY (τ | xmb = 1)−QY (τ | xmb = 0) (1.5)

∆̃τ : = QỸ (τ | x̃mb = 1)−QỸ (τ | x̃mb = 0) (1.6)

∆τ|c : = 1+Qε(τ) = 1+QN(τ), (1.7)

where QN(τ) is the τth quantile of a standard normal random variable.

Let β̂(τ) be the estimate from a quantile regression of ymb on xmb and β̃(τ) the

one from a quantile regression of ymb on xmb and x̄m◦, where the latter variable is

an average over the b dimension. Further, let β̌(τ) be the “oracle” estimate, where

knowledge of type is assumed, from a regression of ymb on xmb and cm . Table 1.1

shows the results from a simulation experiment, comparing these estimators with

the three targets defined above for a single quantile index, τ= 1/5.

The results in this example show quite clearly that the estimators estimate differ-

ent quantities. A very noteworthy observation is that the estimator β̃(τ), a “correlated

2In our application birth parity is what defines the waves, and does not represent time as such. In the
examples, however, one can think of b as representing time.
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Table 1.1. Bias and root mean squared error (in parentheses) for the three estimators β̂(τ),
β̃(τ), and β̌(τ) against the three targets ∆τ, ∆̃τ, and ∆τ|c . The simulation setup is τ= 1/5, “MC
iterations”= 999, number of waves B = 2, and number of individuals M = 999 (panel a) and
M = 9,999 (panel b). It should be noted that ∆τ|c can be calculated analytically, whereas ∆̃τ
and ∆τ themselves are obtained by simulation.

β̂(0.2) β̃(0.2) β̌(0.2)

∆τ
−0.0040 −0.0228 −0.0385
(0.1188) (0.1619) (0.1295)

∆̃τ
0.0338 0.0070 −0.0087

(0.1234) (0.1604) (0.1239)

∆τ|c
0.0452 0.0184 0.0026

(0.1270) (0.1613) (0.1236)

(a) M = 999

β̂(0.2) β̃(0.2) β̌(0.2)

∆τ
0.0010 −0.0289 −0.0404

(0.0380) (0.0597) (0.0567)

∆̃τ
0.0308 0.0009 −0.0106

(0.0489) (0.0522) (0.0411)

∆τ|c
0.0422 0.0123 0.0008

(0.0567) (0.0536) (0.0398)

(b) M = 9,999

random effects” type estimator that we will define below, does not try to estimate cm ,

and does not suffer from an incidental parameter problem. Instead, it uses informa-

tion constructed from all observations for each individual to correct for correlation

between cm and xmb to get a “random assignment” interpretation. The fixed effects

estimator β̌(τ), on the other hand, relies on some kind of estimate of cm (above it is

simply assumed known), and will most likely not perform as well as we have just seen

when the number of waves is small. Finally, the β̂(τ) estimator is not really of interest,

but it shows what happens with the usual quantile regression estimator when the

treatment is endogenous.

The estimators defined

Throughout, we take Ymb to be the random response variable and Xmb to be the

corresponding covariate vector. We denote by Zmb ⊂ Xmb a subset that has time-

varying and possibly endogenous covariates. The subscripts m and b (“mother” and

“birth”) are chosen to reflect the dimensions in our birthweight study. Lower case

letters will denote outcomes in the sample with m = 1, . . . , M and b = 1, . . . ,Bm . The

pairs {Ymb , Xmb} are assumed to be independent and identically distributed (IID),

and so whenever no confusion arises subscripts m and b are omitted from notation.

For the purpose of this presentation of the models, we take the view that we

can approximate the conditional quantile function reasonably well by a linear-in-

parameters specification, and will not argue a specific DGP.3 The following assump-

tion states the standard QR problem in terms of the framework we shall work with to

describe the panel data approaches.

3In our simulations, of course, we need to assume some data-generating mechanism.
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Assumption ( A.QR): Linear quantile approximation representation. The class of func-

tions over which (1.3) is minimized is linear, such that

qτ(X ) = q(X ,τ) = X >β(τ) and (1.8)

Y = qτ(X ,U ), (1.9)

where U is a rank variable with U | X ∼ uniform(0,1) (independently of X ). For any

two possible ranks u1 and u2 it is assumed that

u1 < u2 ⇔ q(X ,u1) < q(X ,u2) ⇔ Y1 < Y2. (1.10)

Example: Normal location-scale model. Let

q(X ,τ) = X >β(τ) = X >(β+γΦ−1(τ)), (1.11)

whereΦ is the standard-normal CDF, then we have the implied familiar location-scale

DGP

Y = X >β+ (X >γ)Φ−1(U ). (1.12)

The above representation in (1.8)–(1.9) is often referred to as the Skorohod represen-

tation. If there are unobserved effects that affect both X and the ranking U , then

we cannot represent the problem as above and use β(τ) as the quantity of interest,

as illustrated in the example in the previous section. In the following, we will see

how one can possibly get around this problem if such unobserved characteristics are

time-invariant (or here, “birth-invariant”).

Correlated random effects quantile regression

This presentation takes a slightly different approach than the one taken in Abrevaya

and Dahl (2008), but the message remains the same. We now extend the model to

include unobserved characteristics Cm that partly determine Ymb either directly,

through Zmb ⊂ Xmb , or both. These characteristics are assumed to be time-invariant

characteristics, so dependence with Zmb is one-way. The random data pairs {Cm ,

Ym1, Xm1,Ym2, Xm2, . . . } are assumed to be IID. We wish to consider Cm a part of the

unexplained ranking mechanism in the model, but at the same time control for

endogenous effects propagated through Zmb . To achieve this goal, we assume that

repeated measurements of Zmb allow for construction of sufficient covariate(s) Sm ,

and let the conditional quantile function of interest be QYmb (τ | Xmb ,Sm). Sufficiency

is to be understood as to allow for the following extension of (A.QR). Again, we will

often omit subscripts to simplify notation.
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Assumption ( A.CRE): Correlated random effects representation. Consider a representa-

tion similar that of ( A.QR), with

q(X ,S,τ) = X >β(τ)+S>π(τ) and (1.13)

Y = q(X ,S,U ), (1.14)

for some variable S, constructable from repeated observations of Z , such that U | X ,S ∼
uniform(0,1).

This allows us to think of a response process Ỹ (U ) ≡ Y −S>π(U ) as being Y “cor-

rected” at level U for effects of C through Z , and as having τth conditional quantiles

X >β(τ) for U = τ. Put this way, it is emphasized that the correction gives β(τ) the

interpretation of marginal effects in a “counterfactual world” where X is not deter-

mined by C , but where C is allowed to work directly on Y through the ranking U .

Figure 1.2 shows a simple graph of the assumed causal relations.

Figure 1.2. The assumed relationship between variables in the model. The dashed line indi-
cates that Z | S,Y ⊥U .

X \Z

C
S - Z - Y

-

U

-

-

Under the assumptions in (A.CRE), the quantity of interest, β(τ), is identified from

the data, and can be estimated by means of standard quantile regression of Y on X

and S, with empirical criterion function

(
π̂(τ), β̂(τ)

)= argmin
π,β

M∑
m=1

Bm∑
b=1

ρτ(ymb − s>mπ−x>
mbβ). (1.15)

The separability assumption that the effects from C through Z can be captured

by S in a linear fashion may not be as restrictive as one would think at first, since it is

allowed to vary with τ. It may therefore provide a good linear approximation at each

quantile, and seems no more restrictive than believing the linear specification of q in

the first-place. In general, note that the assumptions do not restrict the effect from C

to a location-shift.
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Example: Recall our previous introductory example. There we had a single endogenous

binary treatment variable xmb (= zmb) and unobserved types cm that affect both the

probability of treatment, as well as location and scale of the outcome. Intuitively, the

mean of x (over b) carries information about type, and we let sm = x̄m◦ ≡∑
b xmb/Bm .

The simulations above confirmed that this was an acceptable choice and that the

procedure was appropriate in this case.

More specifically, we mention here the following two specific CRE models, in terms of

constructing S; the one proposed by Abrevaya and Dahl (2008), and another which

can be seen as a special case of the first.

The “AD” model: Assume ( A.CRE), that the data constitutes a balanced panel Bm = B,

and that Sm = (Z>
m1, . . . , Z>

mB )> are sufficient covariates.

The “CREM” model: Assume ( A.CRE), and that Sm = Z̄m◦, i.e. b-means of observed

outcomes of Zmb , are sufficient covariates.

The second, where the “M” in the acronym stands for mean, is the one deployed

in the previous example. It can be seen as a special case of the AD model, in which

S is essentially a weighed average, in the sense that the effect from C through Z is

assumed to be the same for each b. In addition to being more parsimonious, in terms

of number of regressors, this restriction allows the use of an unbalanced panel. It is

possible to extend the AD model, using dummy variables, to allow for some kinds of

unbalanced panels (Fitzenberger, Kohn, and Wang, 2010).4

For the linear least-square analogues of the AD and CREM models, by Chamberlain

(1984) and Mundlak (1978) respectively, one has a linear DGP, ymb = x>
mbβ+cm +εmb ,

and one thinks of projecting cm onto observables as

cm = x>
m1π1 +·· ·+x>

mBπB +ηm respectively (1.16)

cm = x̄>
m◦π+ηm , (1.17)

for two models. For quantile regression, using a DGP as a starting point seems restric-

tive as there is not necessarily a well-defined link between a DGP and a linear quantile

representation. For further detail on—and a slightly different presentation of—the

CRE approach we refer to the aforementioned article by Abrevaya and Dahl.

Fixed effects estimators

These estimators, in general, condition on the unobserved time-invariant characteris-

tics C using some kind of estimate of them. Loosely speaking, the approaches in a way

model QY (τ | X ,C ) by QY (τ | X ,Ĉ ). As we saw in the previous simulation example,

if one knows C , this approach is obviously perfectly valid, yet for a target quantity

4We thank the editor in chief for pointing this out to us. Our results did not seem to depend on the
choice of S, so we did not explore this option explicitly.
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slightly different from that of the CRE approaches. Therefore, if one assumes that

reliable estimates of C are available, these can be used in following representation.

Assumption ( A.FE): Quantile regression conditional on fixed effects. The class of func-

tions over which (1.3) is minimized is linear in X and C such that

q(X ,C ,τ) = X >β(τ)+Cδ(τ) and (1.18)

Y = q(X ,C ,U ), (1.19)

where U | X ,C ∼ uniform(0,1) and q(·) satisfies an ordering property equivalent to

that in (1.10) of ( A.QR).

Essentially, the assumption here is that C is the only source of endogeneity and that

it enters linearly on equal grounds with X . Conditioning on C will give β(τ) the same

interpretation as if C was just another covariate and not a part of the unexplained

ranking U .

However, in many cases the number of waves, Bm , is small (fixed) while M is

large. In such a setting, reliable estimates of M individual effects are hard to come

by, a situation referred to as the “incidental parameter problem”. The estimates of

C are usually not of particular interest, but it is not straight-forward to infer the

consequences of M-inconsistent estimates of C on the estimates of β(τ).

Koenker (2004) suggested an interesting method to overcome some of the diffi-

culties of the FE approach, in which estimation of C is intrinsic (i.e. it is a one-step

estimator). The idea is to (i) estimate the model for several τs simultaneously, restrict-

ing the effect of C at each τ to be the same; and (ii) penalize estimates of the fixed

effects to shrink them towards zero. Both (i) and (ii) in some sense reduce the dimen-

sionality added by introducing estimation of fixed effects. Again, our presentation of

the model is slightly alternative, compared to its original, such that it fits well into

our framework.

“KFE(k): Koenker’s FE QR model”. Define M parameters,αm =Cmδ(τ) (for all τ). Assume

that

q(Xmb ,Cm ,τ) = X >
mbβ(τ)+αm and (1.20)

Y = q(Xmb ,Cm ,Umb), (1.21)

Let τ1, . . . ,τk be k distinct quantile indices. Further define w1, . . . , wk to be weights that

define the relative impact of each of these indices on estimation. The parameters in

(1.20) are estimated from the following empirical criterion function:(
β̂(τ1), . . . , β̂(τk ), α̂1, . . . , α̂M

)
=

argmin
β1,...,βk ,α1,...,αM

k∑
j=1

M∑
m=1

B∑
b=1

w jρτ j (ymb −x>
mbβ j −αm)+λ

M∑
m=1

∣∣αm
∣∣ . (1.22)
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Let M → ∞, B → ∞ and M a/B → 0 for some a > 0. Then under some regularity

conditions, β̂(τ j ), j = 1, . . . ,k, are consistent and converge to Gaussian random vectors.

See (Koenker, 2004, Theorem 1) for the details.

It is pretty clear from this representation that the price one pays for the gained

sparseness is that unobserved fixed effects are only allowed to affect Y by location

shifts. Further, often B is fixed, and consistency is not guarantied by the theorem. The

parameter λ is a tuning/calibration parameter that allows one to control the impact

of the penalty, and how to choose it optimally is an open research question. When

λ→ 0, one has a (weighted) dummy variable regression, and when λ→∞ the penalty

sets all FE terms to zero, effectively leaving a pure (weighted) cross-section regression.

As with other penalty methods, one might consider a “post-penalty” estimation of

the model where terms shrunken to zero are omitted, since non-zero terms have

been affected by the penalty. On the other hand, the penalty also helps “controlling”

the many FE terms by not letting them take unreasonably large values.

A simpler approach, which does not restrict C to have the same impact across

quantiles in return for sparseness, and which does not need calibration, is the fol-

lowing two-step fixed effects estimator estimator, which resembles recent work by

Arulampalam, Naylor, and Smith (2007).

“2SFE: 2-step FE QR model.” Assume ( A.FE). In a first step, obtain estimates C̃m of Cm

from a least-squares within groups estimation. In the second step, C̃m are used in place

of C in (1.18), from which estimates of δ(τ) and β(τ) are obtained.

An important implicit assumption here is that a linear approximation is appropriate

for both the conditional expectation and the conditional quantiles. To hope for any

asymptotic justification, one would need B →∞, which we do not consider here, as

it is not relevant for our application. It has come to our knowledge that Canay (2010)

has work on the asymptotic aspect of this estimator. For our purpose, performance is

compared to Koenker’s method and the CRE estimators in the following simulation

section.

Additional simulation evidence

Indeed, the number of estimation methods under consideration allows for many

interesting simulation setups. We have no desire of letting a simulation section eclipse

the main part of this section or the application in question. Therefore, we have chosen

a simple setup that highlights some important features and issues of the procedures

discussed. In short, our findings are:

• The CRE methods do not suffer from an incidental parameters problem and

perform well even when omitted effects have scale effects on the response.
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• The CREM and AD models have very similar levels of performance.5

• FE methods generally have difficulty for short panels, and the size of the bias

appears to depend critically on both τ and the actual setup. However:

– estimating more quantiles simultaneously can be advantageous, and

– post-estimating the “selected model” where penalized FE terms are re-

moved can improve performance in some cases.

• Koenker’s FE estimates are generally bounded by cross-sectional estimates and

a dummy-variable quantile regression, as the theory suggests.

• Being a FE estimator, the 2SFE estimator is also cursed by incidental parameters.

It benefits solely from simple estimation and from the fact that there is no need

for calibration.

Our simulation setup, which easily encompasses all of the estimation procedures,

has the following data generating mechanism:

ymb = 10−3x1,mb +x2,mb + cm +ηmb (1.23)

ηmb = (1+x1,mb +γcm)εmb

εmb ∼ N (0,1)

where cm equals 0 with probability 1/2 and is distributed as standard normal other-

wise; the binary variable x1,mb equals 1 with a probability, pm , that depends on cm in

the following way:

pm =


0.25 if cm > 0.2

0.75 if cm <−0.2

0.50 otherwise.

(1.24)

The idea is that the probability of treatment is only affected if individuals distinguish

themselves sufficiently. We let x2,mb be a sum of five uniform variables on (−0.5,0.5),

which then lies in (−2.5,2.5). We can think of this setup as a simplified (and scaled)

simulation of our birthweight application where we have an overall intercept, from

which some members of the population distance themselves (when cm 6= 0). Smoking,

x1,mb , has a negative direct effect, and it has a scale effect. It is correlated with cm

which makes it necessary to control for if we want to have some notion of random

assignment interpretation. The variable x2 plays the part of “other” observables in

the model. The parameter γ ∈ {0,1} lets us control whether cm has a scale effect in

addition to its location effect, which would cause the effect from cm to vary across

quantiles.

5We have tried specifications where the dependence between x1,mb and cm depends on b to accom-
modate AD. This, however, had little effect and CREM performed equally well.
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As previously discussed, we have target quantities for the coefficient estimates

on x1,mb that differ for CRE and FE approaches. Estimators in the latter category have

the target β f e (τ) =QN (τ)−3, while those in the former have βcr e (τ) =Qc+(2+γc)ε(τ)−
Qc+(1+γc)ε(τ).

We report results for the following estimators: (i) A pure dummy variable quantile

regression, (ii) KFE(1) and KFE(3); (iii) a post-penalty estimation of the latter, where

penalized FE terms are removed; (iv) 2SFE; and (v) the two CRE methods. We also

consider a cross-sectional estimate against both targets to evaluate the bias when

ignoring cm completely. All results can be read in Tables 1.8 and 1.9 in the appendix.

Here, in the main text, we present a few selected results in Table 1.3. To illustrate

the asymmetric performance, particularly of the FE estimators, we consider τ ∈
{1/4,1/2,3/4}. The corresponding targets are presented in Table 1.2.

Table 1.2. Coefficient targets for the estimators.

τ= 1/4 τ= 1/2 τ= 3/4

FE -3.6745 -3 -2.3255
CRE, γ= 0 -3.6299 -3 -2.3701
CRE, γ= 1 -3.6114 -3.0253 -2.3797

A few things should be mentioned here about the results. First, the choice of

penalty parameter λ in practice is an unresolved problem. For this simulation we

have chosen one that approximately sets 30% of the FE terms to zero, i.e. “some but

not quite enough”. To get the same relative impact, this needs to be calibrated as B

varies for a given M , but not vice versa. Second, the reported root mean squared error

results (rmse) cannot be compared across FE and CRE methods, since targets and

variance of the “total error” terms are different.

The cross section quantile regression suffers a serious bias away from both targets.

Note that it does converge to some quantity in the sense that, as the sample grows,

rmse and bias are more or less equal. The dummy variable regression performs very

well for the median but not the other quartiles. Penalizing the FE terms and estimating

all quantiles simultaneously offers improvements in the tails and post-estimating

the “selected model” seems to add a little to this improvement. As expected from the

theory, as B grows these models perform better. The 2SFE model performs poorly, yet

better than the dummy regression, both for γ= 0 and γ= 1. If one specifies Koenker’s

FE method well, 2SFE is outperformed by it.

The CRE methods perform very well, and only the total sample size seems to

matter (i.e. no incidental parameters curse). They seem to be close to unbiased, with

diminishing variance. Table 1.9 in the appendix shows that the FE methods cannot

handle a scale effect of cm , and that they become even more biased. This is not the

case for the CRE methods, which still have high performance.
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Table 1.3. Bias and root mean squared error (rmse) for simulation of (1.23) with γ= 0, i.e. no
scale effect of the individual effects.

B = 2 B = 3 B = 5

τ M = 499 M = 999 M = 499 M = 999 M = 499 M = 999
C

ro
ss

-s
ec

ti
o

n
F

E
ta

rg
et

0.25 −0.3380 −0.3402 −0.3412 −0.3443 −0.3435 −0.3405
(0.3713) (0.3561) (0.3618) (0.3538) (0.3560) (0.3467)

0.50 −0.3724 −0.3740 −0.3755 −0.3718 −0.3718 −0.3722
(0.3968) (0.3867) (0.3920) (0.3808) (0.3813) (0.3770)

0.75 −0.4321 −0.4344 −0.4310 −0.4282 −0.4186 −0.4245
(0.4598) (0.4468) (0.4489) (0.4373) (0.4301) (0.4303)

D
u

m
m

y
re

gr
es

si
o

n

0.25 0.6717 0.6626 0.3531 0.3474 0.1438 0.1431
(0.6980) (0.6770) (0.3813) (0.3619) (0.1763) (0.1595)

0.50 −0.0028 −0.0119 −0.0047 −0.0055 −0.0035 −0.0053
(0.1898) (0.1395) (0.1272) (0.0904) (0.0865) (0.0645)

0.75 −0.6773 −0.6864 −0.3596 −0.3598 −0.1438 −0.1475
(0.7033) (0.7003) (0.3877) (0.3736) (0.1752) (0.1645)

K
F

E
3

Po
st

es
t.

0.25 0.0877 0.0807 0.1105 0.1081 0.0614 0.0600
(0.1967) (0.1425) (0.1682) (0.1421) (0.1157) (0.0905)

0.50 −0.0224 −0.0321 −0.0474 −0.0430 −0.0253 −0.0269
(0.1821) (0.1357) (0.1264) (0.0951) (0.0875) (0.0676)

0.75 −0.2531 −0.2582 −0.2052 −0.2002 −0.1040 −0.1086
(0.3030) (0.2844) (0.2476) (0.2207) (0.1431) (0.1279)

2S
F

E

0.25 0.3921 0.3844 0.2598 0.2551 0.1563 0.1553
(0.4285) (0.4014) (0.2882) (0.2707) (0.1844) (0.1687)

0.50 −0.0020 −0.0110 −0.0208 −0.0210 −0.0259 −0.0267
(0.1640) (0.1169) (0.1162) (0.0844) (0.0879) (0.0664)

0.75 −0.4036 −0.4080 −0.3004 −0.2981 −0.1961 −0.2005
(0.4355) (0.4249) (0.3262) (0.3101) (0.2155) (0.2104)

C
R

E
M

0.25 −0.0164 −0.0253 −0.0225 −0.0247 −0.0210 −0.0185
(0.2063) (0.1416) (0.1439) (0.1029) (0.1020) (0.0739)

0.50 −0.0004 −0.0092 −0.0103 −0.0073 −0.0062 −0.0071
(0.1749) (0.1237) (0.1290) (0.0916) (0.0904) (0.0638)

0.75 −0.0018 −0.0052 0.0048 0.0057 0.0144 0.0093
(0.2017) (0.1398) (0.1431) (0.1030) (0.1045) (0.0745)

In conclusion, pooled cross-sectional estimation is rarely a good idea when there

are omitted individual effects correlated with included variables if a “random assign-

ment” interpretation is intended. It also appears to be the case that one can do much

better than a pure dummy regression (at least in the tails). The FE methods suffer

from the incidental parameters curse and high sensitivity to the data generating

mechanism. It is possible to improve estimates in a FE setting by calibrating Koenker’s

approach, but it is hard in practice to determine whether it is done optimally.

The CRE methods in general have good performance, and do not seem to have

trouble with either small B or scale effects of the individual effects. We need to stress

again that they estimate something different from the FE methods, and these findings

do not imply that one should discard the latter. It all depends on what the target of

interest is.
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In any case, with a short panel it appears that the CRE results are more reliable.

From an economic policy perspective the CRE target is perhaps also more sensible

in our birthweight application, as the politician is interested not in the individual as

such, but in society as a whole. Why then condition on individual effects? It is part

of the unexplained ranking mechanism. In this light, we will put more emphasis on

the CRE results in our application. However, we will report a selection of FE results as

well.

1.3 Data description

We now return from our methodological excursion to put our birthweight application

back in the spotlight. The data which are used throughout the analyses are in part

obtained from Aarhus University Hospital, Skejby, in Denmark. In the Aarhus region

this hospital is the only one with a maternity ward, and thus the data in fact represent

a broad population group, i.e. all economic and social classes. Furthermore, the data

are enriched with socio-economic characteristics of the mothers. These additional

data have been made available by Statistics Denmark and are linked by means of the

Danish Civil Registration System.

The methods we have discussed above require a panel of mothers with two

or more registered births. Only singleton births are included since multiple births

babies (e.g. twins) tend to be lighter. Moreover, stillbirths are excluded, and thus the

population of interest are singleton live births. For the variables of interest the data

offer an unbalanced panel consisting of 16,602 births and 7,900 mothers. Except for

the AD model, the estimation strategies discussed allow for an unbalanced panel,

and this will be the primary data set. However, in the interest of comparison with

this model, estimations have also been conducted on the basis of a balanced subset

of the data which have been constructed with the first two births by each mother.

This includes a total of 12,670 births. The descriptive statistics for the (unbalanced)

dataset are given in Table 1.5. The sample ranges from the year 1992 to 2005. The

included variables and their role in the analysis are the topic of the remainder of this

section.

The choice of birthweight as the dependent variable gives rise to an important

question: should gestational age be included as an explanatory variable? There is no

doubt that gestational age is correlated with birthweight. However, in the present

analysis our interest lies in the total effect of maternal smoking on birthweight, in-

cluding any effects propagated through gestational age. Therefore it is not necessary

to include gestational age as an explanatory variable, it might even be inappropriate

as it could have undesirable effects due to multicollinearity. In this context it should

also be emphasised that on the matter of not including gestational age as an explana-

tory variable, we follow recent leading econometric studies on birthweight, see e.g.

Abrevaya (2006, 2001), Abrevaya and Dahl (2008), Chernozhukov and Fernández-Val
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(2011), and Koenker and Hallock (2001).

The primary regressors of interest regard the mothers’ smoking habits. These are

represented by two separate variables: whether or not mothers smoked at the time

they became pregnant (smoked before), and whether or not they smoked during the

pregnancy (smoked during). Both variables are binary, as the data unfortunately do

not offer details on smoked quantities. The analysis therefore cannot account for the

size of the treatment, which of course may be a drawback, since it seems reasonable

to believe that quantity could be important. For identification of the separate effects

of the two smoke variables, it is necessary that there are mothers who actually start or

stop smoking when becoming pregnant. 2,019 of 16,602 births are given by mothers

who stop smoking at the time of pregnancy (12.66%). On the other hand only 10

births are given by mothers who start smoking at the time of pregnancy (0.06%). Thus

the change of behavior is therefore largely one-way.

The included variables can be roughly categorised into six categories. First, there

are variables relating to the behaviour of the mothers. Already mentioned are the

two smoke variables. Further, we include a variable, drink, which indicate whether or

not the mother has consumed alcohol during the pregnancy.6 Drinking habits are

also believed to be harmful to the foetus and warnings are often explicitly printed

on alcoholic containers. Related to the behavioural category is also the extent to

which the mother actively tried to become pregnant. Another possibility is that

the pregnancy was either unwanted or accidental. To control for this, we include a

dummy variable for use of birth control pills within four months before becoming

pregnant.

A second category that seems obviously related to the health of the baby, and

thus possibly birthweight, is the general health or physical ability of the mother.

An important variable in this category is occurrence of pregnancy complications,

which we represent with an aggregated dummy variable which covers things such as

premature contractions, bleedings, excessive vomiting, infections, and intrauterine

growth restriction. Especially this last example is important, and may be caused

by factors such as high blood pressure, heart disease, malnutrition, and substance

abuse. A potential problem is that tobacco smoke may also be the source of this

complication, and in effect leave us with an issue of separability of effects. This will

be discussed further in the next section, where we present our results. The remaining

variables in this category are the number of doctor visits and prenatal visits during

pregnancy, whether the mother has had diabetes at one or more of the registered

pregnancies, and finally whether artificial insemination was required.

We also wish to control for effects related to wealth status, and thus include

yearly after-tax income in 1,000 DKK, yearly unemployment benefits in 1,000 DKK and

finally home size measured in square meters. Here, the values are those registered

6Here, alcohol is defined as consumption of more than 1 Danish standard drink (12 grams of pure
alcohol) per week.



1.3. DATA DESCRIPTION 19

for the year of birth. This category may be related to e.g. the ability to ensure good

surroundings and a proper diet etc.

It has also previously been found that there is a linkage between birthweight

outcomes and socio-economic factors such as marital status and level of education,

see e.g. Abrevaya and Dahl (2008). We therefore include variables that indicate if

the mother was married during the pregnancy period, the mother’s education (a

categorical variable summarised in Table 1.4, and included as dummy variables), and

whether the mother was a student when pregnant. The latter variable may indicate

how freely time can be organised and may proxy for how stressful workdays are.

The final two categories concern characteristics of the mother and child respec-

tively. They include height, weight, and age of the mother (the latter two are also

included in squares), and dummy variables for birth parity and the sex of the child.

Table 1.4. Description of education categories.

Category Description

0 No education.
1 Primary school (9 years compulsory, 1 year optional).
2 Secondary pre-university high school (3 years),

or technical college, craftsmen, etc.(2–5 years).
3 College: short-cycle higher education programme (1–2 years).
4 College: medium-cycle higher education programme (3–4 years).
5 3-year academic (Bachelor) degree.
6 5-year academic (Master) degree.
7 PhD degree and above.

A natural concern is whether or not there are relevant seasonality effects which

should be controlled for. Buckles and Hungerman (2008) discuss whether the time

of year affects birthweight and conclude that this is the case. They attribute such

effects to a strong correlation with socio-economic characteristics, which are well

represented in our data. Dehejia and Lleras-Muney (2004) investigate effects of unem-

ployment rates on babies’ health, and suggest that high unemployment is positively

correlated with healthy babies. This is just one example of general year-specific phe-

nomena which may have effects which are desirable to control for. In our analyses

we do this by including birth-year dummy variables.

The overall choice of variables is in part motivated by previous studies such as

Abrevaya and Dahl (2008) and Koenker and Hallock (2001). Some results are therefore

comparable, and may confirm previous findings. To analyse the effect of maternal

smoking, we use data on smoking both during and before pregnancy, allowing for

smoke to have a causal effect in different ways. This approach differs from previous

studies and relates to the discussion of whether “last-minute” intervention could be

effective.
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Table 1.5. Descriptive statistics for the Aarhus Birth Cohort.

1st child 2nd child 3rd child 4th child

Variable Mean Std.dev. Mean Std.dev. Mean Std.dev. Mean Std.dev.

