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Summary

This thesis derives from three distinct research papers that all deal with a more recent and

interdisciplinary strand of the economic literature. The encompassed �eld has evolved

from the necessity to better account for unobserved abilities and related phenomena

within empirical, predominantly labor market settings. For that purpose, concepts from

psychology, like measures of cognitive intelligence, have become appropriate means in

empirical labor market research. Nonetheless, many issues of individual di�erences in

behavior and selectivity still remained unexplained. Within the last ten year or so,

the consideration of personality traits has found its way into the economic literature,

and meanwhile substantially contributes to the prediction of various behavioral aspects.

In that regard, the economic literature explores the role of personality traits on two

broad accounts: as predictors and as causes of various economic entities. In general,

personality traits as well as abilities are captured by means of various psychometric

constructs, primarily originating from personality psychology.

The �rst part of the thesis, namely Chapters 1 to 7, provides an overview on the growing

and in�uential literature in this and related �elds. The composition and the impact of

personality traits with respect to certain outcomes are often less familiar to economists.

Therefore, the aim of the literature reviewing part of the thesis is to give a short and

introductory guide to a wide audience of readers in economics. This audience includes

nonspecialist readers as well as experts in the �eld. Based on the contemporary liter-

ature, central questions and �ndings regarding measurement, theoretical modeling, and

the empirical estimates are summarized within the corresponding chapters. The ob-

tained results shed light on the relation between parental investments, the formation of

personality traits and abilities, and later outcomes. The most important result for the

explanation of previously unobserved behavioral heterogeneity is that the direct impact

of acquired traits on various outcomes is more signi�cant than assumed until the recent

past. Not only educational achievements and later earnings, but also important social

and health-related outcomes are strongly a�ected. Moreover, there is some preliminary

but relatively clear-cut evidence on the malleability of personality traits over the life

course. Early investments are the most crucial inputs into the formation of traits and

abilities and should be followed by later ones. As a consequence, early neglect usually

cannot be compensated in the aftermath, as the returns to those investments diminish.
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In light of these general �ndings, two empirical applications that have the primary aim

of examining the malleability of personality traits at di�erent points in life, constitute

the second and third contribution to the thesis. The former study focusses on individuals

at the end of adolescence, whereas the latter involves individuals in working age. In

the �rst application, the varying and not conclusively explored malleable of personality

traits in late adolescence is addressed. In particular, the impact of factors that represent

certain dimensions of the academic environment for a speci�c secondary-schooling track

is examined. Previous �ndings from the related literature do not reveal whether these

environmental factors can be substantial with regard to personality development and

whether they are supposed to be a�ected as the learning intensity at school is increased.

The empirical analysis presented here considers exactly this question. In order to give

the empirical results a causal meaning, an exogenously induced educational policy reform

in the federal state of Saxony-Anhalt is exploited as a natural experiment. At the time

of its decree, the reform was intended to reduce the time spent for graduation from

higher secondary school by eliminating the �nal grade. Since the curriculum was roughly

maintained the reform also gave rise to an increase in learning intensity.

Along the same arguments of stabilizing personality traits over the life course, the second

empirical application seeks to unveil the mediation paths of individual poverty dynamics,

in particular as to why poor people are often literally �trapped� in poverty. Among the

typically alleged determinants, personality traits that capture individual control beliefs

are often considered to be one such mediator. As they are known to stabilize towards

adulthood, but also to remain susceptible to environmental in�uences to a certain degree,

the potential reverse causation from past poverty experiences to trait stability is of salient

relevance in this empirical setting. With regard to the latter speci�c causal pathway, the

empirical results provide an indication whether permanent environmental changes, such

as poverty, can be strong enough to a�ect certain control related traits at adulthood.



Zusammenfassung

Diese Dissertation beruht auf drei separaten Forschungspapieren, die allesamt einen inter-

disziplinären Strang der ökonomischen Literatur bedienen. Dieser ist aus der Notwendig-

keit heraus entstanden, unbeobachtbare individuelle Heterogenität und Fähigkeit im Rah-

men empirischer Fragestellungen besser abbilden zu können. Die Erfassung solcher Fähig-

keiten ist sogleich auch die wesentliche Anforderung in der empirischen Untersuchung hu-

mankapitaltheoretisch motivierter Zusammenhänge. Hierzu werden seit langem Konzepte

aus der Psychologie verwendet, insbesondere zur Messung kognitiver Fähigkeiten wie z.B.

dem IQ. Wesentliche Teile individueller Unterschiede bleiben bei einer solchen Approxi-

mation aber unerklärt. Der Einbezug von Persönlichkeitsmerkmalen in der jüngeren

Forschung hat zu einem erheblichen Erkenntnisgewinn in der Erklärung dieser Unter-

schiede beigetragen. Entsprechend der Terminologie der Humankapitaltheorie ist in

der ökonomischen Literatur die Rolle von Persönlichkeitseigenschaften als erklärendes

Merkmal unterschiedlicher Ergebnisgröÿen dominierend. Aber auch als Ergebnis ver-

schiedenster Entwicklungsein�üsse werden Persönlichkeitsmerkmale mehr und mehr in die

ökonomische Modellbildung integriert. Die der empirischen Erfassung zugrundeliegenden

Konzepte stammen jedoch gröÿtenteils aus der psychologischen Literatur.

Aus diesem Grund gibt der erste Teil der Dissertation (Kapitel 1 bis 7) einen Überblick

über die umfangreiche relevante Literatur, die sich der Untersuchung von Persönlichkeits-

eigenschaften und damit verbundenen Fähigkeiten in ökonomischen Problemzusammen-

hängen widmet. Der Schwerpunkt liegt dabei auf der Messung und Erfassung dieser

Fähigkeiten, der theoretischen Erklärung des Entwicklungsprozesses über den Lebens-

zyklus und der verfügbaren empirischen Evidenz. Die Validität der jeweiligen psychome-

trischen Konzepte ist jedoch nicht abschlieÿend geklärt. Die Mehrzahl der Maÿe ist

durch Messfehler, �Rückwärtskausalität� oder latente Ein�üsse anderer Faktoren verzerrt.

Das notwendige methodische Rüstzeug ist deshalb ebenfalls Gegenstand der Ausführun-

gen. Zum besseren Verständnis der Humankapitalentwicklung wird auf ein erweitertes

theoretisches Modell Bezug genommen, das explizit kognitive Fähigkeiten sowie Persön-

lichkeitsmerkmale berücksichtigt. Aufbauend auf diesen Grundlagen wird anschlieÿend

die empirische Literatur anhand der zugrunde liegenden Forschungsfragen klassi�ziert

und die zentralen Resultate werden zusammengefasst. Dabei kann die Tatsache, dass

Persönlichkeitseigenschaften einen weitaus nachhaltigeren Ein�uss auf viele Gröÿen im

Lebensverlauf haben als bislang angenommen, als fundamental und essenziell beurteilt

werden. Zu den beein�ussten Gröÿen zählen neben Schulabschluss und Verdienst auch

soziale Ergebnisse und die Gesundheit. Als weitere zentrale Ergebnisse aus dieser Über-
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sicht lassen sich die folgenden identi�zieren: Frühkindliche Umgebungsfaktoren sind die

entscheidenden Inputs in die Fähigkeitsentwicklung und somit auch in die Persönlichkeits-

entwicklung, sie sollten aber durch spätere Investitionen ergänzt werden. Wichtige Kon-

sequenz hieraus ist, dass Vernachlässigungen in diesem Alter im Nachhinein nur schwer

zu kompensieren sind, da Bildungsinvestitionen einem abnehmenden Grenzertrag unter-

liegen.

Im Kontext dieser allgemeinen Erkenntnisse zur Dynamik von Persönlichkeitsmerkmalen

im Lebensverlauf besteht die Arbeit im Weiteren aus zwei empirischen Anwendungen,

die deren Formbarkeit in unterschiedlichen Altersspannen zum Gegenstand haben. Die

erste Studie bezieht sich auf das späte Jugendalter, während die zweite sich dem Er-

werbsalter widmet. Im Jugendalter werden insbesondere Faktoren, die bestimmte Di-

mensionen des schulischen Umfeldes widerspiegeln, sowie deren Veränderung im Rah-

men der Analyse berücksichtigt. Vorangegangene Untersuchungen in diesem Literatur-

bereich haben diese Frage nur unzureichend thematisiert, insbesondere im Hinblick da-

rauf, ob diese schulischen Dimensionen entscheidenden Ein�uss auf die Ausprägung und

Entwicklung von Persönlichkeitsmerkmalen ausüben können. Um diese Fragestellung

empirisch untersuchen zu können, wird eine exogen induzierte Veränderung der Lernin-

tensität herangezogen, die mit einer entsprechenden Veränderung schulischer Determi-

nanten einhergeht. Die Exogenität der Veränderung gewährleistet dabei die kausale In-

terpretation der Wirkungsmechanismen. Sie basiert auf eine Bildungsreform in Sachsen-

Anhalt, welche die Reduktion der gymnasialen Schulzeit zum Ziel hatte. Die Verringerung

der Schulzeit um ein Jahr bei nahezu gleichbleibendem Lehrplan impliziert dabei die

beschriebene Veränderung der Lernintensität.

Der selben Logik folgend, ist auch im weiteren Lebensverlauf ein Ein�uss bestimmter ex-

terner Umstände auf die Persönlichkeitsentwicklung- und stabilität denkbar. Deshalb hat

die zweite in der Dissertation enthaltene empirische Anwendung das Ziel, Übertragungs-

und Interaktionskanäle eines konkreten Persönlichkeitsmerkmals und individuelle Armut-

serfahrungen zu untersuchen. Im Vordergrund steht dabei die Frage, warum von Armut

betro�ene Individuen häu�g dauerhaft oder zumindest über einen längeren Zeitraum

arm bleiben. Kontrollbezogene Persönlichkeitsmerkmale und deren vermutete Abwer-

tung könnten dabei einen solchen Übertragungsmechanismus darstellen, da sie sich im

Erwachsenenalter zwar stabilisieren, aber dennoch eine Restformbarkeit durch Umwelte-

in�üsse erhalten bleibt. Die empirische Untersuchung gibt somit Aufschluss darüber, ob

Armutsepisoden in dieser Hinsicht eine hinreichend starke Umweltveränderung darstellen.
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1
Introduction*

There is a long-standing literature in economics that investigates the sources and mecha-

nisms underlying individual di�erences in labor market related outcomes. Starting with

the seminal works of Becker (1964) and Ben-Porath (1967), various approaches that

model the relations of innate abilities, acquired skills, educational investment, and eco-

nomic outcomes to educational achievements or labor market success have been estab-

lished in the literature. Unfortunately, empirical analysis in this �eld has always been

burdened with a lack of observability in these individual determinants. This has led to

a burgeoning diversity of attempts to quantify the skills and abilities involved. In most

cases, measures of cognitive achievements, such as IQ tests or similar scores, have been

used for empirical assessments.1 In the psychological �eld, so-called personality traits

that represent another source of behavioral di�erences have been subject to a longstand-

ing literature already. Psychologists still argue out on the appropriateness of traits in

settings economists try to accommodate (see, e.g., Roberts et al., 2007, for an overview),

fortunately with an agreeing tendency in the recent past. Thus the constructs originating

from this literature become more and more ubiquitous among economists. Of particular

relevance are those personality traits that represent relatively persistent dimensions of

an individual's behavior, most of which can be measured by means of relatively simple

psychometric assessment instruments.2 For traits speci�cally related to human capital

outcomes, economists predominantly use the term noncognitive skills. The consideration

of trait measures in empirical analysis contributes to a better understanding of the gene-

sis and the evolvement of productivity enhancing skills beyond those of formal education

and labor market experience. Moreover, a profound understanding of these mechanisms

also has important implications for various kinds of policy recommendations.

Despite the compelling appeal of personality traits for many economic questions, one

should always be aware of the fact that the objectives in applying such measurement

constructs fundamentally di�er in economics and psychology. Economists are interested

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
1 See, for example, Hause (1972), Leibowitz (1974), Bound et al. (1986), and Blackburn and Neumark

(1992). See also Griliches (1977) for an overview.
2 Psychometrics is the �eld of psychology that deals with measurement of psychological constructs,

including personality traits.
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CHAPTER 1. INTRODUCTION

in establishing traits as productivity enhancing skills for rather speci�c settings. Person-

ality psychologists, on the contrary, try to explain an individual's complete spectrum of

behaviors and thoughts. Using sets of psychometric measures or other tools from psycho-

logical �eld without consideration of its underlying objectives may lead to very ill-advised

applications.

To give an account on the issues involved in this topic is what the �rst chapters of this

thesis are devoted to. I will provide an overview on the central problems regarding de�ni-

tions, measurement, development, theoretical and empirical modeling, and outcomes that

are most likely to arise when combining personality traits and micro-founded empirical

strategies. The studies reviewed shall o�er some practical guidance for economists who

are little familiar with the relevant literature and parlance from the psychological �eld. It

focuses on notational and methodological speci�cs of the psychological �eld and links it to

the concepts that prevail in economics. For this purpose, some critical assumptions that

are necessary to establish the mere existence of persistent personality traits in the sense

of the human capital theory are addressed. Some of the relevant aspects have already

attracted a large attention in the economic literature, and thus are subject to a good deal

of review articles already in place. Most of these treatises involve the formation process

of personality traits along with overviews on a�ected outcomes.3 Though the aim here

is not to repeat these �ndings in full length, a cursory summary of such studies is given

as a basis for an ensuing guide to empirical analysis. The focus in the corresponding

chapters is on the methodological and de�nitional challenges inherent to the analysis of

personality traits.

From Chapter 7 on, the emphasis of the thesis is slightly shifted towards eliciting the pe-

culiarities of trait formation in di�erent age spans. The already existent empirical studies

that deal with the formation process over the life course show a degree of plasticity that

generally decreases as age increases. It follows that personality traits are alleged to be set

until early adulthood. Consequently, most empirical evidence for this formation pattern

focusses on earlier periods of life (see, e.g., Cunha et al., 2010). For this reason, two

empirical applications that result from two separate research papers are added to the

literature reviewing general discussion. By and large, both applications pick a speci�c

part of the formation process and seek for stability pattern under rather speci�c environ-

mental settings. The two populations of interest exclusively comprise individuals beyond

adolescence and thus di�erentiate from most of literature discussed in the general part.

3 First reviews on the topic may be found in Cunha et al. (2006). Later literature overviews are due
to Borghans et al. (2008a), Cunha and Heckman (2009), and Almlund et al. (2011).
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Regarding the issues raised throughout the previous paragraphs, the corresponding chap-

ters of the thesis at hand are organized as follows. The �rst chapter will start out with

some crucial de�nitions and will elicit how the notion of personality traits is embedded in

the psychologic literature. In Chapter 3, a selection of psychometric measures for person-

ality traits will be presented and evaluated with respect to their virtues and drawbacks.

In addition, I give an introductory overview on how to check for validity and reliability

of the measures commonly used in psychometrics, and what should be considered when

applying both criteria for construct choice. Chapter 4 outlines some intuitive notions

and �rst evidence on how to map personality traits into economic preference parameters.

Some practical guidance regarding econometric approaches that properly account for the

error-proneness of raw test scores in representing latent personality traits will be provided

in Chapter 5. Chapter 6 reviews a number of studies that establish causal inference for

personality traits on several outcomes. Chapter 7 embeds the psychologic and socio-

logic literature on personality development into a formal framework of human capital

formation suggested by Cunha and Heckman (2007). The general patterns induced by

this framework are augmented by the �ndings of the two empirical analyses presented

in Chapters 8 and 9. The �nal chapter concludes and puts the empirical �ndings into

perspective with the reviewed literature.
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2
Some Terminology*

Due to its origins in the intersection of economics and psychology, some concurrent terms

have evolved throughout the seminal period of the literature concerned. This chapter

clari�es on the most important ones among them.

The term �noncognitive skills� originates from the economic literature and started to

emerge in course of the work by Heckman and Rubinstein (2001). It comprises the notion

of personality traits that are, besides pure intelligence, particularly relevant for several

human capital outcomes, such as educational or labor market achievements. Henceforth, I

will make use of the latter term in all following discussions.1 Personality traits constitute,

along with other determinants, an individual's personality. In economic parlance, per-

sonality is kind of a response function to various tasks (see Almlund et al., 2011). There

are several approaches in the psychologic literature that target at modeling personality

in light of environmental entities.

A good point of departure is the model suggested by Roberts et al. (2006). It shall serve

as a reference framework for the remainder of the discussion. It designates four core

factors of personality: personality traits, (cognitive) abilities, motives, and narratives.

Together with social roles and cultural determinants, these core factors produce an in-

dividual's identity and reputation. Identity, in that regard, is the consciously available

self-image about the four factors, including self-reports about them. Reputation is the

entity that includes others' perspectives into the framework. The Roberts framework

also accounts for the possibility of feedback processes, i.e., the possibility of environment

activating the core factors and vice versa. In its original de�nition, personality traits are

relatively persistent attributes of behavior, feelings and thoughts and hence are largely

non-situational (see Allport, 1937). However, the prevalence of consistency (or at least a

certain degree of it) across situations is not without controversy in the literature. I will

elaborate on this point in the discussion of measurement constructs in Chapter 3.

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
1 After some years in the making, the Heckman-driven part of the literature made itself an e�ort to

switch to the term �personality traits�. Presumably, the study of Borghans et al. (2008a) is the
turning point for this terminology.

5



CHAPTER 2. SOME TERMINOLOGY

Prominent examples for personality traits are self-discipline, self-control, agreeableness,

self-esteem, or conscientiousness, just to mention a few.2 As the Roberts model suggests,

few issues of personality are devoid of cognition. Sometimes it is even hard to concep-

tually, not to mention empirically, distinguish cognitive abilities and personality traits.

For instance, emotional intelligence (see Salovey et al., 2004), which describes the pro-

cessing ability to anticipate the consequences of feelings and the resulting behavior, is a

marginal case in terms of cognitive factors and personality traits.3 Hence, the denotation

noncognitive is rather imprecise. Notwithstanding this fuzzyness, the terms noncognitive

skills and personality traits are often used interchangeably in most parts of the economic

literature.

Recall that the primary interest is in working out those trait dimensions that are in

some sense productivity enhancing. One can thus relate the notions from psychology

to economic terms by construing cognitive abilities and personality traits as a partially

acquired and partially inherited stock of human capital. To attain de�nitional exactness,

it is furthermore necessary to clarify on the drawn distinction between skills and abilities

that usually prevails in the human capital literature. For instance, Becker (1964) di�er-

entiates both terms in that abilities are innate and genetically predetermined, whereas

skills are acquired over the life cycle. According to this view, skills and abilities can

be seen as two distinct determinants of potential outcomes.4 On the contrary, the more

recent literature that incorporates personality and intelligence constructs as an inventive

means of measuring human capital emphasizes that inherited and acquired factors act

somewhat jointly in forging stocks of human capital. Along with prenatal environmental

factors, genitacal determinants provide the initial inputs in the process of trait and ability

formation (see Blomeyer et al., 2009, Cunha et al., 2010). The ensuing gene-environment

interactions are highly complex in nature and will be discussed in more detail in Chap-

ter 7. These �ndings suggest to construe skills and abilities rather as complements in

generating outcomes of interest.5 I will thus use both terms interchangeably throughout

the rest of the discussions.

Put together, it is obvious that the human personality is a highly complex construct

that goes beyond the concept of personality traits and requires consideration of multi-

ple factors combined in an interactional fashion. As the subsequent chapters will show,

2 For example, Allport and Odbert (1936) obtained about 18,000 attributes describing individual
di�erences in the English language.

3 Borghans et al. (2008a) discuss further examples like cognitive style, typical intellectual engagement,
and practical intelligence.

4 To that e�ect, Becker (1964) �gures out that acquired skills possess higher explanatory power for
future earnings than innate abilities do.