Birthweight 3503.82 (534.17) 3650.23 (531.20) 3674.22 (554.12) 3624.56 (547.75)
Smoked during 0.14 0.13 0.16 0.21
Smoked before 0.30 0.24 0.25 0.28
Drink 0.04 0.03 0.04 0.03
Birth control pills 0.26 0.16 0.14 0.11
Complications 0.22 0.25 0.28 0.26
Doctor visits 3.07 3.00 2.94 2.80
Prenatal visits 5.17 4.74 4.56 4.47
Test tube baby 0.02 0.01 0.00 0.01
Diabetes 0.01 0.01 0.02 0.03
Income 107.04 (40.65) 135.62 (105.72) 149.39 (67.37) 151.94 (50.48)
Unemployment benefits 6.43 (17.41) 6.97 (18.57) 6.29 (17.98) 4.37 (14.52)
Home size 93.64 (45.20) 112.74 (44.26) 125.59 (43.71) 131.47 (44.26)
Married 0.43 0.65 0.76 0.72
Student 0.23 0.14 0.09 0.08
Education cat. 0 0.01 0.01 0.01 0.01
Education cat. 1 0.13 0.12 0.17 0.29
Education cat. 2 0.49 0.42 0.37 0.32
Education cat. 3 0.05 0.06 0.04 0.03
Education cat. 4 0.18 0.23 0.25 0.21
Education cat. 5 0.05 0.04 0.03 0.02
Education cat. 6 0.09 0.12 0.12 0.10
Education cat. 7 0.00 0.01 0.01 0.01
Height 168.56 (6.04) 168.57 (6.07) 168.20 (6.03) 167.36 (5.95)
Weight 63.92 (10.83) 65.24 (11.89) 65.79 (12.37) 65.71 (12.40)
Age 27.57 (3.75) 30.34 (3.82) 32.47 (3.83) 33.99 (4.18)
Male child 0.51 0.50 0.51 0.52

Birthweight quantiles

Quantile 1st child 2nd child 3rd child 4th child

10% 2880 3030 3030 3002
25% 3200 3330 3350 3300
50% 3500 3650 3660 3650
75% 3850 4000 4020 3990
90% 4150 4300 4350 4288
Observations 6642 7416 2181 363

1.4 Results

We consider our main estimation results to be the CRE estimates; especially those

for the unbalanced panel and the CREM specification. From an economic policy

perspective, the interpretation of the CRE estimates seems most appropriate: to the

politician unobserved individual effects should be part of the unexplained ranking or

distribution mechanism, yet for estimation purposes some notion of random assign-

ment is called for to take into account the dependence between the unobserved and

included covariates. Also, the CRE estimators are not cursed by incidental parameters.
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Their specifications give no reason why they should be, and indeed our simulations

confirmed their good performance, also for short panels.

The FE estimators, on the other hand, are questionable in such a setting. We give

some insight into some bounds for some available calibration options and argue

that, even though the estimators are cursed, they seem to lead to conclusions that

are difficult to refute.

Investigating the alleged negative effects of smoking behavior on birthweight

outcomes is a prime objective in this analysis. Therefore we initiate the presentation

of our results with a detailed discussion of the matter, using evidence from our battery

of estimators, after which we elaborate on some of our other findings.

Table 1.6 summarizes the results for the smoked during variable as estimated

by a variety of methods. These surely have one thing in common: a statement that

prenatal smoking do not have negative direct effects on birthweight would be hard to

justify, given the evidence from any of the estimators.

Consider first the results for the unbalanced data set.7 Overall, the cross-section

estimates provide the largest estimates (in absolute value) of the smoking effect.

This holds, not only for the methods and calibrations shown here, but for all the

many variations we have tried. The CREM “correction” estimates, S(CREM), absorbs

an increasing part of the large effect alleged by a pure cross-section estimator, the

further we move to the right in the birthweight distribution. This indicates that in

the left tail, where we then have the largest adverse effect smoke during pregnancy,

dependence between smoke and unobserved individual effects does not interfere

much. Supposedly, there is more such “joint dependence” with birthweight at the

larger quantiles. This supports a conclusion that smoking is more severe where it

hurts the most: where babies are already prone to be low achievers when it comes

to birthweight. In fact, all estimators except for 2SFE, lead to the conclusion that the

adverse effect relative to birthweight is increasing to the left in the distribution when

comparing point estimates to birthweight quantiles reported in Table 1.5. The 2SFE

estimator here predicts a constant relative effect.

The KFE estimator can generally be calibrated to give results that lie between

those of a pure dummy-variable estimator and a pure cross-section estimator. We will

shortly discuss this in a little more detail. In our application, a pure dummy-variable

regression is numerically infeasible. Letting λ→ 0 to approach the dummy-variable

estimates, we learn that the effect of smoking decreases in absolute value. No value

of λ, however, leads to effects of smoking as small as claimed by the 2SFE estimator.

The value of λ is non-negligible, and we are not aware of a practical rule for choosing

it appropriately. However, our simulations confirm that the performance of the KFE

estimator can be calibrated to outperform the 2SFE estimator. Since the latter acts

like a lower bound in our case, there is strong evidence that there are significant direct

7For all our estimations we have used a blocked pairwise subsampling bootstrap, as deemed appropri-
ate by Abrevaya and Dahl (2008). The idea is that when sampling a mother, all her births are included to
deal with the dependence in the observations.
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Table 1.6. Results for smoked during from a selection of estimators. The S(·)-results are for the
added CRE variables constructed from repeated measurements of smoke during (see the last
part of Section 1.2). For the KFE estimates, λ refers to the penalty parameter, and “post. est” is
where the model is re-estimated without penalty and zero-FE-terms.

Estimates for smoked during Quantile Regressions

10% 25% 50% 75% 90%

U
n

b
al

an
ce

d
d

at
a

CS -188.063 *** -181.629 *** -169.165 *** -177.479 *** -200.441 ***

(28.681) (22.116) (18.526) (21.528) (27.491)

CREM -190.485 *** -112.107 *** -75.991 *** -90.337 *** -2.081
(49.047) (35.800) (27.952) (34.573) (49.101)

S(CREM) 1.511 -81.205 * -118.446 *** -118.538 *** -224.515 ***

(60.811) (47.264) (36.936) (44.050) (57.950)

KFE(5), λ= 0.8 -161.989 *** -163.087 *** -155.812 *** -148.444 *** -167.575 ***

(26.249) (18.478) (16.592) (19.996) (24.541)

KFE(5), λ= 0.8, post-est. -162.821 *** -156.776 *** -146.783 *** -186.265 *** -183.513 ***

(32.061) (24.873) (24.113) (25.319) (32.148)

2SFE -70.869 *** -83.486 *** -99.452 *** -104.189 *** -108.669 ***

(26.305) (21.007) (19.840) (20.379) (24.320)

B
al

an
ce

d
d

at
a

CREM -247.002 *** -154.444 *** -88.071 *** -110.895 *** 3.708
(54.908) (39.487) (32.845) (41.679) (59.003)

S(CREM) 76.550 -24.508 -98.878 ** -81.969 -214.324 ***

(67.040) (48.564) (39.680) (50.903) (69.351)

AD -231.362 *** -174.003 *** -57.873 -126.478 *** 12.694
(58.602) (39.997) (35.973) (44.777) (61.797)

S1(AD) 34.427 17.522 -52.118 * 19.774 -32.024
(48.437) (33.175) (30.156) (36.824) (51.533)

S2(AD) 37.590 -21.545 -77.352 ** -88.525 ** -184.486 ***

(48.435) (37.411) (34.246) (41.459) (54.086)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.

adverse effects from smoke during pregnancy, also from a fixed effects perspective.

However, there is much uncertainty about how adverse. The choice λ= 0.8, for which

the results are reported in the table, penalizes to a degree where 30% of the mothers

share intercept, and the remaining 70% are sufficiently different to get their own.

Re-estimating the selected model has a more pronounced effect in the right tail. An

argument for re-estimation is that the penalty affects the non-zero FE terms, whereas

an argument against re-estimation is to preserve some degree of control over the size

of estimated individual effects.

In the lower part of Table 1.6, we provide CRE results from the smaller balanced

panel. We include this mainly to show that the AD and CREM specifications give very

similar estimates, justifying the more simple CREM specification of S which then
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allows for the inclusion of more observations given by the unbalanced panel. The

point estimates for the balanced panel indicate a slightly larger effect, compared to

the unbalanced one, even though we cannot deem them statistically different. One

explanation, however, could be that mothers who give birth to unhealthy babies (in

terms of low birthweight) choose not to get a third or fourth child, this resulting in

some kind of sample selection issue. This would again point to the unbalanced panel

as the more appropriate.

A general point that we need to emphasize is that even at the first decile births

are not categorised as low birthweight (often defined as 2,500 grams), cf. Table 1.5.

Unfortunately, it is not possible to obtain reasonable results for lower quantiles due

to the very few extreme observations. However, it does not seem reasonable to expect

the adverse effects of smoking to diminish as we move into the extreme left of the

distribution. In fact, the trend in the CRE models suggests exactly the opposite. To

illustrate the trend visually we have plotted point CRE estimates for a whole range of

quantiles in Figure 1.3 (left panel). For comparison we show some FE estimates in the

right panel. As KFE(k) estimations are problematic for such a “grid”, we use a KFE(1)

specification. The right panel, where we also include the cross-section estimates, also

serves to illustrate how estimates move as a function of λ.

Figure 1.3. Smoke during estimates plotted for a grid of quantile indices and estimators. The
gray areas show the bootstrapped 90% and 95% confidence intervals.
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To add a little insight into what happens when varying λ, we consider the KFE(5)

point estimates for smoked during and the ratio of FE terms shrunken to zero as a

function of λ. We present this sensitivity analysis in Figure 1.4. The top panel shows

how the effect decreases at all quantiles as we penalize more. The trend stops at

λ≈ 1.6 where the bottom panel shows that almost all FE terms are set to zero. We also

show the penalized ratio for KFE(1). It seems that FE terms are (fully) affected by the

penalty in chunks. This feature is most pronounced for KFE(1), and it appears that

this effect is smoothed out for KFE(k) as k increases.

Our analysis, of course, also includes data on whether the mothers smoked before

their pregnancies. Interestingly, however, this seems to be unimportant when it

comes to birthweight: no estimators find noteworthy significance. We therefore do

not present a similar discussion for this variable, although some results can be found

in the appendix. We find the absence of statistical significance a very important and

quite comforting result. It suggests that smoking behavior prior to pregnancy is not

crucial for birthweight outcome, and it gives future mothers who are smoking a very

good argument to quit in time. Intervention policy can therefore prove profitable,

as reducing the number of low birthweight babies reduces both monetary as well as

socio-economic costs.

Maternal smoking is also one of the prime interests in the study by Abrevaya and

Dahl (2008), which is based on American data, more specifically natality data from

Washington and Arizona. In their study they only have a smoke variable comparable

to our smoked during, but for this variable they also find significant negative effects.

However, their findings suggest somewhat less severe effects, in the range around

−80 to −60 grams. Whether this can in fact be attributed to actual differences or is

a consequence of measurement error is hard to say, but the latter could perhaps

be attributed to smoking being less of a taboo in Denmark, which could lead to a

lower degree of misreporting. Furthermore, they find that cross sectional estimates

exaggerate the effect of smoking even more than in this case.

In addition to the variables pertaining to maternal smoking our analysis also

contains a number of other interesting variables. A set of results for the CREM model

using the unbalanced dataset is given in Table 1.7. Again, we will focus on these

results and only consider those from the other models on a few occasions. A complete

set of results for all the models is available in the appendix. For the CRE-specifications

we use all variables that vary from birth to birth to construct Sm , except education

and year dummy-variables. The variables height and diabetes do not vary in our

sample and are therefore not used, either for Sm or in the fixed effects model.

One behavioural aspect which receives great attention, especially related to preg-

nancies, and which is the subject of much societal debate, is drinking habits. This is

also a topic where policy is conducted in the attempt to affect people’s behaviour, e.g.

taxes and age restrictions on the purchase of alcohol. In the light of the strong belief

that alcohol intake during pregnancy has negative health implications on the foetus,
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Table 1.7. Results for the CREM estimation using the unbalanced data set. Insignificant variables
are not reported here but in the appendix. These are: smoked before, drink, doctor visits, income,
unemployment benefits, home size, married, and all education categories. Dummy variables for
birth year are mostly significant but removed from this table in the interest of space. Results for
the constructed CRE variable (i.e. those in Sm ) can be found in the appendix. The OLS estimates
are from a Mundlak regression with the projection being the same as Sm .

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during -190.485 *** -112.107 *** -75.991 *** -90.337 *** -2.081 -94.897 ***

(49.047) (35.800) (27.952) (34.573) (49.101) (23.618)

Birth control pills -27.853 -52.478 *** -28.928 ** -21.657 -19.116 -33.813 ***

(25.097) (18.130) (14.118) (16.678) (22.708) (11.650)

Complications -122.386 *** -67.361 *** -46.073 *** -29.562 ** -11.029 -65.723 ***

(24.632) (16.595) (12.271) (14.727) (21.520) (10.636)

Prenatal visits 109.582 *** 90.162 *** 77.477 *** 80.245 *** 73.484 *** 64.011 ***

(11.583) (5.906) (4.583) (5.080) (6.969) (11.670)

Test tube baby -2.683 64.214 30.674 -57.277 -251.771 *** -34.417
(108.153) (70.387) (61.737) (63.434) (86.622) (46.240)

Diabetes 181.554 * 217.704 *** 280.896 *** 315.398 *** 373.631 *** 282.529 ***

(94.004) (70.214) (55.456) (62.333) (88.341) (54.962)

Student 20.743 4.311 1.137 10.260 51.933 * 17.787
(31.961) (22.674) (21.060) (22.319) (29.430) (15.434)

Height 6.662 *** 8.423 *** 10.489 *** 11.419 *** 11.183 *** 10.269 ***

(1.525) (1.088) (0.975) (1.074) (1.320) (0.906)

Weight 5.722 2.412 -8.622 2.040 23.161 ** 7.950
(14.546) (9.823) (8.403) (8.182) (11.050) (6.514)

Weight2 -0.026 0.008 0.063 -0.010 -0.127 * -0.036
(0.099) (0.066) (0.058) (0.054) (0.071) (0.043)

Age -40.769 -24.258 -19.409 -29.653 * -0.204 -14.971
(30.152) (20.280) (16.161) (17.768) (26.393) (14.840)

Age2 0.867 * 0.516 0.402 0.465 0.065 0.333
(0.467) (0.319) (0.256) (0.285) (0.420) (0.236)

Second child 177.725 *** 162.143 *** 150.112 *** 175.701 *** 156.739 *** 162.162 ***

(21.562) (14.632) (12.540) (14.267) (19.457) (11.515)

Third child 213.334 *** 191.121 *** 190.076 *** 252.706 *** 231.066 *** 209.153 ***

(33.522) (24.012) (22.312) (24.301) (31.575) (20.485)

Fourth child 172.238 *** 182.380 *** 181.915 *** 233.246 *** 202.214 *** 191.631 ***

(56.800) (41.156) (37.683) (40.316) (51.240) (34.217)

Male child 121.921 *** 128.415 *** 137.299 *** 162.926 *** 186.615 *** 145.904 ***

(16.220) (12.039) (10.115) (12.611) (16.705) (8.042)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.
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Figure 1.4. The top panel shows the KFE(5) estimates for smoked during as the penalty param-
eter λ varies. The bottom panel shows the ratio of FE-terms shrunken to zero because of the
penalty as a function of λ.
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it seems puzzling that these estimations show no significance in the CREM model and

no or very little in the other models considered. There could be many reasons why no

significance shows up in our results, one of which could be measurement or reporting

errors. Even so, drinking may be the cause of many other health implications which

are not related to birthweight.
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In the behaviour category we also have the variable birth control pills. As men-

tioned earlier this can be thought to proxy for whether the pregnancy was planned or

not. We do see some signs of significance for this variable, but the extent of this varies

between models. However, in general the point estimates are negative as would be

expected if it indeed acts as a proxy for unwanted pregnancies.

In the health category of variables we have three variables which show clearly

significant effects. Prenatal visits are of special interest since it is a preventive measure

intended to ensure good health of the foetus, and therefore its effect is of great interest

to policy makers. The main problem with prenatal visits, however, is that there may be

two reasons for consulting a midwife, either as a routine/precautionary measure or

because of complications. It is not possible to directly distinguish between these two

effects of the variable. Therefore the estimations also include complications, which in

part controls for this, thus leaving us with the preventive effect. We see that prenatal

visits are significant, indicating a positive preventive effect. Further, complications

have a significant negative effect as would be expected. However, this variable is

problematic, as indicated in the last section, since it includes cases of intrauterine

growth restrictions, which may be one of the channels through which smoking re-

duces birthweight. It is not possible to separate out this part of the variable, and

consequently as a robustness check regressions have been run without complications.

The resulting outcome had only minor changes in the point estimates and did not

alter any conclusions. On this basis it is concluded that the prevalence of intrauterine

growth restrictions does not constitute a problem for the interpretation of the results,

in particular those for smoked during.

The last significant variable in this category is diabetes, which has a positive effect

on the right tail of the birthweight distribution. This is in accordance with the medical

literature, where diabetes is commonly accepted as a birthweight-increasing factor.

Finally, both doctor visits and test tube baby show only little significance in the CREM

model. In a few cases, they show moderate significance in the fixed effects models.

The former can be thought of as a general measure of the mother’s health. However,

it is hard to say how good a proxy it really is, since it represents, not only birth-related

health, but also general illness or even hypochondria. The fact that the latter is mostly

insignificant need not say anything about causality, but may be due to a very small

number of test tube babies in the sample.

The variables in the wealth and socio-economic categories are in general all in-

significant. We do, however, see two exceptions. First, the variable student is mostly

significant in the fixed effects models, which is in contrast to the CRE models. Second,

the education variables do show moderate signs of significance in some of the fixed

effects specifications, but there is not any general consensus on the significance

between the models. That these categories are largely unimportant is not particularly

unexpected when considering the welfare system in Denmark, where the social bene-

fits available in general (and to mothers in particular) are quite generous. This is in



28 CHAPTER 1. HEADLIGHTS ON TOBACCO ROAD TO LOW BIRTHWEIGHT OUTCOMES

contrast to the results from e.g. Abrevaya and Dahl (2008). They find, for instance,

that marital status is highly significant. A reason for this difference could be that

America has a substantial social gap compared to Denmark. This will undoubtedly

have consequences for unmarried mothers in America, who do not have the same

social benefits as offered in Denmark. Another, perhaps more subtle reason could be

the extent to which marriage can proxy for unobserved characteristics or ability of

women. The choice of why and when to get married may be culturally dependent,

which is supported by the descriptive statistics. There is quite a difference in propor-

tions of pregnancies in and out of wedlock in their American data and our Danish

data, which suggests that it is more uncommon to have children out of wedlock in

America. When combined, these arguments may be used to explain why the Ameri-

can data suggest that marriage has a positive effect and no such evidence is found in

the Danish data.

Abrevaya and Dahl also find that education has a significant effect, while we find

little evidence of such an effect. This could very well be due to the costs associated

with education in America. This is in contrast to Denmark where education is free.

The variable may therefore proxy for wealth status which, as argued before, seems

irrelevant in Denmark.

The mother’s characteristics are largely insignificant in the “main” terms of the

CREM specification (those in Xmb). The augmented CRE terms, however, do show

some significance (those in Sm). This could be interpreted as a “part” of the het-

erogeneity, e.g. for weight: the overall stature of the mother can be more important

than birth-specific fluctuations. Height, is highly significant. However, no extra CRE

variable is constructed for height because it is birth-invariant. The fact that the height

and weight variables are significant, for one part of the specification or the other,

seems very natural. What is puzzling, though, is that age does not appear to have

much significance. Abrevaya and Dahl (2008) find a significant effect of age, and the

literature suggests that there is an optimal age, see e.g. Royer (2004).

For these variables the fixed effects models differ considerably. First, because

height is birth invariant it cannot be included in these models and should instead

be captured by the fixed effect. Second, weight is in most cases significant. This is to

be expected as it cannot be captured by the fixed effects, but will most likely affect

birthweight. Finally, age does show moderate signs of significance in some of the

fixed effects specifications, but not to a degree where we are confident enough to

draw any firm conclusions.

Regarding child characteristics, we find that the parity variables second, third and

fourth child, and male child are significant and positive across all quantiles. This is to

be expected since it is generally acknowledged that the birthweight of male children

is higher on average, and that birthweight increases with parity of the mother. This

confirms the results of previous studies.
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1.5 Concluding remarks

In this paper we have found strong evidence that smoking during pregnancy has

adverse consequences for birthweight outcomes. The documented connection be-

tween babies’ birthweight and their overall health, along with the costs associated

with low birthweight, makes this a very important result. The effect appears to worsen

the further one moves to the left in the birthweight distribution, especially when

measured relative to birthweight at the corresponding quantiles.

The significant effect of smoking has been documented before, but we add to

these results in several ways. The richness of the applied data set allowed us to control

for many potentially important characteristics which were not included in previous

studies. Furthermore, we use several estimators and provide a detailed discussion

of their differences in interpretation and performance. Given the results from this

battery of estimators, the adverse effect of smoking on birthweight seems irrefutable,

regardless of estimation approach and which of the two discussed interpretations is

desired for the estimated coefficients.

As icing on the cake, our analysis used information on smoking behavior prior

to pregnancy, allowing for a separation of effects. Only smoking during pregnancy

has a pronounced significant effect, a result speaking for intervention campaigns as

a worthwhile activity.

1.6 Acknowledgements

We are grateful Jason Abrevaya, Niels Haldrup, Marianne Simonsen, Chiara Orsini,

Ulrich Kaiser, Tine B. Henriksen, and Kirsten Wisborg for helpful comments. Lise V.

Hansen offered invaluable assistance by providing access to the data from Aarhus

University Hospital, Skejby. The terms of the data-sharing agreements do not allow

release of these data. However, codes for estimation in R are available from the corre-

sponding author upon request. We would also also like to thank Roger Koenker for

useful discussion and for writing the quantreg package for R that was used as starting

point for the quantile estimations in this paper. The authors gratefully acknowledge

financial support from the Danish Social Sciences Research Council (grant 275-06-

0105) and the Center for Research in Econometric Analysis of Time Series, CREATES,

funded by The Danish National Research Foundation.



30 CHAPTER 1. HEADLIGHTS ON TOBACCO ROAD TO LOW BIRTHWEIGHT OUTCOMES

1.7 Appendix

Simulation results

Table 1.8. Bias and root mean squared error (rmse) for simulation of (1.23) with γ= 0, i.e. no

scale effect of the individual effects.

B = 2 B = 3 B = 5

τ M = 499 M = 999 M = 499 M = 999 M = 499 M = 999

C
ro

ss
-s

ec
ti

o
n

F
E

ta
rg

et

0.25 −0.3380 −0.3402 −0.3412 −0.3443 −0.3435 −0.3405
(0.3713) (0.3561) (0.3618) (0.3538) (0.3560) (0.3467)

0.50 −0.3724 −0.3740 −0.3755 −0.3718 −0.3718 −0.3722
(0.3968) (0.3867) (0.3920) (0.3808) (0.3813) (0.3770)

0.75 −0.4321 −0.4344 −0.4310 −0.4282 −0.4186 −0.4245
(0.4598) (0.4468) (0.4489) (0.4373) (0.4301) (0.4303)

D
u

m
m

y
re

gr
es

si
o

n

0.25 0.6717 0.6626 0.3531 0.3474 0.1438 0.1431
(0.6980) (0.6770) (0.3813) (0.3619) (0.1763) (0.1595)

0.50 −0.0028 −0.0119 −0.0047 −0.0055 −0.0035 −0.0053
(0.1898) (0.1395) (0.1272) (0.0904) (0.0865) (0.0645)

0.75 −0.6773 −0.6864 −0.3596 −0.3598 −0.1438 −0.1475
(0.7033) (0.7003) (0.3877) (0.3736) (0.1752) (0.1645)

K
F

E
3

0.25 −0.0873 −0.0958 −0.0493 −0.0513 −0.0927 −0.0911
(0.1872) (0.1486) (0.1283) (0.0981) (0.1322) (0.1129)

0.50 −0.1391 −0.1425 −0.1534 −0.1530 −0.1426 −0.1444
(0.2089) (0.1818) (0.1887) (0.1722) (0.1641) (0.1560)

0.75 −0.3664 −0.3694 −0.2452 −0.2396 −0.1828 −0.1889
(0.3977) (0.3852) (0.2753) (0.2547) (0.2062) (0.2009)

K
F

E
3

Po
st

es
t.

0.25 0.0877 0.0807 0.1105 0.1081 0.0614 0.0600
(0.1967) (0.1425) (0.1682) (0.1421) (0.1157) (0.0905)

0.50 −0.0224 −0.0321 −0.0474 −0.0430 −0.0253 −0.0269
(0.1821) (0.1357) (0.1264) (0.0951) (0.0875) (0.0676)

0.75 −0.2531 −0.2582 −0.2052 −0.2002 −0.1040 −0.1086
(0.3030) (0.2844) (0.2476) (0.2207) (0.1431) (0.1279)

K
F

E
1

0.25 −0.1993 −0.2071 −0.1275 −0.1322 −0.1027 −0.1006
(0.2582) (0.2368) (0.1725) (0.1542) (0.1395) (0.1207)

0.50 −0.2239 −0.2315 −0.1827 −0.1818 −0.1331 −0.1344
(0.2615) (0.2520) (0.2144) (0.1989) (0.1570) (0.1477)

0.75 −0.3690 −0.3749 −0.2996 −0.2943 −0.2865 −0.2934
(0.3980) (0.3902) (0.3247) (0.3066) (0.3009) (0.3008)
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Table 1.8. Bias and root mean squared error (rmse) for simulation of (1.23) with γ= 0, i.e. no

scale effect of the individual effects (continued).

B = 2 B = 3 B = 5

τ M = 499 M = 999 M = 499 M = 999 M = 499 M = 999

2S
F

E

0.25 0.3921 0.3844 0.2598 0.2551 0.1563 0.1553
(0.4285) (0.4014) (0.2882) (0.2707) (0.1844) (0.1687)

0.50 −0.0020 −0.0110 −0.0208 −0.0210 −0.0259 −0.0267
(0.1640) (0.1169) (0.1162) (0.0844) (0.0879) (0.0664)

0.75 −0.4036 −0.4080 −0.3004 −0.2981 −0.1961 −0.2005
(0.4355) (0.4249) (0.3262) (0.3101) (0.2155) (0.2104)

C
ro

ss
-s

ec
ti

o
n

C
R

E
ta

rg
et

0.25 −0.3825 −0.3848 −0.3858 −0.3889 −0.3881 −0.3851
(0.4123) (0.3989) (0.4042) (0.3973) (0.3992) (0.3906)

0.50 −0.3724 −0.3740 −0.3755 −0.3718 −0.3718 −0.3722
(0.3968) (0.3867) (0.3920) (0.3808) (0.3813) (0.3770)

0.75 −0.3875 −0.3898 −0.3864 −0.3836 −0.3740 −0.3799
(0.4182) (0.4036) (0.4063) (0.3937) (0.3869) (0.3864)

C
R

E
M

0.25 −0.0164 −0.0253 −0.0225 −0.0247 −0.0210 −0.0185
(0.2063) (0.1416) (0.1439) (0.1029) (0.1020) (0.0739)

0.50 −0.0004 −0.0092 −0.0103 −0.0073 −0.0062 −0.0071
(0.1749) (0.1237) (0.1290) (0.0916) (0.0904) (0.0638)

0.75 −0.0018 −0.0052 0.0048 0.0057 0.0144 0.0093
(0.2017) (0.1398) (0.1431) (0.1030) (0.1045) (0.0745)

A
D

0.25 −0.0126 −0.0247 −0.0217 −0.0227 −0.0191 −0.0181
(0.2028) (0.1399) (0.1432) (0.1029) (0.1021) (0.0728)

0.50 0.0005 −0.0093 −0.0086 −0.0077 −0.0066 −0.0071
(0.1723) (0.1237) (0.1287) (0.0919) (0.0905) (0.0635)

0.75 −0.0066 −0.0060 0.0028 0.0062 0.0127 0.0095
(0.2018) (0.1391) (0.1424) (0.1026) (0.1046) (0.0749)
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Table 1.9. Bias and root mean squared error (rmse) for simulation of (1.23) with γ= 1, i.e. the

individual effects have scale effects.

B = 2 B = 3 B = 5

τ M = 499 M = 999 M = 499 M = 999 M = 499 M = 999
C

ro
ss

-s
ec

ti
o

n
F

E
ta

rg
et

0.25 −0.1453 −0.1508 −0.1465 −0.1493 −0.1482 −0.1487
(0.1853) (0.1688) (0.1739) (0.1641) (0.1671) (0.1591)

0.50 −0.4118 −0.4218 −0.4112 −0.4131 −0.4159 −0.4170
(0.4326) (0.4307) (0.4252) (0.4205) (0.4240) (0.4213)

0.75 −0.5625 −0.5662 −0.5608 −0.5582 −0.5664 −0.5645
(0.5855) (0.5777) (0.5774) (0.5665) (0.5753) (0.5698)

D
u

m
m

y
re

gr
es

si
o

n

0.25 0.6746 0.6619 0.4037 0.4078 0.2317 0.2344
(0.6973) (0.6714) (0.4241) (0.4179) (0.2482) (0.2430)

0.50 −0.0000 −0.0127 −0.0027 0.0003 −0.0020 −0.0005
(0.1766) (0.1134) (0.1126) (0.0826) (0.0761) (0.0573)

0.75 −0.6744 −0.6871 −0.4076 −0.4071 −0.2327 −0.2313
(0.6971) (0.6963) (0.4270) (0.4179) (0.2478) (0.2395)

K
F

E
3

0.25 0.1404 0.1339 0.2401 0.2387 0.1974 0.2002
(0.1979) (0.1605) (0.2655) (0.2514) (0.2160) (0.2099)

0.50 −0.1861 −0.1970 −0.1769 −0.1756 −0.1575 −0.1571
(0.2367) (0.2179) (0.2049) (0.1910) (0.1745) (0.1667)

0.75 −0.5255 −0.5303 −0.4710 −0.4708 −0.4405 −0.4393
(0.5514) (0.5426) (0.4889) (0.4803) (0.4517) (0.4452)

K
F

E
3

Po
st

es
t.

0.25 0.3908 0.3829 0.3568 0.3556 0.3281 0.3289
(0.4276) (0.3999) (0.3795) (0.3667) (0.3424) (0.3363)

0.50 −0.0235 −0.0364 −0.0378 −0.0369 −0.0209 −0.0185
(0.1717) (0.1140) (0.1137) (0.0866) (0.0778) (0.0593)

0.75 −0.5240 −0.5309 −0.4238 −0.4220 −0.3684 −0.3682
(0.5515) (0.5447) (0.4442) (0.4331) (0.3797) (0.3745)

K
F

E
1

0.25 −0.0206 −0.0255 0.0462 0.0446 0.0653 0.0668
(0.1284) (0.0848) (0.1107) (0.0834) (0.1002) (0.0874)

0.50 −0.2401 −0.2503 −0.1690 −0.1690 −0.1137 −0.1118
(0.2737) (0.2633) (0.1992) (0.1855) (0.1363) (0.1257)

0.75 −0.5009 −0.5108 −0.4130 −0.4143 −0.4239 −0.4217
(0.5255) (0.5229) (0.4299) (0.4235) (0.4341) (0.4272)

2S
F

E

0.25 0.5075 0.5054 0.3986 0.3962 0.2813 0.2839
(0.5331) (0.5167) (0.4157) (0.4048) (0.2940) (0.2902)

0.50 −0.0004 −0.0091 −0.0226 −0.0220 −0.0273 −0.0270
(0.1585) (0.1052) (0.1112) (0.0823) (0.0799) (0.0611)

0.75 −0.5913 −0.5983 −0.5150 −0.5165 −0.4201 −0.4197
(0.6162) (0.6104) (0.5314) (0.5256) (0.4294) (0.4250)

C
ro

ss
-s

ec
ti

o
n

C
R

E
ta

rg
et

0.25 −0.2084 −0.2139 −0.2095 −0.2124 −0.2113 −0.2118
(0.2380) (0.2269) (0.2296) (0.2230) (0.2249) (0.2192)

0.50 −0.3865 −0.3965 −0.3859 −0.3878 −0.3906 −0.3918
(0.4087) (0.4060) (0.4008) (0.3957) (0.3992) (0.3963)

0.75 −0.5083 −0.5120 −0.5066 −0.5040 −0.5122 −0.5104
(0.5336) (0.5247) (0.5250) (0.5132) (0.5220) (0.5162)
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Table 1.9. Bias and root mean squared error (rmse) for simulation of (1.23) with γ= 1, i.e. the

individual effects have scale effects (continued).

B = 2 B = 3 B = 5

τ M = 499 M = 999 M = 499 M = 999 M = 499 M = 999

C
R

E
M

0.25 −0.0061 −0.0116 −0.0107 −0.0126 −0.0256 −0.0243
(0.1600) (0.1084) (0.1138) (0.0802) (0.0853) (0.0649)

0.50 −0.0217 −0.0310 −0.0118 −0.0095 −0.0066 −0.0081
(0.1890) (0.1255) (0.1254) (0.0945) (0.0911) (0.0657)

0.75 −0.0002 −0.0084 −0.0031 −0.0048 −0.0144 −0.0103
(0.2146) (0.1518) (0.1538) (0.1107) (0.1075) (0.0784)

A
D

0.25 −0.0076 −0.0137 −0.0129 −0.0132 −0.0232 −0.0231
(0.1586) (0.1056) (0.1161) (0.0803) (0.0842) (0.0646)

0.50 −0.0201 −0.0271 −0.0115 −0.0094 −0.0059 −0.0089
(0.1889) (0.1243) (0.1274) (0.0939) (0.0901) (0.0659)

0.75 0.0010 −0.0063 −0.0017 −0.0053 −0.0149 −0.0103
(0.2167) (0.1513) (0.1491) (0.1102) (0.1072) (0.0792)
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Empirical results

Table 1.10. Estimation results from the AD model using the balanced dataset. Main variables.

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during -231.362 *** -174.003 *** -57.873 -126.478 *** 12.694 -109.920 ***

(58.602) (39.997) (35.973) (44.777) (61.797) (27.174)

Smoked before -14.954 -9.730 -14.592 -21.266 -32.916 -17.915
(45.387) (32.215) (26.704) (32.912) (47.865) (21.165)

Drink 2.451 -14.800 -34.876 -70.408 * -59.946 -56.370 *

(62.183) (46.010) (37.541) (40.433) (54.935) (30.156)

Birth control pills -34.450 -53.682 *** -30.988 * -19.569 -22.692 -33.379 ***

(27.588) (18.999) (17.313) (19.016) (27.585) (12.648)

Complications -100.794 *** -61.137 *** -26.939 * -23.624 2.355 -54.648 ***

(30.312) (20.413) (14.485) (17.466) (24.221) (13.054)

Doctor visits 6.119 18.112 * 16.192 ** 11.760 8.599 15.857 *

(12.870) (9.804) (8.155) (8.255) (11.528) (8.399)

Prenatal visits 92.698 *** 84.246 *** 74.827 *** 74.228 *** 79.509 *** 55.543 ***

(15.312) (8.311) (5.941) (5.990) (7.938) (13.689)

Test tube baby 20.611 -27.565 -0.812 -40.657 -181.511 * -54.088
(127.855) (79.473) (65.856) (73.092) (97.172) (50.084)

Diabetes 103.043 150.006 * 256.696 *** 285.550 *** 282.415 *** 221.760 ***

(121.416) (84.986) (70.130) (63.294) (95.084) (68.298)

Income -0.080 -0.016 -0.122 -0.048 -0.100 -0.114
(0.365) (0.270) (0.221) (0.255) (0.347) (0.178)

Unemp. benefits -0.430 -0.112 0.034 -0.220 -0.190 -0.328
(0.612) (0.457) (0.373) (0.428) (0.596) (0.298)

Home size -0.255 -0.316 0.138 0.115 0.039 -0.114
(0.275) (0.219) (0.204) (0.255) (0.306) (0.154)

Married -2.424 -2.771 -3.197 13.586 -29.501 9.930
(32.435) (24.068) (18.997) (22.819) (30.852) (15.214)

Student 1.707 5.730 9.500 27.206 38.908 11.019
(38.078) (25.659) (21.703) (25.454) (35.496) (16.583)

Height 6.879 *** 9.110 *** 10.965 *** 11.956 *** 11.858 *** 10.711 ***

(1.676) (1.242) (1.095) (1.185) (1.496) (1.009)

Weight 14.741 6.959 8.628 11.938 18.380 14.603 *

(19.519) (13.179) (11.240) (11.493) (14.762) (8.772)

Weight2 -0.088 -0.016 -0.051 -0.080 -0.092 -0.085
(0.134) (0.091) (0.077) (0.078) (0.099) (0.060)

Age -20.490 -14.207 -44.707 ** -55.060 ** -59.251 -51.252 ***

(44.525) (29.026) (21.477) (24.239) (36.313) (18.965)

Age2 0.446 0.272 0.801 ** 0.940 ** 1.034 * 0.943 ***

(0.689) (0.463) (0.348) (0.390) (0.588) (0.303)
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Table 1.10. Estimation results from the AD model using the balanced dataset. Main variables

(continued).

Quantile Regressions

10% 25% 50% 75% 90% OLS

Second child 172.737 *** 176.777 *** 161.944 *** 167.637 *** 173.776 *** 161.824 ***

(38.773) (25.237) (20.194) (22.451) (32.241) (18.413)

Male child 122.307 *** 143.390 *** 142.821 *** 174.666 *** 204.769 *** 152.488 ***

(19.951) (14.244) (12.124) (13.834) (18.670) (9.888)

Education Cat. 1 89.874 -88.905 -50.289 14.492 47.121 -42.019
(117.650) (82.602) (59.506) (65.153) (79.828) (57.275)

Education Cat. 2 127.210 -45.128 10.293 77.617 140.297 * 30.576
(112.123) (80.818) (58.588) (63.556) (78.042) (56.087)

Education Cat. 3 143.775 -16.251 -9.094 68.587 129.169 30.857
(119.275) (82.667) (62.246) (68.082) (84.486) (59.790)

Education Cat. 4 142.865 -34.228 19.312 110.734 * 141.894 * 43.511
(113.361) (80.779) (59.365) (65.097) (80.660) (58.183)

Education Cat. 5 179.570 -1.531 14.288 91.657 168.319 * 54.905
(119.177) (81.216) (61.821) (67.131) (86.391) (60.299)

Education Cat. 6 168.811 -1.022 30.895 91.665 156.424 * 61.238
(115.427) (83.092) (60.580) (65.951) (83.129) (58.816)

Education Cat. 7 214.014 23.381 38.629 154.758 123.545 68.702
(160.280) (120.056) (95.431) (104.422) (110.882) (89.514)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.
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Table 1.11. Estimation results from the AD model using the balanced dataset. CRE added

variables.

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during (i) 34.427 17.522 -52.118 * 19.774 -32.024 -17.594
(48.437) (33.175) (30.156) (36.824) (51.533) (26.501)

Smoked during (ii) 37.590 -21.545 -77.352 ** -88.525 ** -184.486 *** -71.036 **

(48.435) (37.411) (34.246) (41.459) (54.086) (31.282)

Smoked before (i) 21.684 28.449 12.392 -6.865 18.485 18.441
(33.333) (26.032) (22.050) (26.626) (38.512) (18.975)

Smoked before (ii) -4.789 16.983 12.363 52.183 * 54.067 23.716
(39.965) (30.875) (27.373) (30.820) (42.059) (23.153)

Drink (i) 8.472 -15.287 -9.150 17.372 -7.084 14.925
(45.042) (43.505) (37.213) (42.717) (52.395) (30.150)

Drink (ii) -43.062 17.824 54.152 12.678 -6.692 34.730
(55.961) (45.819) (35.595) (39.593) (59.906) (35.509)

Birth control pills (i) -7.967 12.434 -12.738 -17.245 -26.740 -13.656
(25.764) (18.860) (16.818) (18.882) (25.430) (13.801)

Birth control pills (ii) 34.883 50.037 ** 18.906 20.941 32.899 37.296 **

(27.015) (20.325) (17.742) (18.587) (28.468) (15.719)

Complications (i) -65.146 ** -26.441 -22.255 -17.894 -11.197 -37.698 **

(26.855) (18.963) (14.585) (18.625) (24.055) (15.105)

Complications (ii) -88.984 *** -55.124 *** -31.961 ** -31.331 * -42.418 * -57.531 ***

(27.224) (20.279) (15.756) (16.976) (24.115) (14.989)

Doctor visits (i) 4.390 -2.316 1.404 -1.955 6.506 9.751
(12.360) (9.992) (8.851) (9.915) (13.147) (8.532)

Doctor visits (ii) 1.283 -3.983 -1.185 -4.714 -8.715 -3.847
(12.543) (9.229) (8.435) (8.106) (11.210) (7.503)

Prenatal visits (i) 29.114 ** 30.386 *** 36.961 *** 38.947 *** 30.897 *** 27.070 **

(12.883) (9.344) (6.827) (6.081) (7.713) (11.495)

Prenatal visits (ii) 0.370 -0.392 2.953 3.607 -0.300 0.848
(9.028) (5.291) (4.562) (5.091) (5.969) (6.655)

Test tube baby (i) 46.405 32.526 44.364 17.930 91.791 62.780
(108.364) (65.722) (53.476) (72.293) (110.727) (55.740)

Test tube baby (ii) -41.714 20.727 -30.053 78.943 147.260 * 38.015
(101.538) (82.967) (77.418) (84.050) (82.467) (62.333)

Income (i) 0.211 0.154 -0.276 -0.390 -0.390 -0.143
(0.328) (0.268) (0.243) (0.282) (0.365) (0.213)

Income (ii) 0.110 0.005 0.082 0.047 -0.001 0.083
(0.326) (0.245) (0.194) (0.198) (0.266) (0.167)

Unemp. benefits (i) -0.305 -0.689 -0.689 * -0.578 -0.780 -0.540
(0.555) (0.430) (0.388) (0.449) (0.541) (0.337)

Unemp. benefits (ii) 0.342 0.439 0.542 0.847 ** 0.719 0.727 **

(0.571) (0.479) (0.380) (0.388) (0.565) (0.328)
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Table 1.11. Estimation results from the AD model using the balanced dataset. CRE added

variables (continued).

Quantile Regressions

10% 25% 50% 75% 90% OLS

Home size (i) 0.268 0.376 * -0.071 0.208 0.183 0.192
(0.225) (0.207) (0.192) (0.228) (0.252) (0.163)

Home size (ii) 0.197 0.322 0.086 0.140 0.059 0.220
(0.269) (0.207) (0.171) (0.192) (0.271) (0.143)

Married (i) -35.504 -21.928 -2.066 -6.983 17.387 -22.931
(23.669) (19.285) (16.372) (19.568) (25.276) (15.421)

Married (ii) 10.370 -0.958 -12.085 -20.238 10.430 -3.058
(26.864) (21.047) (16.674) (19.218) (27.180) (14.911)

Student (i) 48.297 38.346 * 23.560 4.320 -2.628 23.562
(30.253) (22.501) (20.822) (25.053) (35.786) (18.565)

Student (ii) 21.763 16.683 -7.744 -12.135 -3.007 6.474
(34.996) (26.086) (22.569) (23.948) (31.045) (19.320)

Weight (i) -2.419 -6.812 -7.124 -22.844 ** -25.814 * -11.814
(16.352) (10.952) (9.852) (11.132) (13.401) (8.255)

Weight (ii) 11.216 22.988 ** 21.388 ** 26.031 *** 23.605 ** 18.239 **

(14.437) (10.603) (9.404) (9.048) (11.045) (7.457)

Weight2 (i) -0.010 0.004 0.018 0.140 * 0.153 * 0.050
(0.112) (0.075) (0.069) (0.078) (0.092) (0.057)

Weight2 (ii) -0.029 -0.109 -0.079 -0.113 * -0.110 -0.063
(0.100) (0.073) (0.065) (0.062) (0.072) (0.052)

Age (i) 34.032 -0.010 -17.079 -19.052 -20.056 -0.984
(57.090) (43.502) (32.998) (38.446) (50.820) (31.604)

Age (ii) 26.236 30.125 77.768 ** 58.312 80.949 65.563 *

(63.144) (44.987) (34.394) (38.459) (55.363) (33.800)

Age2 (i) -0.679 -0.107 0.193 0.326 0.362 -0.051
(0.998) (0.764) (0.593) (0.679) (0.920) (0.560)

Age2 (ii) -0.514 -0.461 -1.216 ** -0.947 -1.311 -1.091 **

(1.038) (0.725) (0.561) (0.636) (0.927) (0.551)

Male child (i) -18.425 -32.615 ** -25.624 * -33.839 ** -13.955 -30.625 ***

(19.717) (14.770) (13.300) (14.540) (19.145) (11.199)

Male child (ii) 11.833 -5.623 -9.206 -14.778 -51.292 *** -5.882
(19.609) (15.003) (12.137) (14.254) (18.668) (11.647)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.
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Table 1.12. Estimation results from the CREM model using the unbalanced dataset. Main

variables.

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during -190.485 *** -112.107 *** -75.991 *** -90.337 *** -2.081 -94.897 ***

(49.047) (35.800) (27.952) (34.573) (49.101) (23.618)

Smoked before -6.101 -14.429 -30.103 -36.834 -47.618 -21.863
(35.629) (27.941) (24.240) (26.244) (37.643) (19.926)

Drink 11.578 -47.183 -33.420 -45.828 -13.504 -42.091
(51.397) (37.665) (34.045) (36.649) (49.262) (26.156)

Birth control pills -27.853 -52.478 *** -28.928 ** -21.657 -19.116 -33.813 ***

(25.097) (18.130) (14.118) (16.678) (22.708) (11.650)

Complications -122.386 *** -67.361 *** -46.073 *** -29.562 ** -11.029 -65.723 ***

(24.632) (16.595) (12.271) (14.727) (21.520) (10.636)

Doctor visits 5.378 10.838 15.874 ** 11.317 -0.099 12.845 *

(10.409) (8.081) (6.916) (7.094) (10.166) (6.765)

Prenatal visits 109.582 *** 90.162 *** 77.477 *** 80.245 *** 73.484 *** 64.011 ***

(11.583) (5.906) (4.583) (5.080) (6.969) (11.670)

Test tube baby -2.683 64.214 30.674 -57.277 -251.771 *** -34.417
(108.153) (70.387) (61.737) (63.434) (86.622) (46.240)

Diabetes 181.554 * 217.704 *** 280.896 *** 315.398 *** 373.631 *** 282.529 ***

(94.004) (70.214) (55.456) (62.333) (88.341) (54.962)

Income -0.126 -0.126 -0.088 -0.127 -0.120 -0.108
(0.276) (0.196) (0.183) (0.203) (0.284) (0.135)

Unemp. benefits -0.303 -0.185 -0.135 -0.468 0.128 -0.410 *

(0.510) (0.358) (0.311) (0.350) (0.484) (0.239)

Home size -0.219 0.016 -0.010 0.042 -0.079 -0.072
(0.268) (0.191) (0.180) (0.225) (0.294) (0.143)

Married -5.950 -1.556 -2.479 -6.801 -19.225 -4.313
(27.684) (19.025) (16.058) (19.336) (27.507) (13.429)

Student 20.743 4.311 1.137 10.260 51.933 * 17.787
(31.961) (22.674) (21.060) (22.319) (29.430) (15.434)

Height 6.662 *** 8.423 *** 10.489 *** 11.419 *** 11.183 *** 10.269 ***

(1.525) (1.088) (0.975) (1.074) (1.320) (0.906)

Weight 5.722 2.412 -8.622 2.040 23.161 ** 7.950
(14.546) (9.823) (8.403) (8.182) (11.050) (6.514)

Weight2 -0.026 0.008 0.063 -0.010 -0.127 * -0.036
(0.099) (0.066) (0.058) (0.054) (0.071) (0.043)

Age -40.769 -24.258 -19.409 -29.653 * -0.204 -14.971
(30.152) (20.280) (16.161) (17.768) (26.393) (14.840)

Age2 0.867 * 0.516 0.402 0.465 0.065 0.333
(0.467) (0.319) (0.256) (0.285) (0.420) (0.236)

Second child 177.725 *** 162.143 *** 150.112 *** 175.701 *** 156.739 *** 162.162 ***

(21.562) (14.632) (12.540) (14.267) (19.457) (11.515)
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Table 1.12. Estimation results from the CREM model using the unbalanced dataset. Main

variables (continued).

Quantile Regressions

10% 25% 50% 75% 90% OLS

Third child 213.334 *** 191.121 *** 190.076 *** 252.706 *** 231.066 *** 209.153 ***

(33.522) (24.012) (22.312) (24.301) (31.575) (20.485)

Fourth child 172.238 *** 182.380 *** 181.915 *** 233.246 *** 202.214 *** 191.631 ***

(56.800) (41.156) (37.683) (40.316) (51.240) (34.217)

Male child 121.921 *** 128.415 *** 137.299 *** 162.926 *** 186.615 *** 145.904 ***

(16.220) (12.039) (10.115) (12.611) (16.705) (8.042)

Education Cat. 1 -17.762 -76.618 -81.724 -39.997 -9.637 -62.830
(90.017) (63.440) (54.685) (51.733) (62.760) (44.738)

Education Cat. 2 40.745 -39.634 -34.390 17.789 63.845 -5.916
(86.174) (60.040) (51.815) (50.007) (59.730) (44.813)

Education Cat. 3 84.970 -8.360 -37.973 -6.862 31.144 -7.380
(92.000) (63.567) (56.402) (55.421) (64.993) (46.993)

Education Cat. 4 57.207 -29.640 -18.659 30.217 85.484 9.992
(85.169) (59.404) (52.030) (50.103) (61.687) (44.595)

Education Cat. 5 67.216 -30.498 -59.437 9.144 77.633 -2.762
(93.874) (65.271) (55.834) (59.343) (69.266) (49.610)

Education Cat. 6 80.965 1.085 -12.183 19.262 66.071 22.282
(86.395) (62.012) (55.002) (53.307) (67.144) (46.642)

Education Cat. 7 56.158 -22.984 -48.886 3.971 40.766 -18.372
(157.415) (96.129) (87.963) (96.698) (147.423) (82.569)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.
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Table 1.13. Estimation results from the CREM model using the unbalanced dataset. CRE added

variables.

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during 1.511 -81.205 * -118.446 *** -118.538 *** -224.515 *** -123.482 ***

(60.811) (47.264) (36.936) (44.050) (57.950) (30.579)

Smoked before -2.960 36.036 31.171 63.577 * 88.842 * 45.941 *

(43.834) (34.982) (30.794) (33.820) (47.633) (26.418)

Drink -41.244 12.411 37.354 -0.066 -56.913 18.728
(67.546) (58.164) (45.985) (52.983) (70.383) (37.602)

Birth control pills 20.963 42.465 3.423 -5.526 -5.043 13.155
(34.027) (26.099) (22.278) (25.759) (34.068) (18.917)

Complications -135.696 *** -75.278 *** -38.337 * -44.836 * -34.767 -79.684 ***

(35.896) (24.149) (20.843) (24.062) (31.528) (17.880)

Doctor visits 10.269 1.704 -3.187 -1.286 0.357 5.962
(16.818) (11.226) (10.423) (12.417) (17.171) (8.744)

Prenatal visits 8.670 18.729 ** 31.123 *** 28.191 *** 19.459 ** 20.307 ***

(8.377) (8.150) (7.073) (7.784) (9.857) (6.213)

Test tube baby 9.859 -63.569 -5.916 101.877 312.990 ** 53.572
(136.485) (97.028) (80.492) (97.485) (129.928) (69.107)

Income 0.327 0.248 0.106 0.100 0.018 0.134
(0.315) (0.252) (0.225) (0.255) (0.354) (0.175)

Unemp. benefits 0.503 0.260 0.591 0.938 * 0.165 0.791 *

(0.711) (0.542) (0.498) (0.556) (0.743) (0.404)

Home size 0.504 0.262 0.253 0.223 0.272 0.322 *

(0.317) (0.250) (0.220) (0.276) (0.342) (0.193)

Married 2.626 -11.628 -5.422 13.333 36.962 1.738
(32.593) (22.949) (19.948) (22.826) (31.406) (16.984)

Student 42.309 50.671 58.122 ** 36.587 -10.418 35.052
(40.198) (31.235) (27.134) (29.995) (40.104) (22.354)

Weight 18.993 25.524 ** 33.761 *** 18.262 ** -0.876 16.575 **

(14.521) (10.053) (9.554) (8.925) (12.387) (7.507)

Weight2 -0.106 -0.158 ** -0.188 *** -0.078 0.035 -0.084 *

(0.098) (0.067) (0.067) (0.060) (0.080) (0.050)

Age 52.479 33.363 20.231 7.749 5.752 16.427
(39.830) (27.214) (21.470) (24.502) (34.454) (20.514)

Age2 -1.115 * -0.702 -0.460 -0.112 -0.163 -0.382
(0.644) (0.438) (0.352) (0.398) (0.550) (0.332)

Male child -15.270 -30.872 -34.649 * -41.648 ** -46.620 * -30.403 **

(25.973) (20.708) (18.213) (19.345) (24.349) (15.446)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.



1.7. APPENDIX 41



42 CHAPTER 1. HEADLIGHTS ON TOBACCO ROAD TO LOW BIRTHWEIGHT OUTCOMES

Table 1.14. Estimation results from the 2SFE model using the unbalanced dataset.

Quantile Regressions

10% 25% 50% 75% 90% OLS

Smoked during -70.869 *** -83.486 *** -99.452 *** -104.189 *** -108.669 *** -94.360 ***

(26.305) (21.007) (19.840) (20.379) (24.320) (19.320)

Smoked before -55.565 *** -41.376 *** -19.328 -10.835 -3.529 -24.233 *

(18.267) (15.541) (14.587) (15.951) (18.783) (14.206)

Drink -24.374 -22.919 -44.797 * -51.251 ** -59.697 * -39.255 *

(29.747) (24.710) (25.253) (25.508) (30.727) (23.552)

Birth control pills -36.884 ** -31.089 ** -37.452 *** -30.736 ** -27.382 * -34.084 ***

(14.850) (12.219) (11.802) (12.597) (14.772) (11.521)

Complications -96.524 *** -74.428 *** -54.155 *** -31.219 *** -22.950 * -64.428 ***

(16.128) (12.741) (11.166) (11.377) (13.732) (11.104)

Doctor visits 14.708 * 10.948 12.629 * 13.281 ** 9.717 12.974 *

(8.338) (7.224) (6.623) (6.666) (6.830) (7.323)

Prenatal visits 76.715 *** 70.372 *** 69.121 *** 69.656 *** 68.376 *** 62.657 ***

(14.315) (10.600) (9.265) (8.646) (8.266) (13.404)

Test tube baby -45.804 -53.412 -18.727 -50.580 -39.651 -35.884
(56.989) (47.253) (39.209) (40.931) (48.205) (40.673)

Income -0.094 -0.095 -0.114 -0.136 -0.135 -0.109
(0.147) (0.124) (0.119) (0.127) (0.152) (0.116)

Unemp. benefits -0.311 -0.259 -0.411 -0.231 -0.247 -0.365
(0.347) (0.275) (0.258) (0.270) (0.326) (0.255)

Home size -0.043 -0.128 -0.098 -0.007 -0.120 -0.086
(0.145) (0.120) (0.115) (0.122) (0.138) (0.112)

Married -1.042 -1.205 -1.521 -4.776 -4.244 -1.310
(13.302) (11.668) (10.787) (11.433) (13.451) (10.709)

Student 37.874 ** 14.307 5.707 3.321 -16.208 5.924
(17.172) (14.461) (13.833) (14.664) (17.734) (13.347)

Weight 6.290 9.372 ** 7.402 ** 5.478 10.136 ** 7.808 **

(4.425) (3.942) (3.468) (3.594) (4.093) (3.539)

Weight2 -0.036 -0.052 * -0.033 -0.015 -0.042 -0.036
(0.031) (0.027) (0.024) (0.025) (0.028) (0.024)

Age -9.353 -20.214 -24.367 ** -28.692 ** -40.657 *** -23.597 *

(16.801) (13.553) (12.277) (12.582) (14.517) (12.242)

Age2 0.009 0.177 0.254 0.350 * 0.541 ** 0.245
(0.278) (0.228) (0.206) (0.210) (0.241) (0.204)

Second child 153.467 *** 156.642 *** 159.453 *** 148.996 *** 150.982 *** 154.368 ***

(13.608) (11.138) (10.753) (10.909) (13.908) (10.496)

Third child 173.195 *** 184.148 *** 196.344 *** 194.057 *** 201.286 *** 187.332 ***

(23.305) (19.337) (18.227) (19.007) (23.195) (18.328)

Fourth child 183.072 *** 207.923 *** 206.771 *** 203.407 *** 208.761 *** 194.235 ***

(45.266) (39.430) (35.272) (36.674) (44.848) (35.431)
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Table 1.14. Estimation results from the 2SFE model using the unbalanced dataset (continued).

Quantile Regressions

10% 25% 50% 75% 90% OLS

Male child 144.927 *** 140.211 *** 142.491 *** 149.684 *** 143.478 *** 145.187 ***

(11.433) (9.381) (8.734) (9.158) (11.089) (8.548)

Education Cat. 1 -38.800 -25.320 27.994 50.535 104.376 ** 21.033
(57.321) (33.010) (27.240) (35.568) (50.233) (27.652)

Education Cat. 2 -49.741 -29.418 33.218 57.239 * 110.142 ** 22.576
(54.799) (32.347) (27.109) (34.744) (48.344) (26.771)

Education Cat. 3 -57.021 -29.995 31.191 44.736 105.960 ** 18.574
(58.305) (35.817) (29.071) (37.073) (51.821) (28.921)

Education Cat. 4 -48.247 -21.351 33.079 52.249 112.424 ** 22.250
(56.191) (33.309) (27.153) (34.958) (48.894) (26.871)

Education Cat. 5 -56.763 -17.026 37.185 60.919 113.416 ** 25.409
(57.618) (34.794) (29.122) (37.192) (53.932) (28.824)

Education Cat. 6 -41.767 -26.221 36.781 50.065 104.212 ** 21.113
(57.214) (33.233) (27.344) (35.580) (50.290) (27.318)

Education Cat. 7 -109.022 -46.016 29.793 34.105 112.564 7.597
(90.562) (61.026) (48.152) (65.498) (99.115) (48.731)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a sample
size of 3,000 births and 499 iterations.
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Table 1.15. Estimation results from the post estimated KFE(5) model with λ= 0.8 and using the

unbalanced dataset.

Quantile Regressions

10% 25% 50% 75% 90%

Smoked during -162.837 *** -156.775 *** -146.782 *** -186.265 *** -183.502 ***

(34.303) (25.604) (23.264) (24.305) (32.937)

Smoked before -24.508 -14.232 -5.846 12.113 29.442
(26.155) (20.022) (17.802) (19.141) (27.079)

Drink -41.675 -33.005 -49.502 * -52.400 * -43.625
(38.308) (29.008) (28.939) (29.333) (38.988)

Birth control pills -22.839 -22.815 -24.609 * -7.255 -26.680
(19.812) (13.959) (13.109) (13.852) (19.669)

Complications -151.500 *** -93.982 *** -62.792 *** -24.545 * -8.647
(20.297) (13.777) (12.187) (13.502) (19.534)

Doctor visits 7.704 8.782 14.639 ** 13.681 ** 8.451
(9.085) (7.003) (6.103) (6.370) (8.415)

Prenatal visits 101.149 *** 88.274 *** 82.826 *** 82.325 *** 82.236 ***

(12.888) (7.595) (5.724) (5.359) (6.441)

Test tube baby 43.098 21.891 33.384 5.572 -35.821
(68.260) (49.740) (38.826) (44.940) (61.586)

Income 0.010 -0.015 -0.043 -0.070 -0.103
(0.183) (0.142) (0.136) (0.153) (0.193)

Unemp. benefits -0.268 -0.277 -0.142 0.142 -0.357
(0.411) (0.303) (0.259) (0.305) (0.390)

Home size 0.094 0.157 0.274 ** 0.312 ** 0.318 *

(0.163) (0.142) (0.136) (0.137) (0.178)

Married -7.534 2.276 -1.178 -3.597 -13.208
(17.240) (13.761) (13.302) (14.068) (18.967)

Student 86.441 *** 63.563 *** 45.732 *** 24.006 33.635
(22.890) (16.876) (17.352) (17.373) (25.137)

Weight 31.928 *** 27.255 *** 27.080 *** 23.050 *** 26.062 ***

(5.952) (5.399) (4.906) (4.881) (5.529)

Weight2 -0.170 *** -0.132 *** -0.127 *** -0.094 *** -0.106 ***

(0.042) (0.038) (0.035) (0.034) (0.039)

Age -4.217 -29.836 * -30.644 ** -32.730 ** -44.297 **

(19.625) (15.671) (13.528) (14.332) (19.300)

Age2 0.058 0.485 * 0.526 ** 0.545 ** 0.733 **

(0.325) (0.259) (0.222) (0.235) (0.318)

Second child 186.303 *** 169.990 *** 161.051 *** 160.180 *** 168.794 ***

(18.279) (13.763) (12.066) (14.487) (19.541)

Third child 167.977 *** 202.422 *** 202.170 *** 220.322 *** 230.686 ***

(30.166) (24.527) (22.574) (24.571) (31.334)

Fourth child 191.796 *** 183.375 *** 204.031 *** 228.417 *** 191.609 ***

(55.278) (46.668) (40.472) (42.210) (54.352)
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Table 1.15. Estimation results from the post estimated KFE(5) model with λ= 0.8 and using the

unbalanced dataset (continued).

Quantile Regressions

10% 25% 50% 75% 90%

Male child 146.002 *** 140.324 *** 143.942 *** 152.610 *** 152.521 ***

(14.798) (10.770) (9.261) (10.380) (14.746)

Education Cat. 1 -171.625 * -69.412 33.134 46.669 -78.829
(90.106) (73.051) (69.667) (69.450) (80.900)

Education Cat. 2 -74.140 27.718 128.365 * 148.536 ** 41.025
(87.029) (69.838) (66.251) (67.651) (80.363)

Education Cat. 3 -31.520 49.709 162.331 ** 142.743 * 21.934
(94.834) (78.860) (75.283) (76.471) (91.134)

Education Cat. 4 -72.511 47.528 154.641 ** 173.598 ** 63.779
(89.993) (71.321) (66.672) (68.443) (83.084)

Education Cat. 5 -80.900 -1.067 115.933 152.616 ** 85.175
(97.066) (79.928) (75.752) (76.968) (90.828)

Education Cat. 6 -39.452 71.311 165.983 ** 162.931 ** 36.387
(93.207) (73.391) (69.194) (70.773) (87.325)

Education Cat. 7 -111.444 7.248 183.595 * 172.339 46.874
(174.631) (128.867) (106.956) (116.731) (182.347)

Asterisks denote the significance level (double-sided). *: 10%, **: 5%, ***: 1%.