5 Accordingly, Cunha and Heckman (2009) rather use the term capabilities in order to elude notational
con�icts.
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personality and its impact on various outcomes are of particular interest for the �eld

of economics. Notwithstanding this appeal, for empirical analyses one has to presume

a su�cient degree of stability and also has to accept certain simpli�cations. Somewhat

fortunately, the objective in economics is rarely to model and project all facets of per-

sonality, but to identify relatively stable and conveniently assessable determinants of the

particular outcome of interest. Given this fact and a general tendency to reconcile di�er-

ent views about cross-situational stability of the personality in the psychological �eld (see

Roberts, 2009), empirical operationalizations can be attained with less di�culties than

apparent at the �rst glance. This will be made clear throughout the discussions over the

next three chapters.
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3
Measures and Constructs for

Personality Traits*

There is no uniform opinion about adequate personality models and the resulting assess-

ment of personality in the �eld of psychology. Hence, a brief overview on the relevant

psychologic literature is a sensible �rst step. The crucial issue in terms of postulating a

persistent stock of skills is to ensure a su�cient degree of stability of personality traits

across situations. First, bring into mind the di�erence between a behavioral instability

obeying some genuine randomness and behavioral instability due to situations. If there

is instability of actions in the sense that someone acts very emotional and this is a per-

sistent phenomenon irrespective of situations, one can quantify this inclination by means

of an appropriate personality construct.1 If inconsistency of actions, however, pertains to

more than the individual's emotional stability and is generally driven by situational and

contextual determinants, it would be meaningless to impose traits as a stock of human

capital for outcome prediction. In such a case, traits would be themselves to much of an

outcome of situations and individual circumstances in order to be a reliable predictor.

To clarify these points, the prevailing view in the literature is brie�y discussed in what

follows.

3.1 Personality and Situations

The existence of persistent traits has been subject to vigorous discussion in the psycholog-

ical literature over the last decades. The common understanding of the in�uential work

by Mischel (1968) is that all patterns of behavior, feelings, and thoughts are manifesta-

tions of speci�c situations, not of stable personality traits. Mischel and his proponents

dileniate this as a misinterpretation in the aftermath. Mischel (1973) merely endeavors to

incorporate situations into whatever drives stable characteristics (e.g. personality traits),

dubbing it the if-then signature of personality. It characterizes an individual's variabil-

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
1 As will be addressed below, the Big Five factor Neuroticism addresses exactly these issues.
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ity by relatively stable patterns across situations. Orom and Cervone (2009) therefore

highlight that Mischel's initial point was that cross-situational consistency in personality

assessment is only low when focussing attention to global, nomothetic trait constructs.

This implies that cross-situational consistency exists, but only under certain conditions.

These conditions generally apply when relaxing the ambitious view of rigid and globally

valid traits, and instead allow for some other factors to a�ect measured personality. The

ensuing discourse in the literature led to alternative notions of personality traits that

meanwhile also provide some consensus.

The so-called social-cognitive approach established and advocated by Mischel (1973) and

Bandura (1986) provides such an alternative notion of personality. It mainly focuses on

explaining the cognitive processing which underlies thoughts and behaviors. Accordingly,

people di�er in terms of cognitive abilities relevant for the implementation of certain

behaviors. The awareness of these abilities in conjunction with expectations about self-

e�cacy, goals, and valuation standards constitute the personality. All four subsystems

of personality are interactional in nature and therefore not separately assessable. As

such, social-cognitive theorists rather rely on qualitative types of assessments and would

not assign a certain score or number to one of these systems. The evaluator has to

account for the situation as perceived by the observed individual and thus has to analyze

consistent patterns in this situational context. One of Bandura's contributions is the

concept of reciprocal determinism. It essentially states that there is no actual source

of behavior as asserted by trait theorist or behaviorists. Instead there is a triangular

feedback system which consists of personal characteristics, behavior, and environmental

factors. A potential explanation for the interior processing underlying this system is the

cognitive-a�ective processing system by Mischel and Shoda (1995). It interrelates the

abovementioned subsystems (abilities, expectations, goals, and valuation standards) by

means of cognition and a�ects. Individual di�erences therefore arise from di�erences in

activation levels of cognitions and a�ects. The accessability of activation levels di�ers over

various situations. This has very far reaching implications for the proper construction of

assessment tools.

A contrary view to the whole situation debate is held by the proponents of the global

dispositional approach. It is best exempli�ed by concepts like the Five Factor Model of

Goldberg (1971).2 Proponents of the Five Factor Model constantly and above all highlight

the stability of personality over most of the lifetime and across situations.

The most widely advocated approach in contemporary personality psychology is to com-

bine the assumption of a certain stability in traits with elements of the social-cognitive
2 The most widely applied version is the Big Five inventory of Costa and McCrae (2008).
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approach, such as goals expectations, and assign them to di�erent levels of analysis.3 The

Roberts model, which I already mentioned to be a good contemporary reference, accounts

for these elements and their interaction with environmental factors. Roberts (2009, p.

138) vividly summarizes this unifying view with the following words: �The trait psy-

chologists can continue to focus on factor structure and test retest stability. The social

cognitive psychologists can study goals, motives, beliefs, and a�ect - things that puta-

tively change.� Such a view maintains the notion of personality traits without imposing

any assumptions about the underlying cognitive processing function, and also incorpo-

rates other entities in the personality system that are necessary to represent contextual

and situational factors.

Given the speci�c setting, one should be aware of the fact that all observed or otherwise

assessed measures of personality traits can also be manifestations of the other entities

addressed in the Roberts model. For instance, ful�lling a certain social role at the time

an assessment takes place, is a contextualizing variable one has to control for (see Wood,

2007).4 This approach gives rise to a certain stability of personality traits across situations

and therefore paves the way for application of the kind of personality tests empirical

economists are most interested in. Some crucial features of such tests are summarized in

the next section.

3.2 Assessment Tools

I will now sketch how trait theorists or social-cognitive theorists assess the entities in

their respective models and what are the pros and cons of the respective methods with

regard to di�erent assessment situations. There are three main dimensions an evaluator

has to decide on: (1) the type of assessment, (2) the person to be assessed, and (3) the

dimension.

(1) Proponents of the social-cognitive approach usually rely on qualitative assessment

methods conducted by experts who passively observe or actively interview a person.

These methods involve variations of situational stimuli and substitutions of the assessed

person until systematic evidence for the underlying processing is revealed. For applica-

tions within large scale data instruments (in the �eld or in experimental settings), which

de�nitely dominate in empirical economics, this type of assessment is rather cumbersome

3 Even very early de�nitions of personality traits implicitly account for situational variance in behavior
(Allport, 1961, p. 347)

4 As will brie�y address in context of personality development, permanently ful�lling certain social
roles does not solely a�ect measures of personality, but induces changes of personality traits as well.
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and costly. For such kind of investigation, quantitative assessment methods are undeni-

ably more appealing. Generally, the aim of the latter type of methods is to provide scores

for respective dimensions of the personality. These scores are directly used for analyses

or employed to derive underlying latent constructs.

(2) The evaluator has to choose between self-reports and observer-reports. Self-reported

measures are convenient due to their simple implementation, but implicitly assume that

respondents are capable to consciously perceive their personality, or at least the actions

that are supposed to represent it. This prerequisite does not generally apply. For instance,

infants and children are often not capable of doing so, and thus are usually assessed by

observers from their social environment (parents or teachers), or by experts. Distortions

of self-reports or observer-ratings can also be more generic. For traits related to typical

social-environmental settings, like meeting a stranger or having a discussion with another

person, observer-ratings tend to better predict behavior than self-reports, particularly

since the potential for disorder in self-perception is usually high with regard to such

situations. For instance, what the narrator of a joke believes to be funny is not necessarily

perceived by others in the same manner. Vice versa, self-reported personality ratings are

more strongly related to assessments of emotional issues driven by interior processes and

less shared with others. An illustrative example for such pattern is that a person who

su�ers from depression would usually try to conceal this fact from others. A potential

drawback of observer-ratings, at least in some settings, is their generally lower suitability

for survey instruments within simple questionnaires. The choice of the person to be

assessed therefore strongly depends on the trait of interest and the speci�cs of the survey

setting.

(3) The last aspect is the extent to which the measure captures personality. Besides

various low-dimensional constructs for assessing the magnitude of very speci�c traits,

there is a large number of taxonomies mapping human personality as a whole. Proponents

of these high-order personality inventories advocate the global dispositional approach

discussed above and therefore construe these models as comprehensive representation of

the personality, usually without further consideration of situational aspects.

Higher-Order Constructs: Most mappings of personality impute hierarchical struc-

tures that are derived from factor analytic approaches. Many of them derive from initial

studies that exploit lexical-linguistic patterns prevailing in their respective language of

origin.5 The retrieved taxonomies are then used to set up inventories of closely related

questions. The resulting measurement systems bundle a number of questions, which are
5 This follows the tradition of Allport and Odbert (1936), who were the �rst to do so for the English

language.
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also called items, relating to speci�c trait dimensions. They follow similar designs as

those used for the assessment of general IQ expressions.6 But compared to intelligence

tests, the level of abstraction is lower in case of personality traits. Despite early e�orts

to identify a general factor for personality (see Webb, 1915), personality inventories from

the prosperity period of the global dispositional approach (see the previous section) usu-

ally assume at least three major factors. Table 3.1 provides an overview on the global

constructs most often used in the psychological literature.

A widely accepted taxonomy is the Five Factor Model established by Goldberg (1971) and

the related Big Five by Costa and McCrae (1992). The identi�cation of �ve high-order

factors is not uncontested in the literature, though. Some factor analytic results suggest a

lower number of dimensions, whereas others claim a higher number. Eysenck (1991), for

example, provides a model with just three factors. Digman (1997) curtails the Big Five

distinction to only two principal factors.7 In contrast to that, Hough (1992) proposes a

more strati�ed version of the Big Five taxonomy, the so-called Big Nine. Due to their data

reducing genesis, virtually all the aforementioned concepts lack a theoretical foundation,

and,therefore are largely inconsistent with the type of personality models discussed above.

Only for exceptional cases, neurological support for the constructs is available (see, e.g.,

Canli, 2006, pertaining to the Big Five).

As a consequence, low predictive power of a high-order factor does not necessarily imply

that all of the lower-order factors in Table 3.1 exert no in�uence on an outcome of interest

as well. Using lower-order constructs or even uni-dimensional factors often entails a gain

in explanatory power, but at the potential cost of not covering all relevant personality

facets.

Lower-Order Constructs: There also exist several lower-order constructs which, in

light of the points addressed above, may be more appropriate for settings where con-

textualization is an issue. This property simply follows from the fact that it is easier

to align and substantiate low-order constructs with regard to speci�c settings. Promi-

nent examples in the context of educational outcomes are self-control (see Wolfe and

Johnson, 1995) and the related self-discipline (see Duckworth and Seligman, 2005). The

Brief Self-Control Scale (Tangney et al., 2004) is a commonly used means of assessing

self-control. It includes 13 items that add up to an overall score increasing with higher

degrees of self-control. The Internal-External Locus of Control by Rotter (1966) is often

6 A version of Cattell (1971) includes �uid intelligence, i.e., the ability to solve novel problems, and
crystallized intelligence, comprising knowledge and developed abilities.

7 The factors are not presented in Table 3.1 since they are simply denoted metatraits without further
speci�cation.
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Table 3.1: Personality Models and Sub-Factors

Inventory Factors Lower-order Factors

Big Five (Costa and
McCrae, 1992)a

Openness to Experience Fantasy, Aesthetics, Feelings,
Actions, Ideas, Values

Conscientiousness Competence, Order,
Dutifulness, Achievement
Striving, Self-Control/
Self-Discipline, Deliberation

Extraversion Warmth, Gregariousness,
Assertiveness, Activity,
Excitement Seeking, Positive
Emotions

Agreeableness Trust, Straightforwardness,
Altruism, Compliance,
Modesty, Tender-Mindedness

Neuroticism Anxiety, Vulnerability,
Depression, Self-Consciousness,
Impulsiveness, Hostility

MPQb (Tellegen,
1985)

Negative Emotionality Stress Reaction, Alienation,
Aggression

Constraint Control, Traditionalism, Harm
Avoidance

Positive Emotionality Achievement, Social Closeness,
Well-Being

Big Three (Eysenck,
1991)

Neuroticism Anxious, Depressed,
Guilt-Feeling, Low
Self-Esteem, Tease, Irrational,
Shy, Moody, Emotional

Psychoticism Aggressive, Cold, Egocentric,
Impersonal, Anti-Social,
Unempathic, Tough-Minded,
Impulsive

Extraversion Venturesome, Active, Sociable,
Carefree, Lively, Assertive,
Dominant

JPIc (Jackson,
1976)

Anxiety, Breadth of Interest, Complexity,
Conformity, Energy Level,
Innovation,Interpersonal Warmth,
Organization, Responsibility, Risk Taking,
Self-Esteem, Social Adroitness, Social ,
Participation, Tolerance, Value Orthodoxy,
Infrequency

Big Nine (Hough,
1992)

Adjustment, Agreeableness, Rugged
Individualism, Dependability, Locus of
Control, Achievement, A�liation, Potency,
Intelligence

italic: A�liation of facet is still in debate (see Bouchard and Loehlin, 2001).
a see also Costa and McCrae (2008)
b Multidimensional Personality Questionnaire.
c Jackson Personality Inventory.
Source: Bouchard and Loehlin (2001) and own illustration.
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perceived as a related measure, but exhibits a fundamental di�erence. It merely assesses

an individual's attitude on how self-directed or how coincidental attainments in life are,

but not how successful one could be in governing this fate. The original Locus of Con-

trol (Rotter, 1966) comprises 60 items. Usually, longitudinal datasets apply abbreviated

versions.8 A similar scale for Locus of Control is the Internal Control Index (Duttweiler,

1984), a 28-item scale that scores in the internal direction. Self-esteem provides another

important determinant of educational and labor market outcomes (see Heckman et al.,

2006). It is often quanti�ed by means of the Rosenberg Self-Esteem Scale (Rosenberg,

1965), a 10-item scale. For the assessment of the personality of a child, measurement

constructs usually draw on observations from other persons. A corresponding scale based

on observational reports of teachers or parents is the Self-Control Rating Scale by Kendall

and Wilcox (1979), a 33-item scale indicating the ability of inhibiting impulsiveness.

The need to assess behavioral structures of children has led to a related �eld in psychology

that deals with a behavioral dimension called temperament. Temperamental research

is as sub-discipline of developmental psychology. The latter investigates all kinds of

psychological changes over the life course, not only changes of personality. The major

focus, however, is on infancy and childhood. Constructs to assess temperament rather

refer to behavioral tendencies instead of pure behavioral acts. They are thus similar to

selected trait dimensions of adult inventories. An in�uential model has been suggested

by Thomas et al. (1968). It strati�es temperament into nine categories, each of which

is further grouped into three types of intensity. There are further established concepts

of temperament, for instance those of Buss and Plomin (1975) and Rothbart (1981).

But even the more recent literature is still involved in this topic (see, e.g., Rothbart and

Bates, 2006).9 Meanwhile, some interrelations between concepts of personality psychology

and developmental psychology have been established. For instance, Caspi (2000) reveals

links between the extent of temperamental facets at age 3 and personality at adulthood.

Temperament at infancy and early childhood designates later personality but remittently

a�ects behavior as the individual matures. According to Thomas and Chess (1977),

purely temperamental expressions at later age are only likely in case of being faced with

a new environmental setting, often abrupt or extreme. However, the inferences from

studies linking temperament and personality are far from being conclusive (see Rothbart

et al., 2000, Shiner and Caspi, 2003, Caspi et al., 2005, for a review of the literature).

8 The German Socio Economic Panel (SOEP), for instance, comprises a 10 item version, whereas the
National Longitudinal Survey of Youth uses a 23 item version.

9 See Goldsmith et al. (1987) for an overview on temperamental measures.
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3.3 Reliability of Items

Reliability refers to the consistency of answers to a psychometric task over time or across

observations. The most convenient way to test for reliability is by means of test-retest

correlations over time. Generally, each test item i can be expressed as

Ti = αiτi + εi,
�� ��3.1

where Ti is the attained score, τi is the true score with αi as the corresponding scal-

ing parameter, and εi is an error term. Since test-retest settings are rarely at hand,

other coe�cients prevail in the literature. A standard measure to quantify reliability

across several items is Cronbach's alpha (see Cronbach, 1951) which can be determined

as follows.

ρα =

(
l

l − 1

)(
1−

∑l
i=1 V ar(Ti)

V ar(
∑l

i=1 Ti)

)
,

�� ��3.2

where l is the number of items used to measure the true score. It relates item variance

to the variance of the total score and therefore increases with rising inner consistency of

the construct. This procedure originates from methods of classical test theory, one of the

very �rst �elds analyzing issues of measurement error in psychometric constructs.

Given the nature of the observed test scores Ti in equation (3.1), some important implica-

tions for item selection and the corresponding degree of reliability arise. As suggested by

the Roberts model introduced above, the consistency of an item with regard to a speci�c

trait may be imperiled if also other entities in the interactional framework are captured

inadvertently. Separately assessing these units is di�cult as they do not occur in iso-

lation but instead simultaneously in�uence each other. For instance, when measuring a

certain personality trait by means of a questionnaire, it is important to not prompt the

respondent to project his thoughts into a particular situation. In this case the score can

be a manifestation of the trait of interest, but also of motivation, past experiences, or

narratives and abilities helpful for comprehension of the task.
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Though proponents of the global dispositional approach claim that most of the entities in

the Roberts model can be mapped into at least one of the dimensions of the global per-

sonality inventories discussed above (see Costa and McCrae, 1992, for emprical evidence),

this result is dissatisfying when it comes to the measurement of more speci�c traits and

their relation to particular economic outcomes. Global personality mappings like the Big

Five are derived by exploratory factor analysis tools.10 In case of low-order constructs or

even uni-dimensional factors, exploratory factor analysis is primarily used for veri�cation

of the assumed structure. In either instance, neglecting the in�uences of accompanying

determinants can be harmful for the resulting trait scores.11 By construction, exploratory

factor analysis cannot disentangle the e�ects of immediate pathways via common factors

and indirect pathways. Therefore, the identi�cation problem that inheres a lack of con-

textualization frequently causes some variation to be attributed to measurement error or

spurious pattern of the trait under study. The former may occur if the item formulation

unsystematically induces the measured scale to include framing e�ects due to motivation

or social roles. The latter is likely to result from more systematic distortions. In order to

elude these drawbacks, it is necessary to contextualize the measurement, i.e., to control

for situational determinants that potentially a�ect the expression of abilities, motiva-

tion and the like. When using questionnaires as an assessment tool, the item framing

should avoid to mentally force the respondent into speci�c situations to answer an item.

Intuitively, low-dimensional or uni-dimensional constructs are less susceptible to these

phenomena and are easier to validate by means of other constructs or outcomes. Such

cross-validations are discussed in the next section.

Contextualization addresses most interactions between entities of the personality that

may distort the measurement of �true� traits. If this distortion, however, is intended by

the responder, the phenomenon the researcher has to deal with is called faking. Evidently,

the potential for faking is higher for measures of personality traits than for cognitive abil-

ities, as it is generally easier to pretend a fraudulent level of a trait than of intelligence.

It might be that the background of an assessment can urge the respondent to under-

state and/or overstate. As an example consider a test administered for making a hiring

decision. The faking behavior in tests is also a projection of other personality traits

or cognitive capabilities. Borghans et al. (2008b) provide evidence for an interrelation

between personality and incentive responsiveness. Morgeson et al. (2007) conclude that

correcting for intentional faking does not improve the validity of measures, presumably

since it mostly o�sets across observations.

10 A comprehensive introduction into the methods of exploratory factor analysis is provided by Mulaik
(2010).

11 A vivid impression of construct development is given in Tangney et al. (2004).
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3.4 Validity of Item Sets

After a construct has been developed by means of some data reduction like exploratory

factor analysis or by means of some theoretical considerations, another point that has to

be minded is the validity of the resulting set of items. It is concerned with the question

as to whether a chosen item inventory actually measures what it is supposed to measure.

It should thus always be tested when developing a scale, but should also be considered

whenever an existing construct is applied to a new kind of data. In the psychometric

literature, three types of validity are distinguished (see, e.g., Cervone et al., 2005).

Content Validity: Content Validity is a qualitative type of validity and requires sound

theoretical foundation of construct to be assessed. It evaluates whether the considered

theoretical domain is captured by the data. For instance, if a construct justi�ed by some

theory comprises three di�erent dimensions, i.e., three latent factors, one needs measures

for all of them. Otherwise, content validity is questionable. A potential lack of theoretical

consensus is the major weakness of this kind of validity. Therefore, two further data-based

types of validity have to be utilized in general.

Criterion Validity: To test for criterion validity one needs a variable that constitutes

a standard measure to which the personality dimension under assessment is related to,

called a criterion variable. It can be a concurrent measure from the same or a similar

measurement system, or a predictive measure derived from a resulting outcome. The

magnitude is usually represented by means of correlations between measurement and

criterion variables. It can be shown (see Bollen, 1989, for a detailed discussion) that

the magnitude is largely sensitive to unsystematic error variance in both, measurement

and criterion variable, and depends on the choice of the criterion variables. To illustrate

this point, consider both variables, the measure T and the criterion C, in an additive

separable factor representation.

T = λ1θ + ε1

C = λ2θ + ε2,

where θ is the latent factor constituting both measures with respective factor loadings λ1

and λ2, and ε1 and ε2 are uncorrelated residual terms. The correlation between T and

C, which Lord and Novick (1968) denote as validity coe�cient, is

ρT,C =
λ1λ2φ√

V ar(T )V ar(C)
,
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with φ representing the factor variance. It turns out that even if all measures are stan-

dardized, which extends to the latent factor and leads to a vanishing denominator, the

validity coe�cient still depends on both factor loadings. Hence, not only the quality

of T as a proxy for θ quanti�ed by λ1 is relevant, but also the quality of the criterion

variable captured by λ2. This result should be minded whenever criterion reliability is

examined. Moreover, as validity measures are based on factor models, they are not in

general capturing causal relationships.

Construct Validity: For many constructs in psychometrics it is di�cult to �nd mea-

sures that establish criterion validity. Instead one has to rely on construct validity. It

assesses to what extent a construct relates to other constructs in a fashion that is in line

with underlying theory. The resulting coe�cient is again a correlation. By arguments

similar to those invoked for criterion validity, other driving forces apart from the qual-

ity of the proxy, like factor correlation and reliability of the measure, can contaminate

the validity coe�cient. A formalization of this point is less straightforward than in the

previous case but can be sketched as follows. Consider two measures T1 and T2 for two

latent traits θ1 and θ2 with di�erent loadings λ11 and λ22. Hence, one has

T1 = λ11θ1 + ε1

T2 = λ22θ2 + ε2.

�� ��3.3

It can be shown that the construct validity depends on more than the association between

the latent factors. The particular relation reads

ρT1T2 =
√
ρT1T1ρT2T2ρθ1θ2 ,

where ρT1T1 and ρT2T2 represent reliability. Moreover, it should be noted that the choice of

comparison constructs is arbitrary. A more systematic approach of establishing construct

validity is the multitrait-multimethod design suggested by Campbell and Fiske (1959). It

requires that two or more traits are measured by two or more constructs, where each re-

spective construct is one method.12 It thus is an extension to the setting in equation (3.3).

If the correlations for the same trait across di�erent methods are su�ciently large, there

is evidence for so-called convergent validity. Discriminant validity arises if convergent

validity is higher than the correlation between measures which neither share trait nor

method and higher than the correlation between di�erent traits measured with the same

method. Again, the magnitude of convergent validity can be sensitive for other reasons

than closeness of the measure, like latent factor correlation and reliability.

12 Hence, the terminology multitrait-multimethod.

19



CHAPTER 3. MEASURES AND CONSTRUCTS

As the foregoing discussion suggests, there is a twofold circularity to be resolved in order

to obtain reasonable validity measures. The �rst is circularity in a statistical sense, i.e.,

a simultaneous causality between measures and the latent traits. It particularly arises

for concurrent real world outcomes used to establish validity. The second is a circularity

in justi�cation of genuine measures and resultant measures of validation. This is what

Almlund et al. (2011) denote an intrinsic identi�cation problem rather than a parameter

identi�cation problem. Loosely speaking, one should always be aware of the �chicken and

egg problem� of choosing a construct and validating it by means of constructs that were

established in the same manner. In order to resolve the former problem and to ensure

causality one has to rely on structural equation approaches. To deal with the latter,

at least one �dedicated� measurement equation per trait would be desirable (following

the notation of Carneiro et al., 2003), i.e., a measure that exclusively depends on a

particular trait. For illustration, one may consider a psychometric task like responding

to a questionnaire item. Even if one controls for situational determinants, identi�cation is

restricted to tuples of traits without dedicated measures. In case of low-order constructs

and respective real world outcomes the reasoning for a dedicated measure is generally

easier to achieve. For more general dimensions it requires a more profound justi�cation

in choosing measurement and validation constructs.
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4
Personality Traits and Economic

Preference Parameters*

It is quite intuitive to assume a relationship between the expressions of traits and eco-

nomic preference parameters. As has been elaborated in the previous chapters, person-

ality traits are primarily intended to project dimensions of behavior with a focus on gen-

erality, situation-invariance, and durability. Behavioral preference parameters, whether

self-related or other-regarding, rather refer to mathematical laws that link speci�c stimuli

to behavioral responses, usually within experimental settings. Preference parameters and

traits therefore roughly represent the same causes of individual behavior, albeit in dif-

ferent hypothetical frameworks. An integrative framework for preference parameters and

personality traits is yet not explicitly established, though some indicative results have

been suggested in the literature. To give an example, one may consider the patience of

an individual to be related to his or her time preference. As Borghans et al. (2008a) sum-

marize, from an economic point of view, it is meaningful to relate personality concepts

to common parameters like time-preference, risk-preference, and leisure-preference, but

also to the more recently emerged concepts of other-regarding preferences, like altruism

and reciprocity (Fehr and Gächter, 2000).

Relating traits and preference parameters in a causal way requires a notion of the under-

lying associations. Due to the complexity of human thoughts and behavior, a theoretical

foundation of such mechanisms is di�cult to establish. Even without the incorporation

of traits, specifying explicit value functions that account for multiple forms of other-

regarding preferences is almost infeasible (see Fehr and Schmidt, 2006, for a discussion).

To illustrate what may be in e�ect, an implicit representation has to be used instead. Fol-

lowing Almlund et al. (2011) and their various model suggestions, personality traits can

be construed as both preferences and constraints.1 Formally, a utility maximizing agent

who faces some uncertainty could be characterized by the following implicit expected

utility.2

* The discussions presented in this chapter are published in Thiel and Thomsen (2013) as well as in
Thiel et al. (2014).

1 In contrast, preferences are rarely seen as constraints in economic theory.
2 As long as the the representation is implicit and no axiomatic foundation is required, one does not
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E [U(x,Pθ,e, e|ψθ)|Iθ] s.t. I + r′Pθ,e ≥ x′w and 1′e ≤ ē
�� ��4.1

All variables with θ as a subscript constitute a possible pathway of the in�uence from

traits to the economic representation of an agent's response function. Utility U(·|·) de-

pends on preferences ψ, which in turn are related to θ. E [U(·|·)|Iθ] is the expected utility
for the arguments x, P(·), and e conditional on the information set I. The latter may also

depend on traits θ. All arguments are vectors. x is a vector of consumption goods and e

is the vector of e�ort devoted to all possible tasks, where the sum of its elements cannot

exceed ē.3 Since e�ort can cause kind of a �good feeling� related to agents' endeavors,

it also enters the utility function directly. In addition, e�ort is a complement for the

vector of available traits θ in the vector function for productivity P(θ, e), which maps

θ and e into outcomes for all possible tasks.4 P(·) is the �intangible� mediating path of

productivity into utility, whereas the �tangible� one is through consumption goods. The

goods with price vector w are settled with income that does not depend on productivity

for tasks I and with the income from performing tasks for task-speci�c rewards r.

Traits can also be a constraint in another sense than in equation (4.1). Dohmen et

al. (2010) discuss the potential for confounding due to the observational equivalence of

di�erences in actual preferences and di�erences in capabilities required to perform the

task that is used to measure the preferences. In terms of the representation given in equa-

tion (4.1) this means that it is di�cult to disentangle ψ and I. As an example, consider

the degree of numeracy that a�ects the comprehension of an investment decision used to

assess time preference. As to that, Dohmen et al. (2010) show that cognitive capabilities

are inversely related to risk aversion and impatience. As will be discussed in greater detail

in Chapter 7, there is some inheritability, or at least intergenerational stability, of traits,

including cognitive factors. Given the associations between some preferences and cogni-

tive factors, these �ndings open up a new pathway for intergenerational transmission of

preferences. In line with that, Kosse and Pfei�er (2012) show a correspondence between

mothers' and children's degree of impatience. In particular, this intergenerational rela-

tion appears to hold for short-run impatience (see Kosse and Pfei�er, 2013), which has its

neural correlate in the limbic system (see McClure et al., 2004). Borghans et al. (2008b)

examine potential links between personality traits and responsiveness to incentives when

completing some cognitive tests. The responsiveness is captured by common economic

have to commit oneself to a value function based on utility theory. Other forms of well-being (see
Sen, 1999) are also in line with these general considerations.

3 Think of e�ort as a representation of the situational parameters discussed in the psychologic liter-
ature above.

4 Of course, complementarity between θ and e only holds to a certain degree as e�ort can only
compensate for a lack of θ within certain ranges of P(·).
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preference parameters. They �nd a negative correlation between the Internal Locus of

Control and the personal discount-rate, and likewise a negative correlation between emo-

tional stability and risk-preference. Both results appear intuitively plausible. Dohmen

et al. (2008) use data from the German Socioeconomic Panel (SOEP) and reveal some

connection between Big Five personality traits, measures of reciprocity, and trust. All

Big Five factors exert signi�cant a positive relation to positive reciprocity, especially con-

scientiousness and agreeableness. Moreover, neuroticism seems to be positively related

to trust and negative reciprocity.

Given the obvious complexity in making the above general framework explicit, studies

that rely on correlations between traits and economic preference parameters provide only

vague and sometimes inconclusive evidence on the associations between both concepts.

Without further ado, generalizations of the documented relationships are rather inad-

visable (see Becker et al., 2012). Unfortunately, preferences are usually more di�cult

to survey. This becomes apparent as large scale studies with assessments via question-

naires are likely to su�er from a number of possible problems. The observed preferences

are mostly stated, i.e., they refer to hypothetical items. If revealed preferences derived

from real actions are used, they take place within an isolated non-market setting. Yet,

it is ambiguous whether preferences for arti�cial and real market settings are identical

(see Kirby, 1997, and Madden et al., 2003, for two opposing views). If an experimental

assessment embodies real rewards, choosing the respective payo�s binds the participant

to maintain his or her choice. In a real-life setting, however, the individual also has to

withstand other opportunities and there may be a higher degree of uncertainty for future

payo�s. It proves di�cult to partial out time preference from risk-aversion (see Borghans

et al., 2008a, and the literature they refer to). Moreover, measures of time preference may

be subject to framing e�ects. Non-linearities with respect to the payo�s are also likely

and limit the external validity of experimental �ndings. Further caveats, most of which

resulting in identi�cation problems, are outlined in Almlund et al. (2011). Though the

respective frameworks to model personality and preferences are both ought to describe

human behavior and decision making, they originate from di�erent disciplines with very

di�erent objectives. To that e�ect, the status of this research �eld is still premature and

more interdisciplinary research, possibly with neurological foundations (see, e.g., McClure

et al., 2004), seems promising in closing this gap. Whenever causation between the two

concepts is di�cult to establish, it may also be worthwhile to jointly use traits and pref-

erences as predictors for causally determined real world outcomes. This has already been

done separately by Dohmen et al. (2011) for risk preference and by Heckman et al. (2006)

for personality traits. In such applications, both concepts are projected onto one common

and economically interpretable entity, like wage for instance.
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5
Methodological Challenges*

This chapter intends to give a brief overview on the eligibility of di�erent estimation

strategies in order to deal with the speci�c requirements that arise from personality

test scores. The discussion thus far has revealed various sources of simultaneity and

measurement error. Therefore, one has to carefully scrutinize the process underlying the

data before using psychometric test scores for empirical analysis. It follows that it is

generally most convenient to decompose each personality construct into unidimensional

chunks that can be analyzed separately. As even unidimensional constructs depend on

sets of items, relying on unweighted raw scores or arbitrary selections from the available

items does not necessarily lead to the best projections attainable. To �nd such item

combinations, exploratory factor models are usually employed.

5.1 Obtaining Relevant Item Sets

I will sketch a rather simple frequentist approach due to its ease of implementation and

its practical relevance. Note that other procedures that are somewhat more �exible, but

unfortunately also more involved regarding their implementation, have come up in the

recent past (see, e.g., Conti et al., 2014). The starting point of the frequentist approach

is the common factor model of Anderson and Rubin (1956). As the strategy is also used

within the empirical applications in Chapters 8 and 9, the following discussion is more

detailed.

For each individual one obtains a measurement vector T, which refer to a speci�c group

of items. These in turn are deemed to represent a certain personality trait. However,

there may be more than one trait dimensions θ underlying the initial set of items T. As

such, the respective mean and covariance patterns are

T = Λθ + ν

S = ΛΨΛ′ + Θ,

�� ��5.1

* The discussions presented in this chapter are published in Thiel and Thomsen (2013) and build on
Thiel and Thomsen (2015).

25



CHAPTER 5. METHODOLOGICAL CHALLENGES

where Θ is the covariance structure of the unique components ν. Furthermore, Ψ = I

implies that the common factors are a priori uncorrelated and have unit variance for

the sake of identi�cation.1 If the elements of S are additionally normalized it changes

to a correlation matrix. The residuals have mean zero and are uncorrelated with all el-

ements of θ and among each other. Given these presumptions, the factor extraction is

exclusively based on the observed matrix S. The mean structure becomes irrelevant if

the scores are already centralized around the corresponding observed means. Moreover,

in order to reduce potential statistical artifacts resulting from the categorial nature of

the responses, it is common to take the underlying nature of S into account. For cate-

gorial item responses so-called polychoric correlations are presumed. Consequently, the

responses in T are based on a latent continuum T̃, the correlations of which are the

�true� ones. The diagonal elements of the transformed S̃ are again unity, where only half

of the o�-diagonal elements have to be evaluated due to the symmetry of S̃. For these

S̃ij, suppose the underlying continuous T̃i and T̃j areT̃i
T̃j

 ∼ BN

0

0

 ,

 1 ρij

ρij 1


 ,

where both, T̃i and T̃j, have mean zero and unit variance. This implies that

Φ(T̃i, T̃j, ρij) =
1

2π
√

1− ρ2
ij

∫ T̃i

−∞

∫ T̃j

−∞
e

1

2(1−ρ2
ij

)
(T̃ 2
i −2ρij T̃iT̃j+T̃

2
j )

dT̃idT̃j.
�� ��5.2

Given that for every two items (i, j) one has k = 1 . . . K and l = 1 . . . K response

categories, one would obtain the (i, j)-speci�c log-likelihood contribution

`ij = lnC +
K∑
k=1

K∑
l=1

nkl ln ηkl,
�� ��5.3

where ηkl is the cell probability of a response combination (k, l) which is observed nkl times

in the data, and C comprises the constant elements of the likelihood. The contribution

for ηkl is obtained from the double-di�erence of the cumulated density function de�ned

in equation (5.2), where the intervals of the di�erences depend on unknown cuto�-points

1 Such normalization on either the factor loading or the corresponding factor variance are always
required in factor models, as the overall scale is otherwise unidenti�able (see Anderson and Rubin,
1956). In exploratory factor models, it is common to normalize the factor variance. The orthogonal-
ity assumption that prescribes Ψ to be diagonal can be replaced by other restrictions on Λ, which
are hard to reason in exploratory settings, however. As diagonalization leads to parsimony in terms
of underlying factors and can be relaxed later on, it is common to proceed in this fashion. Moreover,
if only few items are available, non-orthogonality between factor may prevent identi�cation.
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γi,k and γj,l (k = 1 . . . K, l = 1 . . . K). More speci�cally, one obtains

ηkl = [Φ(γi,k, γj,l, ρij)− Φ(γi,k−1, γj,l, ρij)]− [Φ(γi,k, γj,l−1ρij)− Φ(γi,k−1, γj,l−1, ρij)] ,

which, when substituted into the above likelihood, provides full-information estimates of

the respective ρij.2 This procedure is repeated for all triangular item combinations in S̃.

As a next step, the common factors that produce a relatively high share of the common

variance and, at the same time, a high number of retained items, can be extracted from

the estimated ˆ̃S by common methods for factor extraction. A convenient choice is the

principal factor analysis with iterated communalities, for which the covariance structure

in equation (5.1) can be rewritten as follows.

S̃−Θ = ΛIΛ′

By de�nition, this step only a�ects the diagonal elements of S̃, where the reduced values

are called communalities. An initial estimate for the i-th communality ĥ2
i can be obtained

from 1 − 1/rii, where rii is the i-th diagonal element of S̃−1 (see Mulaik, 2009, for a

derivation). An estimate Λ̂ of the factor loadings results from the factorization

Λ̂Λ̂′ = ˆ̃S− Θ̂ = CDC′ = CD1/2D1/2C′,

which is the so-called spectral decomposition of the symmetric matrix ˆ̃S − Θ̂ with D

being the diagonal matrix of eigenvalues and C being the matrix of the corresponding

characteristic vectors.3 Furthermore, as ˆ̃S − Θ̂ is positive semi-de�nite, so is D. This

allows for the factorization D = D1/2D1/2 such that Λ̂ = CD1/2. Since the factorized

matrix is standardized, all factor loadings represent correlations and their item-speci�c

sums are new guesses of the communalities. Hence, the communalities in ˆ̃S − Θ̂ can

be updated iteration-wise until they converge (see, e.g., Rencher, 2004). Sometimes the

iterative nature leads to corner solutions. Such so-called Heywood cases (see Thompson,

2004) are usually discarded and the respective second-best combinations are used instead.

Following Costello and Osborne (2005), it is expedient to end up with a �clean� factor

structure where the factor loadings associate as much items as possible with one major

common factor explaining most of the variance.

2 There are also three-step procedures based on conditional likelihood estimates available, but
combination-speci�c cuto�-estimates ought to perform better than row-speci�c �rst-stage estimates
in most cases.

3 Each column of C forms a characteristic vector with orthonormalization such that c′icj = 0 ∀i 6= j
and c′icj = 1 ∀i = j.
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5.2 Accounting for Measurement Error

When unidimensional item sets are identi�ed, the next step is to �nd an appropriate

method to account for measurement error. There are occasions when measurement er-

ror apparently is of minor importance, usually when measured traits are employed as

an outcome variable in program evaluation settings. The common aim of declaring a

personality trait as a dependent variable is to examine environmental in�uences on its

formation process. The implications of measurement errors in such settings depend on

whether a regression based approach (see Wansbeek and Meijer, 2000) or a program

evaluation approach is uses (see Imbens and Wooldridge, 2009). Apart from the case of

randomized program evaluations, such environmental in�uences are not exogenous to the

individual's personality.4 This follows from the points made in the �rst three chapters.

As discussed by Cunha and Heckman (2008), the multiplicity and self-selectivity of in-

vestments and environments that foster the development of personality traits causes a

general endogeneity problem. To overcome the resulting consistency issues, one always

needs some structural assumptions that, in the simplest case, comprise no more than an

exclusion restriction. Todd and Wolpin (2003) provide some estimation strategies that

follow similar notions and are relatively simple to use. Without such data features, how-

ever, more of the presumed underlying processes have to be modeled. This usually leads

to more involved estimation approaches, such as those discussed by Cunha et al. (2010).

I will not discuss both types of models here any further as similar applications are less

frequent. However, Chapter 8 will discuss a speci�c program evaluation setting in greater

depth.

Most research questions that deal with personality traits or their relation to human capital

outcomes, incorporate them as explanatory variables. In this case, the parameter consis-

tency in standard regression approaches is jeopardized as well. Comparable to the case

above, instruments are almost impossible to be found for determinants like personality.5

As an alternative, one can try to correct standard estimates for the inherent measure-

ment error and avoid settings with obvious simultaneity, or one can use latent variable

approaches imposing some additional structure.6 I will brie�y discuss both approaches in

what follows.

4 It should be noted however, that the precisions of estimates obtained in a program evaluation context
still can be impaired by measurement error.