Bootstrapped standard errors are given in parentheses. The bootstrap was done using a
sample size of 3,000 births and 499 iterations.
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Abstract

Macroeconomic forecasting using factor models estimated by principal components

has become a popular research topic with many both theoretical and applied contri-

butions in the literature. In this paper we attempt to address an often neglected issue

in these models: The problem of outliers in the data. Most papers take an ad-hoc

approach to this problem and simply screen datasets prior to estimation and remove

anomalous observations. We investigate whether forecasting performance can be

improved by using the original unscreened dataset and replacing principal compo-

nents with a robust alternative. We propose an estimator based on least absolute

deviations (LAD) as this alternative and establish a tractable method for computing

the estimator. In addition to this we demonstrate the robustness features of the es-

timator through a number of Monte Carlo simulation studies. Finally, we apply our

proposed estimator in a simulated real-time forecasting exercise to test its merits.

We use a newly compiled dataset of US macroeconomic series spanning the period

1971:2–2011:4. Our findings suggest that the chosen treatment of outliers does affect

49
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forecasting performance and that in many cases improvements can be made using a

robust estimator such as our proposed LAD estimator.

2.1 Introduction

As time goes by we accumulate information at an ever increasing rate. This coupled

with vast improvements in computation power has driven an intensive research in-

terest into the area of econometric analysis of large-dimensional datasets. In macroe-

conomic forecasting in particular we often have many hundreds if not thousands of

time series at our disposal for forecasting. These are, however, of no interest without

the right set of tools for analysing them. The class of dynamic factor models has found

its way into many econometricians’ toolboxes and especially developments in this

area over the last decade has made these models increasingly popular for modelling

large-dimensional data. A recent survey by Stock and Watson (2011) provides a thor-

ough overview of the state of the literature, and is an important addition to previous

surveys (e.g. Bai and Ng, 2008; Stock and Watson, 2006).

Although a number of estimation methods for factor models have been proposed

in the literature, this paper will focus on probably the most popular method, namely

estimation by principal components (PC). One of the main advantages of PC esti-

mation is its ease of use. The estimation is quick and easily done even for very large

datasets with implementations only requiring a few lines of code. The literature on

macroeconomic forecasting using factor models estimated by PC was popularized

by two papers by Stock and Watson (2002a,b). In their papers they coined the term

diffusion indexes which refers to the estimated factors. The term was chosen by

Stock and Watson because they interpret estimated factors in terms of the diffusion

indexes developed by NBER business cycle analysts. So the name only relates to the

interpretation, the actual estimates are simply factors from a factor model.

Stock and Watson (2002b) demonstrated the superiority of diffusion index fore-

casting when compared to many traditional models. Since their paper numerous

papers have applied factor models in forecasting settings. However, not all arrive at

similarly impressive results. In fact several papers have been pointing towards a possi-

ble break-down of factor model forecasts in recent years, see e.g. Schumacher (2007);

Schumacher and Dreger (2004); Banerjee, Marcellino, and Masten (2006); Gosselin

and Tkacz (2001); Angelini, Henry, and Mestre (2001). In an attempt to investigate

the forecasting performance in more detail Eickmeier and Ziegler (2008) conduct a

meta-analysis of 52 forecasting applications of dynamic factor models, and they also

find mixed results regarding the performance of these models.

It is hence not clear why factor-based forecasts in some cases perform very poorly.

However, the literature is starting to see attempts to investigate this and further de-

velop the ideas behind the PC factor estimator. In this paper we will try to address an

often neglected issue in factor models, namely that of outliers in the data. We believe
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that the presence of outliers might be one possible explanation of the forecasting

performance issues seen in empirical literature.

The problem of outliers is generally acknowledged in the literature albeit in a

rather indirect fashion. Often people will screen data for anomalous observations and

either remove these if the method used is capable of handling missing observations or

replace them with more “normal” values. In the classical paper by Stock and Watson

(2002b) outliers were defined as observations exceeding the median of the series by

more than 10 times the interquartile range. It, however, appears that the consensus in

the empirical literature is leaning towards defining outliers as observations exceeding

the median of the series by more than six times the interquartile range. Examples of

this include Banerjee, Marcellino, and Masten (2008); Breitung and Eickmeier (2011);

Stock and Watson (2009)1; and Artis, Banerjee, and Marcellino (2005).

In this paper we will take a different approach to the problem. Instead of regarding

it as a data problem, we claim that the problem is non-robustness of the PC estimator.

Working within the diffusion index forecasting framework we will thus propose to

replace the traditional PC estimator with a robust estimator based on least absolute

deviations (LAD). Our contributions are threefold: (i) we will propose a new LAD

factor estimator and establish a tractable estimation method; (ii) through a series of

Monte Carlo studies we will demonstrate the features of the estimator and uncover

similarities with the common screening approach; (iii) using a new dataset we will

conduct a forecasting experiment where we illustrate the importance of taking out-

liers into account and show that our LAD factor estimator outperforms PC applied to

screened data.

2.2 A large-dimensional factor model

Our point of departure is the classical dynamic factor model. Let X t be n macroe-

conomic variables we observe for t = 1, . . . ,T and wish to use for forecasting some

variable of interest yt . We will assume that X t is stationary, centered at zero, and that

it follows a dynamic factor model of the form:

Xi t = λ̄i (L) ft +ei t (2.1)

for i = 1, . . . ,n. Assuming that λ̄i (L) is of finite order of at most q , such that λ̄i (L) =∑q
j=0 λ̄i , j L j , we can rewrite the model in static form as:

Xi t =λi Ft +ei t (2.2)

where Ft = ( f ′
t , . . . , f ′

t−q )′ is r ×1, and λi = (λ̄i ,0, . . . , λ̄i ,q ) is 1× r with r ≤ (q +1)r̄ . We

will exclusively consider this static representation as is also common in the literature.

1Although not discussed in the paper, the details can be found in their online replication files.
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Often it will be more convenient to work with the model in vector or matrix form in

which cases we will write it as:

X t =ΛFt +et or X = FΛ′+e (2.3)

whereΛ= (λ′
1, . . . ,λ′

n)′ is n × r , F = (F1, . . . ,FT )′ is T × r , and X = (X1, . . . , XT )′ is T ×n.

Estimation of factor models entails a number of difficulties. Clearly, if either the

factors or loadings were known estimation would be easily accomplished since the

model would simplify to a multivariate linear regression. However, since only X t

is observed we must estimate both loadings Λ and factors F . Due to this we are

faced with an inherent identification problem becauseΛFt =ΛRR−1Ft for any non-

singular r ×r matrix R . We therefore generally need to impose identifying restrictions

in order to make estimation feasible. In the present paper we are interested in the

factors solely for forecasting purposes, and because of this need not worry too much

about identification. Any rotation of the estimated factors will be captured by the

estimated parameters in the forecasting model and should not affect forecasting

performance.

Least squares estimation

The theory underlying PC estimation of factor models has been extensively studied

and is well understood. We will, however, spend a few moments defining the estimator

and discussing its details. This is meant to serve as a prelude to the introduction of

our estimator below.

Consistency of the PC factor estimator was first shown by Connor and Korajczyk

(1986) for the exact static factor model assuming T fixed and n → ∞. Stock and

Watson (2002a) extended their results to the case of the approximate static factor

model, approximate in the sense of Chamberlain and Rothschild (1983), i.e. allowing

for weak correlation across time and series. Their results were derived assuming that

both T →∞ and n →∞. These results have since been supplemented by e.g. Bai

and Ng (2002) who provided improved rates, Bai (2003) who derived the asymptotic

distribution of the factors and loadings, and Bai and Ng (2006) who provided results

for constructing confidence intervals for common components estimated using the

factors. Thus it would seem that the asymptotical theory of the PC factor estimator

has been very well covered. However, common for all these results is that moment

assumptions are made on the error terms, and hence they do not allow for typical

outlier distributions such as the Student-t distribution with a low degree of freedom

which is the premise we will explore in this paper.

One very appealing characteristic of the PC estimator is that it is in fact simply a

least squares (LS) estimator. Consider the nonlinear LS objective function:

V LS(F,Λ; X ) = (nT )−1
n∑

i=1

T∑
t=1

(Xi t −λi Ft )2 (2.4)
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As argued above the parameters of this problem are not identified. However, by

imposing the identifying restriction thatΛ′Λ= Ir , where Ir is the identity matrix of

dimension r , we arrive at the PC estimator:

(F̂ ,Λ̂) = argmin
F,Λ

V LS(F,Λ; X ) s.t. Λ′Λ= Ir (2.5)

To see that this is in fact PC we can concentrate F out of (2.4) to get the equivalent

problem

Λ̂= argmax
Λ

tr
[
Λ′X ′XΛ

]
s.t. Λ′Λ= Ir (2.6)

where tr[·] is the matrix trace, and the factor estimate is F̂ = X Λ̂. This is PC in its most

basic form and is solved by setting Λ̂ equal to the eigenvectors of X ′X corresponding

to the r largest eigenvalues. If we recall that all X t are centered at zero then we can

alternatively write (2.6) in a perhaps more commonly used form as

Λ̂k = argmax
Λk

var
[
Fk

]
s.t. Λ′

kΛk = 1 and Λ′
kΛ j = 0 ∀ j < k (2.7)

where Fk = XΛk , andΛk and Fk correspond to the kth columns ofΛ and F , respec-

tively. Thus the first PC is defined as the linear combination of the variables with

maximal variance, and subsequent PCs are similarly defined but with the restriction

that their loadings must be orthogonal to all preceding PCs. Hence PCs have a very

nice interpretation where the first PC tries to explain as much of the variation in the

data as possible, the second PC then explains as much of the variation left over after

extracting the first PC as possible, and so on.

This sequential interpretation of the PC estimation can also be seen in an LS

perspective and is the way we choose to define the estimator:

Definition 1. PC Factor Estimator: The PC estimates of the first factor and associated

loadings are defined as:

(F̂1,Λ̂1) = argmin
F,Λ

V LS(F,Λ; X ) s.t. Λ′Λ= 1 (2.8)

Let the residuals from the estimation of the kth factor be defined as ek , then the

subsequent estimates are given as:

(F̂k ,Λ̂k ) = argmin
F,Λ

V LS(F,Λ;ek−1) s.t. Λ′Λ= 1 (2.9)

Hence the PC factor estimates of r factors and associated loadings are given as F̂ =
(F̂1, . . . , F̂r ) and Λ̂= (Λ̂1, . . . ,Λ̂r ).

The equivalence of Definition 1 and solving (2.5) is fairly obvious. Since the solu-

tion to (2.5) is given by the eigenvectors of X ′X the estimates do not depend on the
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number of factors estimated, i.e. the first factor will always be the one corresponding

to the eigenvector associated with the largest eigenvalue regardless of r . This is why

we can write the estimator in the sequential form of Definition 1. Thus at least for

the first factor there is clearly no difference between the two ways of writing the

problem. For the second factor (and subsequent factors) the equivalence is merely a

consequence of the spectral decomposition of X ′X .

Finally we should note that we could just as well concentrateΛ out of (2.4). This

would lead to a similar problem that would give factor estimates spanning the same

column space and therefore be equivalent for forecasting purposes. This could be

of interest in cases where T < n since the solution would be the eigenvectors of the

T ×T matrix X X ′ and hence computationally simpler.

Least absolute deviations

LAD has a long-standing position in the literature as a robust alternative to LS. How-

ever, robustness is a somewhat vague and often misunderstood concept. In econo-

metrics we tend to define it in quite broad terms, e.g. Amemiya (1985, p.71):

In general, we call an estimator, such as the median, that performs rel-

atively well under distributions heavier-tailed than normal a “robust”

estimator.

Since this definition is stated in relative terms we must choose what to compare to.

With the obvious choice being LS, we can then for example compute the asymptotic

relative efficiency (ARE). Hence under this definition LAD is a robust estimator when

compared to least squares for distributions sufficiently heavy-tailed.

In statistics much effort has been put into quantifying robustness and thus a

number of measures have been developed. One of the most prominent measures is

undoubtedly the breakdown point. A treatment of this subject can be found in Huber

and Ronchetti (2009) where the breakdown point is defined (p. 8):

The breakdown point is the smallest fraction of bad observations that

may cause an estimator to take on arbitrarily large aberrant values.

Naturally the breakdown point can take values between 0 and 0.5. In the case of

the linear regression model the breakdown point for an LAD fit is 0.5 when the

contamination occurs in the error term (Huber and Ronchetti, 2009, Sec. 11.2.3).

This can be compared to the breakdown point for an LS fit which is 1/n for a sample

size of n. The important thing to remark is that LAD is not robust to contamination

or outliers in the explanatory variables. Note that the breakdown point is typically

considered a finite sample measure as opposed to ARE.

In the case of our factor model we will assume that outliers occur in the error

term, and the presence of outliers will be defined as meaning that the distribution of

the error term is heavier-tailed than a normal distribution. In this setting we would
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expect the LAD estimator to be robust in terms of the definitions above. In cases

where both LAD and PC are consistent we would expect LAD to be more efficient

since PC is an LS estimator. Furthermore, due to the high breakdown point of LAD

we would expect it to perform well even in extreme cases where PC would fail.

The theory of LAD in the regression case is quite well developed. Bassett and

Koenker (1978) proved asymptotic normality of the LAD estimator for linear regres-

sions in the i.i.d. case. Alternative proofs have since been given by Pollard (1991) and

Phillips (1991). The theory has also been extended to more intricate settings such as

correlated errors (Weiss, 1990) and nonlinearity (Weiss, 1991). See Dielman (2005) for

a general review of the LAD literature. The robustness of LAD has furthermore been

demonstrated to be beneficial in forecasting by Dielman (1986, 1989) and Dielman

and Rose (1994).

Considering the LS formulation of the PC estimation problem it seems natural

to attempt to estimate the components using LAD in order to gain robustness. The

basic idea is to replace the objective function in (2.4) with

V LAD(F,Λ; X ) = (nT )−1
n∑

i=1

T∑
t=1

∣∣Xi t −λi Ft
∣∣ (2.10)

and estimate the model in the same sequential manner as Definition 1. Thus we

propose the following LAD factor estimator:

Definition 2. LAD Factor Estimator: The LAD estimates of the first factor and associ-

ated loadings are defined as:

(F̂1,Λ̂1) = argmin
F,Λ

V LAD(F,Λ; X ) s.t. Λ′Λ= 1 (2.11)

Let the residuals from the estimation of the kth factor be defined as ek , then the

subsequent estimates are given as:

(F̂k ,Λ̂k ) = argmin
F,Λ

V LAD(F,Λ;ek−1) s.t. Λ′Λ= 1 (2.12)

Hence the LAD factor estimates of r factors and associated loadings are given as F̂ =
(F̂1, . . . , F̂r ) and Λ̂= (Λ̂1, . . . ,Λ̂r ).

It is important to note that in contrast to PC this estimator will not produce

a solution with orthogonal loadings. This should, however, not be considered a

problem since the orthogonality restriction is simply an identification device. In

this LAD factor estimator identification is instead achieved implicitly through the

sequential estimation approach. This approach also reflects our interpretation of the

model, i.e. the notion that factors should explain “what is left over” after extracting

previous factors, and not be defined by arbitrary identification restrictions. In the

case of PC, however, these two cases coincide.
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Even though we have defined the estimator we still need to find a tractable way

of performing the estimation. The literature does contain methods for estimating

nonlinear LAD (e.g. Koenker and Park, 1996). However, these do not easily generalize

to a factor model setting. A simple approach to the problem could instead be to

approximate the objective function based on the smoothed LAD estimator of Hitomi

and Kagihara (2001). We then define the smoothed objective function as:

V SLAD(F,Λ; X ) = (nT )−1
n∑

i=1

T∑
t=1

√
(Xi t −λi Ft )2 +d 2 (2.13)

for some d > 0. Obviously, for d = 0 the problem is equivalent to (2.10) which is

not tractable. But by introducing the smoothing parameter d we have a differen-

tiable approximation which we can solve using standard optimization methods. The

smoothing parameter naturally controls the approximation error as summarized in

the following proposition which follows directly from sub-additivity of the square

root function:

Proposition 1. The approximation error of using (2.13) will at most be d, i.e.

0 ≤V SLAD(F,Λ; X )−V LAD(F,Λ; X ) ≤ d (2.14)

Alternatively, we could exploit the fact that the model is greatly simplified if

either the factors or loadings are known. If the loadings are known the factors can

be estimated by performing T separate linear LAD regressions, and if the factors are

known we can estimate the loadings by n separate linear LAD regressions, all of which

can be done using standard methods. This idea gives rise to the following algorithm

for solving the estimation problem:

Algorithm 1. Iterative approach to solving (2.11). In order to start the algorithm a

starting value for the factor is needed. Let this be denoted F̂ (0), and in general let

superscripts denote the iteration, then iteration ν of the algorithm is given as:

(i) Calculate the loadings as Λ̂(ν) = argminΛV LAD(F̂ (ν−1),Λ; X ).

(ii) Normalize the loadings to have length 1.

(iii) Calculate the factor as F̂ (ν) = argminF V LAD(F,Λ̂(ν); X ).

(iv) Check for convergence, e.g. squared difference of the factor estimates: Stop algo-

rithm if (F̂ (ν) − F̂ (ν−1))′(F̂ (ν) − F̂ (ν−1)) is sufficiently small.

Hence steps (i) and (iii) are simply linear regressions. Note that steps (i) and (ii)

combined are equivalent to Λ̂(i ) = argminΛV LAD(F̂ (ν),Λ; X ) s.t. Λ̂(ν)′Λ̂(ν) = 1. How-

ever, since unconstrained estimation is more easily implemented, this step is split

in two. Convergence of the algorithm is given in the following proposition, proof of

which can be found in the appendix.
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Proposition 2. Let (F̃ ,Λ̃) be the estimates obtained from Algorithm 1 as ν→∞ then

(F̃ ,Λ̃) = argmin
F,Λ

V LAD(F,Λ; X ) s.t. Λ′Λ= 1 (2.15)

Readers familiar with the PC literature will undoubtedly recognize Algorithm 1 as

an LAD equivalent to the Nonlinear Iterated Partial Least Squares (NIPALS) algorithm

for computing PC (see e.g. Esbensen, Geladi, and Wold, 1987).

Clearly, estimation based on (2.13) is inferior to Algorithm 1 since it will always

have an approximation error. However, Algorithm 1 is not without pitfalls. Although

Proposition 2 guaranties convergence of the method, it still hinges on the assumption

that the minima of steps (i) and (iii) of the algorithm can be found. In order to do

this we must employ numerical routines and they might still fail. It is our experience

that the algorithm is very sensitive to the choice of starting values, and that especially

for small sample sizes the method might not converge or falsely report convergence

without having reached the optimum. We have therefore included (2.13) in this expo-

sition to serve as a device for obtaining starting values. Using these starting values

dramatically improves upon the stability of Algorithm 1 at only a small computational

cost. In order to apply (2.13) it is necessary to choose the smoothing parameter d .

This choice is, however, not critical since it is used only for starting values. We chose

to use d = (nT )−1 which we found to give good results and still be rather quick to

estimate. In the remainder of this paper we will thus refer to estimates obtained from

Algorithm 1 using starting values from (2.13) as LAD factor estimates.

2.3 Monte Carlo results

The main aim of this paper is to obtain better macroeconomic forecasts, and even

though we have not set out to provide an asymptotic analysis of our estimator, we

will nonetheless still examine the statistical properties of it through a series of Monte

Carlo simulations.

As already discussed our view on outliers in this paper is that these occur in the

error term and not in the factors nor the loadings. Although the latter could also be

a problem, in light of what we know about the LAD estimator, it would not seem

plausible that it would be able to handle this (as neither would ordinary PC), and

hence we refrain from investigating this possibility. Considering the problem at hand

we hypothesize the following three possible effects of outliers:

(i) The factor estimates will become inconsistent or less efficient.

(ii) Determining the true number of factors will become difficult or impossible.

(iii) The ordering of the estimated factors will change.

Clearly, the first two points are potentially very critical to forecasting performance,

and hence we will investigate both, separately, below. The third point is more subtle.
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In forecasting the ordering is not important if all relevant factors are included in the

forecasting model. However, if the number of factors is misspecified it could have a

large impact on the performance. We will not address this point here, but postpone it

until the empirical application.

Setting up the Monte Carlo framework will be done rather straightforwardly. We

want to keep the setup as simple as possible while still encompassing the relevant

cases. We will follow Stock and Watson (2002b) and define the data-generating process

as:

Xi t =λi Ft +ei t (2.16)

(1−aL)ei t = (1+b2)vi t +bvi+1,t +bvi−1,t (2.17)

As discussed in Stock and Watson (2002b) it is important to take into account the

possibility of correlation across both time and variables since the application we have

in mind is within macroeconomic forecasting. We therefore include the possibility

that the error term ei t is correlated i.e. it will be serially correlated with an AR(1)

coefficient of a and cross-series correlated with a (spatial) MA(1) coefficient b. The

error is driven by the random variable vi t , and this is where we will introduce the out-

liers. We will be using the prototypical outlier distribution for vi t , namely a Student-t

distribution with a low degree of freedom. In addition to this we will also include

results for the limiting case of the Student-t , the standard normal distribution, as the

reference of no outliers. Finally, both the factors Ft and loadings λi will be generated

as independent standard normal variables.

Owing to our ultimate goal of using the estimated factors for forecasting we

will also examine how estimation difficulties propagate to the actual forecasts. We

therefore generate a uni-variate time series to be forecast

yt+1 = ι′Ft +εt+1 (2.18)

where ι is a vector of ones and εt+1 is an independent standard normal error term.

Hence the different simulation scenarios are defined in terms of the parameters

a and b, the distribution of vi t , the number of factors r , the number of variables n,

and the sample size T . Results will be presented both for the traditional PC factor

estimates and our proposed LAD factor estimates. In the latter case the estimation

is carried out as described in the previous section. In addition to this we will also

be comparing to the effects of screening the data. As mentioned in the introduction

screening is common practice in the literature and hence PC estimation based on

screened data is the natural alternative to our LAD estimator. We will use one of

the most typical screening rules, i.e. define outliers as observations exceeding the

median of the series by more than six times the interquartile range, and since our

estimation method cannot handle missing observations we will replace any outlier

with the median of the five observations preceding it. This is the method used in e.g.

Breitung and Eickmeier (2011), and Stock and Watson (2009). PC estimates obtained

using data screened according to this rule will be labelled PC-S.
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Precision of the factor estimates

Before examining the Monte Carlo results let us briefly review what we know about

the LAD estimator in the classical i.i.d. linear regression case. Assuming the regression

model has an error term with a symmetric distribution f (·) centered at zero and finite

variance σ2, and that the explanatory variables are well-behaved, then both LAD and

LS provide estimates that are asymptotically normal. Hence in these cases we can

directly compare the two using e.g. their ARE. The ARE of LAD with respect to LS is

ARE =σ24 f (0)2, which for t (3) ARE ≈ 1.62, for t (4) ARE ≈ 1.13, for t (5) ARE ≈ 0.96,

and for N (0,1) ≈ 0.64. In addition to this it is important to also recall that even if

no moments of the error terms exist, e.g. t(1) errors, the LAD estimator will still be

consistent and asymptotically normal. In contrast if the degrees of freedom is less

than three the distribution will not have a finite variance and hence LS cannot be

expected to work well. Therefore, if the error terms are Student-t distributed, then in

the classical model we expect LAD to outperform LS when the degrees of freedom

in the distribution is less than five. Furthermore, in the extreme cases with degrees

of freedom less than three we expect LS to work very poorly or outright break down.

In the case of our LAD factor model, however, things are clearly more complicated.

But we should remember that the model is still basically a regression model, so we do

expect it to share some traits with the classical regression model.

Assessing the precision of the factor estimates is done, as is common in the litera-

ture, by computing the trace R2 of a multivariate regression of the factor estimates on

the true factors

R2 = tr
[
F̂ F (F ′F )−1F ′F̂

]
/tr

[
F̂ ′F̂

]
(2.19)

and averaging this across Monte Carlo replications. Hence we obtain a statistic that

measure how well the estimated factors span the space of the true factors, with values

as close to 1 as possible being the desired goal.

For each Monte Carlo run we also perform a 1-step out-of-sample forecast based

on (2.18). Hence we fit the forecasting equation (2.18) by OLS using data until T −1

and obtain the forecast ŷT+1 by fitting the equation using the data for period T . On

the basis of this we can compute the mean square forecast error (MSFE) where the

mean is taken across Monte Carlo replications. The statistic presented in the tables is

the infeasible MSFE obtained by estimating (2.18) using the true factors relative to the

MSFE obtained using the estimated factors. Thus a relative MSFE close to 1 indicates

that we are close to the infeasible forecasts we could have made if the factors were

known, whereas a smaller relative MSFE suggests that the forecasting performance is

adversely affected by the poor estimation of the factors.

We start by considering the simplest case where the error terms are i.i.d., hence

a = b = 0. In Table 2.1 results are given for both Student-t and normal errors with

either one or four factors. We quite clearly see the resemblance to the usual linear

regression case. Judging by the R2 we see that for the t(1) errors PC is inconsistent
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Table 2.1. Monte Carlo results for the case of i.i.d. errors, i.e. a = 0, b = 0. The results are based
on 1,000 replications. The Factor R2 column is the (trace) R2 from a regression of the estimated
factor(s) on the true factor(s). The Rel. MSFE column is the mean squared forecast error from
the infeasible forecast using the true factors relative to the MSFE using the estimated factors.

r = 1 r = 4

Factor R2 Rel. MSFE Factor R2 Rel. MSFE

n T Dist. PC PC-S LAD PC PC-S LAD PC PC-S LAD PC PC-S LAD

25 50 t (1) 0.02 0.32 0.77 0.01 0.60 0.83 0.08 0.45 0.47 0.00 0.32 0.32
25 100 t (1) 0.01 0.41 0.83 0.02 0.59 0.85 0.04 0.49 0.58 0.00 0.33 0.41
50 100 t (1) 0.01 0.43 0.92 0.03 0.61 0.92 0.04 0.56 0.88 0.00 0.43 0.63
50 200 t (1) 0.01 0.53 0.93 0.00 0.66 0.93 0.02 0.62 0.89 0.00 0.48 0.70

100 200 t (1) 0.01 0.49 0.97 0.00 0.66 0.96 0.02 0.63 0.94 0.00 0.56 0.85
150 200 t (1) 0.01 0.42 0.98 0.00 0.60 0.97 0.02 0.62 0.96 0.00 0.61 0.88

25 50 t (2) 0.31 0.81 0.88 0.41 0.85 0.90 0.53 0.82 0.84 0.20 0.54 0.56
25 100 t (2) 0.29 0.83 0.89 0.11 0.87 0.90 0.50 0.84 0.86 0.12 0.59 0.60
50 100 t (2) 0.31 0.90 0.94 0.11 0.92 0.95 0.55 0.91 0.92 0.22 0.75 0.78
50 200 t (2) 0.32 0.91 0.95 0.11 0.90 0.94 0.55 0.91 0.93 0.11 0.72 0.77

100 200 t (2) 0.36 0.95 0.97 0.10 0.96 0.97 0.58 0.95 0.96 0.05 0.83 0.90
150 200 t (2) 0.36 0.96 0.98 0.12 0.96 0.98 0.59 0.97 0.97 0.06 0.88 0.91

25 50 t (3) 0.79 0.88 0.89 0.77 0.88 0.90 0.84 0.89 0.87 0.52 0.67 0.65
25 100 t (3) 0.83 0.89 0.91 0.86 0.87 0.87 0.86 0.90 0.88 0.65 0.69 0.67
50 100 t (3) 0.90 0.94 0.95 0.92 0.93 0.93 0.92 0.94 0.93 0.69 0.83 0.82
50 200 t (3) 0.91 0.95 0.95 0.86 0.96 0.97 0.93 0.95 0.94 0.38 0.81 0.83

100 200 t (3) 0.95 0.97 0.98 0.96 0.98 0.99 0.96 0.97 0.97 0.33 0.92 0.93
150 200 t (3) 0.96 0.98 0.98 0.97 0.99 1.00 0.97 0.98 0.98 0.72 0.95 0.96

25 50 t (5) 0.91 0.91 0.90 0.94 0.94 0.92 0.92 0.92 0.88 0.75 0.76 0.66
25 100 t (5) 0.92 0.92 0.91 0.94 0.95 0.96 0.93 0.93 0.90 0.77 0.77 0.72
50 100 t (5) 0.96 0.96 0.95 0.98 0.98 0.97 0.96 0.96 0.94 0.86 0.86 0.80
50 200 t (5) 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.96 0.94 0.86 0.86 0.84

100 200 t (5) 0.98 0.98 0.98 0.99 0.99 0.99 0.98 0.98 0.97 0.94 0.94 0.91
150 200 t (5) 0.98 0.98 0.98 0.99 0.99 1.00 0.98 0.98 0.98 0.96 0.96 0.93

25 50 N 0.94 0.94 0.91 0.94 0.94 0.92 0.94 0.94 0.90 0.87 0.87 0.74
25 100 N 0.95 0.95 0.92 0.96 0.96 0.94 0.95 0.95 0.91 0.85 0.85 0.73
50 100 N 0.97 0.97 0.96 0.99 0.99 0.98 0.97 0.97 0.95 0.94 0.93 0.84
50 200 N 0.97 0.97 0.96 0.98 0.98 0.97 0.98 0.98 0.95 0.91 0.91 0.83

100 200 N 0.99 0.99 0.98 1.00 1.00 0.99 0.99 0.99 0.97 0.95 0.95 0.93
150 200 N 0.99 0.99 0.98 1.00 1.00 0.99 0.99 0.99 0.98 0.97 0.97 0.93



2.3. MONTE CARLO RESULTS 61

Table 2.2. Monte Carlo results for the case of non-i.i.d. errors and four factors, i.e. r = 4. The
results are based on 1,000 replications. The Factor R2 column is the (trace) R2 from a regression
of the estimated factor(s) on the true factor(s). The Rel. MSFE column is the mean squared
forecast error from the infeasible forecast using the true factors relative to the MSFE using the
estimated factors.

t (3) errors Normal errors

Factor R2 Rel. MSFE Factor R2 Rel. MSFE

n T a b PC PC-S LAD PC PC-S LAD PC PC-S LAD PC PC-S LAD

25 50 0.5 0 0.79 0.83 0.81 0.45 0.52 0.48 0.93 0.93 0.89 0.81 0.81 0.69
25 100 0.5 0 0.81 0.86 0.83 0.58 0.62 0.59 0.94 0.94 0.89 0.81 0.81 0.70
50 100 0.5 0 0.89 0.92 0.91 0.73 0.77 0.75 0.97 0.97 0.94 0.91 0.91 0.86
50 200 0.5 0 0.90 0.93 0.91 0.71 0.79 0.74 0.97 0.97 0.94 0.90 0.91 0.82

100 200 0.5 0 0.95 0.96 0.95 0.82 0.88 0.86 0.98 0.98 0.97 0.95 0.95 0.91
150 200 0.5 0 0.96 0.97 0.97 0.87 0.91 0.90 0.99 0.99 0.98 0.96 0.96 0.93

25 50 0.9 0 0.35 0.36 0.35 0.28 0.28 0.28 0.67 0.67 0.62 0.38 0.38 0.35
25 100 0.9 0 0.30 0.30 0.30 0.27 0.27 0.26 0.67 0.67 0.61 0.38 0.38 0.34
50 100 0.9 0 0.29 0.30 0.32 0.28 0.29 0.29 0.74 0.74 0.69 0.46 0.46 0.40
50 200 0.9 0 0.33 0.34 0.38 0.29 0.30 0.30 0.83 0.83 0.77 0.65 0.65 0.55

100 200 0.9 0 0.35 0.37 0.44 0.30 0.30 0.32 0.90 0.90 0.86 0.78 0.78 0.71
150 200 0.9 0 0.36 0.38 0.47 0.31 0.33 0.35 0.93 0.93 0.90 0.83 0.83 0.79

25 50 0 1 0.31 0.37 0.34 0.22 0.24 0.23 0.67 0.67 0.58 0.43 0.43 0.34
25 100 0 1 0.28 0.35 0.33 0.27 0.28 0.27 0.69 0.69 0.59 0.46 0.46 0.38
50 100 0 1 0.42 0.55 0.56 0.30 0.34 0.35 0.85 0.85 0.77 0.67 0.67 0.55
50 200 0 1 0.44 0.59 0.60 0.31 0.38 0.38 0.86 0.86 0.79 0.63 0.63 0.52

100 200 0 1 0.65 0.80 0.81 0.41 0.57 0.61 0.93 0.93 0.89 0.77 0.77 0.66
150 200 0 1 0.75 0.87 0.87 0.47 0.65 0.67 0.95 0.95 0.92 0.84 0.85 0.77

25 50 0.5 1 0.23 0.26 0.24 0.21 0.25 0.24 0.54 0.54 0.48 0.35 0.35 0.29
25 100 0.5 1 0.20 0.23 0.21 0.23 0.23 0.23 0.56 0.56 0.48 0.37 0.37 0.31
50 100 0.5 1 0.27 0.34 0.34 0.25 0.28 0.28 0.74 0.74 0.65 0.50 0.50 0.41
50 200 0.5 1 0.29 0.37 0.38 0.25 0.28 0.28 0.78 0.78 0.70 0.57 0.57 0.48

100 200 0.5 1 0.46 0.61 0.63 0.32 0.40 0.39 0.90 0.90 0.85 0.69 0.69 0.61
150 200 0.5 1 0.58 0.74 0.76 0.38 0.49 0.51 0.93 0.93 0.89 0.76 0.76 0.68
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and LAD performs very well. Attempting to mitigate the outlier problem by screening

the data does have some effect, but PC-S is still clearly inferior to LAD. The precision

(or lack thereof) of the factor estimates carry over to the forecasting performance as

measured by the relative MSFE. Comparing the case of r = 1 to r = 4 we see a slight

drop in performance. This is, however, not surprising since, in the latter case, we are

estimating four times as many parameters with an unchanged sample size.