5 See Card (1999) for a discussion on these points in context of wage determination.
6 I follow the de�nition of Aigner et al. (1984) for latent variables. According to their de�nition, as

opposed to unobserved variables, latent variables cannot be represented as a linear combination of
observed variables.
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5.2.1 Adjusted Regression

The virtue of measurement error correction, as opposed to factor analytic or more struc-

tural approaches, is its simplicity. The relatively simple estimation, however, comes at

the cost of requiring relatively precise information about the magnitude of measurement

error. Such a source of information may be one of the reliability measures addressed

above, which however impose very strong assumptions on the relation between true and

measured scores (see the above discussion). For instance, Cronbach's alpha requires the

scaling parameters between measured and true score to be equal across items in order to

yield a consistent reliability estimate (see Bollen, 1989, for discussion). For most mea-

sures this assumption does not hold and reliability is therefore underestimated. Given

that a consistent estimate of the share of measurement is available, it is straightforward

to adjust least square estimates by weighting the variation in the erroneous explanatory

variables. In the univariate case one would simply use

β̂A =

∑n
i=1(xi − x̄)(yi − ȳ)∑n

i=1(xi − x̄)2 − nV ar(error)
.

Using an arbitrary coe�cient of reliability ρ, this expression can also be written as

β̂A =

∑n
i=1(xi − x̄)(yi − ȳ)

ρ
∑n

i=1(xi − x̄)2
.

The multivariate case is derived by Schneeweiss (1976), among others. Besides the fact

that accounting for measurement error requires consistent coe�cients of reliability, no

solution for the often accompanying simultaneity is provided when choosing this ap-

proach. To resolve this problem structural approaches with latent variables have to be

used instead.

5.2.2 Methods based on Factor Analysis

Latent variable or factor models are a generalization of error-in-measurement (EIV) mod-

els. In either case the observed personality score is a manifestation of the latent true score

(see Aigner et al., 1984). However, the aim of EIV and factor models is fundamentally

di�erent. The former primarily intends to obtain consistent estimates when some ex-

planatory variables are erroneous. In contrast, latent factor approaches do not only aim

at removing some nuisance, but also at the estimation of structural parameters that rep-

resent the relationship between latent factors and observed response variables, as well as

the estimation of individual scores of the latent factors.7 The fundamental equations for
7 To illustrate this close but di�ering relation, consider the following representations for an erroneous

explanatory variable and a simple factor model with T representing the observed manifestation of
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the analysis of factor models are the same as those in equation (5.1), possibly with an ad-

ditional intercept. Following the terminology from the econometric literature, parameters

that are related to the model structure (such as the loadings) are referred to as struc-

tural parameters, whereas those parameters that vary across observations, like latent trait

scores, are denoted incidental parameters.8 The most common estimation approaches are

di�erent kinds of maximum likelihood methods (see Skrondal and Rabe-Hesketh, 2004,

for an overview).

In EIV models it is common to maximize the conditional likelihoods iteratively (see

Aigner et al., 1984) or to integrate out the latent factor numerically in order to obtain

a closed form expression (see Skrondal and Rabe-Hesketh, 2004). In case of the former

approach, stepwise conditional maximization is required as simultaneous estimation of

structural and incidental parameters can cause severe consistency problems (see Ney-

man and Scott, 1948).9 In case of integrating out the latent factors and maximizing the

marginal likelihood, one has to impose quite restrictive distributional assumptions on the

latent factors. When assuming the latent factors to represent personality traits, such

distributional prede�nitions are at least questionable (see Heckman et al., 2006). Yet,

both approaches provide no inference about the individual speci�c latent factor scores

whatsoever.

For that reason, factor analysis or factor structure models additionally seek to provide

estimates for trait scores.10 This generally requires some further identi�cation restrictions

on the latent factors and their factor loadings (see, e.g, Jöreskog, 1977, Aigner et al.,

1984, for general discussions). The identi�cation problems follow the same notions as

those for the exploratory factor model addressed above. Due to the somewhat di�erent

practical aim, other identi�cation restrictions are commonly imposed, however. The �rst

identi�cation problem is not related to any consideration of the multiplicity of equations

that represent the latent traits. It results from the fact that, even in the single equation

a latent factor θ and an unexplained residual ε.

T = λθ + ε

T = θ + ε.

The obvious di�erence is that factor analysis is interested in identi�cation of both, factor loadings
λ and latent factors scores θ. In the EIV case, the aim merely is to obtain a consistent estimate for
the intercept θ + ε, or for the slope parameters if covariates would have been included.

8 The distinction between structural and reduced-form parameters that is used in the econometric
literature on simultaneous equations (see Intriligator, 1983) can be maintained for factor structure
models as well.

9 Baker and Kim (2004) discuss assumptions for iterative estimation to resolve this problem.
10 For the discussion provided here, the choice of factor analysis or factor structure models does not

imply any di�erences. Factor structure models simply extend factor analytic measurement systems
in that they allow for structural dependencies between latent traits and also for the incorporation
of observable covariates.
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case, multiplying a factor loading with an arbitrary scalar is observationally equivalent

to the corresponding factor being divided by the same scalar. More formally λ̃ = λ · c⇔
θ̃ = 1

c
· θ. There is an in�nite number of such observationally equivalent combinations of

factors and loadings.

An approach that is often pursued to warrant identi�cation is to �x the variances of the

latent traits to unity and to impose independence among latent factors, at least if more

than one trait is considered within the framework. Additional sign restrictions on the

factors are needed in this case, as the association between variances and the signs of the

corresponding factors is twofold. Moreover, across all employed measurement equations,

some lower-triangular form for the matrix of factor loadings has to be prespeci�ed (see

Geweke and Zhou, 1996). In general, restrictions on factor loadings can be relaxed to some

extent when the mean structure of the equation system is incorporated in addition to its

covariance structure.11 If theoretically justi�able, another form of restriction is preferable,

though. Depending on the number of latent factors and the number of measurement

equations, some known associations between a certain trait and a certain observable

measure can be exploited for this purpose. If one sets a particular factor loading in the

measurement system to unity, Carneiro et al. (2003) show that this normalization is an

alternative to the variance and sign restrictions explained above. Given a subtle choice of

this normalization one can anchor the estimated parameters into appropriate real world

outcomes (see, e.g., Cunha and Heckman, 2008) and thus assign an interpretable metric

to them. It should be noted, however, that the scale for the remaining loadings can

still be somewhat arbitrary, which implies that the estimates are only interpretable to

a limited extent. One may overcome this limitation in simulating the estimated model

with di�erent conditional data points (see Piatek and Pinger, 2010, for an example).

As with the estimation of errors-in-variables models, obtaining a closed form of the ob-

jective function is a major issue. The LISREL approach by Jöreskog (1977) estimates

the parameters of the complete model by minimizing the discrepancy between the sample

correlation matrix and the correlation matrix imputed by the model. This can be con-

ducted by di�erent estimation techniques such as maximum likelihood or least squares

(see Bollen, 1989, for a comparison of the di�erent approaches with regard to their ef-

�ciency).12 Under normality assumptions for the vector of observable measures and for

the latent traits, a particular convenient form for likelihood estimation results. It is the

only approach that directly leads to a closed-form likelihood. Given normally distributed

measurement variables as well as normally distributed latent traits, it can be derived

11 Usually whenever the measured scores are not centralized around zero.
12 The major virtue of the LISREL approach is its still steadily maintained implementation as a

ready-to-use software package.
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that the covariance matrix of the measurement system is Wishart distributed (see, e.g.,

Anderson, 2003). The resulting discrepancy function (see Jöreskog, 1967) then is

F = ln |Σ̂|+ tr(SΣ̂
−1

)− ln S− (2j) + (m− µ̂)′Σ̂−1(m− µ̂),
�� ��5.4

with S and m representing the empirical covariances and means, and Σ̂ and µ̂ being their

estimated counterparts implied by the model structure. If the measurement scores are

standardized and thus the estimation only builds on the covariance structure, the latter

term of the sum can be discarded. As noted above, it is di�cult to vindicate the very

strong normality assumption in practice (in this case, even a dual one). It is relatively

easy to relax it at least for the observed measurement variables. However, algebraic

simpli�cations as in equation (5.4) do not exist any longer in this case. Closed-form

estimation of the structural parameters then again has to draw on integrating out the

latent factors by numerical or Monte Carlo methods (see Skrondal and Rabe-Hesketh,

2004).

Having chosen one of the estimation approaches for the structural parameters discussed

thus far, a logical next step for any practical application would be to obtain estimates of

the factor scores for each individual. Given the structural estimates and the individual

speci�c realizations of the measurement equations, one can use a simple linear projection

onto the factor continuum (see, e.g., Heckman et al., 2013). It can be shown that for an

individual speci�c scalar trait θi and the corresponding response vector Ti

θi = L′Ti = (λ̃
′
Ψ−1λ̃)−1λ̃

′
Ψ−1Ti,

�� ��5.5

where λ̃ is the vector of loadings of θi across all measurement equations.13 Evidently,

this term simpli�es when the assumption Ψ = I is maintained. The projection in

equation (5.5) will almost never have an exact solution. Most conveniently, some L2-

approximation like least squares in case of Ψ = I or generalized least squares for arbitrary

Ψ can be used to obtain a consistent estimate of θi.

A quite critical assumption in the classical factor structure models discussed thus far, is

the strong distributional dependence of the procedures with respect to the latent factors.

As already mentioned, especially for latent personality traits, this presumption is often

inappropriate (see Heckman et al., 2006). Carneiro et al. (2003) discuss identi�cation

assumptions for more general types of factor structure models that allow for correlated

and non-normal factors. Another drawback of classical factor models is that they com-

13 The tilde indicates this, so as to not confuse λ̃ with λ, which usually stands for the vector of loadings
within one measurement equation but across latent factors.
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monly presume linear responses in the measurement or outcome equations. In particular

when not only traits speci�c items, but also real outcome variables are included into the

structure, linearity in factor seems too restrictive in general. Though generalizations to

di�erent types of link functions are known and existent (see Skrondal and Rabe-Hesketh,

2004, for an overview), the promptly increasing computational complexity of such model

is often regarded as daunting in the applied literature.

Once again, the identi�cation of such relaxed models can still be based on exploiting

covariance structures, depending on the nature of the measures employed.14 Moreover,

one can relax the independence among latent factors when so-called dedicated measures

are a priori de�ned. This means that one or more measurement variables exclusively

represent one latent factor, the same set of measures and some additional ones represent

the �rst and a further factor, and so on.15 The theoretical fundamentals to vindicate

such proceeding depends on the speci�c setting (see Hansen et al., 2004, for such an

application).

Given covariance structures, only the �rst two moments of the distributions of latent

factors can be identi�ed, however.16 This is a major problem when relaxing the nor-

mality assumption toward more general distributions with higher moments. Carneiro

et al. (2003) show conditions under which the complete distribution of a latent factor

is nonparametrically identi�ed. Summarizing their relatively involved discussion on this

point, the identi�cation requires combinations of continuous and discrete response vari-

ables. The latent traits can then be represented by �nite mixtures of normals, which

provide enough �exibility to approximate most surmisable distributions of θ, given that

the number of mixture components is su�ciently high (see Diebolt and Robert, 1984).17

For estimation of these kinds of models, extensions of maximum likelihood and least

square methods described above for ordered discrete response variables are available (see

Jöreskog and Moustaki, 2001, for an overview). Likewise, �nite mixtures of normals can

be accommodated by common estimation methods such as maximum likelihood. Unfor-

tunately, this requires numerical approximations of various multidimensional integrals.18

As such, these methods become more and more intricate as the number of factors, mixture

components, or the number of discrete response equations increases. The same holds for
14 Recall that this has also been the case for factor models with normally distributed latent traits.
15 Without this restriction, it can be shown that factor models with dependent latent factors are

observationally equivalent to factor models with independent latent traits.
16 More precisely, only the �rst two moments of every random variable involved into estimation pro-

cedure can be identi�ed in that way.
17 The implementation is also discussed by Piatek (2010).
18 As techniques for numerical integration are used quite extensively within the applications that are

presented in Chapters 8 and 9, a thorough discussion about the underlying theory is provided in
the �rst part of Appendix A.
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most other suitable frequentist approaches like expectation maximization (see Dempster

et al., 1977) or maximum simulated likelihood (see Gouriéroux and Monfort, 1991). More

advantageous approaches drawing on Bayesian techniques, particularly Bayesian Markov

Chain Monte Carlo methods or MCMC (see Gelman et al., 1995), have evolved in the

last years due to a considerable progress in computational speed. The basic principle of

Bayesian estimation is to enhance the imposed assumptions on the data generation pro-

cess, which is the likelihood in frequentist parlance, by prior beliefs about the parameter

distributions. Applying Bayes' Theorem yields a posterior distribution that uni�es the

assumptions made on the data generating process and on the unconditional beliefs about

parameter distributions. Somewhat more formally, this implies that

p(Θ|data) =
f(data|Θ)f(Θ)

f(data)
∝ L(data|Θ)f(Θ),

�� ��5.6

where Θ is the relevant parameter set, p(Θ|data) is the posterior distribution, L(data|Θ)

is the data generating process or the likelihood, and f(Θ) is the prior distribution of the

parameters. A comprehensive introduction to the topic including discussion of consistency

and asymptotic behavior is provided by Geweke (2005). Estimates from the posterior

distribution can be obtained in di�erent ways. One possibility is to compute marginal

distributions for the parameters of interest from the joint posterior p(Θ|data) by means

of numerical or Monte Carlo integration. Respective moments of the marginals can be

easily obtained then. Another way is to directly simulate draws from the posterior.

However, both these methods basically su�er from the same problems in evaluating high-

dimensional integrals as the above frequentist approaches do. The problem is simply

postponed to another step.

This is where MCMC algorithms come into play (see, e.g., Gilks et al., 1996,). A highly

convenient property of Bayesian MCMC approaches is their ability to deal with high-

dimensional integrals, which, apart from any general controversy about Bayesian versus

frequentist approaches, make them a particularly attractive method for the estimation

of factor models with more complex structures. This is done by sampling from chains

of distributions that are more simple in nature than the joint posterior. The simulation

�nally converges to draws from the joint posterior. The resulting chains ful�l the Markov

condition in that transition probabilities between states only depend on the current state.

After a su�cient number of iterations, the probability of being in a particular state of

the parameter space is supposed to be independent of the initial state. Such chains are

called stationary. The most appropriate feature for estimation of factor structure models

has the Gibbs sampler (Geman and Geman, 1984), as it samples from chains of rather

simple univariate conditional parameter distributions. Following the Markov property,
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these conditional draws are supposed to converge to draws from the joint posterior after

a su�cient number of repetitions.

What actually completes the �t for factor models, is its extension due to Tanner and

Wong (1987), the so-called Data Augmentation (see also van Dyk and Meng, 2001). It

uses an astonishing contrivance for the computation of all the unobserved components

that arise in non-linear factor settings with non-normal latent traits. These components

usually comprise latent index variables, cuto� points, as well as latent factors and their

corresponding mixture parameters. Instead of specifying the posterior of the parameters

conditional on observed data and on latent components, one can factorize the posterior

into distinct posteriors for parameters, latent responses, and latent factors. The Gibbs

sampling is then sequentially conducted over the elements in these sub-groups, namely

exactly in this order (see Diebolt and Robert, 1984).19 The procedure thus is a multi-step

version of the Gibbs sampler. The sampling of all latent components is also called the

imputation step, whereas sampling of parameters conditional on the imputation step is

called the posterior step. The algorithm cycles between imputation and posterior step

until convergence.20 A precise summary for practitioners along with some re�nements to

improve convergence is provided by Piatek (2010).

The described algorithm makes the use of follow-up steps for estimation of the trait scores

(as in equation 5.5) obsolete. After a so-called burn-in phase, the sampled results for the

latent factors conditional on individual speci�c data can be stored. After convergence,

the respective last value can be used apart, or together with the previous draws for the

estimation of additional precision statistics or other moments.

5.2.3 Item Response Theory

Another strand of the psychometric literature which arose from classical test theory is

item response theory (IRT, see Sijtsma and Junker, 2006, for a historical classi�cation).

It traces back to the work of Lazarsfeld (1950) and Lord (1952). The breakthrough contri-

butions in the psychometric �eld are due to Lord and Novick (1968) and Samejima (1952).

The basic notion that IRT exploits is to establish a probabilistic relation between latent

traits θ and categorical responses. A straightforward way to illustrate an item response

model is to consider a dichotomous item. If a respective trait is positively related to the

item responses, the response probability is usually modeled by means of a sigmoid re-

sponse function like the normal or logistic distribution function. This yields the so-called

19 See also Piatek (2010) for a speci�c discussion in context of factor models.
20 In that sense, Data Augmentation is the Bayesian equivalent to the Expectation Maximization

algorithm of Dempster et al. (1977).

35



CHAPTER 5. METHODOLOGICAL CHALLENGES

item characteristic curve (ICC).21 When using a normal distribution, the mean provides

the scale location, which for some kinds of traits represents the di�culty of the item,

whereas the variance determines the discriminatory power of the item. An item charac-

teristic curve can be estimated for each item by using all available sample observations.

The extension to polytomous responses is analogous. The ICC for the lowest response on

the scale has an inverted shape, i.e., it decreases with increasing θ, whereas the ICC for

the highest response has the usual sigmoid shape of some normal or logistic distribution.

The response realizations in between these two cases have bell shaped probabilities with

their locations shifting from left to the right as the response category, and thus the latent

trait θ, increases. A more convenient functional form for maximum likelihood estima-

tion of the relevant parameters is obtained when the characteristic curves are cumulated.

For K response categories this yields K − 1 non-intersecting and monotonic cumulated

characteristic curves that all have the intended sigmoid shape. Non-intersection is guar-

anteed when the discrimination parameter (or variance) is restricted to be the same across

all cumulated ICCs. It follows that the ICCs that set up the likelihood can be simply

stated as di�erences of adjacent cumulated curves.22 Identi�cation of such parametric

item response models is not subject to general indeterminacies like factor rotation and

follows quite simple rules of thumb (see Skrondal and Rabe-Hesketh, 2004). Most scales

realizations are commonly identi�ed with as little as three items per trait.

The aim is then to estimate the parameters determining the shape of the ICC, i.e., the

structural parameters, and the incidental parameters θi that represent the respective

location of the assessed individuals on the latent trait scale. Given some independence

assumptions, traditional estimation approaches commonly use an iterative maximum like-

lihood procedure that cycles between conditional likelihoods for incidental and structural

parameters (see Birnbaum, 1968). As with the above discussion of factor models, joint

estimation of structural and incidental again lead to inconsistency due to the result by

Neyman and Scott (1948). Joint estimation is only feasible for so-called Rasch Models

(see Andersen, 1972), which are models with a discrimination parameter generally �xed at

unity. Enhancements in computational speed have led to more robust strategies like the

Bock-Aitken solution (see Bock and Aitken, 1981) that uses Expectation Maximization

over numerically integrated marginal likelihoods.23

21 For the opposite relation the corresponding survival function can be used.
22 Though the order of the di�erences can be inverted, this formulation of the likelihood is the same

as for an ordered response model without covariates.
23 See Baker and Kim (2004) for a discussion of further methods. Commonly, item response models can

also be reformulated as Generalized Linear Latent and Mixed Models (GLLAMM) and estimated
accordingly (see, Rijmen et al., 2003, Rabe-Hesketh et al., 2007, for a detailed treatise). GLLAMM
procedures are readily available in statistical packages.
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A potential drawback of the techniques discussed thus far is that they impose several para-

metric assumptions to enforce properties like monotonicity and non-intersection. There

are less parametric approaches available, though, all of which use approaches from the

econometric literature that rely on semiparametric estimation approaches.24 Some gen-

eral conditions for the cumulated ICCs in these types of models are established by Spady

(2006). These include monotonicity, stochastic dominance and local independence as-

sumptions, where the latter means independence of the item responses conditional on

the latent traits.25 By construction, monotonicity is necessary to give the cumulated

ICCs the intended interpretation. Stochastic dominance is one possible way to imply

non-intersection.

Suggestions for the implementation of potential estimation procedures based on maximum

likelihood are provided by Spady (2007). It largely depends on the speci�cs of the data

to what extent parametric assumptions can be relaxed. One possible realization is to

use a Sieve maximum likelihood strategy established by Grenander (1981), with order of

approximation increasing as the sample size increases.26 It should be noted, however, that

the convergence of such �exible likelihood functions can be poor for quite low numbers

of item-curve speci�c parameters, already.27 As such, I will focus on a variant with only

three curve speci�c parameters that still accommodates the most common curve shapes.

The identi�cation of this speci�c model under fairly general premises is established in

Appendix B.28

Again, consider there is a positive relation between latent traits and the corresponding

responses on a K-point Likert-scale. For each of J potential items representing θ, the

24 To be more speci�c, following the notation of Chen (2007), these methods are semi-nonparametric as
both structural and incidental parameters can de�ned as being in�nite-dimensional. See also Härdle
et al. (2004) and Horowitz (2009) for general overviews on semiparametric and semi-nonparametric
estimation approaches.

25 This conditional independence also implies that background characteristics a�ect the response prob-
abilities only through latent abilities.

26 Sieve methods can be extended to other estimators than maximum likelihood. Without distribu-
tional assumptions the parameter space for the response functions is in�nite and maximization of
the criterion function is therefore infeasible. The method of Sieves de�nes a series of approximation
spaces in order to reduce dimensionality of the previously in�nite dimensional parameter space.
For concave optimization problems with �nite dimensional linear sieve spaces, this technique is
also denoted series estimation (see Geman and Hwang, 1982, Barron and Sheu, 1991, and Chen,
2007 for technical overviews). Appropriate base functions are orthogonal polynomials, trigonomet-
ric polynomials and shape-preserving splines, just to mention a few (see Härdle, 1995, and Chen,
2007).

27 For practioners, it may be worthwhile to implement this model in association with a parameter-
bounded numerical optimization procedure, such as the one by Zhu et al. (1997). Otherwise,
machine precision problems are bound to arise, especially at the boundaries of the support for θ,
where the cumulated item curves get very close to each other.

28 The discussion of this method is more detailed as the two later empirical applications I am going to
discuss build on it.
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probability of response K approaches zero for low θ and one for very high θ. Conversely,

the probability of giving response k = 1 is one for very low levels of θ and zero for

high levels. As in the parametric case, responses k = 2 to k = K − 1 have bell-shaped

probabilities with their location shifting from left to right as k and θ increase. For K

responses, in general K−1 cumulated response curves P (r ≤ k|θ) that are monotonically

decreasing in θ and non-intersecting have to be estimated. Non-intersection is bound to

arise by setting up the cumulated response probabilities as follows.

P (r ≤ K − 1|θ) = 1−G(K − 1|u)

P (r ≤ K − 2|θ) = [1−G(K − 2|u)] P (r ≤ K − 1|θ)
...

P (r ≤ 1|θ) = [1−G(1|u)] P (r ≤ 2|θ)

�� ��5.7

Since P (r ≤ K−1|θ) is decreasing in θ, G(K−1|u) is increasing in it via some monotone

mapping u. Spady (2007) establishes general conditions under which polynomial series are

a �exible way to approximate the respective G(k|u) for k = 1, . . . , K. More explicitly, one

may use shifted Legendre polynomials of the third degree (see Judd, 1998) to approximate

G(k|u) using an exponential tilting factor as in Barron and Sheu (1991). Then one has

G(u) =

∫ θ
0
et1γ1(u)+t2γ2(u)+t3γ3(u)du∫ 1

0
et1γ1(u)+t2γ2(u)+t3γ3(u)du

,
�� ��5.8

where the transform u = Φ(θ) is used to match the support of θ with the domain [0, 1] of

the polynomial basis, and t1 to t3 are the parameters to be estimated for each θ and its

corresponding items. As such, there are 3×K−1×J structural parameters to be estimated

in the given setting. The bound θ is a placeholder for the respective u = Φ(θ). Hence,

every P (r = k|θ) can simply be expressed as di�erences of the respective cumulated

response curves as modeled in equation (5.7). The resulting likelihood contribution for

the ith individual is

pi(ri1, ri2, . . . , riJ) =

∫
pip(ri1, ri2, . . . , riJ |θi)f(θi)dθi

=

∫
pi1(ri1|θi)pi2(ri2|θi) . . . piJ(riJ |θi)f(θi)dθi.

�� ��5.9

The second expression requires local independence, which states that all individual char-

acteristics that may in�uence the response probabilities are conveyed in θ. Hence, re-

sponse probabilities across items j = 1, . . . , J are independent conditional on θ. In

order to obtain a likelihood expression unconditional on unobserved traits, θi can easily
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be integrated out by assuming f(θ) to be N (0, 1) distributed. A consideration of the

approximation errors of this expression can be found in the second part of Appendix A.

The implementation of the objective function that has to be set up from the components

in equations (5.7) to (5.9) involves a high number of recurrences and loops. Moreover, the

polynomial bases change from step to step, making the resulting transformations hard

to �vectorize� by means of built-in functions common to most statistical packages. As

such, it is often annoyingly ine�cient to code up and estimate the model in interpreted

statistical languages such as R or Stata. For that reason, it is recommendable to swap

these routines to a compiled lower-level language such as C or Fortran.29 Appendix C

provides one possible implementation using Fortran.

Given the estimated polynomial coe�cients obtained from equation (5.9), it is possible

to predict an individual's θi by means of a so-called Empirical Modal Bayes approach

(see Skrondal and Rabe-Hesketh, 2004). Each response pattern uniquely determines θi

by �nding the mode of the implied empirical posterior.

f(θi|r) =
f(θ, r)

p(r)
=

p1(r1|θ) . . . pJ(rm|θ)f(θ)∫
p1(r1|θ)p2(r2|θ) . . . pJ(rJ |θ)f(θ)dθ

�� ��5.10

The denominator is approximated in the same way as the integral in equation (5.9) (see

also Appendix A for a more detailed discussion).

29 Just-in-time compiled interfaces such as Stata's Mata language may provide similar performance,
but the compiled general-purpose solution may be preferable due to its unlimited extensibility to
existent open source libraries.
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6
Direct and Indirect Outcomes of

Personality Traits*

Until recently, personality traits have not played an important role in explaining labor

market outcomes. Bowles et al. (2001) review that quite early contributions to the liter-

ature on the explanation of wage di�erentials came up with concepts like disequilibrium

rents (Schumpeter, 1934) and incentive-related e�ects (Coase, 1937). Disequilibrium rents

are producer rents and surpluses that are induced by technical change, product innova-

tion, changes in business organization, and by other forms of external shocks. Traits

determine in how far employees di�er in their ability to gain from these rents. Incentive

e�ects arise as certain traits act incentive-enhancing. Both these explanations have an

intuitive association with personality traits. In the sense of these concepts, the respective

traits can also be construed as not necessarily being productivity enhancing. Bowles et

al. (2001) also stress that it is important to distinguish di�erent segments of the labor

market. Two illustrative examples demonstrate this: in a working environment where

monitoring is di�cult, behavioral traits like truth telling may be higher rewarded than

in other cases. Considering a low-skill labor market, docility, dependability, and persis-

tence may be highly rewarded, whereas self-direction may generate higher earnings for

someone who is more of a white-collar worker. Besides di�erent rewards in di�erent occu-

pation segments of the labor market, people also opt in these occupations owing to their

personality traits (see Antecol and Cobb-Clark, 2010). By similar arguments, John and

Thomsen (2014) show that returns to speci�c traits within occupational groups provide

sort of a mixed signal due to group-speci�c returns and self-selection.

To that e�ect, it is di�cult to determine if certain traits increase wages by a�ecting

occupational choice, productivity, or if market mechanisms additionally induce wage pre-

miums along the lines of (Schumpeter, 1934) or (Coase, 1937) for certain traits. On a

more general level Borghans et al. (2008c) show that supply and demand regarding work-

ers who are more or less endowed with �directness� relative to �caring�, create a wage

premium for directness. Another explanation is that the society solidi�es certain expec-

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
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tations about appropriate traits and behavior, and rewards or punishes individuals who

deviate from them in either direction. This interpretation is fostered by the results of

Mueller and Plug (2006) for the gender wage gap in US data. They show that particularly

men obtain a wage penalty for Big Five agreeableness, a trait stronger associated with

women.

The aim in what follows is to give a very short review of empirical studies that deal with

predictive power of various personality traits. Tables 6.1 and 6.2 provide some key facts

for a small selection of studies. A more widespread overview on studies that relate traits to

various outcomes is given in Borghans et al. (2008a) and Almlund et al. (2011), including

a larger focus on literature from other disciplines. In summary, the results presented in

Tables 6.1 and 6.2 indicate that personality traits have a substantial impact on labor

market remuneration, making the promotion of certain abilities and traits a worthwhile

policy objective. However, many mediating variables, like educational achievements, seem

to operate on the facilitation of the later labor market success.

(a) (b)

(c) (d)

Figure 6.1: Net e�ect of control related traits on log wages for 30-year old males and
females in Germany and the United States. Upper panel: males (a) and females (b)
in Germany. Lower panel: males (c) and females (d) in the United States. Sources:
Flossmann et al. (2007) and Heckman et al. (2006).
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Irrespective of how exactly traits are valued in the labor market, they explain di�erences

in the earnings structure relatively well. Picking out some of the represented studies

clari�es this point. Heckman et al. (2006) provide empirical evidence on the e�ects of

traits related to self-control and self-esteem on log hourly wages. Especially for the lower

deciles of the distribution of latent control traits, a strong in�uence is revealed. Flossmann

et al. (2007) reproduce these results for German data with quite similar �ndings. Figure

6.1 compares these net e�ects on log wages obtained in the two studies. Particularly for

the upper and lower deciles of the distribution of internal control, the marginal e�ects are

higher. Both results provide an important point on how personality traits a�ect earnings.

Abilities and traits do not solely a�ect wages, but educational outcomes as well. Pre-

sumably, the major e�ects of abilities on wages are mediated through the endogenous

schooling choice (see Piatek and Pinger, 2010). The structural approach pursued by

Heckman et al. (2006) and Flossmann et al. (2007) accounts for this issue. Besides wages

in general, Heckman et al. (2006) also assess the e�ects of cognitive abilities and per-

sonality traits on wages given certain levels of schooling, as well as on the probability

of obtaining certain educational degrees. For instance, for males, control related traits

hardly a�ect the probability of being a regular high school dropout, but rather promote

the probabilities of being a GED participant, of graduating from high school, of gradu-

ating from a two-year, and from a four-year college.1

Hence, it is of particular interest to identify which traits a�ect educational performance

and along with it, schooling choices. Duckworth and Seligman (2005) show that self-

discipline even exceeds the explanatory power of IQ in predicting performance at school.

They de�ne self-discipline as a hybrid of impulsiveness and self-control. Highly self-

disciplined adolescents outperform their peers on all inquired outcomes including average

grades, achievement-test scores, and school attendance.

The choice of self-discipline as a personality trait of particular interest with regard to

educational achievement is related to the �ndings by Wolfe and Johnson (1995). They

assess which trait is most eligible for predicting grade point averages (GPA) in a sample

of 201 psychology students. The outstanding GPA predictors are measures displaying

the level of control and items closely related, like self-discipline. Thus, besides cognitive

skills, some personality traits play an equally important role in a�ecting schooling choices

or years of schooling, respectively.

Since personality is malleable throughout adolescence and IQ is fairly set earlier in life

(the next chapters will elaborate on this point), the inverse causation also applies. This

1 GED stands for General Educational Development and is a test that certi�es college eligibility of
US high school graduates.
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induces the aforementioned simultaneity. Hansen et al. (2004) determine causal e�ects of

schooling on achievement tests. They reveal that an additional year of schooling increases

the Armed Forces Quali�cation Test (AFQT) score by 3 to 4 points. Achievement tests

provide a mixed signal constituted of IQ and personality traits (see Borghans et al., 2011),

where IQ is relatively stable from school age on.

Personality traits also exhibit a substantial in�uence on social outcomes. Closely related

to the previously discussed wage achievements are employment status and mean work

experience, which are likewise a�ected by the personality.2 Further outcomes, like the

probabilities of daily smoking, of incarceration, and of drug abuse, are also signi�cantly

determined by control related traits, albeit to di�erent extents.

2 See also Heckman et al. (2006) for a detailed discussion and the corresponding e�ect sizes.
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7
The Determinants and Dynamics of

Personality Traits*

Arguably, only those components of the personality that are su�ciently stable across

situations, i.e., personality traits and cognitive abilities, can be construed as skills in the

sense of the human capital literature. Chapter 3 has discussed assumptions and conditions

that are necessary for their existence. The previous chapter has also highlighted the

relevance of these traits within the labor market and other parts of the society.

Given this subtle notion about a permanent presence of personality traits, the logical

follow-up questions with a particular relevance for their governance are (1) what drives

individuals to di�er in terms of their personality traits and (2) whether there is scope for

interventions if their development is unsatisfactory. In the following I will illustrate both

issues by means of a theoretical approach known as the Technology of Skill Formation

(see Cunha and Heckman, 2007), along with a brief overview on the underlying literature.

7.1 Empirical and Neurobiological Facts

Similar to the Roberts model of thoughts and behavior in an environmental context (see

Chapter 2), the interactional pattern between personality traits and IQ has to be con-

sidered for the formation process.1 As a very �rst framework to unify the underlying

processes, Cunha et al. (2006) refer to a range of intervention studies that capture di�er-

ent periods of childhood and adolescence. The respective results are summarized in Table

7.1. Most of the data used in the empirical studies cover childhood and adolescence ret-

rospectively and only provide measures of cognitive abilities and scholastic achievement.

Fortunately, there is a strong consensus in the literature that IQ largely stabilizes before

schooling age. If scholastic achievements are an outcome of intelligence and some other

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
1 As previously mentioned, cognitive capabilities can have an impact on faking behavior in responding

to a personality test. Vice versa, IQ tests never exactly measure pure cognitive intelligence. The
results also can re�ect motivational and thus aspects of personality traits.
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abilities, and if a certain treatment results in a permanent shift in achievements but not

in IQ, this yields an indication for other (presumably personality-related) skills to be

a�ected by the speci�c treatment or intervention (see Borghans et al., 2011).

Although the evaluation of interventions that provide such kind of treatment provides

only implicit evidence for the formation process of personality traits, Cunha et al. (2006)

reveal a clear formation pattern which is characterized by two important features: self-

productivity and dynamic complementarity. Self-productivity postulates that traits and

abilities acquired at one stage enhance the formation of traits and abilities at later stages.

Dynamic complementarity denotes the observation that a higher stocks of such entities

at an earlier stage of life enhance the productivity of investments in abilities and traits

in the ensuing stages. Furthermore, early investments should be followed by later ones

in order to be retained. As a result of both features, the early periods of life are ought

to constitute a bottleneck period for investments in the formation process, that is, early

di�erences in investments clearly have an impact on the stock of abilities and traits and

this impact decreases as individuals get older. Depending on whether external factors

exclusively or predominantly operate within certain age spans, these periods are called

critical or sensitive, respectively.

Evidence for the existence of such bottleneck periods is provided by research from various

disciplines. For instance, in clinical psychology O'Connor et al. (2000) assess cognitive

abilities among a group of Romanian orphans who were adopted into UK families between

1990 and 1992 and compare them to within-UK-adoptions at age four and six. As opposed

to the Romanian orphans, the UK orphans were all placed into their new families before

the age of six months. The study suggest that early deprived children never catch up.

However, in case of personality traits the time period for malleability is longer than for

cognitive abilities. Intervention studies that aim at children in school age usually report

gains in behavioral measures. As the �ndings in Table 7.1 illustrate, even interventions at

primary school age boost scholastic performance in a lasting manner without permanently

raising IQ. By the above arguments, these �ndings provide implicit evidence on the

susceptibility of personality beyond early childhood. This is in line with the literature in

pediatric psychiatry (see, e.g., Dahl, 2004), that highlights the role of the prefrontal cortex

in governing emotion and self-regulation and its malleability up into adulthood in speci�c

cases. The evidence on the stabilization of personality traits from the psychological �eld

results in somewhat di�erent age spans and therefore is sometimes misleading at the �rst

glance. For instance, Roberts and Delvecchio (2000) show that the rank-order of the Big

Five factors stabilizes in adolescence, but there are still moderate changes until age 50.
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CHAPTER 7. DYNAMICS OF PERSONALITY TRAITS
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7.1. EMPIRICAL AND NEUROBIOLOGICAL FACTS
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7.1. EMPIRICAL AND NEUROBIOLOGICAL FACTS

This con�rms the hypothesis of decreasing returns to remediation e�orts. However, for

the investigation of stability patterns, mean-level consistency is also important. Roberts

et al. (2006) show the highest mean-level change to be concentrated on young adulthood.

The authors suggest that these changes are induced by persistent shifts in social roles

and role expectations common to most individuals. This age pattern is moderated when

intra-individual measures are employed (see Cobb-Clark and Schurer, 2013). Though

intra-individual measures suggest a higher degree of stability for the working age popu-

lation, no complete time-invariance can be established from the �ndings in either case.

Given the above discussion on the appropriateness of the Big Five and related global

inventories over varying contexts, the �ndings on the adaption to changing social roles

seem quite reasonable. A social role is also a situational factor that determines measured

traits. As long as there are changes in social roles over the life course, it is tempting to

interpret them as instability in actual traits. According to Almlund et al. (2011), there

can be kind of a feedback between traits and situations since many situations are a con-

sequence of trait endowment earlier in life. Maybe, the only useful distinction between

changes of situations, social roles, or permanent traits is due to their di�erent levels of

sustainability. The �ndings from Table 7.1 somewhat con�rm this notion. It shows that

early interventions which involve a long-term treatment are most successful, implying

that only a su�ciently enduring environmental change warrants actual improvements.

Conversely, most of the gains fade out if no follow-up e�orts are made.

On the other hand, sole remediation attempts in adolescence exhibit only weak e�ects,

implying that the general e�ciency of interventions in adolescence is de�nitely lower

compared to earlier ones. This overall pattern seems to hold for all kinds of environmental

changes (see, e.g., Almlund et al., 2011, and the literature they cite). There are a number

of studies that document this pattern by evaluations of adolescent mentoring programs,

like the Big Brothers/Big Sisters (BB/BS) and the Philadelphia Futures Sponsor-A-

Scholar (SAS) program. The BB/BS assigns educated volunteers to youths from single

parent households for the purpose of providing surrogate parenthood or at least an adult

friend. Grossman and Tierney (1998) stress that meeting with mentors decreases the

probability of initial drug and alcohol abuse, exertion of violence, and absence from

school. Moreover, the participants had higher grade points and felt more competent in

their school activities. SAS targets at public high school students and supports them

in making it to college by academic and �nancial support. Johnson (1996) reveals a

signi�cant increase in grade point average and college attendance.
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CHAPTER 7. DYNAMICS OF PERSONALITY TRAITS

Summarizing the empirical picture from the listed intervention studies, there is broad

evidence for the existence of crucial early life periods in terms of self-productivity, and

further indication for the same e�orts having substantially lower returns in later periods.

The latter observations thus indicate dynamic complementarity. In neurobiology the

existence of such patterns is attributed to a superior susceptibility of neural circuits

and brain architecture in early lifetime (see Knudsen, 2004, Knudsen et al., 2006). One

reason for this plasticity is that without already established neuronal connections, it

takes less stimuli to form new ones. The second reason is, that the underlying molecular

mechanisms are more active in early years of life, which induces a higher rate of changes

in brain chemistry and gene expression (see Knudsen et al., 2006, for a detailed discussion

of both arguments).

7.2 A Formal Representation

A theoretical representation of the formation process should account for all of the afore-

mentioned facts. A canonical version of such a framework has been established by Cunha

and Heckman (2007), and has been re�ned by Almlund et al. (2011), among others.

The development of personality traits and cognitive factors follows a pattern that is best

exempli�ed by means of a production function, where available resources, general envi-

ronments, and other investments are the inputs. The basic relation de�nes an individual's

traits and abilities in period t as a state variable that results from previous investments

and previous stocks of personality traits. The implicit relation would read

θt = f(θt−1, It−1,ht−1),
�� ��7.1

where θt is the vector of personality traits and θt−1 represents the same vector in the

previous period. It−1 is a vector of investments that directly promote the formation of θt.

ht−1 is a less directed, more intangible and situation speci�c input vector that represents

general environment. For better analytical tractability, f is assumed to be increasing,

concave, and twice di�erentiable in each of its arguments.