Moving to the t(2) distribution we notice an increase in the PC performance,

although still clearly below LAD, and in spite of the increase the forecasting per-

formance of PC is still very low. Interestingly, the performance of PC-S is now only

slightly below that of LAD. In the case of the t(3) and t(5) distributions all three

methods perform very similarly, but especially in the t(5) case we see that LAD is

losing ground to PC. The distance between the estimators is further increased in the

case of normality where PC is the best performing method (although not by a large

margin). Note that in the case of normality PC and PC-S are identical since there of

course are no outliers to screen out.

Abandoning the i.i.d. premise of these results we now turn to Table 2.2 where we

consider cases of both serial and cross-sectional correlation. We choose to focus on

the case of four factors and compare normality to t (3) errors. Overall we see a decline

in performance compared to the i.i.d. case. This can, however, partly be explained

by the fact that the unconditional variance of the error term is larger than in the

i.i.d. case whereas the variance of the factors is unchanged, and hence we would

expect lower precision in the estimates. That being said, in the first scenario where

we have only a modest degree of persistence in the errors (a = 0.5, b = 0), we see that

the performance is quite close to the i.i.d. case and the results are very similar. LAD

performs best under t (3) and PC is best under normality. In the second scenario we

increase the persistence to a = 0.9 and overall the performance drops as expected. It

is, however, interesting to notice that for the t (3) errors the precision (as measured

by R2) of the PC and PC-S does not increase with the sample size. This is in contrast

to LAD and illustrates that in cases of high persistence PC is further hampered by

outliers. In the final two scenarios we also include correlation across series (b 6= 0).

Besides the general level of performance, including this only gives rise to minor

differences.

Determining the number of factors

We now turn to the problem of determining the correct number of factors in the true

model. This is often tackled as a model selection problem, and e.g. Stock and Watson

(2002b) used the Bayesian Information Criterion (BIC) applied to the forecasting

equation. The intuition behind this choice is described in an earlier version of their

paper, where they proposed a modified version of the BIC and showed that it would

asymptotically select the correct number of factors. However, their Monte Carlo

results showed that the ordinary BIC outperformed their modified version, and hence
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the ordinary BIC is often used. These results can be found in Stock and Watson

(1998). Their work has, however, since been surpassed by Bai and Ng (2002), and the

information criteria suggested in their work has become the preferred approach in

the literature. We will therefore focus on their information criterion which is defined

as:

IC j (k) = log(V LS(F̂ ,Λ̂; X ))+kg j (n,T ) (2.20)

with three possible penalty terms:

g1(n,T ) =
(

n +T

nT

)
log

(
nT

n +T

)
(2.21)

g2(n,T ) =
(

n +T

nT

)
log

(
C 2

nT

)
(2.22)

g3(n,T ) =
(

log(C 2
nT )

C 2
nT

)
(2.23)

where k is the number of factors in the estimated model and C 2
nT = min(n,T ). We

can then estimate the true number of factors as r̂ = argmin1≤k≤kmax
IC j (k).

Although their results were derived in relation to PC, it is important to note that

according to Bai and Ng (2002, Corollary 2) their results hold for any consistent

estimator regardless of the estimation method used as long as the convergence rate

CnT is correctly specified. So even though we have not provided a formal proof

of the consistency of our LAD estimator, and hence do not know what the rate of

convergence might be, we would still expect IC j to perform well for the LAD estimator

in light of the Monte Carlo results provided above.2

The Monte Carlo setup is the same as outlined above. We set the true number

of factors to four, i.e. r = 4 and the maximum number of estimated factors to 12, i.e.

kmax = 12. The number of factors is estimated using the three variants of IC j and the

PC, PC-S and LAD methods.

In Table 2.3 results are given for the i.i.d. case, i.e. where a = b = 0. Again, just

as the precision of the PC estimates is poor in the case of t(1) errors, the ability to

correctly determine the number of factors is also adversely affected. The estimated

number of factors diverge to the maximum of kmax = 12 as the sample size increases.

Both LAD and PC-S appear to have the opposite problem. PC-S sets the true number

of factors to one in all cases, and LAD seems to converge to one as the sample size

increases. However, for small sample sizes LAD is closer to the true value of four.

In the case of t(2) errors we see both LAD and PC-S increasing their performance

whereas PC still provides more or less divergent results. In the remaining cases all

methods are quite close to the true value. One small difference that should be noted

2 It might seem more intuitive to use V LAD in (2.20) for the LAD estimator. However, in addition to
having no theoretical justification for using it, our (non-reported) Monte Carlo results showed comparable,
but slightly lower performance, when compared to using V LS, hence we use the traditional IC j .
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Table 2.3. Estimated number of factors using the three variants of the IC j information criterion
for the case of i.i.d. errors, i.e. a = 0, b = 0. The true number of factors is r = 4. The Monte Carlo
results are based on 1,000 replications.

PC PC-S LAD

n T Dist. IC1 IC2 IC3 IC1 IC2 IC3 IC1 IC2 IC3

25 50 t (1) 5.46 4.68 7.02 1.00 1.00 1.00 2.67 2.49 2.93
25 100 t (1) 7.17 6.65 8.05 1.00 1.00 1.00 2.59 2.46 2.69
50 100 t (1) 8.17 7.49 9.40 1.00 1.00 1.00 1.49 1.46 1.59
50 200 t (1) 9.55 9.21 10.13 1.00 1.00 1.00 1.43 1.40 1.54

100 200 t (1) 10.35 10.10 10.86 1.00 1.00 1.00 1.12 1.11 1.14
150 200 t (1) 10.71 10.52 11.10 1.00 1.00 1.00 1.04 1.04 1.07

25 50 t (2) 5.39 3.50 11.28 1.53 1.25 2.21 1.52 1.28 2.24
25 100 t (2) 5.36 4.41 8.67 1.50 1.36 1.87 1.45 1.32 1.87
50 100 t (2) 5.78 4.97 9.06 2.07 1.72 2.88 1.86 1.52 2.73
50 200 t (2) 5.92 5.56 7.08 2.28 2.09 2.81 2.14 1.92 2.67

100 200 t (2) 6.68 6.25 9.13 3.22 2.99 3.65 3.13 2.89 3.59
150 200 t (2) 7.13 6.56 10.93 3.50 3.31 3.83 3.46 3.25 3.81

25 50 t (3) 4.43 4.04 9.58 3.66 3.39 4.55 3.11 2.63 3.72
25 100 t (3) 4.33 4.21 4.78 3.83 3.75 3.93 3.51 3.36 3.76
50 100 t (3) 4.36 4.26 4.95 3.99 3.98 4.00 3.98 3.96 4.00
50 200 t (3) 4.27 4.24 4.44 4.00 4.00 4.00 4.00 4.00 4.00

100 200 t (3) 4.32 4.26 4.68 4.00 4.00 4.00 4.00 4.00 4.00
150 200 t (3) 4.32 4.25 5.00 4.00 4.00 4.00 4.00 4.00 4.00

25 50 t (5) 4.03 3.98 6.82 4.00 3.97 5.90 3.81 3.68 3.94
25 100 t (5) 4.02 4.01 4.03 4.00 4.00 4.01 3.96 3.94 3.99
50 100 t (5) 4.01 4.00 4.04 4.00 4.00 4.00 4.00 4.00 4.00
50 200 t (5) 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

100 200 t (5) 4.01 4.00 4.01 4.00 4.00 4.00 4.00 4.00 4.00
150 200 t (5) 4.00 4.00 4.02 4.00 4.00 4.00 4.00 4.00 4.00

25 50 N 4.00 4.00 4.83 4.00 4.00 4.83 3.98 3.96 3.99
25 100 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 3.99 4.00
50 100 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
50 200 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

100 200 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
150 200 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
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Table 2.4. Estimated number of factors using the three variants of the IC j information criterion
for the case of non-i.i.d. errors and either normal or t (3) distributed errors. The true number of
factors is r = 4. The Monte Carlo results are based on 1,000 replications.

PC PC-S LAD

n T a b Dist. IC1 IC2 IC3 IC1 IC2 IC3 IC1 IC2 IC3

25 50 0.5 0 t (3) 4.61 3.70 9.75 3.57 2.99 6.18 2.58 2.00 3.55
25 100 0.5 0 t (3) 4.37 4.13 5.87 3.68 3.50 4.00 3.05 2.78 3.52
50 100 0.5 0 t (3) 4.43 4.28 7.20 3.97 3.93 4.30 3.94 3.84 4.07
50 200 0.5 0 t (3) 4.29 4.24 4.52 3.99 3.99 4.00 3.99 3.98 4.00

100 200 0.5 0 t (3) 4.33 4.26 5.18 4.00 4.00 4.01 4.00 4.00 4.00
150 200 0.5 0 t (3) 4.38 4.28 7.74 4.00 4.00 4.07 4.00 4.00 4.00

25 50 0.5 0 N 4.09 4.00 7.49 4.09 4.00 7.47 3.92 3.85 3.99
25 100 0.5 0 N 4.00 4.00 4.11 4.00 4.00 4.11 3.99 3.99 4.00
50 100 0.5 0 N 4.00 4.00 4.45 4.00 4.00 4.45 4.00 4.00 4.00
50 200 0.5 0 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

100 200 0.5 0 N 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00
150 200 0.5 0 N 4.00 4.00 4.29 4.00 4.00 4.29 4.00 4.00 4.00

25 50 0 1 t (3) 11.89 8.21 12.00 4.03 1.55 8.37 1.33 1.14 2.88
25 100 0 1 t (3) 12.00 11.99 12.00 4.22 2.52 7.68 1.26 1.18 1.74
50 100 0 1 t (3) 2.93 1.41 12.00 1.22 1.04 6.90 1.05 1.02 1.63
50 200 0 1 t (3) 3.25 1.98 12.00 1.31 1.14 2.76 1.05 1.03 1.31

100 200 0 1 t (3) 3.73 2.68 11.90 2.34 1.67 3.98 1.49 1.16 3.39
150 200 0 1 t (3) 4.29 3.46 12.00 3.36 2.44 4.21 2.50 1.67 3.98

25 50 0 1 N 11.80 8.15 12.00 11.80 8.13 12.00 1.65 1.30 3.21
25 100 0 1 N 12.00 12.00 12.00 12.00 12.00 12.00 2.09 1.73 2.96
50 100 0 1 N 4.05 3.85 12.00 4.05 3.85 12.00 3.43 3.00 3.97
50 200 0 1 N 4.01 3.98 11.99 4.01 3.98 11.99 3.84 3.74 3.97

100 200 0 1 N 4.00 4.00 8.91 4.00 4.00 8.90 4.00 4.00 4.00
150 200 0 1 N 4.00 4.00 11.55 4.00 4.00 11.55 4.00 4.00 4.00

25 50 0.5 1 t (3) 8.72 3.86 11.57 4.47 1.83 8.56 1.51 1.25 3.44
25 100 0.5 1 t (3) 11.91 11.61 11.97 6.61 4.34 9.20 1.40 1.22 2.37
50 100 0.5 1 t (3) 4.98 1.48 11.99 1.53 1.06 9.97 1.15 1.09 2.33
50 200 0.5 1 t (3) 5.31 1.74 11.99 1.23 1.06 6.83 1.07 1.04 1.29

100 200 0.5 1 t (3) 2.97 1.68 12.00 1.52 1.08 9.29 1.07 1.04 2.63
150 200 0.5 1 t (3) 3.73 2.05 12.00 2.24 1.28 11.26 1.28 1.06 4.09

25 50 0.5 1 N 9.56 4.61 11.83 9.55 4.60 11.83 1.49 1.16 3.39
25 100 0.5 1 N 11.99 11.86 12.00 11.99 11.86 12.00 1.61 1.34 2.63
50 100 0.5 1 N 6.66 3.65 12.00 6.65 3.65 12.00 2.56 1.89 4.54
50 200 0.5 1 N 6.02 4.10 12.00 6.00 4.10 12.00 3.21 2.90 3.80

100 200 0.5 1 N 4.08 4.00 12.00 4.08 4.00 12.00 3.99 3.97 4.21
150 200 0.5 1 N 4.02 4.00 12.00 4.02 4.00 12.00 4.00 4.00 5.09
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is that for the smallest sample size (n = 25, T = 50) IC3 tends to overestimate the

number of factors for the PC and PC-S estimates. This is, however, not a problem for

the LAD estimates.

In Table 2.4 we compare t (3) errors to normality in three different non-i.i.d. sce-

narios. The results are much in line with what was observed in Table 2.2 regarding

precision. In the first scenario with only moderate persistence (a = 0.5, b = 0) PC-S

and LAD perform best with the PC estimates being inflated due to the outliers in the

t (3) distribution. It should, however, again be noted that for PC and PC-S, IC3 overes-

timate the number of factors. In the second scenario we only include cross-sectional

correlation (a = 0, b = 1). What is interesting about this case is that LAD outperforms

PC (and PC-S) under normality where especially IC3 tends to diverge to the maxi-

mum of 12 factors. In the case of t (3) errors we do, nonetheless, notice that LAD has

a tendency to underestimate the number of factors. Finally, in the last scenario we

have both time and cross-sectional correlation (a = 0.5, b = 1). The results here are

quite close to the second scenario indicating that correlation across series is more

crucial to the performance than correlation across time (at least in the case of only

moderate persistence).

Summing up the results in this section we in general see many of the same

characteristics of the LAD estimator in the factor setting as we would in a standard

linear regression setting. In the i.i.d. case LAD is capable of estimating the factors even

in extreme case of t (1) errors, whereas PC require at least 3 degrees of freedom in the

Student-t distribution for acceptable results. The closer we get to normality, the better

PC performs with a turning point around 5 degrees of freedom. Adding correlation

to the error term lowers performance, and in particular the combination of high

persistence and heavy tails hampers performance of the PC estimator. Determining

the number of factors is also affected by outliers. In general LAD also outperforms

PC here, though LAD has difficulties giving correct estimates in the extreme cases.

Furthermore, there is a tendency for IC3 to overestimate the number of factors (in

some cases quite severely) when applied to the PC and PC-S estimates. Screening

before applying PC lessens the problem in all cases but is not as effective as using the

LAD estimator.

2.4 Empirical application

Forecasting in our factor model was already alluded to in the previous section. We

shall now consider our empirical application and hence return to it in more detail. The

forecasting framework used is very similar to what is often applied in the literature, e.g.

Stock and Watson (2002b). The aim is to obtain h-step-ahead forecasts of a number of

macroeconomic variables. In order to avoid having to specify a process for the factors

we will only consider direct forecasting. In general we will consider the following
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forecasting model:

yh
t+h =αh +βh(L)′Ft +γh(L)yt +εh

t+h (2.24)

where βh(L) and γh(L) are lag polynomials. The explicit dependence on the forecast

horizon should be noted as the model is specific to the horizon.

The variables to be forecast are assumed to be either I(1) or I(2) in logarithms. Let

zt be the original variable of interest recorded at a monthly frequency, then in the

case of I(1) we define the h-step-ahead variable as:

yh
t+h = (1200/h) log(zt+h/zt ) (2.25)

i.e. annualized growth over the horizon in percent. In the case of I(2) we define it as:

yh
t+h = (1200/h) log(zt+h/zt )−1200log(zt /zt−1) (2.26)

i.e. the difference between annualized growth over the horizon in percent and annu-

alized growth over the last month.

Since the forecasting model (2.24) contains the unobserved factors Ft , estimation

is done in a two-step approach. First the factors are estimated using either PC or our

proposed LAD procedure. Then in the second step (2.24) is estimated by OLS with the

estimated factors in place of the unobserved true ones. Hence, for a dataset ending at

time T we obtain the forecast of T +h by fitting the forecasting equation using the

OLS estimates:

ŷh
T+h|T = α̂h +

k∑
j=1

β̂h, j F̂T, j +
p∑

j=1
γ̂h, j yT− j+1 (2.27)

Clearly, in order to fully specify the forecasting model, k and p need to be specified,

i.e. the number of factors to include and how many lags of yt to include. Note that

in the following we will also allow for the possibility of including no lags of yt , this

case will be referred to as p = 0. Either BIC or the IC j criterion by Bai and Ng (2002)

as described earlier will be used to select the number of factors, and BIC to select the

number of lags. In addition to this the possibility of simply fixing k and p will also be

considered.

Before estimation can be carried out the data need to be prepared. Recall that

the factor model assumes the variables to be stationary and centered at zero. We

will need to ensure that the data reflect this. Therefore all series are transformed

to be stationary, the details on which can be found in the data appendix. For the

PC estimation we further center all variables such that they have mean zero. The

intuition behind this is that the factor estimation is basically a regression without

an intercept, centering corrects for this. In some cases the mean of the series is even

referred to as the zeroth PC. The LAD estimation will also require centering. However,

since LAD estimates the median, centering will be done at the median.
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Finally, the data have to be scaled. The need for this is not immediately apparent

from the general model setup, but is in fact quite critical. Recall that the solution to the

PC estimation problem is the loadings that maximize the variances of the individual

factors. Therefore it is quite clear that if some variables have a high variance and

others a low variance the latter will be crowded out by the former. To avoid this

problem it is common to scale all variables to have unit variances. By doing this we

ensure that the “choice” of variables in the factors is not driven by differences in the

variances.

Although scaling the variables to have unit variances is the obvious choice, we

must remember that the variance is not a robust measure of dispersion. In the case

of our LAD estimator one could imagine more appropriate scalings. A popular robust

alternative to the variance (or rather the standard deviation) is the median absolute

deviation (MAD): 3

MAD(x) = med
[∣∣xi −med[x]

∣∣] (2.28)

Consequently, we will consider the following methods for estimating the factors. PC:

Estimation by PC using data centered at the mean and scaled to have unit variance;

LAD: Estimation by LAD using data centered at the median and scaled to have unit

variance; LAD-MAD: Estimation by LAD using data centered at the median and scaled

to have unit MAD. We will also compare to the effects of screening the data, hence we

also have a PC-S model, i.e. estimation by PC using data centered at the mean, scaled

to have unit variance and screened for outliers. The screening procedure used is the

same as in the previous section.4

The dataset

Many of the papers written on the subject of factor model forecasting use the same

few datasets available online. More specifically data from Stock and Watson (2002b),

Stock and Watson (2005), or an updated version of the latter from Ludvigson and

Ng (2010). For this paper, however, a more up-to-date dataset shall be considered,

and hence we have collected a new dataset. All variables used are either directly

from the Federal Reserve Economic Data (FRED) database made available by the

Federal Reserve of St. Louis or have been computed on the basis of these. We have

attempted to keep the composition of the dataset close to the original Stock and

Watson datasets. A total of 111 monthly US macroeconomic variables are included in

our dataset, and hence it is slightly smaller than the typical datasets. The data have

been taken in seasonally adjusted form from FRED and hence we have not performed

any adjustments ourselves.

3 Often MAD is scaled by a constant (≈ 1.4826) to make it consistent for the standard deviation in the
case of Gaussian data. See Huber and Ronchetti (2009) for details. In our case this is of course irrelevant.

4I could perhaps be tempting to use MAD scaling in conjunction with the PC estimator as a shortcut
to robustness. However, as argued this is an illogical choice and indeed it produces very poor results. We
therefore do not include it in the paper.
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We will be forecasting six variables; three variables measuring real economic

activity: Industrial production (INDPRO), real personal income excluding current

transfer receipts (W875RX1), and the number of employees on nonagricultural pay-

rolls (PAYEMS); as well as three price indexes: The consumer price index less food

and energy (CPILFESL), the personal consumption expenditures price index (PCEPI),

and the producer price index for finished goods (PPIFGS). We assume that the first

three are I(1) in logarithms and that the last three are I(2) in logarithms.

A balanced dataset is needed for the estimation procedures and hence the span

of the dataset will be determined by the variable with the shortest span after possi-

bly being differenced to obtain stationarity. We will therefore be considering data

spanning the period 1971:2–2011:4. Data are available for the variables we wish to

forecast prior to 1971:2 and hence the span is not reduced when lags are included in

the forecasting model.

The forecasting exercise will be carried out as a pseudo-real-time forecasting

experiment; real-time in the sense that both the factors and the forecasting model

are reestimated in each period using only data available up until that period; and

pseudo in the sense that we are not using actual real-time data, but rather final

vintage data which may have undergone revision. Forecasting will be done for the

period 1981:1–2011:4.

Results

Before examining the forecasting results we start with an inspection of the factor

estimates for the different models. In Figure 2.1 the first four factors estimated using

the four main models and the entire dataset are plotted. All four methods give very

similar estimates of the first factor, with one difference being the LAD-MAD estimate

which appears to be scaled differently. Clearly, this is due to the MAD scaling of the

dataset. For the next three factors the methods agree less. Although it might not be

obvious from these plots, it does appear that some of the factors have interchanged.

To illustrate this further we have provided the correlation between the different

factor estimates in Table 2.5. The correlations confirm that the methods agree on

the estimation of the first factor and that the difference for the LAD-MAD estimate is

indeed simply a scale effect. For the second factor, we see that the two LAD methods

agree on the estimate. For the PC estimates the screening has caused factors two and

three to switch, but these factors are different from the second factor estimated by

LAD. Instead the second PC factor (or third PC-S factor) appears to be similar to the

fourth LAD factor. Furthermore, the fourth LAD factor is highly correlated with the

third LAD-MAD factor but distinct from the rest. Thus, in this case the scaling of the

data also affects the ordering of the factors. Finally, the PC and PC-S methods agree

on the fourth factor.

For this particular application we can thus confirm our conjecture from the

previous section that outliers (or at least screening) does affect the ordering of the
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Figure 2.1. Plots of the estimated factors. The left column of the figure depicts factors 1 through
4 (top to bottom) for the PC estimates (blue solid line) and the PC-S estimates (red dashed
line). Likewise for the right column with the LAD estimates (blue solid line) and the LAD-MAD
estimates (red dashed line).
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factors. The ordering is of course not important for the forecasting performance if we

indeed include all factors in the forecasting model. However, if the number of factors

is not correctly determined it may be crucial for the performance.

Table 2.5. Correlation matrix for the first four factors estimated using the PC, PC-S, LAD and
LAD-MAD methods (the latter abbreviated L-M here). Note that the coefficients are shown in
absolute values and that only entries larger than 0.8 in the lower triangular part of the matrix
are included.

Factor 1 Factor 2 Factor 3 Factor 4

PC PC-S LAD L-M PC PC-S LAD L-M PC PC-S LAD L-M PC PC-S LAD L-M

Fa
ct

o
r

1 PC 1.00
PC-S 1.00 1.00
LAD 0.98 0.98 1.00
L-M 0.98 0.98 1.00 1.00

Fa
ct

o
r

2 PC 1.00
PC-S 1.00
LAD 1.00
L-M 0.99 1.00

Fa
ct

o
r

3 PC 0.97 1.00
PC-S 0.88 1.00
LAD 1.00
L-M 1.00

Fa
ct

o
r

4 PC 1.00
PC-S 0.88 1.00
LAD 0.91 0.90 1.00
L-M 0.99 1.00

In Table 2.6 we present the main forecasting results for the 12-month horizon.

The results are divided into seven main scenarios. In the first scenario we fix the

number of factors at four and include no AR terms. In the next three scenarios we

determine the number of factors using IC1 and include no AR terms, six AR terms, or

let BIC determine the number of AR terms. The fifth and sixth scenarios use BIC to

determine the number of AR terms and either IC2 or IC3 for the number or factors.

Finally, the seventh scenario uses BIC for both the number of AR terms and factors.

In addition to this we include a naïve scenario where the forecast is computed as

the unconditional mean or median of either the entire data series or the latest h

observations (denoted h-window).

For each variable of interest we report the mean squared forecast error (MSFE)

relative to the MSFE of an AR(p) forecast with 0 ≤ p ≤ 6 chosen by BIC, i.e. forecasts

based on model (2.24) without factors. The root mean squared forecast error (RMSFE)

of this model is included in the final row of the table. For each scenario the lowest

MSFE is underlined and the overall lowest MSFE is bold.

First, notice that across all variables and scenarios the lowest MSFE is obtained
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Table 2.6. Forecast results for h = 12 using the FRED dataset. The variables included are:
Industrial production (IP), real personal income excluding current transfer receipts (PI), all
employees, nonfarm (Emp.), consumer price index (CPI), personal consumption expenditure
chain-type price index (PCE), producer price index: finished goods (PPI). For each model
specification the mean square forecast error (MSFE) relative to the MSFE of an AR forecast is
presented. The root mean squared forecast error (RMSFE) of this AR model is given in the final
row of the table. Underlined MSFE indicates lowest value within each specification of p and k,
and bold MSFE indicates overall lowest value. The average number of included factors over the
length of the experiment is reported as k̄.

Model Variables

Factor
method

p k k̄ IP PI Emp. CPI PCE PPI

PC 0 4 4.0 0.9830 0.9041 1.0408 1.3819 1.8930 1.8550
PC-S 0 4 4.0 0.9590 0.8999 1.0238 1.3543 1.8918 1.8242
LAD 0 4 4.0 1.0454 0.9795 1.0942 1.4532 1.8708 1.8597
LAD-MAD 0 4 4.0 1.0353 0.9091 1.0600 1.5028 1.9406 1.9113

PC 0 IC1 9.4 1.0435 0.9486 0.9974 1.5430 1.9241 1.9086
PC-S 0 IC1 4.3 1.0353 0.9469 1.1274 1.4075 1.8982 1.8256
LAD 0 IC1 4.9 1.0817 1.0142 1.0822 1.4592 1.9158 1.8300
LAD-MAD 0 IC1 2.4 0.9381 0.8075 0.9211 1.3086 1.8593 1.9006

PC 6 IC1 9.4 1.0434 0.9565 0.9889 1.3994 1.2139 1.1344
PC-S 6 IC1 4.3 1.0573 0.9769 1.1281 1.4052 1.2290 1.1281
LAD 6 IC1 4.9 1.0924 1.0359 1.0898 1.5536 1.2094 1.1146
LAD-MAD 6 IC1 2.4 0.9434 0.8186 0.8972 1.0000 1.0876 1.0792

PC BIC IC1 9.4 1.0433 0.9402 0.9831 1.3994 1.2228 1.1344
PC-S BIC IC1 4.3 1.0356 0.9486 1.1218 1.4052 1.2301 1.1281
LAD BIC IC1 4.9 1.0843 1.0028 1.0872 1.5536 1.2188 1.1146
LAD-MAD BIC IC1 2.4 0.9426 0.7742 0.8998 1.0006 1.1137 1.0800

PC BIC IC2 8.1 1.0221 0.9232 0.9915 1.3462 1.2083 1.1153
PC-S BIC IC2 4.0 1.0394 0.9489 1.1309 1.3922 1.2251 1.1253
LAD BIC IC2 4.5 1.0681 0.9820 1.0924 1.5494 1.2393 1.1294
LAD-MAD BIC IC2 1.8 0.9444 0.7366 0.8955 1.0493 1.0781 1.0523

PC BIC IC3 12.0 1.0605 0.9492 0.9614 1.5170 1.2071 1.1355
PC-S BIC IC3 7.0 1.0286 0.9698 1.0694 1.4798 1.2284 1.1323
LAD BIC IC3 7.9 1.1179 1.0232 1.0945 1.5904 1.2203 1.1151
LAD-MAD BIC IC3 4.3 1.0585 0.9008 1.0045 1.1068 1.1098 1.0848

PC BIC BIC – 1.0916 0.9660 0.9834 1.3424 1.1943 1.0990
PC-S BIC BIC – 1.0565 0.9675 0.9885 1.3560 1.2345 1.1157
LAD BIC BIC – 1.1632 1.0029 1.0264 1.6138 1.2618 1.1175
LAD-MAD BIC BIC – 1.1904 0.9966 1.0733 1.3445 1.2675 1.1646

Uncond. mean 1.1074 1.0516 1.7843 1.8484 2.3316 2.6947
Uncond. mean, h-window 2.2059 1.5040 2.1627 2.0076 2.5194 3.0456
Uncond. median 2.0321 1.4188 2.0458 2.1321 2.5420 3.0614
Uncond. median, h-window 1.2222 1.0939 2.1126 1.8410 2.3354 2.6971

RMSFE, AR Model 4.3887 2.5596 1.5839 1.1686 1.5555 4.3613



2.4. EMPIRICAL APPLICATION 73

by the LAD-MAD method and that for the scenarios using IC1 and IC2, LAD-MAD

is always associated with the lowest MSFE. Hence it appears that LAD-MAD is the

superior method for this application. To a large extent it appears that this is driven by

the number of factors included in the forecasting equation. Looking at the average

number of factors across the experiment horizon k̄ we see that the number of factors

is consistently lowest for the LAD-MAD method. PC-S and LAD on the other hand

roughly choose the same number of factors, which is perhaps to be expected since

our Monte Carlo results did show very similar performance for these two methods

in many cases. It is, however, surprising that LAD-MAD chooses fewer factors than

LAD. This suggests that scaling using a non-robust dispersion measure may incor-

rectly increase the number of factors and thereby hamper forecasting performance.