In order to make the functional form in equation (7.1) explicit, Cunha and Heckman

(2007) show that a CES production function provides enough �exibility to account for the

above features observed from the data. It allows for di�erent elasticities of substitution

between investments and capabilities/traits at di�erent stages and therefore gives rise

to dynamic complementarity and self-productivity. For notational simplicity consider a

scalar cognitive ability and a scalar personality trait. The relation for successive periods
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7.2. A FORMAL REPRESENTATION

t ∈ {1, . . . , T} then may be expressed as follows.

θjt =
[
γj1,t−1(Ijt−1)ρ

j
t−1 + γj2,t−1(θCt−1)ρ

j
t−1 + γj3,t−1(ht−1)ρ

j
t−1 + γj4,t−1(θPt−1)ρ

j
t−1

] 1

ρ
j
t−1 ,

�� ��7.2

where γj4,t−1 = 1−γj1,t−1−γ
j
2,t−1−γ

j
3,t−1 and θ with j ∈ {C,P} denotes a speci�c cognitive

ability (C) and a speci�c personality trait (P ). Moreover, It denotes one respective scalar

investment. The representation in equation (7.2) therefore accounts for cross-productivity

between cognitive abilities and personality traits, which follows an intuitive reasoning but

may also be relevant by the arguments presented in Chapter 4. Moreover, ρjt , γ
j
1,t, γ

j
2,t,

and γj3,t are the respective complementarity and multiplier parameters. An extension

to the more realistic vector case of equation (7.1) is straightforward but provides no

additional insights. To give the above notion of productivity and complementarity for

some personality trait θP a formal meaning, one has

Self-productivity:
∂θPt
∂θPt−1

> 0,

Cross-productivity:
∂θPt
∂θCt−1

> 0,

Static Complementarity:
∂2θPt

∂θPt−1∂I
P
t−1

> 0⇔ ∂2θPt
∂IPt−1∂θ

P
t−1

> 0,

Dynamic Complementarity:
∂2θPt

∂IPt−1∂I
P
t−2

=
∂2θPt

∂IPt−1∂θ
P
t−1

∂θPt−1

∂IPt−2

> 0⇔ ∂2θPt
∂IPt−2∂I

P
t−1

> 0,

∀ t ∈ {1, . . . , T},

where the latter two equivalence relations follow from Young's Theorem. For estimation

purposes relatively sparse parameterization as in equation (7.2) are quite useful (see, e.g.,

Cunha et al., 2010). For theoretical exposition, however, further levels of details can be

easily accommodated due to the CES speci�cation. This may include parental stocks

of traits and abilities, as well as health features and many other factors. Examples of

such more nuanced version of the equation (7.2) can be found in Cunha et al. (2006) or

in the supplemental material of Cunha et al. (2010).2 The empirical feasibility of such

input re�nements largely depends on data availability, which is usually not given for all

of these dimensions. Given the formalization of the formation process of θP and θC it is

2 Further suggestions in terms of the implicit form in equation (7.1) are made in Almlund et al. (2011).
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CHAPTER 7. DYNAMICS OF PERSONALITY TRAITS

also meaningful to account for some entities that may arise from the stocks of θP and θC

in more detail. For one thing, this may imply to augment the implicit function 7.1 by an

environmental variable

ht = g(ht−1, It−1)

that depends on previous environmental states and investment e�orts as a simultaneous

but interdependent process (see Almlund et al., 2011). When adulthood is attained, the

disposable stock of human capital can be regarded as the outcome of the acquired cogni-

tive abilities and personality traits developed up to this point in the formation process.

Cunha and Heckman (2006) present approaches to obtain estimates of the parameters

of equation (7.2) and thereby quantify the degrees of self-productivity and complemen-

tarity. The data they use comprise measures of cognitive ability, temperament, motor

and social development, behavioral problems, and information on the home environment.

The results yield strong evidence for self-productivity within the production of the re-

spective skill and trait types.3 The cross-e�ects are weaker. Complementarity is evident

for both, cognitive and noncognitive stocks, but somewhat higher in case of the former.

The average parameter estimate is just below zero and thus indicates that the production

technology is well approximated by a Cobb-Douglas function. Slightly altered estimation

strategies that, however, yield quite similar results are provided by Cunha and Heckman

(2008) and Cunha et al. (2010).

The estimation approaches used to quantify the parameter values in equation (7.2) yield

factor loadings that represent the roles played by di�erent environmental resources in

the skill formation process. According to these results, indicators that relate to cultural

and educational involvement, like having special lessons or going to the theater, are of

particular importance. Family income however is less important when controlling for

the aforementioned factors.4 As Currie (2009) suggests, parents obtaining higher labor

market returns may invest less time in children and are only partially able to compensate

this neglect by provision of substituting goods. The properties of the skill formation

discussed above suggest that schooling, in particular post-primary schooling, is a minor

determinant compared to investments outside school. The major foundation is already

set in preschool age. Adding to this view, Todd and Wolpin (2007) argue that in con-

text of education production functions it is generally di�cult to �nd data that combine

rich information on schooling and home resources. If so, there is always less variation

3 The identi�cation strategy is in spirit of the factor structure models discussed in section 5. It allows
for endogenous choice variables and measurement error in indicators.

4 It nonetheless is a good indicator for the provision of home resources (see, Almlund et al., 2011).
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7.3. INITIAL ENVIRONMENTAL CONDITIONS

in more aggregated indicators for schooling resources, which could lead to additional at-

tenuation of the estimated e�ects. Notwithstanding the predominance of environments

in earlier years of life as opposed to later, particularly school related factors, Chapters

8 and 9 provide empirical treatises that examine lifespans beyond childhood and early

adolescence.

7.3 Initial Environmental Conditions

Given the formal production identity, one may allow for the formation to start within a

prenatal stage already, since the time before birth can be crucial as well (see, e.g., Coneus

and Pfei�er, 2007; Cunha and Heckman, 2009). To be in line with the production process

in equation (7.1), genetical endowments have to enter the process as an underlying of the

initial capability and trait states (see, e.g., Blomeyer et al. , 2009), and have to be

subject to interactions with investments and environments from then on. When genetical

endowments are incorporated in this way, one automatically accounts for the fact that the

impact of investments and environments on genes are decreasing in age (see, e.g. Cunha

and Heckman, 2009, for a review of the related literature).

One should be aware of the fact that most of the summarized �ndings on the interaction

of genes and environments have been established of late. Particularly disciplines like

economics, that simply draw on such relations in order to vindicate certain settings, often

refer to norms that have been overhauled in the originary disciplines in the very recent

past. Ontogeny clearly is such a case. Though genetic endowments and environments

are meanwhile known to follow the pattern induced by equation (7.1), they have been

construed to be simply additive for a long time. However, twin and adoption studies

from various �elds of social science, for example in Turkheimer et al. (2003), show that

a simple additive structure is inappropriate to capture the complexity of the interactions

that are in place for abilities and environments. Instead, there is evidence for substantial

nonlinear interactions between genes and environment in IQ generation. The fact that

most empirical results from adoption studies promote genetical factors as the main driving

force of formation is due to the low share of adoptive families from adverse environments

in these samples, that is, the di�erences in environments are mostly too minor in order

to explain much. The relative importance of such environmental di�erences apparently

varies with the overall level in socioeconomic status. Studies from neurobiology and

behavioral genetics draw a similar picture. By the arguments already addressed above,

Knudsen et al. (2006) summarize a number of studies that show early life conditions

and experiences to be particularly critical for formation processes, as the underlying
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CHAPTER 7. DYNAMICS OF PERSONALITY TRAITS

molecular mechanisms take place at a higher rate in early years. This enables neural

circuits to be subject to substantial changes by external factors, among others via so-called

DNA methylation. DNA methylation represents a form of transcription-related genome

mark that induces gene repression throughout replications (see Cedar and Bergman,

2012). A large literature from behavioral genetics deals with this phenomenon. For

instance, Fraga et al. (2005) reveal that monozygotic twins who are exerted to di�erent

environmental stimuli throughout early childhood can exhibit signi�cantly di�erent gene

expressions due to di�erences in DNA methylation. Personality and behavioral patterns

arise out of the same neurobiological principles and therefore the same reasoning applies.

Regarding neurobiological �ndings more related to personality, Caspi et al. (2002) reveal

this relationship for psycho-pathologic phenomena like antisocial behavior.5

5 A further discussion including additional empirical evidence is given in Heckman (2008) and Cunha
and Heckman (2009).
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8
Application I: Stability of Traits in

Late Adolescents*

The empirical studies discussed in the previous chapter have shown a major plasticity

of personality traits until early adulthood. Moreover, environments outside of school

seem to have a stronger impact on trait formation. Whether schooling is an integral

determinant in this context has not yet been analyzed coherently. This question is subject

to the following chapter, though within a rather speci�c setting. While having left the

curriculum largely unchanged, most German states have abolished the �nal year of higher

secondary schooling to enable earlier graduation. The empirical application presented in

what follows uses this exogenous policy shift to evaluate the e�ects of an increase in the

amount of curriculum per unit of time on di�erent personality traits.

8.1 Motivation

During the past decade, almost all German federal states with a 13-year school system

have implemented policies designed to reduce the time spent for higher secondary educa-

tion by eliminating the �nal grade. In the federal state of Saxony-Anhalt, such a reform

was announced in 2003. For students in grade nine at that time, this meant a reduction of

overall time for graduation. The academic schedule remained largely unchanged, though.

The learning intensity, de�ned as the curricular workload per unit of instructional time,

increased substantially. In light of the �ndings presented in the previous chapter, the

increased workload that went along with the reform may have a�ected the development

of the students' personality traits. The potential mechanisms through which these im-

pacts could have operated are diverse, including persistent shifts in so-called inputs into

the formation process, more general environmental changes, as well as simple changes

in constraints or other factors relevant for students' decision-making. As students who

concurrently attended the tenth grade continued to graduate after 13 years, the policy

* The results presented in this chapter are published in Thiel et al. (2014).
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CHAPTER 8. STABILITY IN LATE ADOLESCENTS

change provides a natural experiment with a double cohort of graduates in 2007. This

graduation cohort is used to identify potential e�ects of the increased learning intensity

on the development of di�erent personality traits in late adolescence. The employed

measures of personality traits are derived from a short version of the Big-Five inventory

of Goldberg (1971), a short version of the Locus of Control scale established by Rotter

(1966), and the Brief Self-Control Scale by Tangney et al. (2004).

The insight of investigating the potential impacts is twofold. The �rst contribution adds

to the role that schooling plays in the formation process of personality traits in late

adolescence and thus to the discussion in the previous chapter. Recall the studies that

analyze the process of capability formation and personality development in earlier periods

of life. Some further studies that have not been subject to the general discussion provided

in Chapter 7 have a particular relevance for the question at hand. For example, Heckman

et al. (2010) consider the long-term e�ects of the High/Scope Perry Preschool Program.

Cunha et al. (2010) formulate and estimate a multistage model, where cognitive skills and

personality traits are determined by home investments in di�erent periods of childhood.

Both studies �nd evidence for plasticity of personality traits across the complete age

spectrum investigated (although decreasing with time), whereas cognitive skills are shown

to be exclusively malleable at preschool age (see also Borghans et al., 2008b). In line with

these �ndings, Cobb-Clark and Schurer (2013) show a modest variation for the intra-

personal stability of a speci�c personality trait that also partially prevails in adulthood.

These investigations notwithstanding, less research exists on the impact of schooling

factors on traits, in particular for stages of later secondary education. Secondly, a less

general, but still relevant contribution from a policy perspective is implied by the research

question at hand. The countries of the European Union have converging designs of

their education systems, in particular with regard to secondary and tertiary education.

Evaluating the direct e�ects of an educational reform, such as the one implemented in

Saxony-Anhalt, provides important information for future decisions in education policy.

8.2 Institutional Background

8.2.1 Schooling in Germany

Compared to other industrial countries, university graduates in Germany are signi�cantly

older. This fact gave rise to a debate on reforming higher education. The longer time

spent obtaining an academic degree was primarily due to the very comprehensive curricula

in higher secondary and tertiary education. The university curriculum has therefore been
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revised in the course of the Bologna Process, which has led to a replacement of the former

German academic degrees by the bachelor and master degrees. For the same reason,

the secondary schooling system has also been altered. It is important to know that in

Germany, the responsibility for education policy, including the funding of public schools,

is entrusted to the federal states. Despite this decentralized nature, the di�erences in the

education systems between federal states are rather marginal. Children are commonly

enrolled in elementary school at the age of six. After four years of elementary schooling

they are assigned to one of three secondary schooling tracks. The two tracks for students

with lower previous grade achievements are the �Hauptschule� and the �Realschule�. The

only track that directly entitles a student to university entrance is the �Gymnasium�,

which (prior to the reform) required nine years of attendance (except for the states of

Saxony and Thuringia). The German federal states have jointly decided to reduce the

overall time for graduation from the �Gymnasium� to eight years.

8.2.2 Implementation in Saxony-Anhalt � a Quasi-Experiment

In Saxony-Anhalt, the decision was passed into legislation in 2003 and came into force

few months later at the beginning of the 2003/2004 academic year. The �rst students

to be a�ected were in the ninth grade at that time. Accordingly, they were the �rst to

receive their degree (Abitur) after 12 years of overall schooling. The academic require-

ments, however, remained almost unaltered. Graduation after 13 years was maintained

for students attending the tenth grade at that time. In spring 2007, a double cohort of

students simultaneously passed their �nal exams. For the 12-year graduates, the curricu-

lum of the former eleventh grade was partially shifted to lower grades. In the subjects

German literature and foreign languages, this applied to the whole curriculum, whereas

only minor reductions took place in mathematics and chemistry. In some other subjects,

for example biology and history, parts of the eleventh grade curriculum were transformed

into elective courses. Moreover, three extra class hours per week were added to the

syllabus in the ninth and tenth grade. Schools were allowed to decide which subjects

would receive the additional weekly hours. For most subjects, however, the only change

was a reduction in the net time for graduation without a compensating reduction in the

graduation requirements.

The modalities just described provide some good arguments in favor of the education

reform in Saxony-Anhalt complying with the requirements for a natural experiment.

Consecutive graduating classes are not supposed to di�er in any substantial manner other

than their cohort a�liation. If so, these di�erences should be captured by the students'

observable characteristics. Moreover, as described above, the reform was announced and
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implemented in rather quick succession. As the students in the sample had been attending

their respective academic track for several years already, accommodations in terms of a

di�erent track choice were very unlikely. Generally, all possible avoidance actions seem

to have involved disproportionate costs relative to the extent of the reform and therefore

seem negligible.

8.3 Potential Mechanisms

The curricular change that has been induced by the reform may have a�ected the stu-

dents involved in a variety of ways. With regard to scholastic achievement, Büttner and

Thomsen (forthcoming) �nd signi�cant reform e�ects on the students' performance in

mathematics. 12-year students score signi�cantly worse in mathematics but not in Ger-

man language pro�ciency, indicating that subject-speci�c routines have most likely been

a�ected by the reform. Since changes are found for mathematics only, the underlying

mechanisms may be related to students' knowledge-based skills rather than their more

��uid� verbal skills. Borghans et al. (2011) or Heckman and Kautz (2012) show that

scholastic achievements and achievement test scores are a mixed signal of underlying per-

sonality traits (such as self-discipline, perceived control, agreeableness, etc.) and cognitive

capabilities (such as �uid intelligence, numeracy, and so forth). Scholastic achievements

are therefore supposed to be mediating factors instead of genuine outcomes in the sense

of human capital theory (see Heckman and Pinto, 2013a, for a related discussion). This

view is promoted by the fact that scholastic achievements do not necessarily remain at

their immediate post-treatment levels (see, e.g., Heckman et al., 2013) in experimental

studies. As such, it is straightforward to assume that observed e�ects in achievements

and other outcomes are partially driven by e�ects on underlying cognitive abilities and

personality traits. In the case of the former, such an e�ect at the age of graduation from

secondary schooling can be ruled out, as the plasticity of cognitive abilities is known to

end approximately at the age of school enrollment (see Almlund et al., 2011, or Thiel and

Thomsen, 2013, for overviews of the corresponding literature).

For personality traits, in contrast, the related literature posits malleability in response

to environmental factors beyond preschool age, although it clearly decreases from there

on. Recall some of the facts from the previous chapter on general trait formation. Find-

ings in pediatric psychiatry (see, e.g., Dahl, 2004) emphasize that the brain region that

governs emotion and self-regulation is malleable up to the age of 20 or 25. Evidence

from psychology shows mean-changes for di�erent age cohorts in cross-sectional data un-

til age 30 (see, e.g., Roberts et al., 2006). For other traits, this age pattern is weakened
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when longitudinal data are used instead (see Cobb-Clark and Schurer, 2013). Although

such intra-individual measures suggest a lower degree of plasticity, no complete invari-

ance can be established. Given this ambiguity about the susceptibility of personality

traits in adolescence and early adulthood, abolishing a complete year of schooling may

have led to an environmental change strong enough to a�ect the involved students' per-

sonality development. For instance, one can imagine that having coerced students to

prepare for graduation from higher secondary school in less time could have increased

their self-discipline. It is also possible, however, that learning requirements have become

too demanding, with students thus having lost self-con�dence.

8.3.1 The Basic Development of Traits

In order to sketch the potential mechanisms through which the shift in instructional

intensity may have a�ected personality, one may use the general framework for trait

formation contained in equation (7.1) of the previous chapter. Recall that the basic

relation de�nes an individual's traits and abilities in period t as a state variable that

results from previous investments and previous stocks of personality traits,

θt = f(θt−1, It−1,ht−1),
�� ��8.1

where θt is a p-vector of personality traits and θt−1 represents the same vector in the

previous period. It−1 is a vector of parental and self-investments that directly promote the

formation of θt. ht−1 is a less directed, more intangible and situation speci�c input vector

that represents general environment. To obtain a better understanding of the constituent

factors of I and h, consider the following possible vectors that may have played a role in

the present setting.

It =



books

hobbies

instrument

sports

. . .

teacher quality

teacher e�ort

class size

general resources



, ht =



friendship

relationship

intact family

. . .

rel. to classmates


,
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where the upper rows of It and ht refer to elements attributed to environments outside

the school and the lower ones to those inside the school (see Hanushek and Woessmann,

2011, for a review of the underlying literature).

From the self-productivity and the dynamic complementarity that result from equa-

tion (8.1) it is clear that early investments are more e�ective than later ones, but they

should be maintained throughout all later stages of life. It is also important to note that

at each t neither It nor ht are exogenous to θt. Self-investments contained in It (such

as playing team sports) are clearly endogenous to θt as they are intrinsic. In the case of

investments that are conducted by the students' parents, endogeneity also takes e�ect,

since parents probably have better insights into their child's θt and usually act according

to them. Of course, the same reasoning holds for the more general environmental vector

ht.

To operationalize the decisions that a student or her/his parents make in awareness of

individual characteristics and situations, �rst consider a variation of the concept that

Almlund et al. (2011) refer to as an action. Following their original de�nition, actions

capture the style of behavior, such as simply being kind to others. Here, a slightly dif-

ferent notion of actions is used, in that they shall also comprise activities for which the

consideration of productivity in performing these activities is largely useless. Spending

time with friends is probably a good example of such an activity. Each action in the

contemporaneous index set of all feasible actions M depends on current traits θt and

e�ort ej devoted to it. As actions can be very unspeci�c, it seems sensible to distin-

guish between more nuanced forms of behavior where productivity indeed plays a role.

Following Almlund et al. (2011) such activities are tasks.1 A task can be a particular

piece of homework or a test at school, which is productivity related in that it is more

e�ciently accomplished by individuals possessing the corresponding capacities and traits.

As the relevance of capacities varies across tasks, consider a �nite index set J of contem-

poraneous tasks an individual can choose from. In performing these tasks, each student

possesses a J-vector of task-speci�c productivities P = g(θt, It,ht, e). The sum of e�ort

devoted to di�erent tasks and actions
∑

j∈J
⋃
M ej is constrained to ē. Following notions

presented in Chapter 4, the decision problem that arises from facing di�erent tasks and

actions in varying situations can be thought of as an individual maximization problem

over the resulting expected utilities. Then,

E [U(P, e, a, Y |ψ)|I] ,
�� ��8.2

1 In contrast to their de�nition, however, a more appropriate de�nition for actions and tasks in the
given case is to construe them as rather complementary notions.
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where parental characteristics Y (mostly resources provided) may play a role as well.