Furthermore, if the true number of factors is as low as 2–3 as suggested by the LAD-

MAD method the ordering of the factors becomes very important. Even if the other

methods do estimate these factors but ordered differently, we may need to include

many more estimated factors to ensure we include the few truly relevant ones. This

may then in turn lead to degradation of the performance since we include irrelevant

factors.

The results for the PC model are very interesting since they highlight the effects of

screening when compared to PC-S. In general PC tends to choose a quite high number

of factors. The drop in the number of factors between PC and PC-S suggests that we

do have outliers in the data. However, it is not always the case that this translates into

higher forecasting performance. This could again be explained by the ordering of

the factors. If the ordering is such that not all true factors are included in PC-S and

the severity of not including all true factors is greater than the performance decrease

due to possibly including irrelevant factors, then we should include more estimated

factors as in the PC model.

In the final two scenarios either IC3 or BIC is used to choose k. None of these

scenarios provide results of comparable performance. For IC3 the Monte Carlo results

demonstrated a tendency to overestimate the number of factors. In these empirical

results we also find that IC3 in general includes more factors than IC1 and IC2. This

may very well be the reason for the poor performance. Further, as we mentioned

earlier, the use of BIC is no longer common, and hence the poor performance is

expected. Note, that one crucial difference between the IC j criterion and BIC is that

BIC is applied to the forecasting equation and hence depends on the variable being

forecast. Although this could give rise to better performance than IC j , it is not in line

with the general theory of the factor model which assumes one model with r factors

regardless of what is being forecast. This is also why k̄ is not reported in the tables for

the BIC case. Finally, it is clear that the naïve alternatives are inferior to the models

considered as they underperform in all cases.

Similar forecasting experiments for 6- and 24-month horizons have also been

conducted. These results can be found in the appendix in Tables 2.7 and 2.8. For the
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6-month horizon the results are quite similar to the 12-month forecasts. In general

LAD-MAD is still the superior method and the MSFEs are marginally lower than in

the 12-month case. Interestingly, we are now able to beat the AR forecast for CPI, i.e.

the relative MSFE is less than one. In the 12-month case the factor-based forecasts

did not improve on the AR forecasts for any of the price indexes. The only variable

where LAD-MAD is not the best performing model is PPI. Here PC is now the best

method, but it is still inferior to a simple AR forecast. For the 24-month horizon the

results are less clear-cut, but LAD-MAD still performs well in many cases. However,

for nonagricultural employees the lowest MSFE is now obtained by PC. In general the

forecasting performance is lower at this longer horizon.

2.5 Concluding remarks

In this paper we set out to challenge the common perception that outliers can easily

be dealt with in factor models by simply screening the data. Building on the virtues of

the LAD estimator we have established a tractable LAD factor estimator and demon-

strated that in the presence of outliers a robust estimation method is preferable to

ad-hoc screening.

Throughout the paper we have attempted to cling firmly to an ultimate goal of

applicability. After all, what good is a model that does not perform when faced with

real data? Because of this we have especially focussed on two issues: Establishing not

only a tractable, but also fairly quick estimation method; and demonstrating its use

on a relevant dataset. We particularly find the last point important since a model’s

ability to forecast an old dataset says nothing about its applicability today.

In our Monte Carlo simulation study we have demonstrated that outliers not only

affect the precision of the PC factor estimates adversely, but also tend to inflate the

estimated number of factors. Our proposed LAD factor estimator was shown to share

many traits with its regression counterpart and was in general not negatively affected

by the presence of the outliers.

Taking the LAD factor estimator to our newly collected dataset covering 111 US

macroeconomic variables illustrated the importance of taking outliers into account in

factor-based forecasting. When applying our LAD estimator to a dataset that had been

robustly scaled using MAD we were able to achieve a gain in forecasting performance

compared to the traditional PC approach using screened data.

Since our focus has been the applicability of the model we have not delved into the

theoretical aspects of the model. However, considering the encouraging forecasting

results this would undoubtedly be a very interesting thing to do as part of the future

research into this area.
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2.6 Appendix

Proof of Proposition 2

Proof. The proof makes use of Oberhofer and Kmenta (1974, Lemma 1) and follows

the same line of reasoning as the proof of Oberhofer and Kmenta (1974, Theorem 1).

Let a = (F,Λ) be the parameter of interest, and write the objective function as

f (a) =−nT ·V LAD(F,Λ; X ) =−
n∑

i=1

T∑
t=1

∣∣Xi t −λi Ft
∣∣ (2.29)

where a ∈ U , U = UF ×UΛ. Since we minimize the objective function subject to

Λ′Λ= 1 we have that UΛ = {Λ |Λ′Λ= 1}. We further take UF to beRT . The proposition

then follows directly from Oberhofer and Kmenta (1974, Lemma 1) given their three

assumptions hold:

(i) There exists an s such that the set S = {a | a ∈ U , f (a) ≥ s} is nonempty and

bounded.

(ii) f (a) is continuous in S.

(iii) UΛ is closed and UF =RT .

Starting from the bottom, (iii) is satisfied by the definition of the parameters spaces.

(ii) is satisfied by continuity of the absolute value function. Hence the crucial assump-

tion to verify is (i). The choice of s is arbitrary but can e.g. be set to f (a(0)) where a(0)

is the starting value for the algorithm. To show S is bounded, assume the opposite is

the case to arrive at a contradiction. Then there must be a sequence a(ν) in S such

that

lim
ν→∞[a(ν)′a(ν)] =∞ (2.30)

SinceΛ ∈UΛ which is closed this implies that

lim
ν→∞[F (ν)′F (ν)] =∞ (2.31)

which in turn implies that

lim
ν→∞(X −F (ν)Λ(ν)′)′(X −F (ν)Λ(ν)′) = nT ·V LS(F (ν),Λ(ν); X ) =∞ (2.32)

However, by subadditivity of the square root function we have that

0 ≤
√

nT ·V LS(F (ν),Λ(ν); X ) ≤ nT ·V LAD(F (ν),Λ(ν); X ) (2.33)

It therefore must follow that limν→∞ f (a(v)) =−∞. However, this contradicts the fact

that a(ν) ∈ S and thus S must be bounded.
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Additional results

Table 2.7. Forecast results for h = 6 using the FRED dataset. The variables included are: In-
dustrial production (IP), real personal income excluding current transfer receipts (PI), all
employees, nonfarm (Emp.), consumer price index (CPI), personal consumption expenditure
chain-type price index (PCE), producer price index: finished goods (PPI). For each model
specification the mean square forecast error (MSFE) relative to the MSFE of an AR forecast is
presented. The root mean squared forecast error (RMSFE) of this AR model is given in the final
row of the table. Underlined MSFE indicates lowest value within each specification of p and k,
and bold MSFE indicates overall lowest value. The average number of included factors over the
length of the experiment is reported as k̄.

Model Variables

Factor
method

p k k̄ IP PI Emp. CPI PCE PPI

PC 0 4 4.0 1.0080 0.8376 1.0320 1.5462 1.7267 1.6210
PC-S 0 4 4.0 0.9855 0.8310 1.0052 1.5187 1.7519 1.6015
LAD 0 4 4.0 1.0378 0.8966 1.0521 1.5882 1.7126 1.6215
LAD-MAD 0 4 4.0 0.9981 0.8311 1.0242 1.5825 1.7607 1.6318

PC 0 IC1 9.4 1.0557 0.9080 0.9682 1.6609 1.7888 1.6654
PC-S 0 IC1 4.3 1.0437 0.8726 1.1198 1.5309 1.7504 1.5931
LAD 0 IC1 4.9 1.0582 0.9099 1.0143 1.5821 1.7532 1.5975
LAD-MAD 0 IC1 2.4 0.9627 0.7495 0.9244 1.5483 1.7219 1.6425

PC 6 IC1 9.4 1.0861 0.9337 0.9076 1.1260 1.1911 1.1006
PC-S 6 IC1 4.3 1.0921 0.9001 1.0313 1.1892 1.2249 1.1287
LAD 6 IC1 4.9 1.1047 0.9612 0.9919 1.1652 1.2019 1.1101
LAD-MAD 6 IC1 2.4 1.0214 0.7968 0.8604 0.8807 1.1140 1.0708

PC BIC IC1 9.4 1.0454 0.9200 0.9472 1.1634 1.1950 1.1006
PC-S BIC IC1 4.3 1.0544 0.8803 1.0700 1.2220 1.2279 1.1287
LAD BIC IC1 4.9 1.0506 0.9090 1.0060 1.1913 1.2039 1.1101
LAD-MAD BIC IC1 2.4 0.9660 0.7547 0.8837 0.9178 1.1222 1.0708

PC BIC IC2 8.2 1.0097 0.9026 0.9513 1.1483 1.1880 1.0899
PC-S BIC IC2 4.0 1.0646 0.8784 1.0955 1.2163 1.2277 1.1281
LAD BIC IC2 4.5 1.0427 0.8930 1.0171 1.1894 1.2141 1.1182
LAD-MAD BIC IC2 1.9 0.9328 0.6836 0.8811 0.9699 1.0875 1.0504

PC BIC IC3 12.0 1.0759 0.9511 0.9218 1.2141 1.2214 1.1092
PC-S BIC IC3 7.0 1.0535 0.9391 1.0437 1.2147 1.2328 1.1312
LAD BIC IC3 8.0 1.0775 0.9302 1.0192 1.1766 1.2114 1.1134
LAD-MAD BIC IC3 4.4 1.0403 0.8458 0.9476 0.9468 1.1223 1.0768

PC BIC BIC – 1.0174 0.9129 0.9454 1.1345 1.1034 1.0465
PC-S BIC BIC – 1.0195 0.9364 0.9817 1.1686 1.1708 1.0589
LAD BIC BIC – 1.0936 0.9018 0.9830 1.1925 1.1795 1.0649
LAD-MAD BIC BIC – 1.1142 0.9003 1.0223 1.1055 1.1693 1.0651

Uncond. mean 1.2472 1.0341 2.6319 2.0865 2.1006 2.2795
Uncond. mean, h-window 1.6566 1.0855 1.7362 2.4718 2.5768 2.8826
Uncond. median 1.6014 1.0712 1.6959 2.1711 2.5078 2.7123
Uncond. median, h-window 1.3249 1.0636 3.0894 2.0778 2.1198 2.2830

RMSFE, AR Model 4.7320 3.0009 1.3548 1.1214 1.6777 4.9234
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Table 2.8. Forecast results for h = 24 using the FRED dataset. The variables included are:
Industrial production (IP), real personal income excluding current transfer receipts (PI), all
employees, nonfarm (Emp.), consumer price index (CPI), personal consumption expenditure
chain-type price index (PCE), producer price index: finished goods (PPI). For each model
specification the mean square forecast error (MSFE) relative to the MSFE of an AR forecast is
presented. The root mean squared forecast error (RMSFE) of this AR model is given in the final
row of the table. Underlined MSFE indicates lowest value within each specification of p and k,
and bold MSFE indicates overall lowest value. The average number of included factors over the
length of the experiment is reported as k̄.

Model Variables

Factor
method

p k k̄ IP PI Emp. CPI PCE PPI

PC 0 4 4.0 0.9903 1.0558 1.0247 1.2793 1.9947 2.0709
PC-S 0 4 4.0 0.9749 1.0568 1.0405 1.2638 1.9528 2.0296
LAD 0 4 4.0 1.0240 1.0807 1.0511 1.3783 2.0187 2.0968
LAD-MAD 0 4 4.0 0.9775 1.0101 0.9969 1.5155 2.1371 2.2128

PC 0 IC1 9.3 0.9819 1.0466 0.8954 1.5249 2.0851 2.1980
PC-S 0 IC1 4.3 1.0191 1.0746 1.0851 1.3584 1.9795 2.0409
LAD 0 IC1 4.9 1.0440 1.0830 1.0182 1.4187 2.0690 2.0472
LAD-MAD 0 IC1 2.4 0.9302 0.9360 0.9252 1.2217 1.9878 2.1997

PC 6 IC1 9.3 0.9981 1.0708 0.9137 1.2526 1.2533 1.1823
PC-S 6 IC1 4.3 1.0452 1.1075 1.1039 1.2532 1.2237 1.1279
LAD 6 IC1 4.9 1.0507 1.1357 1.0458 1.2811 1.2266 1.1312
LAD-MAD 6 IC1 2.4 0.9256 0.9730 0.9271 0.9880 1.1448 1.1601

PC BIC IC1 9.3 0.9773 1.0432 0.8962 1.2548 1.2536 1.1823
PC-S BIC IC1 4.3 1.0334 1.0711 1.0778 1.2532 1.2300 1.1243
LAD BIC IC1 4.9 1.0311 1.0763 1.0160 1.2811 1.2403 1.1312
LAD-MAD BIC IC1 2.4 0.9298 0.9244 0.9130 0.9888 1.1690 1.1593

PC BIC IC2 8.0 0.9692 1.0349 0.9200 1.2717 1.2392 1.1461
PC-S BIC IC2 4.0 1.0330 1.0714 1.0802 1.2408 1.2228 1.1222
LAD BIC IC2 4.5 1.0093 1.0554 1.0093 1.3183 1.2582 1.1552
LAD-MAD BIC IC2 1.8 1.0323 0.9538 0.9216 1.1398 1.1407 1.1304

PC BIC IC3 12.0 1.0127 1.0516 0.8946 1.2434 1.2738 1.2166
PC-S BIC IC3 7.1 1.0543 1.0834 1.0350 1.2333 1.2292 1.1364
LAD BIC IC3 8.0 1.0561 1.1031 1.0256 1.2737 1.2683 1.1699
LAD-MAD BIC IC3 4.5 0.9819 1.0082 0.9729 1.0846 1.1928 1.1653

PC BIC BIC – 1.0215 1.0389 0.9015 1.1813 1.2073 1.1535
PC-S BIC BIC – 0.9796 1.0338 0.9260 1.2558 1.2358 1.1391
LAD BIC BIC – 1.0722 1.1579 0.9241 1.3044 1.2064 1.1421
LAD-MAD BIC BIC – 1.0493 1.1049 0.9726 1.2606 1.2645 1.1634

Uncond. mean 1.0000 1.0000 1.2005 1.5110 2.2995 2.8267
Uncond. mean, h-window 1.4827 1.6185 1.8464 2.0706 2.5481 3.0183
Uncond. median 1.4469 1.5310 1.7396 1.9737 2.5369 2.9697
Uncond. median, h-window 1.1163 1.0561 1.4818 1.6403 2.3294 2.8622

RMSFE, AR Model 3.3878 2.1985 1.6658 1.4364 1.5813 4.1238
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Data description

The dataset has been collected from the FRED database at the Federal Reserve Bank

of St. Louis (http://research.stlouisfed.org/fred2/). Transforming the vari-

ables to be stationary is done according to the transformation codes (TC): 1, no

transformation; 2, first difference; 4, logarithms; 5, first difference of logarithms;

6, second difference of logarithms. In addition to this, some variables have been

seasonally adjusted according to the S.Adj. column: SA, seasonally adjusted; SAAR,

seasonally adjusted at an annual rate; NA, not applicable.

Table 2.9. FRED dataset: Variable list.

Mnemonic Description TC Units S.Adj.

DSPIC96 Real Disposable Personal Income 5 Bil. of Chn. 2005 $ SAAR
W875RX1 Personal income excluding current transfer

receipts
5 Bil. of Chn. 2005 $ SAAR

INDPRO Industrial Production Index 5 Index 2007=100 SA
IPBUSEQ Industrial Production: Business Equipment 5 Index 2007=100 SA
IPCONGD Industrial Production: Consumer Goods 5 Index 2007=100 SA
IPDCONGD Industrial Production: Durable Consumer

Goods
5 Index 2007=100 SA

IPFINAL Industrial Production: Final Products (Mar-
ket Group)

5 Index 2007=100 SA

IPMAT Industrial Production: Materials 5 Index 2007=100 SA
IPNCONGD Industrial Production: Nondurable Con-

sumer Goods
5 Index 2007=100 SA

TCU Capacity Utilization: Total Industry 2 % of Capacity SA
PAYEMS All Employees: Total nonfarm 5 Thous. SA
MANEMP All Employees: Manufacturing 5 Thous. SA
USCONS All Employees: Construction 5 Thous. SA
DMANEMP All Employees: Durable goods 5 Thous. SA
USEHS All Employees: Education & Health Services 5 Thous. SA
USFIRE All Employees: Financial Activities 5 Thous. SA
USGOOD All Employees: Goods-Producing Industries 5 Thous. SA
USGOVT All Employees: Government 5 Thous. SA
USINFO All Employees: Information Services 5 Thous. SA
USLAH All Employees: Leisure & Hospitality 5 Thous. SA
USMINE All Employees: Mining and logging 5 Thous. SA
NDMANEMP All Employees: Nondurable goods 5 Thous. SA
USSERV All Employees: Other Services 5 Thous. SA
USPBS All Employees: Professional & Business

Services
5 Thous. SA

USTRADE All Employees: Retail Trade 5 Thous. SA
SRVPRD All Employees: Service-Providing Industries 5 Thous. SA
USPRIV All Employees: Total Private Industries 5 Thous. SA
USTPU All Employees: Trade, Transportation &

Utilities
5 Thous. SA

USWTRADE All Employees: Wholesale Trade 5 Thous. SA
UEMP15OV Civilians Unemployed - 15 Weeks & Over 5 Thous. of Persons SA
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Table 2.9. FRED dataset: Variable list (continued).

Mnemonic Description TC Units S.Adj.

UEMP15T26 Civilians Unemployed for 15-26 Weeks 5 Thous. of Persons SA
UEMP27OV Civilians Unemployed for 27 Weeks and

Over
5 Thous. of Persons SA

UEMP5TO14 Civilians Unemployed for 5-14 Weeks 5 Thous. of Persons SA
UEMPLT5 Civilians Unemployed - Less Than 5 Weeks 5 Thous. of Persons SA
UNRATE Civilian Unemployment Rate 2 % SA
UEMPMEAN Average (Mean) Duration of Unemployment 2 Weeks SA
ICSA Initial Claims 5 Number SA
AWHMAN Average Weekly Hours of Production and

Nonsupervisory Employees: Manufacturing
1 Hours SA

AWOTMAN Average Weekly Overtime Hours of Pro-
duction and Nonsupervisory Employees:
Manufacturing

2 Hours SA

AWHNONAG Average Weekly Hours Of Production And
Nonsupervisory Employees: Total private

1 Hours SA

HOUSTMW Housing Starts in Midwest Census Region 4 Thous. of Units SAAR
HOUSTNE Housing Starts in Northeast Census Region 4 Thous. of Units SAAR
HOUSTS Housing Starts in South Census Region 4 Thous. of Units SAAR
HOUSTW Housing Starts in West Census Region 4 Thous. of Units SAAR
HOUST Housing Starts: Total: New Privately Owned

Housing Units Started
4 Thous. of Units SAAR

PERMIT New Private Housing Units Authorized by
Building Permits

4 Thous. of Units SAAR

PERMITMW New Private Housing Units Authorized by
Building Permits in the Midwest Census
Region

4 Thous. of Units SAAR

PERMITNE New Private Housing Units Authorized by
Building Permits in the Northeast Census
Region

4 Thous. of Units SAAR

PERMITS New Private Housing Units Authorized
by Building Permits in the South Census
Region

4 Thous. of Units SAAR

PERMITW New Private Housing Units Authorized by
Building Permits in the West Census Region

4 Thous. of Units SAAR

NAPMII ISM Manufacturing: Inventories Index 1 Index SA
NAPMNOI ISM Manufacturing: New Orders Index 1 Index SA
NAPMSDI ISM Manufacturing: Supplier Deliveries

Index
1 Index SA

M1SL M1 Money Stock 6 Bil. of $ SA
M2SL M2 Money Stock 6 Bil. of $ SA
CURRSL Currency Component of M1 6 Bil. of $ SA
BOGAMBSL Board of Governors Monetary Base, Ad-

justed for Changes in Reserve Requirements
3 Bil. of $ SA

TRARR Board of Governors Total Reserves, Adjusted
for Changes in Reserve Requirements

6 Bil. of $ SA

BUSLOANS Commercial and Industrial Loans at All
Commercial Banks

6 Bil. of $ SA



80 CHAPTER 2. FACTOR-BASED FORECASTING IN THE PRESENCE OF OUTLIERS

Table 2.9. FRED dataset: Variable list (continued).

Mnemonic Description TC Units S.Adj.

BOGNONBR Non-Borrowed Reserves of Depository
Institutions

6 Bil. of $ SA

NONREVSL Total Nonrevolving Credit Outstanding 6 Bil. of $ SA
SP500 S&P 500 Index 5 Index NA
FEDFUNDS Effective Federal Funds Rate 2 % NA
TB3MS 3-Month Treasury Bill: Secondary Market

Rate
2 % NA

TB6MS 6-Month Treasury Bill: Secondary Market
Rate

2 % NA

GS1 1-Year Treasury Constant Maturity Rate 2 % NA
GS5 5-Year Treasury Constant Maturity Rate 2 % NA
GS10 10-Year Treasury Constant Maturity Rate 2 % NA
AAA Moody’s Seasoned Aaa Corporate Bond

Yield
2 % NA

BAA Moody’s Seasoned Baa Corporate Bond
Yield

2 % NA

STB3MS Spread: TB3MS–FEDFUNDS 1 % NA
STB6MS Spread: TB6MS–FEDFUNDS 1 % NA
SGS1 Spread: SGS1–FEDFUNDS 1 % NA
SGS5 Spread: SGS5–FEDFUNDS 1 % NA
SGS10 Spread: SGS10–FEDFUNDS 1 % NA
SAAA Spread: AAA–FEDFUNDS 1 % NA
SBAA Spread: BAA–FEDFUNDS 1 % NA
EXCAUS Canada / U.S. Foreign Exchange Rate 5 Canadian $ to 1 U.S. $ NA
EXDNUS Denmark / U.S. Foreign Exchange Rate 5 Danish Kroner to 1 U.S. $ NA
EXUSAL U.S. / Australia Foreign Exchange Rate 5 U.S. $ to 1 Australian $ NA
EXUSUK U.S. / U.K Foreign Exchange Rate 5 U.S. $ to 1 British Pound NA
EXSZUS Switzerland / U.S. Foreign Exchange Rate 5 Swiss Francs to 1 U.S. $ NA
EXJPUS Japan / U.S. Foreign Exchange Rate 5 Japanese Yen to 1 U.S. $ NA
PPICFF Producer Price Index: Crude Foodstuffs &

Feedstuffs
6 Index 1982=100 SA

PPICRM Producer Price Index: Crude Materials for
Further Processing

6 Index 1982=100 SA

PPIFCF Producer Price Index: Finished Consumer
Foods

6 Index 1982=100 SA

PPIFCG Producer Price Index: Finished Consumer
Goods

6 Index 1982=100 SA

PFCGEF Producer Price Index: Finished Consumer
Goods Excluding Foods

6 Index 1982=100 SA

PPIFGS Producer Price Index: Finished Goods 6 Index 1982=100 SA
PPICPE Producer Price Index: Finished Goods:

Capital Equipment
6 Index 1982=100 SA

PPIFLF Producer Price Index: Finished Goods Ex-
cluding Foods

6 Index 1982=100 SA

PPIIFF Producer Price Index: Intermediate Foods &
Feeds

6 Index 1982=100 SA

PPIITM Producer Price Index: Intermediate Materi-
als: Supplies & Components

6 Index 1982=100 SA
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Table 2.9. FRED dataset: Variable list (continued).

Mnemonic Description TC Units S.Adj.

CPIAUCSL Consumer Price Index for All Urban Con-
sumers: All Items

6 Index 1982-84=100 SA

CPILEGSL Consumer Price Index for All Urban Con-
sumers: All Items Less Energy

6 Index 1982-84=100 SA

CPIULFSL Consumer Price Index for All Urban Con-
sumers: All Items Less Food

6 Index 1982-84=100 SA

CPILFESL Consumer Price Index for All Urban Con-
sumers: All Items Less Food & Energy

6 Index 1982-84=100 SA

CPIAPPSL Consumer Price Index for All Urban Con-
sumers: Apparel

6 Index 1982-84=100 SA

CPIENGSL Consumer Price Index for All Urban Con-
sumers: Energy

6 Index 1982-84=100 SA

CPIUFDSL Consumer Price Index for All Urban Con-
sumers: Food

6 Index 1982-84=100 SA

CPIFABSL Consumer Price Index for All Urban Con-
sumers: Food and Beverages

6 Index 1982-84=100 SA

CPIHOSSL Consumer Price Index for All Urban Con-
sumers: Housing

6 Index 1982-84=100 SA

CPIMEDSL Consumer Price Index for All Urban Con-
sumers: Medical Care

6 Index 1982-84=100 SA

CPIOGSSL Consumer Price Index for All Urban Con-
sumers: Other Goods and Services

6 Index 1982-84=100 SA

CPITRNSL Consumer Price Index for All Urban Con-
sumers: Transportation

6 Index 1982-84=100 SA

PCEPI Personal Consumption Expenditures: Chain-
type Price Index

6 Index 2005=100 SA

PCEPILFE Personal Consumption Expenditures: Chain-
Type Price Index Less Food and Energy

6 Index 2005=100 SA

PCE Personal Consumption Expenditures 5 Bil. of $ SAAR
PCEDG Personal Consumption Expenditures:

Durable Goods
5 Bil. of $ SAAR

PCEND Personal Consumption Expenditures: Non-
durable Goods

5 Bil. of $ SAAR

PCES Personal Consumption Expenditures: Ser-
vices

5 Bil. of $ SAAR
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Abstract

The theory and applications of dynamic factor models have been explored in many

directions in the literature. In this paper we delve into the problem of time-varying

loadings, an area which has not yet received much attention. A number of papers doc-

ument that in macroeconomic forecasting, factor loadings vary over time or exhibit

structural breaks, and that this in turn adversely affects forecasting performance. In

this paper we provide an empirical investigation of whether model specifications

with time-varying loadings are supported by data, and in turn how using such spec-

ifications affects forecasting performance. By making parametric assumptions on

the processes governing the loadings we are able to use a reduced-rank regression

approach to make estimation tractable and apply the model in a forecasting frame-

work. Using monthly US macroeconomic data we attempt to verify previous findings

85



86 CHAPTER 3. MODELLING TIME-VARYING LOADINGS IN DYNAMIC FACTOR MODELS

regarding time-varying loadings, and we conduct a simulated real-time forecasting

exercise in order to assess the importance of incorporating time-varying loadings.

Our results show that the data do exhibit time-varying loadings, but that forecasting

performance is not necessarily improved by incorporating them into the model.

3.1 Introduction

Over recent years the interest in dynamic factor models (DFMs) has been growing

rapidly. Even though the use of factor models dates far back in the literature to such

contributions as Geweke (1977) and Sargent and Sims (1977), it was the extension

of the theory to handle large-dimensional datasets that caused it to become widely

applied. An area where DFMs have become particularly popular is in forecasting and

particularly macroeconomic forecasting, inspiring a large empirical literature as well

as adaptation in central banks and governmental institutions. Much of this is often

based on the seminal work on the principal components (PC) estimator by Stock and

Watson (2002a,b). A recent review of the literature can be found in Stock and Watson

(2011).

In spite of the widespread attention DFMs have received, advancements in mod-

elling time-varying loadings and coping with structural instability have been few. One

of the only theoretical results in the literature is in Stock and Watson (2002a) where

the authors show that the PC estimates of factors are still consistent when the loadings

are moderately time-varying. Consequently, there has been little incentive to aban-

don this computationally very attractive estimator for the possible gains in efficiency

of incorporating time-varying loadings. Attempts have been made to extend factor

models to incorporate time-varying loadings, however, not in a large-dimensional

setting. An example of this is Del Negro and Otrok (2008).

Empirically, a number of papers have attempted to document that loadings in

fact do exhibit structural breaks or are time-varying. Stock and Watson (2009) inves-

tigate whether loadings are time-varying in a typical macroeconomic forecasting

application. Using a dataset of 144 US quarterly macroeconomic series they examine

the hypothesis of a single break in 1984:1 since this period is often considered the

beginning of the so-called Great Moderation. Comparing factors estimated using the

entire sample and using only observations prior to the hypothesized break they show

that the factors are very close to spanning the same space and hence the estimation

(of the factors) appears unaffected by a possible break. However, when applying

the estimated factors in a forecasting exercise they do find that the performance is

adversely affected.

The problem of time-varying loadings (or structural instability) was further inves-

tigated by Banerjee, Marcellino, and Masten (2008). Using both Monte Carlo results

and empirical applications to data from the EU and Slovenia they show that instability

in the loadings can substantially reduce forecasting performance. Finally, Breitung
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and Eickmeier (2011) propose a test for a single structural break in the loadings at

an unknown date. They show that a structural break in the loadings will increase the

dimension of the factor space, and applying their test to US macroeconomic data

they also find evidence of a break in 1984:1.

In this paper we conduct an empirical investigation into the problem of time-

varying loadings with the main aim of providing further evidence on the existence of

time-varying loadings and their impact on forecasting performance. By reinterpreting

the classical factor model in a reduced-rank regression setting we will build on work

of Koopman and Massmann (2009) and extend their model to incorporate time-

varying loadings. By making parametric assumptions on the processes governing the

loadings we will establish a tractable estimation procedure and apply the model in a

forecasting framework. In Section 3.2 we setup the general large-dimensional factor

model and detail how this is accomplished. We furthermore discuss the model in

relation to the PC estimator of Stock and Watson (2002a,b). In Section 3.3 we provide

a set of Monte Carlo results in order to clarify the consequences of misspecifying the

model, and to illustrate its finite-sample performance in general. Although the model

poses a number of interesting theoretical questions regarding e.g. the asymptotics

of the estimator, this is an area we leave for future research. Instead, in Section

3.4, we turn to the main research question of the paper: Do the data support a

model specification with time-varying loadings and how do such specifications affect

forecasting performance. We investigate this by conducting a simulated real-time

forecasting exercise using our proposed forecasting framework applied to monthly

US macroeconomic data. Concluding remarks are given in Section 3.5.

3.2 Forecasting using large-dimensional factor models

The main aim of this paper is to contribute with further evidence on the existence of

time-varying loadings and the importance of taking these into account when the ulti-

mate goal is forecasting performance. Our point of departure is therefore the typical

large-dimensional factor model setting where we are interested in forecasting p key

macroeconomic variables, collectively called yt , which are related to r unobserved

factors ft and possibly other observed explanatory variables wt . Hence the general

static forecasting factor model is:

yt+1 = ζ ft +γwt +εt+1, t = 1, . . . ,T (3.1)

where yt+1 is p × 1, ft is r × 1, wt is m × 1, and εt+1 is a p × 1 error term. Both ft

and wt are assumed to have mean zero and be stationary. Depending on the esti-

mation method under consideration different assumptions will be made about the

statistical properties of the error term. The coefficient matrices ζ and γ are p × r

and p ×m, respectively. Crucially, we will assume that yt is low-dimensional, i.e.

p is small, typically 3 or 4. Note that the model is easily generalized to a dynamic
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factor model by including lags of the factors, a possibility we shall return to later.

The large-dimensional aspect of the model stems from the fact that we additionally

observe a large number of other relevant variables, collectively called xt , of size q ×1

where q À p, typically more than 100.

The defining feature of the different estimation approaches in the literature is

how xt is included in the model. The premier estimation method in the literature is

undoubtedly PC estimation as popularized by Stock and Watson (2002a,b). However,

a number of other approaches have also been proposed, e.g. estimation by dynamic

PC, a method developed in a series of papers by Forni and Reichlin (1998); Forni and

Lippi (2001); Forni, Hallin, Lippi, and Reichlin (2000, 2004, 2005), the subspace factor

estimator by Kapetanios and Marcellino (2009), and the reduced-rank regression

approach by Koopman and Massmann (2009). In this paper we will extend the latter to

incorporate time-varying loadings, and empirically compare this to the PC estimator.

Therefore, we will start with a quick review of both the PC estimator as employed in

Stock and Watson (2002a,b), and the reduced-rank regression estimator of Koopman

and Massmann (2009) before detailing our extension.

Estimation by principal components

Factor model estimation by PC is a topic that has been covered to great depths in

the literature. Consistency of the PC factor estimator was first shown by Connor and

Korajczyk (1986) for the exact static factor model assuming T fixed and q →∞. Stock

and Watson (2002a) extended their results to the case of the approximate static factor

model, approximate in the sense of Chamberlain and Rothschild (1983), i.e. allowing

for weak correlation across time and series. Their results were derived assuming that

both T →∞ and q →∞. These results have since been supplemented by e.g. Bai

and Ng (2002) who provided improved rates, Bai (2003) who derived the asymptotic

distribution of the factors and loadings, and Bai and Ng (2006) who provided results

for constructing confidence intervals for common components estimated using the

factors.

The basic premise of the PC estimator is the assumption that xt is related to the

same unobserved factors as yt through a static factor model:

xt =Λ ft +et (3.2)

whereΛ is a matrix of loadings of size q × r and et is an error term. The PC estimator

is not capable of estimating dynamic factor models, e.g. (3.2) augmented with lags of

ft . This is, however, commonly not considered a limitation as such a dynamic factor

model can be represented in static form provided it has a finite lag structure. For

example consider the following dynamic factor model:

xt = Λ̃(L) f̃t +et (3.3)
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with r̃ factors, i.e. f̃t is r̃ ×1. Assuming that Λ̃(L) is of finite order of at most d , such

that Λ̃(L) =∑d
i=0 Λ̃i Li , we can rewrite the model in the static form of (3.2) by defining

ft = ( f̃ ′
t , . . . , f̃ ′

t−d )′ which is r ×1, andΛ= (Λ̃0, . . . ,Λ̃d ) which is q × r with r ≤ (d +1)r̃ .

There will, however, of course be a loss of efficiency by not taking the dynamic

structure into account since the number of estimated parameters will potentially be

much larger than the number of parameters in the true dynamic model.

Estimation is carried out using a two-step approach. First, PC is employed to

estimate the unobserved factors based on (3.2); and second, the estimated factors

replace the true factors in (3.1) which is then estimated equation by equation using

OLS. PC is basically a nonlinear least squares estimator and it can quite straight-

forwardly be shown that estimated factors will be linear combinations of xt in the

form:

f̂t = Λ̂′xt (3.4)

where Λ̂ is the matrix of eigenvectors of
∑T

t=1 xt x ′
t associated with the r largest eigen-

values. See Stock and Watson (2002a) for further details. Being a least squares estima-

tor we can view the PC factor estimator as a quasi maximum likelihood estimator. The

likelihood function corresponding to the least squares objective function assumes

normally and independently distributed (NID) error terms. However, consistency has

been proven under much more general circumstances such as correlated errors and

time-varying loadings. The PC estimator is, however, not able to incorporate any of

these features and enjoy the possible efficiency gains.

Finally, we should note, as is always the case in factors models, that the PC estima-

tors of the factors and loadings are not separably identifiable. Hence,Λ ft =ΛRR−1 ft

for any r × r non-singular matrix R . To overcome this it is necessary to impose identi-

fying restrictions. In the case of the PC estimator this is typically done by requiring

thatΛ′Λ= Ir . In the present paper we are interested in the factors solely for forecast-

ing purposes, and because of this we need not worry much about identification. Any

rotation of the estimated factors will be captured by the estimated parameters in the

forecasting model and should not affect forecasting performance.

A reduced-rank regression approach

Having established that the PC factor estimator based on the static factor model

(3.2) effectively estimates the factors to be linear combinations of xt , we now turn

to the alternative approach by Koopman and Massmann (2009). In their work, they

reinterpret the factors in a reduced-rank regression setting and define them to be

linear combinations of xt , i.e. instead of assuming that xt obeys a factor structure

like (3.2), it is directly assumed that:

ft = θ′xt (3.5)
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Hence, on the surface the model could appear very similar to PC when (3.5) is com-

pared to (3.4). It is, however, important to keep in mind that the linear structure

of the factors stems from two distinct assumptions. The PC estimator assumes a

stochastic model for the factors in (3.4), whereas in (3.5) the factors are measured

without error. If forecasting performance is the ultimate goal this difference might

seem unimportant. However, in any attempts to interpret the economic meaning of

the factors it could very well be crucial and care must be taken. Consequently, the

forecasting factor model of interest (3.1) becomes:

yt+1 = ζθ′xt +γwt +εt+1 (3.6)

where the number of factors r is given by the dimension of ft through θ which is

q × r . From (3.6) the link to reduced-rank regression also becomes clear since (3.6)

is simply a reduced-rank regression model with coefficient matrix τ= ζθ′ which is

of reduced rank r ≤ min(p, q). See e.g. Anderson (2003) or Reinsel and Velu (1998).

Unlike PC, estimation of this model can be carried out in a single step, as we shall see

below. This is a key benefit of this model since the relationship between the factors

and the variables being forecast is an integral part of the model, whereas the PC

factors are estimated without taking into account the ultimate goal of forecasting

yt . In fact, PC estimates the factors to be the linear combination of the xt variables

with maximal variance, whereas reduced-rank regression maximizes the canonical

correlation between yt+1 and xt . Hence, in a reduced-rank regression setting the

factors will have maximal correlation with linear combinations of yt+1 making them

well suited for forecasting purposes.

Just as it is the case for the PC estimator the factors are not immediately identified,

i.e. for an r × r non-singular matrix R we have that ζθ′xt = ζRR−1θ′xt and hence we

cannot separately identify ζ and θ. Identification can be achieved by imposing r 2

restrictions; this can be done on either ζ or θ. As mentioned above, we are solely inter-

ested in the factors for forecasting purposes and hence we will impose identification

to best facilitate estimation. Therefore, we impose that ζ= (Ir : ζ′2)′. For more details

on identification issues in reduced-rank models, see e.g. Kleibergen and Paap (2006).

In principle estimation of (3.6) can be carried out by maximum likelihood by

assuming εt ∼ NID(0,Σε) and setting up the log-likelihood function:

`(y ;ζ,θ,Σε,γ) =− T p

2
log(2π)− T p

2
log

∣∣Σε∣∣
− 1

2

T∑
t=1

(yt −ζθ′xt−1 −γwt−1)′Σ−1
ε (yt −ζθ′xt−1 −γwt−1) (3.7)

The estimates are thus defined as the maximizers of the likelihood under the identi-

fying restriction on ζ. However, in our large-dimensional setting we must note that

q À p and hence that θ, being r × q , will potentially be of a very large dimension.

Therefore optimizing (3.7) numerically over the set of parameters ψ= {ζ,θ,Σε,γ} will
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in general not be feasible. Koopman and Massmann (2009) take a novel approach to

this problem by casting the model in state space form such that the Kalman filter can

be employed for the estimation. Consider the general state space form as covered in

e.g. Durbin and Koopman (2001):

yt = ct +Ztαt +εt , εt ∼ NID(0, Ht ) (3.8)

αt+1 = dt +Ttαt +ηt , ηt ∼ NID(0,Qt ) (3.9)

Using the general result that for three matrices A, B , and C we have that vec(ABC ) =
(C ′⊗ A)vec(B), we can write (3.6) as

yt = (x ′
t−1 ⊗ζ)vec(θ′)+γwt−1 +εt (3.10)

Thus, by defining the state variable to be αt = vec(θ′), we can easily cast the model in

state space form by defining ct = γwt−1, Zt = (x ′
t−1 ⊗ζ), Ht =Σε, dt = 0, Tt = I , and

Qt = 0.

Hence, given an appropriately specified initial state, we can use the Kalman filter

to compute the likelihood function (3.7) on the basis of the state space form of the

model. Computationally, however, we are still faced with the problem of the large

dimension of θ. To overcome this, Koopman and Massmann (2009) treat the initial

state as being diffuse or non-informative, i.e. α1 ∼ N(0,δIqr ) for δ→∞. This in effect

moves the task of estimating θ from the optimization routine to the (diffuse) Kalman

filter and thereby dramatically reduces the number of hyperparameters to now only

include ψ= {ζ,γ,Σε}.

Since this review of the Koopman and Massmann (2009) model is meant to pro-

vide a basis for understanding our extension we have considered only a basic form of

their model. First, it is based on the static factor forecasting model (3.1), and second,

it is assumed to have NID errors. However, the model is easily extended to cover both

dynamic factors and more intricate error terms. Especially the latter part is important

in the present setting of macroeconomic forecasting, and hence it will be covered

below. We will, however, refrain from covering the case of the dynamic factor model

in our extension, but refer to Koopman and Massmann (2009) for an example of how

such an extension can be made.

Time-varying loadings

Since macroeconomic data are observed at a relatively low frequency we typically

need to use data covering large time spans in order to compose a dataset of adequate

size. Thus it is easy to argue that we may face problems of temporal instability in the

models employed. In factor models the parameters of concern are the loadings and

we will therefore extend the reduced-rank regression factor model of Koopman and

Massmann (2009) to allow these to vary over time.

For the PC factor estimator, Stock and Watson (2002a) proved consistency of the

factor estimates even when the loadings Λ vary over time. They assume that the
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elements ofΛ evolve according to a random walk and establish consistency under

the assumption that the stochastic drift induced by the random walk is of limited size

and dependence.

The natural analogue for our reduced-rank regression model is therefore to con-

sider the loadings matrix θ as given in (3.5) and assume that each element of this

matrix follows a random walk. This is in principle easily accomplished in the state

space framework as we shall see below, and it gives the added benefit that the Kalman

smoother can be employed to obtain smoothed estimates of the loadings.

The introduction of time-varying loadings does, however, come at a cost. For

each random walk process we must estimate a variance parameter which adds to

the number of hyperparameters and hence increases the computational burden.

The problem would be made even more serious if one were to use a more general

AR(1) specification for the loadings since this would triple the number of parameters.

Hence the choice of the random walk, in addition to following the literature, is also

motivated by a simple problem of making estimation feasible.

Furthermore, since we are modelling macroeconomic data, an NID assumption

on the error terms will be implausible. We therefore allow the error terms to follow

a stationary VAR process of order one. Extensions to higher orders are possible, but

will not be considered here. Thus our reduced-rank regression factor model with

time-varying loadings and VAR(1) error terms can be written as

yt = ζθ′t xt−1 +γwt−1 +ut (3.11)

ut =Φut−1 +εt , εt ∼ NID(0,Σε) (3.12)

vec(θ′t ) = vec(θ′t−1)+νt , νt ∼ NID(0,Σν) (3.13)

Identification will be ensured just as in the standard model by restricting ζ= (Ir : ζ′2)′.
The parameters of interest are thus the maximum likelihood estimates, i.e.

(ζ̂, θ̂1, γ̂,Φ̂, Σ̂ε, Σ̂ν) = argmax
ζ,θ1,γ,Φ,Σε,Σν

`(y ;ζ,θ1,γ,Φ,Σε,Σν) (3.14)

subject to the identifying restriction on ζ. Note that vec(θ′1) is the initial value for

the random walk process in (3.13). The explicit form of the likelihood function is not

needed since we can use the Kalman filter to compute the likelihood value by the

prediction error decomposition. Hence, we must again cast the model in state space

form. Rewriting (3.11) we get:

yt = (x ′
t−1 ⊗ζ)vec(θ′t )+γwt−1 +ut (3.15)

Since the error term now follows a VAR(1) process we will include it in the state and

define the state vector as: αt = (vec(θ′t )′ : u′
t )′. Therefore according to the general

state space form (3.8)-(3.9) we can define the model in terms of the system matrices:

Zt =
[

xt−1 ⊗ζ Ip

]
, Tt =

[
Iqr 0

0 Φ

]
, Qt =

[
Σν 0

0 Σε

]
(3.16)
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and ct = γwt−1, Ht = 0, dt = 0.

We will again utilize a diffuse initialization of the Kalman filter to provide esti-

mates of θ1 and hence unburden the optimization routine. Furthermore the VAR

process of ut is assumed to be stationary with its unconditional variance implicitly

given as var
[
ut

]=V =ΦVΦ′+Σε. Thus the partially diffuse initial state is

α1 ∼ N

0,

[
δIk 0

0 V

] (3.17)

with δ→∞. The unconditional variance V is straightforwardly computed as vec(V ) =
(Ip −Φ⊗Φ)−1vec(Σε). Alternatively, in order to avoid the inversion, one could replace

V with e.g. Ip and apply the Kalman filter to the model for an initial stretch of missing

values to compute V . This completes our model which contains hyperparameters

ψ= {ζ,γ,Φ,Σε,Σν} that must be estimated.

Although the model is now fully specified, estimation is not immediately feasible.

The inclusion of the time-varying loadings has given us an extra hyperparameter Σν
which is qr ×qr . In typical applications this requires us to estimate a huge number of

parameters, exceeding what is practically possible. Hence we must place restrictions

on Σν. An obvious possibility would be to model the loadings using a single variance

parameter, i.e. Σν = Iqrσ
2
ν. However, this will typically be too restrictive. Alternatively,

it could be assumed that Σν is diagonal, but that would still require us to estimate

qr parameters, typically far too many. Ultimately, we believe the choice should be

motivated by the application at hand. A compromise could be assuming that Σν is

diagonal, where the diagonal can be summarized in a small number of parameters

denoted σ̃2
k for k = 1, . . . ,K where K ¿ qr . We shall return to the practical aspects of

this assumption in the empirical section.

3.3 Identification and misspecification

The modelling framework outlined in the previous section allows us to compute

the maximum likelihood estimates of the parameters in our model. In this section

we present a number of Monte Carlo simulation studies that investigate the finite-

sample performance of the estimator. In addition to illustrating the model’s ability to

identify the parameters we will also consider three cases of misspecification. This is

intended to serve as a guide for the following empirical section and should uncover

what we should expect to find if the loadings are indeed time-varying, but do not

follow a random walk.

Throughout this section we will consider a simplified version of our model with

only a single scalar parameter σ2
ν driving the loadings, and without any additional
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explanatory variables, i.e.:

yt = ζθ′t xt−1 +ut (3.18)

ut =Φut−1 +εt , εt ∼ NID(0,Σε) (3.19)

vec(θ′t ) = vec(θ′t−1)+νt , νt ∼ NID(0,σ2
νIqr ) (3.20)

In all data-generating processes (DGPs) considered the q-vector xt defining the

factors will be generated by independent AR(1) processes:

xi t =αxi ,t−1 +ηi t , ηi t ∼ N(0,1), i = 1, . . . , q (3.21)

Furthermore, for identification purposes we will impose that ζ = (Ir : ζ′2)′, and in

general the model will be parameterized as: ζ2 = (1 : 2), α= 0.5,

Φ=

0.6 0.3 0.1

0 0.5 0.2

0 0 0.4

 , Σε =

 1 0.8 0.5

0.8 1 0.8

0.5 0.8 1

 , (3.22)

and have two factors, i.e. r = 2, and three y variables, i.e. p = 3. We will consider

various cases defined by the number of factor variables and sample size, i.e. we will

have q ∈ {10,30} and T ∈ {250,500,1000,2500}.

The reference case will be a correctly specified model. Hence we will be estimating

the model (3.18)–(3.20) which will also be the DGP parameterized as stated above.

Furthermore, we will set σ2
ν = 0.001 and initialize the process at θ1 = 0. In the three

cases of misspecification the model being estimated is still (3.18)–(3.20). We will,

however, replace (3.20) in the DGP such that the data are generated by (3.18), (3.19),

and one of the three following processes.

1. AR loadings: vec(θ′t ) =φ0 +φ1vec(θ′t−1)+νt , νt ∼ NID(0,σ2
νIqr )

2. Break in the loadings: vec(θ′t ) =
θ(1) t < T /2

θ(2) t ≥ T /2

3. Incorrect var. structure: vec(θ′t ) = vec(θ′t−1)+νt , νt ∼ NID

0,

[
0 0

0 σ2
νIqr /2

]
where the parameters will be specified as: φ0 = 0, φ1 = 0.9, σ2

ν = 0.001, θ(1) =−1 and

θ(2) = 1, and the processes in cases 1 and 3 are initialized at θ1 = 0.

We present the results in two forms. First, Figures 3.1–3.4 illustrate the model’s

ability to estimate the loadings in the different scenarios by comparing the loadings

generated by the DGP, vec(θt ), with the smoothed estimates of the loadings, vec(θ̂t ) =
E
[
vec(θt ) | y1, . . . , yT , x1, . . . , xT

]
, for a single realization of the process. Note that since
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Figure 3.1. Two examples of the loadings for a single Monte Carlo realization of the correctly
specified model with q = 10 and T = 1000. The lines vec(θt ) (1) and vec(θt ) (20) depict the first
and last elements of vec(θt ), respectively, as generated by the DGP. Similarly, vec(θ̂t ) (1) and
vec(θ̂t ) (20) depict the corresponding smoothed estimates.
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Figure 3.2. Two examples of the loadings for a single Monte Carlo realization of the case 1 DGP,
i.e. where the loadings follow an AR(1) process, with q = 10 and T = 1000. The lines vec(θt ) (1)

and vec(θt ) (20) depict the first and last elements of vec(θt ), respectively, as generated by the
DGP. Similarly, vec(θ̂t ) (1) and vec(θ̂t ) (20) depict the corresponding smoothed estimates.
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Figure 3.3. Two examples of the loadings for a single realization of the case 2 DGP, i.e. where the
loadings exhibit a single break, with q = 10 and T = 1000. The lines vec(θt ) (1) and vec(θt ) (20)

depict the first and last elements of vec(θt ), respectively, as generated by the DGP. Similarly,
vec(θ̂t ) (1) and vec(θ̂t ) (20) depict the corresponding smoothed estimates.
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Figure 3.4. Two examples of the loadings for a single realization of the case 3 DGP with q = 10
and T = 1000. In the top panel the true loading is not time-varying, in the bottom panel it
follows a random walk. The lines vec(θt ) (1) and vec(θt ) (20) depict the first and last elements
of vec(θt ), respectively, as generated by the DGP. Similarly, vec(θ̂t ) (1) and vec(θ̂t ) (20) depict
the corresponding smoothed estimates.
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vec(θt ) is a vector of length 20, only the first and last elements of the vector will be

depicted in the plots. Second, Table 3.1 provides biases and root mean squared errors

for the parameters in the different scenarios. Note that due to the large number of

parameters, for the matricesΦ and Σε, the results are given only for the entry with the

absolutely largest bias, denotedΦmax and Σmax
ε respectively. Further, for readability

σ2
ν is presented as σ2

ν ·103, hence the true value to compare to is 1.

Table 3.1. Bias and root mean squared error, the latter in parentheses, for the estimates of the
correctly specified model and the three cases of misspecification. Note that for readability
σ2
ν is presented as σ2

ν ·103, hence the true value is 1. Further, for the matrices Φ and Σε the
presented results are for the entry with the absolutely largest bias denoted Φmax and Σmax

ε ,
respectively. All results are based on 100 Monte Carlo replications. Results are not reported for
case 2: q = 30 and T ∈ {250,500}, due to lack of convergence in the estimation routine.

q = 10 q = 30

T ζ2,1 ζ2,2 σ2
ν ·103 Φmax Σmax

ε ζ2,1 ζ2,2 σ2
ν ·103 Φmax Σmax

ε

C
o

rr
ec

tl
y

sp
ec

. 250
0.062 0.046 0.025 0.027 0.019 0.053 0.051 0.041 0.036 0.074

(0.137) (0.148) (0.195) (0.179) (0.097) (0.086) (0.088) (0.143) (0.394) (0.154)

500
0.022 0.002 0.014 0.018 0.012 0.013 0.016 0.003 0.045 0.023

(0.067) (0.064) (0.117) (0.127) (0.088) (0.038) (0.038) (0.077) (0.254) (0.089)

1000
0.000 0.003 0.009 -0.004 0.005 0.001 0.006 0.005 0.033 0.037

(0.032) (0.035) (0.082) (0.068) (0.048) (0.018) (0.017) (0.054) (0.199) (0.111)

2500
0.001 0.000 -0.003 0.006 0.009 0.001 -0.000 -0.004 0.007 0.006

(0.013) (0.013) (0.050) (0.067) (0.039) (0.007) (0.007) (0.033) (0.098) (0.041)

M
is

sp
ec

.c
as

e
1 250

1.064 0.953 -0.954 0.093 -0.207 1.126 0.800 -0.996 0.177 -0.744
(1.195) (1.070) (0.955) (0.136) (0.239) (1.149) (0.839) (0.996) (0.199) (0.766)

500
1.090 0.848 -0.984 0.097 -0.235 1.065 0.882 -0.996 0.184 -0.790

(1.178) (0.977) (0.984) (0.116) (0.247) (1.094) (0.918) (0.996) (0.194) (0.798)

1000
1.062 0.886 -0.995 0.102 -0.255 1.046 0.854 -0.998 0.181 -0.803

(1.174) (1.013) (0.995) (0.112) (0.261) (1.078) (0.897) (0.998) (0.185) (0.807)

2500
1.060 0.774 -0.999 0.107 -0.261 0.999 0.861 -1.000 0.186 -0.827

(1.269) (1.027) (0.999) (0.111) (0.263) (1.030) (0.899) (1.000) (0.187) (0.829)

M
is

sp
ec

.c
as

e
2 250

0.305 -0.396 9.587 0.137 -2.296
(0.397) (0.475) (9.863) (0.421) (3.778)

500
0.308 -0.380 4.965 0.230 -0.922

(0.418) (0.476) (5.060) (0.276) (1.340)

1000
0.331 -0.380 2.379 0.179 -0.386 0.322 -0.363 1.011 -0.307 -7.550

(0.473) (0.510) (2.419) (0.224) (0.677) (0.344) (0.384) (1.041) (0.349) (8.488)

2500
0.379 -0.410 0.514 0.105 -0.152 0.344 -0.372 0.053 -0.249 -2.306

(0.441) (0.468) (0.538) (0.125) (0.244) (0.361) (0.388) (0.127) (0.259) (2.599)

M
is

sp
ec

.c
as

e
3 250

0.039 0.008 -0.497 0.022 0.018 0.033 0.014 -0.933 0.204 -2.665
(0.146) (0.149) (0.514) (0.164) (0.092) (0.107) (0.109) (0.950) (0.233) (2.926)

500
0.021 -0.002 -0.500 0.022 0.010 0.011 0.003 -0.719 0.119 -2.420

(0.072) (0.079) (0.506) (0.106) (0.075) (0.041) (0.040) (0.764) (0.194) (3.694)

1000
-0.002 0.003 -0.506 0.003 0.004 0.003 0.003 -0.495 0.007 0.011
(0.039) (0.038) (0.510) (0.036) (0.049) (0.019) (0.022) (0.496) (0.114) (0.055)

2500
0.004 -0.001 -0.498 0.004 0.011 0.000 0.002 -0.500 -0.017 0.010

(0.016) (0.017) (0.500) (0.060) (0.037) (0.009) (0.010) (0.501) (0.081) (0.038)
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If we consider first the case of the correctly specified model, we see in Figure

3.1 that the smoothed estimates of the loadings provide a good description of the

true process. The first part of Table 3.1 further supports the estimator’s ability to

identify the parameters of the model. In general, the results are in line with those

expected from a consistent estimator; all biases are very small and the root mean

squared error decreases as the sample size increases. Moving from the case of q = 10

to q = 30, the number of parameters in the model increases drastically. Even though

these additional parameters are estimated using the diffuse Kalman filter, we would

still expect the larger number of parameters to result in lower performance for a given

sample size. For some of the parameters this is also the case. However, the biases are

in general still negligible.

Turning to misspecification of the model we start with the most obvious alteration

of the random walk assumption, namely that the loadings follow an AR(1) process.

As we discussed previously, implementing AR(1) loadings in our model is not easily

done for large-dimensional data. However, we are still interested in the implications

of this misspecification. Examining Figure 3.2, it is clear that the model will simply

attempt to estimate the loadings to be non-time-varying at the mean of the AR(1)

process, zero in this case. The results in Table 3.1 confirm this as the estimator of

σ2
ν is biased towards zero. In general, the other parameters will also be biased due

to the misspecification. This case is especially interesting since it serves to illustrate

that some time-varying specifications of the loadings may lead to estimates of the

loadings that are constant over time in our model. However, one might argue that if

the loadings merely fluctuate around a constant mean, then the simplicity induced

by restricting the loadings to be constant over time may be favorable, at least in a

forecasting setting.

In the second misspecification scenario we investigate the effects of a single break

in the loadings. Judging by Figure 3.3, it appears that the model is quite successful at

fitting the data. However, as expected, Table 3.1 shows that all estimates are biased

due to the misspecification. The lesson we should take with us from this scenario

is thus that our model should still be able to provide evidence of non-constancy of

the loadings since it will try to fit the data and hence estimate σ2
ν to be non-zero.

Therefore, if the model does indeed find non-constant loadings in the data this might

be driven by a different type of non-constancy than a random walk.

In the final scenario we turn to the near-opposite case, i.e. whether it is possible

to estimate the loadings to be time-varying when indeed they are not. By specifying

the model to have both time-varying and constant loadings we are able to illustrate

two different outcomes in Figure 3.4. The top part of the figure shows that in this case

the constant loadings are in fact forced to be time-varying. The bottom part, on the

other hand, gives the impression that the model is able to fit the truly time-varying

loadings. Hence it is possible to find false evidence of time-varying loadings, a quite

unpleasant finding. Fortunately, it will only happen if part of the loadings are actually
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time-varying. Therefore, we may still trust the result that the data do exhibit time-

varying loadings, however, which variables or loadings are driving the results may be

difficult to determine. Interestingly, according to the results in Table 3.1, the biases

are still negligible with the only exception being σ2
ν which is biased towards the mean

of the two groups of loadings, i.e. 0.0005.

Summing up, this Monte Carlo study provides us with two important conclusions.

First, when the model is correctly specified the estimator is able to identify the

parameters and perform well in finite samples. Second, other cases of time-varying

loadings than our random walk specification will also induce non-zero σ2
ν estimates

and hence it can also provide evidence towards time-varying loadings in the data

even though the random-walk assumption is erroneous.

3.4 Forecasting in practice

So far our exposition has been centered around the forecasting factor model (3.1)

which assumes a link between the factors and the variables being forecast one period

ahead. In many cases we are of course interested in forecasting further into the

future and hence need to address the issue of obtaining h-step ahead forecasts.

The main issue is clearly that we wish to forecast yT+h but only observe xt (and

wt ) for t = 1, . . . ,T . The easiest solution to this challenge, as is commonly used in

the literature, is to adopt a direct forecasting approach. In the context of our factor

forecasting model this means we instead assume a link between the factors and the

variables being forecast h periods ahead. Hence the model becomes

yt+h = ζ ft +γwt +εt+h , (3.23)

and is used to obtain the forecast of interest E
[

yT+h |IT
]

where IT is the information

available at time T .

In the PC framework estimation is performed in a two-step approach as described

above, and hence the forecast is obtained by estimating (3.23) equation by equation

using OLS and data for t = 1, . . . ,T −h. Fitting the estimated model using data until

time T then produces the desired forecast. In our reduced-rank regression factor

model we modify (3.11) according to (3.23) to get

yt+h = ζθ′t+h xt +γwt +ut+h (3.24)

and we estimate the model as described previously. Taking advantage of the fact that

the model is in state space form we can easily obtain the forecast by an application of

the Kalman filter.

The experiment

To evaluate the performance of the model we conduct a pseudo-real-time forecasting

experiment. We will be using a dataset covering 131 US monthly macroeconomic
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variables spanning the period 1964:1 to 2007:12. The dataset is taken from Ludvigson

and Ng (2010) and is an updated version of the dataset used in Stock and Watson

(2005). A detailed variable list can be found in the appendix.

We will be forecasting three variables; industrial production (ips10), personal

income less transfer payments (a0m051), and manufacturing and trade sales (mtq).

All variables are assumed to be I(1) in logarithms and will be transformed accordingly.

Hence, if we denote the original variables zt , the h-step ahead variable we wish to

forecast is

yh
t+h = (1200/h) log(zt+h/zt ) (3.25)

i.e. the annualized growth over the forecast horizon for the variables in question. By

doing so we make the h-step ahead forecast the sole object of interest since its value

will have economic meaning without any knowledge of yh
t for t = T +1, . . . ,T +h −1.

To make the dependence on the forecast horizon explicit yh
t has thus been given a

superscript h.

The variables used for estimating/constructing the factors will be all the vari-

ables in the dataset transformed to be stationary, as detailed in the appendix, and

standardized to have unit variance and zero mean. We will denote these xt . Further,

the models allow for the possibility of including other explanatory variables, wt . We

will use this to include AR terms in the models, i.e. we will have that wt = yt . Note

however, that the coefficient matrices associated with these terms will all be taken

to be diagonal since any interactions between the different variables should appear

through the factors.

We start the forecasting experiment in 1990:1, hence the first forecast is obtained

by estimating the model using data from 1964:7 through 1990:1 and using this model

to forecast yh
1990:1+h . The dataset is then updated to include data on 1990:2 and the

model is reestimated to obtain the forecast of yh
1990:2+h . We continue this approach

until the end of the full dataset is reached and yh
2007:12 has been forecast using data

from 1964:7 – 2007:12−h. In this way we obtain a full sequence of recursive forecasts

based on an expanding window of the dataset. In order to quantify the performance of

the models we consider the mean squared forecast errors (MSFEs) of these sequences

below.