Furthermore, ψ is a vector of preference parameters and I denotes the individual's in-

formation set. Both, ψ and I, can be mapped into the period speci�c vector θt of traits,

though in an unde�ned fashion. The actions and task choices that result from equa-

tion (8.2) at each t partially drive ht and the self-related part of It. Both evolve over

time in a similar manner as the traits in equation (7.1), leading to

It = b(It−1,Pt, at,ht−1),

ht = q(ht−1,Pt, at, It−1).

�� ��8.3

Equation (8.3) completes the circular relation between traits, tasks, actions, and envi-

ronments.

8.3.2 Potential E�ects of the Reform on Personality Traits

Recall from Section 8.2.2 that there were two stages in which potential e�ects of the

reform may have occurred. The �rst one started with the commencement of the reform

back in 2003 and ended at graduation. The second relevant period began with graduation

in 2007 and consists of the time from then onwards.

Given that D denotes a student's cohort membership, D = 1 indicates graduation after

12 years, while D = 0 signi�es the counterfactual cohort of 13-year students. The increase

in learning intensity for D = 1 and the resulting extra burden could have a�ected the

entities de�ned in equations (8.1) to (8.3) in six di�erent ways. All possible pathways

are related to the above stated concepts of actions, tasks, the decisions rules, and the

resulting environmental and investment factors.

The �rst possible pathway (i) captures treatment-induced changes in school-related ele-

ments of It, most obviously teacher e�ort. These may have a�ected the productivity pj(·)
of all schooling speci�c tasks. Changes of this type were not related to individual deci-

sions of the students at all. All remaining pathways, however, have more or less resulted

from individual decisions, related endowments, and constraints. One possibility is via a

shift in the number of tasks and actions that have been allocated to the time at school

or via a shift in their intensity. Both, the number of actions and tasks, and the e�ort

devoted to it, are supposed to have changed the outcomes of the decision rule in equa-

tion (8.2) and the respective development of It and ht in equation (8.3). Consider Js ⊆ J

and Ms ⊆ M to be the subsets of tasks and actions that happened inside the school en-

vironment, with corresponding counting measures µ(Js) and µ(Ms). Analogously, µ(Jl)

and µ(Ml) count tasks and actions that took place within the students' leisure time. The
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potential mechanism (ii) addresses the fact that the ratios µ(Js)/µ(Jl) and µ(Ms)/µ(Ml)

could have depended on individuals being in treatment or counterfactual state, i.e. on

µ(Js)/µ(Jl) 6⊥ D and µ(Ms)/µ(Ml) 6⊥ D. The third potential path (iii) supposes that

the constraints for e�ort devoted to tasks and actions inside the school ēs or outside the

school ēl (where ēs + ēl = ē) could have depended on D (i.e. ēs 6⊥ D and ēl 6⊥ D). E�ects

(ii) and (iii) may have operated through changes in productivity P(·), through changes

in actions, or directly as an argument in equation (8.2).

If one considers preferences ψ to be just a di�erent, utility-related representation of the

overall θt, there is no need to assume that ψ has been a�ected by D other than via

θt. Another pathway therefore may have been D a�ecting θt via the choice-relevant

information set I. Put di�erently, path (iv) means I 6⊥ D.2

The second set of pathways may not have resulted from the direct impact of the reform

prior to graduation, but from the period afterwards. Such perpetuating e�ects could

have arisen from the dynamic nature of the formation process. As D has possibly altered

θt before graduation, which in turn has been relevant for the determination of θt+1, the

potential e�ects (i) to (iv) could have perpetuated due to self-productivity and dynamic

complementarity. Whereas this mechanism is straightforward, there may have been a

medium-run pathway that is less obvious. As stated at the outset, changes induced by

(ii) to (iv) could have become stuck in the formation process if personality traits were no

longer malleable at the age of graduation. Consider in contrast that D has marginally

increased the expected utilities of some individuals just enough for them to become

engaged in a major action or task. If actions/tasks have been su�cient in magnitude

to improve the next periods It and/or ht, this improvement could have been large enough

to alter the resulting θt+1. To make things more explicit, consider an individual who

has just slightly been against enrolling abroad directly after graduation. Suppose that

the changes due to D have not been strong enough to alter the corresponding θt, but

strong enough to result in a decision in favor of studying abroad. This would have been a

major change of the corresponding It or ht, one that was possibly large enough to a�ect

the subsequent θt+1. If anything, such an e�ect (v) has probably pertained to minor

fractions of the relevant population, but nevertheless should be considered. In addition

to the suggested pathways (i) to (v), there could have been a sixth, more trivial pathway

(vi), which is a pure age-e�ect. If so, it results from the fact that 13-year students could

have simply �self-(re)produced� their existing trait endowments due to being one year

older on average.

2 This is one possible interpretation of the results presented in Büttner and Thomsen (forthcoming)
since I can be thought of as representing formal knowledge or experience that evolves in a similar
fashion to I and h in equation (8.3).
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8.4 Data

8.4.1 The Sample

The empirical analysis is based on primary data obtained from a pen-and-paper ques-

tionnaire that was sent to members of the double cohort of graduates in Saxony-Anhalt.

The survey was conducted from February to April 2009, i.e. almost two years after grad-

uation. The resulting data comprise 101 responses relating to various aspects of the

students' personality traits, social background, and educational experiences. In total, the

sample consists of students from 12 schools. The schools were selected in order to fully

cover two prototypical commuting areas for the school type Gymnasium in the federal

state of Saxony-Anhalt. The �rst survey area comprises all ten such schools in the city

of Magdeburg (the state capital). Magdeburg (pop. 230,000) is located near the center of

Saxony-Anhalt and is an exemplary urban area (there is only one further urban area of

this size in the federal state). The two other schools are the only Gymnasia in the county

of Halberstadt. Regarding its size (pop. 41,000), Halberstadt properly represents typical

county town areas in the whole federal state. All 12 schools are public schools that can

be attended without any tuition fees. Although each school is a primary sampling unit,

the contact to the respondents was not established via the school administration of the

federal state. As there is no central register providing the addresses of students, other

sources had to be drawn on. Two main channels were used: �rstly, address information

from published yearbooks of the schools (with approval of the o�cial authorities) were

used. Secondly, the principals of the schools were contacted and asked for their support.

Some of the schools agreed to dispense the questionnaires via the principal's o�ce using

their own registry, while others had to be dispatched by mail.

From a total of 1,628 graduates in all 12 schools, 164 were not contactable. 1,464 ques-

tionnaires were successfully delivered, of which 805 were completed and returned. The

response rates are the same for students from Magdeburg and Halberstadt. More gener-

ally, the lowest response rate only deviates from the highest one by some four percentage

points. The number of returned questionnaires is almost equally split between 12 and

13-year students. At the time of the survey, a total of 81 respondents had already spent

a year abroad. These observations are discarded from the sample due to the resulting

age di�erence. The �nal sample size used for the analysis amounts to 724 observations.

According to the Federal Statistical O�ce, the number of observations corresponds to

about 5% of the 2007 population of graduates in the state of Saxony-Anhalt. The ra-

tio of female graduates in the sample is slightly higher than in that population (63% as

opposed to 59%).
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8.4.2 Measures of Personality Traits

The set of personality measures employed in the empirical analysis comprises three in-

ventories (see Appendix D). The �rst is a short version of the Big Five Inventory (see

Dehne and Schupp, 2007). It incorporates the factors Openness to Experience, Consci-

entiousness, Extraversion, Agreeableness, and Neuroticism. Conscientiousness describes

the degree to which a person is willing to comply with conventional rules, norms, and

standards. Extraversion refers to the individual's need for attention and social interac-

tion, warmth, and gregariousness. Openness to Experience is related to an individual's

need for intellectual stimulation, change, and variety. Agreeableness broadly re�ects the

degree to which a person needs pleasant and harmonious relations with others. The �nal

dimension, Neuroticism, describes the degree to which a person experiences the world as

threatening and as something beyond their control. It covers a range of factors, such as

anxiety, depression, self-consciousness, and su�ering from stress. Two further measures

that are more narrowly related to �real world� tasks are Locus of Control and Self-Control.

Locus of Control is based on Rotter (1966) and assesses an individual's attitude to how

self-directed (internal) or how coincidental achievements in his or her life are. As opposed

to concepts from motivational research (such as Self-E�cacy), Locus of Control does not

capture the beliefs as to how successful one could be in governing one's fate. Here, a

10-item version of the original Rotter scale is used. Moreover, the Self-Control scale by

Tangney et al. (2004) is applied. Self-Control refers to the capability of adapting to one's

environment by controlling thoughts, emotions, impulses, and performance.

8.4.3 Descriptive Statistics

Pre-reform characteristics are a major indicator of whether 12 and 13-year students di�er

in respects other than graduation time, as these characteristics are likely to have once

been pivotal to individual trait formation. The related empirical literature indicates that

family background and the accompanying parental investments are important ingredients

of the formation process of cognitive skills and personality traits. Home items, such

as the availability of newspapers or the number of books, predict the developments of

cognitive skills as well as personality formation (see Todd and Wolpin, 2006, Cunha et

al., 2010). Similarly, participation in cultural activities, such as theater visits, is a major

indicator for parental investments into the development of personality traits (see Cunha

and Heckman, 2008). The data provide three related indicators, namely �number of

books� (measured by ordinal dummies), whether the parents possess artifacts at home

(dummy), and the availability of an internet connection (dummy). A comparable item

is the �own TV� dummy. The respective numbers indicate that the parental households
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are well endowed with such items and do not di�er between graduation cohorts. Besides

resource items, Table 8.1 reports some general background variables which characterize

the individual's situation over the entire period of schooling. Mathematics and German

grades at grade 7 were simply averaged in order to obtain a very general indicator of

previous skill endowment.

Table 8.1: Means of Background Characteristics by Gender for Treatment and Con-
trol Group

Male Female

Gr. 13 Gr. 12 p-valueaGr. 13 Gr. 12 p-valuea

Schooltime family background

Age at enrollment 6.227 6.223 0.951 6.189 6.115 0.050

No. of siblings 0.922 1.014 0.402 0.940 0.904 0.649

Mother's age at birth 25.429 25.927 0.290 25.616 26.055 0.316

Mother unemployed < 1 year (D) 0.141 0.201 0.190 0.127 0.124 0.944

Father unemployed < 1 year (D) 0.129 0.081 0.205 0.136 0.086 0.096

Gr. 7 Math/German avrg.b 2.291 2.219 0.324 2.172 2.157 0.763

No. of moves 1.656 1.604 0.771 1.638 1.627 0.939

Family disruption (D)c 0.307 0.194 0.033 0.322 0.250 0.091

Mother religious (D) 0.203 0.209 0.912 0.133 0.168 0.296

Father religious (D) 0.195 0.194 0.983 0.129 0.123 0.847

Mother leading position (D) 0.270 0.206 0.225 0.231 0.207 0.541

Father leading postiton (D) 0.309 0.348 0.504 0.350 0.338 0.802

Preschool background

Mother unemp. preschl. age (D) 0.031 0.079 0.090 0.074 0.060 0.547

Father unemp. preschl. age (D) 0.016 0.015 0.926 0.031 0.024 0.660

Day nursery (D) 0.828 0.805 0.624 0.863 0.877 0.658

Home resources during schooltime

Own TV (D) 0.703 0.734 0.579 0.760 0.691 0.101

Internet access (D) 0.922 0.906 0.656 0.918 0.886 0.250

Artifacts at home (D) 0.109 0.165 0.186 0.150 0.182 0.367

50-250 books (D)d 0.378 0.423 0.349 0.393

250+ books (D) 0.496 0.460 0.913 0.496 0.507 0.276

N 128 139 233 220

Dummy variables are indicated by (D).
a p-value from t-test on equality of means. For the book dummies the p-values refer to the χ2-test on
the complete contingency table.
b Mean of both grades. The best grade is 1.0 (very good), the worst is 6.0 (fail).
c At least one parent lives outside the household for longer than one year.
d Group 0-50 books is the baseline category.
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8.5 Methodological Considerations

8.5.1 Further Identi�cation Issues

Given the discussion thus far, it seems straightforward to assume the policy change to

represent a substantial change in some of the model entities discussed in Section 8.3.

Given the potential mechanisms involved in the framework, distinct identi�cation of the

imposed pathways is infeasible, as only cross-sectional data for the graduates are observed.

Moreover, even with panel data for the entire time span available, it should be noted

that most entities of the hypothetical model outlined in Section 8.3 are not or at best

imperfectly observed. As a consequence of the natural experiment assumption, I use a

treatment evaluation approach that imposes far fewer assumptions than an evaluation of

the hypothetical model would require. This comes, however, at the cost of not being able

to disentangle all �structural� parameters addressed in Section 8.3. Moreover, implied

by the special nature of the outcomes, some additional threats to the randomization

assumption have to be addressed in the following (see Heckman and Vytlacil, 2006).

Referring to the points in time declared in Section 8.3, one only observes individuals of

both cohorts approximately two years after graduation. Consider θp to be a speci�c scalar

personality trait. Conditional on a vector of observables xi, the individual change in the

outcome induced by the reform amounts to ∆ip = θ1
ip− θ0

ip, where θ
1
ip = x′iβip + ∆ip +u1

ip

and θ0
ip = x′iβip + u0

ip are the stocks of personality trait p in counterfactual states. The

di�erences in potential outcomes can be expected to depend on mechanisms (i) to (vi),

i.e. ∆ip = ∆
(i)
ip + ∆

(ii)
ip + ∆

(iii)
ip + ∆

(iv)
ip + ∆

(v)
ip + ∆

(vi)
ip , where even the respective signs are

unknown.

Following common representation from the treatment literature, the observed outcome

of an individual is

θip = θ0
ip + (θ1

ip − θ0
ip) ·D,

�� ��8.4

depending on the hypothetical state D in which the individual is observed. The aim is

to model switchings in D in a fashion such that concurrent changes in the unobserved

part of the potential outcome in equation (8.4) are precluded. D is then said to be �xed

at that state, i.e., is allowed to vary freely without systematic co-movements in other

parts of the relation (see Heckman and Pinto, 2013b).3 What impedes this assumption

for now is the fact that one does not observe θ0
ip and θ1

ip, but two imperfect measures

3 The idea of �xing an element in a system stems from the literature on causal inference (see Pearl,
2009). Heckman and Vytlacil (2006) were the �rst to associate this notion to matters of program
evaluation.
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T 0
ip = θ0

ip− ζ0
ip and T

1
ip = θ1

ip− ζ1
ip that are subject to measurement errors ζ0

ip and ζ
1
ip. This

is the measurement model of classical test theory (see Lord and Novick, 1968) discussed

in Chapter 3. It is the most simpli�ed representation of a measurement error model, but

is su�cient to illustrate the potentially resulting problems here. In fact, the following

results extend to the case of Tip not being an observed test score, but any erroneous factor

score of the true latent trait. Using Tip when the outcome of interest is θip, the (sample)

average e�ect of the reform on the treated outcome E(∆ip) = E
(
θ1
ip − θ0

ip|D,x
)
would

be the conditional expectation

E (θip|D,x) = µ(x) + E(∆ip)D + E(ζ0
ip) +

[
E(ζ1

ip)− E(ζ0
ip)
]
D.

�� ��8.5

For E(∆ip) to be identi�ed, one requires Rosenbaum and Rubin's (1983) strong ignora-

bility assumption to hold. On the one hand, it means that there is su�cient overlap in

the covariates between both groups and that the functional µ(x) is the same for treated

and non-treated. On the other hand, it means that conditional on x, participation in the

reform is independent of heterogeneity in individual gains, and also independent of di�er-

ences in the non-treated or unexplained parts of the potential outcomes. Though neither

assumption is directly testable, they are highly promoted by the quasi-experiment out-

lined in Section 8.2 and by the results presented in Table 8.1. As to that, non-observable

selection on gains and on non-treated outcomes are not likely to be an issue in the un-

derlying setting.

The measurement error term in equation (8.5) of course is not a selection mechanism

in that individuals consciously act on it. Technically, however, it can have the same

confounding impact as a selection on non-treated outcomes, namely whenever E(ζip)

di�ers for the treatment and control group. If E(ζip) 6= 0 but is equal for D = 0 and

D = 1 it would increase the error variance by V ar(ζ0
ip) and thereby decrease the precision

of the estimates (see, e.g., Wansbeek and Meijer, 2000). The resulting problems can be

resolved by the methods discussed in Chapter 5.

Under the assumption that measurement error is properly accounted for, the average

e�ect of the reform E(∆ip) is assumed to be identi�ed for the complete target population

of graduates from higher secondary schools in Saxony-Anhalt. Given some additional

smoothness conditions for the unconditional distributions of θ1
p and θ

0
p, treatment e�ects

∆τp at arbitrary unconditional quantiles τ ∈ [0, 1] of the distribution of θ0
p are also

generally identi�ed (see Firpo, 2007).
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8.5.2 Building Unidimensional Measurement Aggregates

The �rst necessity for identi�cation given imperfectly measured personality traits is uni-

dimensionality, as scalar outcomes are required for the framework in equation (8.5). Since

the personality traits under study comprise three to ten items that are stated on 7-point

Likert scales, relying on unweighted raw scores or arbitrary selections from all avail-

able items does not necessarily lead to unidimensional outcomes. To �nd the best item

combinations in terms of dimensionality, I apply the exploratory approach introduced

in Chapter 5. For each individual, p = 7 measurement vectors Tip are obtained, where

each refers to a speci�c group of items that represent one particular personality trait θip.

However, there may potentially be more than one personality trait θi underlying Tip.

The Principal Factor Analysis with iterated communalities uses the �tted factor loadings

to determine communalities of the correlation matrix and updates the communalities at

every iteration until they converge (see, e.g., Rencher, 2004). Sometimes an iterative

approach leads to corner solutions. I discard these so-called Heywood cases (see, e.g.,

Thompson, 2004) and use the respective second-best combinations instead. Following

Costello and Osborne (2005), the next step is to check the factor loadings of the single

items for a �clean� factor structure, i.e., for high common variances with high correspond-

ing loadings. The factor loadings as well as the Eigenvalues and the shares of common

variances for the respective item combinations are presented in Table 8.2.