Modelling the time-varying loadings

As discussed previously the chief difficulty in estimating our model is how to model

Σν in a small number of parameters. Recall that xt is a q-vector. Many of these

variables describe different aspects of the same economic quantity and hence it

seems plausible that changes in the loadings over time will be common within groups

of variables. We will attempt to collect similar variables in such groups in order to

reduce the number of parameters to be estimated. Let the groups be given by the

categories in Table 3.2. We can then split the index set {1. . . q} into 19 disjoint sets Sk
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for k = 1, . . . ,19 accordingly. Associated with each set we will have a single variance

parameter σ̃2
k . Hence, if we letσ2

ν,i , j for i = 1, . . . , q and j = 1, . . . ,r denote the elements

of the qr vector diag(Σν) then

σ2
ν,i , j = σ̃2

k for i ∈ Sk , and j = 1, . . . ,r (3.26)

This gives us a model where we need only estimate 19 variance parameters instead of

the entire qr vector diag(Σν), regardless of the number of factors.

Table 3.2. Categories used to group the variables. See appendix for further details.

Cat. Description No. of variables

1 Personal income 2
2 Consumption 1
3 Manufacturing and trade sales 1
4 Retail sales 1
5 Industrial production (total) 1
6 Industrial production (sub-aggregates) 14
7 Employment 29
8 Housing starts 10
9 Orders and Inventories 10

10 Money 11
11 Stocks 4
12 Interest rates 9
13 Interest rate spreads 8
14 Exchange rates 5
15 Producer price indexes 6
16 Commodity price index 1
17 CPI price indexes 14
18 Average hourly earnings 3
19 Consumer expectations 1

The competing models

Before turning to the results we shortly summarize the models under consideration.

In addition to the reduced-rank regression model with time-varying loadings we

propose in this paper, we will also present results for the original reduced-rank

regression model of Koopman and Massmann (2009), the PC factor model and a

simple autoregressive model. Note that the models are now written in terms of the

h-step ahead direct forecasting application of our experiment and thus differ in

notation from the general exposition in Section 3.2. Furthermore, since the variables

being forecast in general do not have mean zero, we include intercepts in all models

to avoid having to mean-adjust the forecasts.

RRR(r)-AR(s): Reduced-Rank Regression.

yh
t =α+γ(L)yt−h +ζθ′xt−h +ut (3.27)

ut =Φut−1 +εt , εt ∼ NID(0,Σε) (3.28)
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where γ(L) =∑s
i=1γi Li−1 for s > 0, 0 otherwise, and all matrices γi are diagonal. The

number of factors in the model is r , i.e. ζ is p × r and θ is q × r . This is the basic model

of Koopman and Massmann (2009).

TVRRR(r)-AR(s): Reduced-Rank Regression with Time-Varying Loadings.

yh
t =α+γ(L)yt−h +ζθ′t xt−h +ut (3.29)

ut =Φut−1 +εt , εt ∼ NID(0,Σε) (3.30)

vec(θ′t ) = vec(θ′t−1)+νt , νt ∼ NID(0,Σν) (3.31)

where γ(L) =∑s
i=1γi Li−1 for s > 0, 0 otherwise, and all matrices γi are diagonal. The

number of factors in the model is r , i.e. ζ is p×r and θt is q×r . Σν is assumed diagonal

with diagonal elements defined according to (3.26).

PC(r)-AR(s): Principal Components.

yh
t =α+γ(L)yt−h +β f̂t−h +εt (3.32)

where γ(L) =∑s
i=1γi Li−1 for s > 0, 0 otherwise, and all matrices γi are diagonal. The

number of factors in the model is r , i.e. f̂t is r ×1. f̂t is estimated in a first step by means

of PC, hence f̂t = Λ̂′xt where Λ̂ is the matrix of eigenvectors (corresponding to the r

largest eigenvalues) of
∑T

t=1 xt x ′
t . In the second step the model is estimated equation by

equation using OLS. See e.g. Stock and Watson (2002b) for details.

AR(s): Autoregression.

yh
t =α+γ(L)yt−h +εt (3.33)

where γ(L) =∑s
i=1γi Li−1 for s > 0, 0 otherwise, and all matrices γi are diagonal. The

model is estimated equation by equation using OLS.

Results

We will focus solely on the 12-month forecast horizon. The forecasting results for the

entire period under consideration are summarized in Table 3.3. Clearly performance

gains are achievable using factor-based forecasts instead of simple AR forecasts.

For industrial production the best performing model is RRR(1)-AR(0) with a 15%

reduction in MSFE when compared to the best performing PC model. For the two

other variables, however, the PC models achieve highest performance, albeit with

only slightly lower MSFEs. The TVRRR models appear to be incapable of matching

the performance of the other factor-based methods. This should not necessarily be

seen as an indication that the loadings are not time-varying, as we shall see below.

However, it may be that our specification of the process governing the loadings is

not optimal, or that the added complexity of the model is adversely affecting the

forecasting performance.
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Table 3.3. Forecasting results for the 12-month horizon. All numbers are mean squared forecast
errors (MSFEs). Underlined numbers indicate lowest MSFE within the group of reduced-rank
regression models, or the group of reference models. Bold numbers indicate overall lowest
MSFE.

Model Industrial prod. Personal income Mfg. & trade sales

19
91

:1
–

20
07

:1
2

AR(1) 7.8860 6.6591 5.6572
AR(4) 7.5325 5.5766 5.5720
PC(1)-AR(0) 7.5276 4.3798 5.3724
PC(2)-AR(0) 8.5669 5.3156 6.7082
PC(3)-AR(0) 8.6860 5.5041 6.7950
PC(4)-AR(0) 8.6285 5.4899 6.7518
PC(1)-AR(1) 7.5372 4.6232 5.3685
PC(2)-AR(1) 8.7576 5.3212 6.8510
PC(3)-AR(1) 8.8243 5.5170 7.1430
PC(4)-AR(1) 8.7357 5.5082 7.0886

RRR(1)-AR(0) 6.3726 4.5374 5.4505
RRR(2)-AR(0) 6.4023 5.1451 5.6011
RRR(1)-AR(1) 6.7708 4.7994 5.8570
RRR(2)-AR(1) 6.5620 5.3087 5.8348
TVRRR(1)-AR(0) 6.5064 4.5009 5.4186
TVRRR(2)-AR(0) 6.8020 5.9257 5.6664
TVRRR(1)-AR(1) 8.6178 4.6754 7.0279
TVRRR(2)-AR(1) 6.7444 6.0677 5.9514

In Table 3.4 the forecasting results are split in two sub-periods to investigate

the robustness of the results. When considering only the period 2000:1–2007:12

and judging by the best performing models, the results appear to be very similar to

those obtained for the entire period. For industrial production RRR(2)-AR(1) achieves

the best performance compared to RRR(1)-AR(0) for the entire period. Whereas for

personal income, and manufacturing and trade sales PC(1)-AR(0) and PC(1)-AR(1),

respectively, take the lead, just as for the entire period. Looking at the period 1991:1–

1999:12, however, the results are quite different. Now TVRRR(1)-AR(0) is the best

performing model for all three variables. Whether this difference reflects any actual

structural change in the data is difficult to say. Nonetheless, it is clear that in their

current specification the TVRRR models are unable to perform over the entire span

of the experiment.

One aspect of all the models we have not considered and which may very well

affect performance is the selection of r and s. In the PC factor literature the problem

of determining the number of factors has been covered in great detail and is often

done using the information criterion of Bai and Ng (2002). Hence in most forecasting

exercises employing PC factors r is determined using this, and s is selected using e.g.

the BIC. This is typically done recursively at each step of the exercise, and thus allows

r and s to change during the exercise. In our model determining r could alternatively

be considered a testing problem. However, development of such tests is beyond the

scope of this paper, and hence an interesting research challenge remains before this
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Table 3.4. Forecasting results for the 12-month horizon for two sub-periods. All numbers are
mean squared forecast errors (MSFEs). Underlined numbers indicate lowest MSFE within the
group of reduced-rank regression models, or the group of reference models. Bold numbers
indicate overall lowest MSFE.

Model Industrial prod. Personal income Mfg. & trade sales

19
91

:1
–

19
99

:1
2

AR(1) 6.7801 7.1852 5.7391
AR(4) 6.4922 5.6977 5.8243
PC(1)-AR(0) 6.4957 4.7067 5.5788
PC(2)-AR(0) 5.4558 5.2742 5.5697
PC(3)-AR(0) 5.7663 5.6085 5.8184
PC(4)-AR(0) 5.3829 5.5412 5.5969
PC(1)-AR(1) 6.4926 5.0453 5.5796
PC(2)-AR(1) 4.9595 5.2563 5.4517
PC(3)-AR(1) 5.3400 5.5988 6.0918
PC(4)-AR(1) 5.1652 5.5472 5.9205

RRR(1)-AR(0) 4.8944 4.6086 5.5409
RRR(2)-AR(0) 5.0100 5.3797 5.5942
RRR(1)-AR(1) 5.5984 4.9139 6.0102
RRR(2)-AR(1) 5.4184 5.5202 6.0260
TVRRR(1)-AR(0) 4.6972 4.5162 5.3840
TVRRR(2)-AR(0) 5.0035 6.3788 5.5389
TVRRR(1)-AR(1) 7.1247 5.0223 7.4053
TVRRR(2)-AR(1) 5.3908 6.7135 6.1490
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AR(4) 9.0188 5.4035 5.2115
PC(1)-AR(0) 9.0017 3.9129 5.0777
PC(2)-AR(0) 13.0113 5.3746 8.3346
PC(3)-AR(0) 12.8571 5.3549 8.1902
PC(4)-AR(0) 13.2650 5.4166 8.4015
PC(1)-AR(1) 9.0296 4.0201 5.0669
PC(2)-AR(1) 14.1833 5.4138 8.8499
PC(3)-AR(1) 13.8018 5.4001 8.6447
PC(4)-AR(1) 13.8364 5.4524 8.7573

RRR(1)-AR(0) 8.4845 4.4356 5.3214
RRR(2)-AR(0) 8.3913 4.8099 5.6111
RRR(1)-AR(1) 8.4455 4.6360 5.6382
RRR(2)-AR(1) 8.1957 5.0065 5.5617
TVRRR(1)-AR(0) 9.0909 4.4791 5.4679
TVRRR(2)-AR(0) 9.3712 5.2785 5.8486
TVRRR(1)-AR(1) 10.7509 4.1796 6.4887
TVRRR(2)-AR(1) 8.6783 5.1451 5.6691
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Figure 3.5. Estimated parameters of Σν for TVRRR(1)-AR(0) associated with the different
variable categories as detailed in the main text. Only parameters with non-zero estimates are
included in the graph. The forecast horizon is 12 months. Points on the time axis denote the
last data period included in the dataset used to estimate the model. The top panel depicts: (1)
Personal income, (4) Retail sales, (5) Industrial production (total), (13) Interest rate spreads,
(16) Commodity price index. The bottom panel depicts: (3) Manufacturing and trade sales, (11)
Stocks, (14) Exchange rates, (15) Producer price indexes, (17) CPI price indexes.
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can be implemented. Because of this we have only considered the case where r and s

are fixed for the entire experiment. However, the development of testing procedures

for recursively determining r could very well mitigate the performance problem.

Even though it appears that our model does not provide forecasting performance

gains, it is still very interesting to examine to what degree the data do support a

time-varying specification of the loadings. Focusing on the TVRRR(1)-AR(0) model,

Figure 3.5 depicts the estimates of σ̃2
k for each data endpoint used in the recursive

estimation of the forecasting exercise. Clearly, at least some of the variable cate-

gories are associated with time-varying loadings. Especially variables such as retail

sales, interest rate spreads, and to some degree CPI price indexes, appear to induce

time-varying loadings throughout the exercise, whereas the other categories change

between constancy and being time-varying over the length of the exercise. Although

it is difficult to determine what is driving these changes, it is very interesting to see

that some of the large changes happen in the 2000s. For example industrial produc-

tion, commodity price indexes, manufacturing and trade sales, and producer price

indexes all become time-varying during the beginning or middle of the 2000s. This

may suggest more fundamental structural changes in the data around this period and

could be an explanation for the differences we see in the forecasting results for the

two sub-periods. In the appendix we provide a similar plot for the TVRRR(2)-AR(0)

model in Figure 3.7.

An illustration of the effects on the actual loadings can be found in Figure 3.6

where the smoothed estimates of the loadings for the first three variables associated

with time-varying loadings in the TVRRR(1)-AR(0) model can be found. Similar plots

for the remaining variables are provided in the appendix in Figure 3.8. All plots are for

the final period in the forecasting experiment and hence correspond to the endpoints

of the curves in Figure 3.5. The effect of the time-varying specification is quite clear.

For retail sales there is a small period in the mid-1970s where this variable is not

important, i.e. the associated loading is zero. For the CP-FF spread the loadings also

evolve quite drastically, both changing sign and being close to zero in the mid-1990s.

Figure 3.6. Smoothed estimates of the factor’s loadings for TVRRR(1)-AR(0) with h = 12 using
the entire dataset. Only the first three variables associated with time-varying loadings, i.e.
ˆ̃σ2

k > 0, are depicted, the remaining plots can be found in the appendix. Cat. refers to the
categories defined in Table 3.2.
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Our model therefore provides further evidence that the data do support a time-

varying specification of the loadings, and even though these results rely on our

specific parametric assumption on the process governing the loadings we must bear

in mind our Monte Carlo results. Hence even if the process is misspecified our results

still indicate some general form of structural instability in the loadings.

3.5 Concluding remarks

Interpreting factor models in a reduced-rank regression form as developed by Koop-

man and Massmann (2009) provides both a flexible and intuitive framework for

making factor-based forecasts. Unlike PC estimation it provides a unified model for

both the variables being forecast and the variables used to construct the factors, thus

making the link between the two explicit. Furthermore, since estimation is carried

out in a state space framework it allows for a multitude of possible extensions. In this

paper we have considered one such extension in the form of time-varying loadings.

We propose implementing the extension by assuming that the loadings evolve

according to independent random walks. Our framework requires that the process

governing the loadings is explicitly specified, and the choice of a random walk is

motivated partly by a need for parsimony and partly by previous work on the subject

in the literature.

To demonstrate the use of our estimator we conduct a pseudo-real-time fore-

casting experiment using a US macroeconomic dataset. This empirical application

serves two purposes. First, it attempts to quantify whether performance gains can be

achieved by modelling the loadings as being time-varying; and second, it examines to

what extent data support the existence of time-varying loadings. For the latter part we

provide Monte Carlo evidence suggesting that even if the process governing the load-

ings is misspecified the model will still estimate the loadings to be time-varying in

general cases. Overall we find that for our particular specification forecasting perfor-

mance gains are hard to find. However, the data do seem to support the assumption

of time-varying loadings. Therefore, either modelling the loadings is not crucial for

forecasting performance, or our specification is not optimal and thus the potential

performance gains are not realized.

This paper has taken the initial steps towards developing a general dynamic

factor model with time-varying loadings, however, many challenges still remain.

Both theoretically and empirically further investigations are needed, both into the

nature of the data and how more intricate specifications of the processes governing

the loadings can be implemented. Furthermore, the framework could be greatly

improved by developing testing methodologies for determining both the number of

factors and significance of the included variables; endeavours left for future work.
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3.6 Appendix

Additional results

Figure 3.7. Estimated parameters of Σν for TVRRR(2)-AR(0) associated with the different vari-
able categories as detailed in the main text. Only parameters with non-zero estimates are
included in the graph. The forecast horizon is 12 months. Points on the time axis denote the
last data period included in the dataset used to estimate the model. The top panel depicts:
(1) Personal income, (4) Retail sales, (5) Industrial production (total), (9) Orders and inven-
tories, (13) Interest rate spreads, (16) Commodity price index. The bottom panel depicts: (2)
Consumption, (3) Manufacturing and trade sales, (6) Industrial productions (sub-aggregates),
(10) Money, (14) Exchange rates, (15) Producer price indexes, (17) CPI price indexes.
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Figure 3.8. Smoothed estimates of the factor’s loadings for TVRRR(1)-AR(0) with h = 12 us-
ing the entire dataset. Only variables associated with time-varying loadings, i.e. ˆ̃σ2

k > 0, are
depicted. Cat. refers to the categories defined in Table 3.2.
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Figure 3.8. Smoothed estimates of the factor’s loadings for TVRRR(1)-AR(0) with h = 12 us-
ing the entire dataset. Only variables associated with time-varying loadings, i.e. ˆ̃σ2

k > 0, are

depicted. Cat. refers to the categories defined in Table 3.2 (continued).
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Data description

The dataset used is from Ludvigson and Ng (2010) and can be downloaded from their

homepages. The full list of variables along with descriptions from Ludvigson and

Ng (2010) has been reproduced below. The majority of the variables are from the

Global Insights Basic Economics Database. The remaining variables are either from

The Conference Boards Indicators Database (TCB) or calculated by the authors using

Global Insights or TCB data (AC). Transforming the variables to be stationary is done

according to the transformation codes (TC): 1, no transformation; 2, first difference;

4, logarithms; 5, first difference of logarithms; 6, second difference of logarithms. In

addition to this the following abbreviations are used: SA, seasonally adjusted; NSA,

not seasonally adjusted; AR, annual rate; SAAR, seasonally adjusted at an annual rate.

The Cat. column refers to the categories used in Table 3.2.

Table 3.5. Data description.

Short name Mnemonic TC Cat. Description

PI ypr 5 1 Personal Income (AR, Bil. Chain 2000 $) (TCB)
PI less transfers a0m051 5 1 Personal Income Less Transfer Payments (AR, Bil. Chain

2000 $) (TCB)
Consumption cons_r 5 2 Real Personal Consumption Expenditures (AC) (Bil. $)

pi031 / gmdc
M&T sales mtq 5 3 Manufacturing And Trade Sales (Mil. Chain 1996 $) (TCB)
Retail sales a0m059 5 4 Sales Of Retail Stores (Mil. Chain 2000 $) (TCB)
IP: total ips10 5 5 Industrial Production Index - Total Index
IP: products ips11 5 6 Industrial Production Index - Products, Total
IP: final prod ips299 5 6 Industrial Production Index - Final Products
IP: cons gds ips12 5 6 Industrial Production Index - Consumer Goods
IP: cons dble ips13 5 6 Industrial Production Index - Durable Consumer Goods
IP: cons nondble ips18 5 6 Industrial Production Index - Nondurable Consumer

Goods
IP: bus eqpt ips25 5 6 Industrial Production Index - Business Equipment
IP: matls ips32 5 6 Industrial Production Index - Materials
IP: dble matls ips34 5 6 Industrial Production Index - Durable Goods Materials
IP: nondble matls ips38 5 6 Industrial Production Index - Nondurable Goods Materi-

als
IP: mfg ips43 5 6 Industrial Production Index - Manufacturing (Sic)
IP: res util ips307 5 6 Industrial Production Index - Residential Utilities
IP: fuels ips306 5 6 Industrial Production Index - Fuels
NAPM prodn pmp 1 6 Napm Production Index (Percent)
Cap util utl11 2 6 Capacity Utilization (SIC-Mfg) (TCB)
Help wanted indx lhel 2 7 Index Of Help-Wanted Advertising In Newspapers

(1967=100, SA)
Help wanted/emp lhelx 2 7 Employment: Ratio; Help-Wanted Ads: No. Unemployed

Clf
Emp CPS total lhem 5 7 Civilian Labor Force: Employed, Total (Thous., SA)
Emp CPS nonag lhnag 5 7 Civilian Labor Force: Employed, Nonagric. Industries

(Thous., SA)
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Table 3.5. Data description (continued).

Short name Mnemonic TC Cat. Description

U: all lhur 2 7 Unemployment Rate: All Workers, 16 Years & Over (%, SA)
U: mean duration lhu680 2 7 Unemploy. By Duration: Average (Mean) Duration In

Weeks (SA)
U < 5 wks lhu5 5 7 Unemploy. By Duration: Persons Unempl. Less Than 5

Wks (Thous., SA)
U 5–14 wks lhu14 5 7 Unemploy. By Duration: Persons Unempl. 5 To 14 Wks

(Thous., SA)
U 15+ wks lhu15 5 7 Unemploy. By Duration: Persons Unempl. 15 Wks+

(Thous., SA)
U 15–26 wks lhu26 5 7 Unemploy. By Duration: Persons Unempl. 15 To 26 Wks

(Thous., SA)
U 27+ wks lhu27 5 7 Unemploy. By Duration: Persons Unempl. 27 Wks+

(Thous, SA)
UI claims claimuii 5 7 Average Weekly Initial Claims, Unemploy. Insurance

(Thous.) (TCB)
Emp: total ces002 5 7 Employees On Nonfarm Payrolls: Total Private
Emp: gds prod ces003 5 7 Employees On Nonfarm Payrolls - Goods-Producing
Emp: mining ces006 5 7 Employees On Nonfarm Payrolls - Mining
Emp: const ces011 5 7 Employees On Nonfarm Payrolls - Construction
Emp: mfg ces015 5 7 Employees On Nonfarm Payrolls - Manufacturing
Emp: dble gds ces017 5 7 Employees On Nonfarm Payrolls - Durable Goods
Emp: nondbles ces033 5 7 Employees On Nonfarm Payrolls - Nondurable Goods
Emp: services ces046 5 7 Employees On Nonfarm Payrolls - Service-Providing
Emp: TTU ces048 5 7 Employees On Nonfarm Payrolls - Trade, Transportation,

And Utilities
Emp: wholesale ces049 5 7 Employees On Nonfarm Payrolls - Wholesale Trade
Emp: retail ces053 5 7 Employees On Nonfarm Payrolls - Retail Trade
Emp: FIRE ces088 5 7 Employees On Nonfarm Payrolls - Financial Activities
Emp: Govt ces140 5 7 Employees On Nonfarm Payrolls - Government
Avg hrs ces151 1 7 Avg Weekly Hrs of Prod or Nonsup Workers On Private

Nonfarm Payrolls - Goods-Producing
Overtime: mfg ces155 2 7 Avg Weekly Hrs of Prod or Nonsup Workers On Private

Nonfarm Payrolls - Mfg Overtime Hours
Avg hrs: mfg a0m001 1 7 Average Weekly Hours, Mfg. (Hours) (TCB)
NAPM empl pmemp 1 7 Napm Employment Index (Percent)
Starts: nonfarm hsfr 4 8 Housing Starts: Nonfarm (1947-58); Total Farm & Non-

farm (1959-) (Thous., SAAR)
Starts: NE hsne 4 8 Housing Starts: Northeast (Thous. U., SA)
Starts: MW hsmw 4 8 Housing Starts: Midwest (Thous. U., SA)
Starts: South hssou 4 8 Housing Starts: South (Thous. U., SA)
Starts: West hswst 4 8 Housing Starts: West (Thous. U., SA)
BP: total hsbr 4 8 Housing Authorized: Total New Priv Housing Units

(Thous., SAAR)
BP: NE hsbne 4 8 Houses Authorized By Build. Permits: Northeast

(Thou.U., SA)
BP: MW hsbmw 4 8 Houses Authorized By Build. Permits: Midwest (Thou.U.,

SA)
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Table 3.5. Data description (continued).

Short name Mnemonic TC Cat. Description

BP: South hsbsou 4 8 Houses Authorized By Build. Permits: South (Thou.U.,
SA)

BP: West hsbwst 4 8 Houses Authorized By Build. Permits: West (Thou.U., SA)
PMI pmi 1 9 Purchasing Managers’ Index (SA)
NAPM new ordrs pmno 1 9 Napm New Orders Index (Percent)
NAPM vendor del pmdel 1 9 Napm Vendor Deliveries Index (Percent)
NAPM Invent pmnv 1 9 Napm Inventories Index (Percent)
Orders: cons gds a1m008 5 9 Mfrs’ New Orders, Consumer Goods And Materials (Mil.

$) (TCB)
Orders: dble gds a0m007 5 9 Mfrs’ New Orders, Durable Goods Industries (Bil. Chain

2000 $) (TCB)
Orders: cap gds a0m027 5 9 Mfrs’ New Orders, Nondefense Capital Goods (Mil. Chain

1982 $) (TCB)
Unf orders: dble a1m092 5 9 Mfrs’ Unfilled Orders, Durable Goods Indus. (Bil. Chain

2000 $) (TCB)
M&T invent a0m070 5 9 Manufacturing And Trade Inventories (Bil. Chain 2000 $)

(TCB)
M&T invent/sales a0m077 2 9 Ratio, Mfg. And Trade Inventories To Sales (Based On

Chain 2000 $) (TCB)
M1 fm1 6 10 Money Stock: M1 (Curr, Trav. Cks, Dem Dep, Other

Ck’able Dep) (Bil. $,SA)
M2 fm2 6 10 Money Stock: M2 (M1+O’nite Rps, Euro$, G/P&B/D &

Mmmfs&Sav& Sm Time Dep) (Bil. $, SA)
Currency fmscu 6 10 Money Stock: Currency held by the public (Bil. $, SA)
M2 (real) fm2_r 5 10 Money Supply: Real M2, fm2 / gmdc (AC)
MB fmfba 6 10 Monetary Base, Adj For Reserve Requirement Changes

(Mil. $, SA)
Reserves tot fmrra 6 10 Depository Inst Reserves: Total, Adj For Reserve Req Chgs

(Mil. $, SA)
Reserves nonbor fmrnba 6 10 Depository Inst Reserves: Nonborrowed, Adj Res Req

Chgs (Mil. $, SA)
C&I loans fclnbw 6 10 Commercial & Industrial Loans Outstanding + NonFin

Comm. Paper (Mil. $, SA)
C&I loans fclbmc 1 10 Wkly Rp Lg Com’l Banks: Net Change Com’l & Indus

Loans (Bil. $, SAAR)
Cons credit ccinrv 6 10 Consumer Credit Outstanding - Nonrevolving (G19)
Inst cred/PI ccipy 2 10 Ratio, Consumer Installment Credit To Personal Income

(Pct.) (TCB)
S&P 500 fspcom 5 11 S&P’s Common Stock Price Index: Composite (1941-

43=10)
S&P: indust fspin 5 11 S&P’s Common Stock Price Index: Industrials (1941-

43=10)
S&P div yield fsdxp 2 11 S&P’s Composite Common Stock: Dividend Yield (% Per

Annum)
S&P PE ratio fspxe 5 11 S&P’s Composite Common Stock: Price-Earnings Ratio

(%, NSA)
Fed Funds fyff 2 12 Interest Rate: Federal Funds (Effective) (% Per Annum,

NSA)
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Table 3.5. Data description (continued).

Short name Mnemonic TC Cat. Description

Comm paper cp90 2 12 Commercial Paper Rate
3 mo T-bill fygm3 2 12 Interest Rate: U.S. Treasury Bills,Sec Mkt, 3-Mo. (% Per

Ann., NSA)
6 mo T-bill fygm6 2 12 Interest Rate: U.S. Treasury Bills,Sec Mkt, 6-Mo. (% Per

Ann., NSA)
1 yr T-bond fygt1 2 12 Interest Rate: U.S. Treasury Const Maturities, 1-Yr. (% Per

Ann., NSA)
5 yr T-bond fygt5 2 12 Interest Rate: U.S. Treasury Const Maturities, 5-Yr. (% Per

Ann., NSA)
10 yr T-bond fygt10 2 12 Interest Rate: U.S. Treasury Const Maturities, 10-Yr. (%

Per Ann., NSA)
Aaa bond fyaaac 2 12 Bond Yield: Moody’s Aaa Corporate (% Per Annum)
Baa bond fybaac 2 12 Bond Yield: Moody’s Baa Corporate (% Per Annum)
CP-FF spread scp90 1 13 cp90-fyff (AC)
3 mo-FF spread sfygm3 1 13 fygm3-fyff (AC)
6 mo-FF spread sfygm6 1 13 fygm6-fyff (AC)
1 yr-FF spread sfygt1 1 13 fygt1-fyff (AC)
5 yr-FF spread sfygt5 1 13 fygt5-fyff (AC)
10 yr-FF spread sfygt10 1 13 fygt10-fyff (AC)
Aaa-FF spread sfyaaac 1 13 fyaaac-fyff (AC)
Baa-FF spread sfybaac 1 13 fybaac-fyff (AC)
Ex rate: avg exrus 5 14 United States; Effective Exchange Rate (Merm) (Index

No.)
Ex rate: Switz exrsw 5 14 Foreign Exchange Rate: Switzerland (Swiss Franc Per

U.S.$)
Ex rate: Japan exrjan 5 14 Foreign Exchange Rate: Japan (Yen Per U.S.$)
Ex rate: UK exruk 5 14 Foreign Exchange Rate: United Kingdom (Cents Per

Pound)
Ex rate: Canada exrcan 5 14 Foreign Exchange Rate: Canada (Canadian $ Per U.S.$)
PPI: fin gds pwfsa 6 15 Producer Price Index: Finished Goods (82=100, SA)
PPI: cons gds pwfcsa 6 15 Producer Price Index: Finished Consumer Goods (82=100,

SA)
PPI: int materials pwimsa 6 15 Producer Price Index: Intermed Mat.Supplies & Compo-

nents(82=100, SA)
PPI: crude matls pwcmsa 6 15 Producer Price Index: Crude Materials (82=100, SA)
Spot market price psccom 6 15 Spot market price index: bls & crb: all commodities

(1967=100)
PPI: nonferrous matls pw102 6 15 Producer Price Index: Nonferrous Materials (1982=100,

NSA)
NAPM com price pmcp 1 16 Napm Commodity Prices Index (Percent)
CPI-U: all punew 6 17 Cpi-U: All Items (82-84=100, SA)
CPI-U: apparel pu83 6 17 Cpi-U: Apparel & Upkeep (82-84=100, SA)
CPI-U: transp pu84 6 17 Cpi-U: Transportation (82-84=100, SA)
CPI-U: medical pu85 6 17 Cpi-U: Medical Care (82-84=100, SA)
CPI-U: comm. puc 6 17 Cpi-U: Commodities (82-84=100, SA)
CPI-U: dbles pucd 6 17 Cpi-U: Durables (82-84=100, SA)
CPI-U: services pus 6 17 Cpi-U: Services (82-84=100, SA)
CPI-U: ex food puxf 6 17 Cpi-U: All Items Less Food (82-84=100, SA)



3.6. APPENDIX 115

Table 3.5. Data description (continued).

Short name Mnemonic TC Cat. Description

CPI-U: ex shelter puxhs 6 17 Cpi-U: All Items Less Shelter (82-84=100, SA)
CPI-U: ex med puxm 6 17 Cpi-U: All Items Less Midical Care (82-84=100, SA)
PCE defl gmdc 6 17 Pce, Impl Pr Defl: Pce (2000=100) (AC) (BEA)
PCE defl: dlbes gmdcd 6 17 Pce, Impl Pr Defl: Pce; Durables (2000=100) (AC) (BEA)
PCE defl: nondble gmdcn 6 17 Pce, Impl Pr Defl: Pce; Nondurables (2000=100) (AC)

(BEA)
PCE defl: service gmdcs 6 17 Pce, Impl Pr Defl: Pce; Services (2000=100) (AC) (BEA)
AHE: goods ces275 6 18 Avg Hourly Earnings of Prod or Nonsup Workers On

Private Nonfarm – Goods-Producing
AHE: const ces277 6 18 Avg Hourly Earnings of Prod or Nonsup Workers On

Private Nonfarm – Construction
AHE: mfg ces278 6 18 Avg Hourly Earnings of Prod or Nonsup Workers On

Private Nonfarm – Manufacturing
Consumer expect hhsntn 2 19 U. Of Mich. Index Of Consumer Expectations (Bcd-83)
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