Since the scarce empirical �ndings about the formation process of personality traits are

based on samples that are homogeneous with respect to gender (see Cunha et al., 2010)

and since there is evidence that program e�ects in childhood di�er according to gender

(see Heckman et al., 2013), a pooled and a gender-speci�c version are examined. A high

proportion of variance explained by one common factor in Table 8.2 indicates that the

corresponding item combination is likely to be unidimensional. For Locus of Control,

the common share of variance for the principal factor falls short of 90% only for the

male sample. The same holds true for Big Five Agreeableness in the female and the

pooled sample. The di�erences across samples suggest that a gender-speci�c extraction

is preferable. The factor structures for the �rst two rotated factors are shown in the lower

panel of Table 8.2. Costello and Osborne's (2005) rule of thumb states that loadings on

the principle factors should be above .30 and that there should be no substantial cross-

loadings on subordinate factors. This holds for almost all cases. As with the common

variances, only Big Five Agreeableness shows some sign of cross-loading on the minor

factor. Performing Horn's Parallel Analysis (see Horn, 1965) indicates that a �ve-factor

structure for the Big Five inventory is nonetheless appropriate. There is a co-movement

of the Eigenvalues of the matrix of actual test scores and a random matrix of the same
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Table 8.2: Iterated Principle Factor Analysis

Common Variance

(male) (female) (pooled)

Eigenvalue Proportion Eigenvalue Proportion Eigenvalue Proportion

Locus of Control 0.980 0.879 1.567 0.902 1.185 0.912

Self-Control 1.612 0.939 1.644 0.912 1.630 0.910

Openness to Experience 1.225 0.994 1.162 0.982 1.186 0.989

Conscientiousness 1.293 0.990 1.302 0.984 1.333 0.985

Extraversion 1.816 0.990 2.163 0.997 2.022 0.995

Agreeableness 0.992 0.911 1.173 0.870 1.114 0.880

Neuroticism 1.096 0.953 1.034 0.986 1.249 0.983

Factor Structure

(male) (female) (pooled)

Factor 1 Factor 2 Factor 1 Factor 2 Factor 1 Factor 2

Locus of Control:

Item 1 0.658 0.062 0.422 -0.154 0.682 -0.062

Item 2 0.389 -0.119 0.479 0.003 0.475 0.136

Item 3 0.372 0.062 0.389 0.131 0.339 0.106

Item 4 0.433 -0.151 0.686 0.094 0.655 -0.117

Item 5 0.364 0.181 0.732 -0.124 0.079 0.069

Self-Control:

Item 1 0.448 0.187 0.442 0.133 0.417 0.237

Item 2 0.479 -0.166 0.589 -0.075 0.538 -0.021

Item 3 0.647 0.069 0.551 -0.181 0.608 -0.216

Item 4 0.609 0.042 0.496 0.190 0.513 0.183

Item 5 0.624 -0.119 0.741 -0.071 0.728 -0.069

Openness to Experience:

Item 1 0.666 -0.036 0.593 -0.100 0.618 -0.081

Item 2 0.570 0.071 0.574 0.105 0.573 0.092

Item 3 0.675 -0.023 0.692 -0.001 0.688 -0.003

Conscientiousness:

Item 1 0.723 -0.027 0.757 -0.005 0.754 -0.010

Item 2 0.713 -0.046 0.728 -0.072 0.723 -0.070

Item 3 0.512 0.103 0.444 0.127 0.490 0.121

Extraversion:

Item 1 0.822 -0.079 0.900 -0.029 0.867 -0.051

Item 2 0.864 -0.007 0.900 -0.029 0.886 -0.017

Item 3 0.625 0.114 0.735 0.072 0.694 0.086

Agreeableness:

Item 1 0.642 -0.167 0.600 -0.269 0.622 -0.237

Item 2 0.348 0.154 0.412 0.218 0.354 0.205

Item 3 0.719 0.061 0.801 0.038 0.775 0.051

Neuroticism:

Item 1 0.489 0.174 0.631 -0.057 0.615 -0.090

Item 2 0.715 0.006 0.653 -0.018 0.687 -0.003

Item 3 0.585 -0.153 0.456 0.105 0.545 0.106

Presented are the principal common factors for the item combination that provides the best picture
in terms of unidimensionality.
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rank that vanishes from the �fth factor onwards (see Figure 8.1). Finally, I check the

plausibility of the extracted factors as related to what the initial item inventories intend

to measure. Figure 8.2 shows the correlation matrix for Quartimin rotated factors. As

the Big Five factors can be thought of as representing all dimensions of personality on the

highest achievable level of abstraction, they should be rather orthogonal. This even holds

for the employed three-item versions, however, with a minor exception for Openness and

Extraversion. By construction (see, e.g., Almlund et al., 2011), Self-Control is related to

Big Five Conscientiousness, and (External) Locus of Control (negatively) to Neuroticism.

These patterns known from the literature are retained by the used item selection. In

addition, there are moderate correlations between Locus of Control and Extraversion, and

Locus of Control and Self-Control. It is important to note that for the unconfoundedness

assumption in equation (8.5) to hold, it is merely required that the way one latent trait is

interrelated to another to be independent of D.4 However, there seems to be no rationale

for such a dependence. Orthogonality of outcomes therefore is not necessary per se.
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Figure 8.1: Horn's Parallel Analysis (displayed for pooled sample).

4 Recall that this again is a mechanism that is technically equivalent to selection on non-treated
outcomes discussed above.
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Figure 8.2: Factor Correlation Matrix (after Oblique Quartimin Rotation)

8.5.3 Estimating Latent Personality Traits

Given the unidimensionality of the factors, the next step is to estimate the latent traits for

each individual. For this purpose I use the semiparametric item response model of Spady

(2007) that was broadly discussed in Chapter 5. It is implemented by gender, since, apart

from the fact that programs may di�erently a�ect traits, there is considerable evidence

that measurement systems for personality traits also di�er for males and females (see

Heckman et al., 2006).

8.5.4 Identifying Treatment E�ects under Measurement Variance

Having addressed the estimation approach for obtaining the factor scores of the p person-

ality traits, one remaining issue has to be clari�ed. The identi�cation of the treatment

e�ects according to equation (8.5) depends on the assumption that treatment solely af-

fects the latent traits, not the parameters of the measurement system used to identify

them. If this were the case, the factor scores estimated by the item response framework

would be a compound of true parameters for the treatment group and true parameters

for the control group. To make this more explicit, consider the case where the impact

of D = 1 on the parameters of the item system implies a true latent score for the treat-

ment group θ̃1 that lies above the estimated one. Correspondingly, the true scores for

the control group θ̃0 would be below those estimated. In this case, one would underesti-

mate the true treatment e�ect, as the �nal term in equation (8.5) would not add up for
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the treatment and control group, except for the case of equal error components in both

groups.

The item response model explicitly accounts for each categorial threshold. In order to

test for measurement invariance between the treatment and control group, I use a linear

expansion around the middle axis of all response curves. This simpli�cation is necessary,

as the polynomial coe�cients have no meaningful interpretation in terms of testing for

group invariance of the locations and scales of the response curves.5 A linearization of

categorial responses has previously been undertaken in comparable evaluation settings

(see Heckman et al., 2013) and can be thought of as a trait-speci�c factor model with an

intercept. Hence,

Tp = αp + λpθp + νp.
�� ��8.6

Instead of multiple threshold curves, the relationship for each item involves one overall

intercept αpj determining the location, and one item-speci�c slope parameter λpj that

sets the scale (see Forero and Maydeu-Olivares, 2009, for a discussion with respect to

parametric Item Response Models). The approach used here to test for measurement

invariance treats the presumably identical item sets for the treatment and control group as

if they actually di�er. If personality trait p is measured by J items, one therefore obtains

an overall system of 2J equations staggered in Tp. The vector of intercepts αp, the factor

loadings λp, and the vector of unique factors νp are of the same length. Furthermore,

Cov(νj, νl) = 0 for all j 6= l. Given the information contained in the �rst two moments,

there are 2J2 + 3J moment structures to identify 6J + 2 free parameters, i.e. one needs a

minimum of two items per personality trait in order to identify all relevant parameters.

Even then, there still is an indeterminacy in the factor model in equation (8.6), since

adding arbitrary scalar constants c1 and c2 to the model produces the same observed data

structure by the identity λ̃p = λ · 1
c1
⇔ θ̃p = c1 · θp and α̃p = αp − λpc2 ⇔ θ̃p = θp + c2

(see, e.g., Anderson and Rubin, 1956).

To overcome the �rst indeterminacy, I choose to designate some marker item j where

is set to λpj = 1. To resolve the second one, an arbitrary intercept αpj can be �xed

to zero (preferably for the same item λpj = 1 has been applied to). Hence, there are

6J unidenti�ed parameters left. To render the reparameterized model identi�ed (due

to the mean structure, identi�cation follows slightly di�erent notions than in common

factor models), a theorem established by Rothenberg (1971) is applied. It requires the

Jacobian of the vector of all �rst and second moment equations J [m(αp, λp, θp)] to have

full rank for local identi�cation. A su�cient condition for global identi�cation is based

5 This results from the fact that, although being uniquely identi�ed, quite resemblant polynomial �ts
can be achieved by very di�erent combinations of polynomial coe�cients.
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on results from calculus and requires a positive determinant of some (6J) × (6J) sub-

matrix of J [m(αp, λp, θp)] (see Gale and Nikaido, 1965, Rothenberg, 1971). Given the

reparameterization of a marker item, identi�cation is generally established for J ≥ 2.

Recall from Chapter 5 that under normality assumptions for the vector of observable test

scores Tp and the latent variable θp, the covariance matrix of the test scores is Wishart

distributed (see, e.g., Anderson, 2003). The normality assumption for the test scores is

only critical if the distribution cannot be validly summarized by �rst and second moments

(see Bollen, 1989). As noted in Chapter 5 it is the only factor analytic approach leading

to a closed-form likelihood that, for computational convenience, can be reexpressed as a

discrepancy function to be minimized (see Jöreskog, 1967).

Further parameter restrictions are imposed in order to test for model invariance between

the treatment and control group (see, e.g., Meredith, 1993). The �rst set of parameter

restrictions refers to scale invariance, i.e. one has to set the latter j elements of λ to be

equal to the corresponding �rst j elements. The second set of restrictions tests for location

invariance by equating the intercept parameters for both groups. If the parameters of the

measurement system are not a�ected by participation D, imposing parameter restrictions

in the described order is not supposed to change the model �t. Table 8.3 displays the

respective absolute and relative χ2-statistics. The absolute value for the baseline model

has (2J2 + 3J)− 6J degrees of freedom.

Table 8.3: Parameter Restrictions and implied Changes in Model Fit (χ2-Statistics)

Baseline Scale Location

χ2 = 21.666 ∆χ2 = 3.059 ∆χ2 = 2.964

Openness 16.031 (9df) 2.412 (+2df) 1.892 (+2df)

Conscientiousness 15.867 (9df) 3.164 (+2df) 1.786 (+2df)

Extraversion 12.894 (9df) 2.175 (+2df) 2.569 (+2df)

Agreeableness 17.315 (9df) 1.568 (+2df) 2.606 (+2df)

Neuroticism 11.411 (9df) 1.928 (+2df) 1.265 (+2df)

χ2 = 57.342 ∆χ2 = 5.104 ∆χ2 = 5.031

Locus of Control 23.653 (35df) 3.689 (+4df) 3.178 (+4df)

Self Control 35.451(35df) 4.112 (+4df) 1.384 (+4df)

Level of signi�cance: α = 0.01. Baseline is the measurement system with no parameter restriction
except those for just-identi�cation. Scale restricts the factor loadings to be equal for the respective items
in both groups. Location imposes the same restrictions on the intercept parameters.
Increases in degrees of freedom due to the respective restrictions are reported in parentheses. Critical
χ2− values/changes are on top of the respective panels and should not be exceeded for group invariance
to be valid.
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The χ2-values in Table 8.3 refer to (N − 1) times the F -value of the discrepancy function

at the minimum. The absolute χ2-value refers to a model with (unrealistic) perfect �t.

This drawback, however, is irrelevant for the present case, in that only relative changes

in χ2-values with respect to the same baseline model are to be considered. For changes

below the critical one, one fails to reject the null of an unchanged model. Table 8.3

indicates that neither of the imposed restrictions leads to a signi�cant change in model

�t. This provides evidence that the treatment has no overall impact on location and scale

of the response pattern. One can therefore interpret the reform e�ects on the estimated

latent personality scores as the true ones. It should be noted, however, that one cannot

separately test for a potential age e�ect that may distinctly act on the measurement

systems of both cohorts (Section 8.7 provides some indicative evidence against such an

e�ect).

8.5.5 Estimation of the Reform E�ects

Given the factor scores that account for the issues addressed in Section 8.5.1, one can use

conventional regression frameworks to estimate the reform e�ects. As the sample is from

12 di�erent schools, school-speci�c in�uences may play a role. Examples for potential

school-speci�c e�ects include di�erences in the quality of teachers, di�erences in infras-

tructure, or di�erences in the number (and background) of peers. Therefore school-�xed

e�ects are included. To account for the potential gender di�erences already mentioned, I

estimate gender speci�c models as well as a pooled one. The general speci�cation of the

model is given as follows.

θpg = αpg + ∆pgD + s′δpg + x′βpg + εpg,
�� ��8.7

where αpg + s′δpg + x′βpg = µ(x) and g ∈ {male, female, pooled}. Accordingly, s contains

the school dummies, x includes observed pre-treatment characteristics, and θpg is the

standardized personality factor score obtained from equation (5.10) as introduced in

Chapter 5. Finally, p = 1, . . . , 7 indexes the personality dimensions under study and D

is the treatment dummy with ∆pg = ∆
(i)
pg + ∆

(ii)
pg + ∆

(iii)
pg + ∆

(iv)
pg + ∆

(v)
pg + ∆

(vi)
pg being the

parameter of interest.

Based on the general speci�cation in equation (8.7) two estimands are considered: the Av-

erage Treatment E�ect (ATE) and the Unconditional Quantile Treatment E�ect (UQTE).

The former provides information about the average e�ect of the policy change and is eas-

ily obtained by estimating equation (8.7) by OLS. Obtaining additional insights into

potential distributional impacts of the reform is, however, also meaningful. There is

substantial evidence that sign switches of the labor market remuneration for personality
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traits can occur along their distributions (see Heckman et al., 2006, John and Thomsen,

2014, among others). As, for instance, very low and very high expressions of Consci-

entiousness are punished with regard to females' wages (see Heineck and Anger, 2010),

schemes that compress the distribution of such traits at the tails may be more desirable

from a policy perspective than schemes that bene�t the average individual. In order to

account for those e�ects with regard to their desirability, treatment e�ects for di�erent

points of the support of the (personality) factor score density are estimated in addition.

The choice of the estimator that is used for this purpose is motivated by the fact that,

compared to conditional mean regression, there is no equivalent for the law of iterated

expectation for conditional quantiles (see Firpo et al., 2009, for a formal exposition).

Without this property, one cannot infer about the impact of the policy change at the τth

quantile of the unconditional distribution of the pth trait. Conditional and unconditional

quantile e�ects are only equivalent for location shift models (see Doksum, 1974). As

with the average e�ects, however, further covariates x are used to raise the e�ciency of

the estimates. An approach that adapts conditional quantile regression of Koenker and

Basset (1978) in the respective way is due to Firpo (2007). It augments the objective

function for the conditional quantile estimator by an inverse probability weighting factor,

implying

∆̂τ
p = arg min

∑
i

(
Di

p̂(D = 1|xi)
+

1−Di

1− p̂(Di = 1|xi)

)
ρτ (θip − αp −Di∆p),

�� ��8.8

where the sum is over all individuals i of g ∈ {male, female, pooled}. The covariate vector
x only occurs in the probability weights. The propensity score p̂(D = 1|xi) is estimated

by means of a non-parametric local logit approach (see Frölich, 2006).

8.6 Estimation Results

The estimation results for the gender-speci�c average treatment e�ects are provided in

Table 8.4. As standardized factor scores are used in all regressions, the slope parameters

have to be interpreted in terms of standard deviations. All estimates of treatment e�ects

control for four di�erent speci�cations of the background variables presented in Table 8.1.

The model speci�cations vary across estimates presented in Table 8.4 and are based on the

respective AIC values. As the presumption of a natural experiment suggests, the variation

of the e�ect sizes is very low across speci�cations (see Figure 8.3 for male respondents).

Details about the speci�cations of covariates can be found below Table 8.4.
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Table 8.4: Regression Estimates: ATE (Gender Speci�c)

Male Female Pooled (male)

∆p SE Spec. ∆p SE Spec. ∆p ∆p + Int.

Openn. to Exp. 0.086 ** 0.036 2 -0.007 0.006 2 0.004 ** 0.078 **

Conscientiousness 0.038 ** 0.017 2 -0.097 *** 0.032 1 -0.113 ** 0.027 ***

Extraversion -0.032 ** 0.015 1 0.095 *** 0.035 3 0.073 *** -0.055 **

Agreeableness 0.042 0.044 1 0.069 0.132 2 0.039 0.036

Neuroticism -0.185 *** 0.016 1 -0.131 0.083 1 -0.134 *** -0.181 ***

Locus of Control -0.098 *** 0.015 3 -0.066 *** 0.017 2 -0.116 *** - 0.060 **

Self-Control -0.099 ** 0.040 3 0.054 0.045 4 0.114 ** - 0.068 ***

∆p + Int. indicates pooled ∆p plus male treatment interaction. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
1 Spec. 1 (schooltime background): age at enrollment, No. of siblings, mother's age at birth, mother's
unemployment spell (months), father's unemployment spell(months), math/german composite grade (at
gr.7), No. of moves, family disruption (D),m other religious (D), father religious (D), mother leading
position (D), father leading position (D).
2 Spec. 2 (Spec. 1. + preschool): ..., mother unemployed, preschool age (D), father unemployed,
preschool age (D, day nursery (D).
3 Spec. 3 (Spec. 1. + home items): ..., own TV (D), internet access (D), artifacts at home (D), 50-250
books (D), 250+ books (D).
4 Spec. 4: all covariates included.

Figure 8.3: Robustness of e�ect-sizes to covariate-speci�cations (males).

The estimates show that the curricular changes induced by the reform do not a�ect any

of the personality dimensions assessed in a sizable magnitude. Economically, the mean ef-

fects are only moderately signi�cant for the estimated models (between −0.185 and 0.095

standard deviations). In terms of statistical signi�cance, Openness, Conscientiousness,
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Extraversion, Neuroticism, Locus of Control, and Self-Control allow clear inference for

the e�ects in the male sample. Openness increases by 0.086 standard deviations. Con-

scientiousness is moderately improved by 0.038 standard deviations. A small negative

average e�ect of the same magnitude can be observed for Extraversion. Locus of Con-

trol is slightly more a�ected (−0.098 standard deviations), as is Self-Control. The most

salient average e�ect is the 0.185 standard deviation decrease for Neuroticism. In the

case of the female respondents, Conscientiousness, Extraversion, and Locus of Control

are signi�cantly a�ected by the reform. As opposed to the male sample, the e�ect for

Conscientiousness is negative (−0.097), but comparatively moderate. On the other hand,

female Extraversion is increased, but likewise by less than 10% of a standard deviation.

Again, contrary to the e�ects for males, Locus of Control decreases by −0.066 standard

deviations. Comparing the estimates to those obtained from the models using the corre-

sponding raw scores reveals some interesting �ndings. Notwithstanding the persistently

low magnitude of the e�ect sizes after measurement error correction, most of the esti-

mates notably improve due to the procedure (see Figure 8.4) as some of the e�ects sizes

on the raw test scores are quite di�erent (e.g., for female Self-Control). In line with these

spreads, the precision of the estimates in the models with measurement error correction

is increased, and with it the statistical signi�cance. In the case of the raw score, however,

one thus cannot be too sure about the correctness of the e�ect signs (for instance, the

e�ect for female Self-Control can easily become positive given its bounds of signi�cance).

By and large, these �ndings indicate that the issues of precision and consistency addressed

in Section 8.5.1 seem to apply. Another concern may be the relatively small sample size.

With regard to that, I estimate a pooled model with an interaction e�ect for males (see

the right column of Table 8.4). The composite e�ect is the e�ect for male participants

compared to female non-participants. Although some di�erences occur compared to the

gender speci�c models, there are no substantial changes. This indicates that the con-

trol groups do not di�er much. The gains in statistical signi�cance are rather moderate

(except for Self-Control) given the fact that the sample size has more than doubled.

Therefore, the sample size is obviously not an issue in terms of statistical signi�cance. It

still might be one in terms of the power of the tests though. Table 8.5 reports (absolute)

minimum e�ect sizes required to reject a false H0 under a true HA. It shows that most of

the gender-speci�c e�ect sizes are apparently too small under power-consideration. The

decreases in standard errors that are induced by the increased sample size in the pooled

model, however, leads to admissible minimum e�ect sizes. As the inference of the pooled

model is otherwise in line with the gender-speci�c results, however, it is likely that the

test results for the latter ones are credible.
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Table 8.5: Minimum E�ect Sizes (Gender Speci�c)

Male α = 0.01 α = 0.05 α = 0.10

Openness to Experience 0.094 0.071 0.059

Conscientiousness 0.044 0.033 0.028

Extraversion -0.114 - 0.087 - 0.073

Agreeableness 0.039 0.030 0.025

Neuroticism -0.042 - 0.032 - 0.026

Locus of Control -0.039 - 0.030 - 0.025

Self-Control -0.104 - 0.079 - 0.066

Female α = 0.01 α = 0.05 α = 0.10

Openness to Experience -0.016 -0.012 - 0.010

Conscientiousness -0.083 - 0.063 - 0.053

Extraversion 0.091 0.069 0.058

Agreeableness 0.343 0.260 0.218

Neuroticism -0.216 - 0.163 - 0.137

Locus of Control -0.044 - 0.033 - 0.028

Self-Control 0.117 0.089 0.074

Pooled (male interaction) α = 0.01 α = 0.05 α = 0.10

Openness to Experience 0.012 0.009 0.007

Conscientiousness 0.062 0.047 0.040

Extraversion -0.068 -0.052 -0.043

Agreeableness 0.257 0.195 0.163

Neuroticism -0.162 -0.123 -0.103

Locus of Control -0.033 -0.025 -0.021

Self-Control -0.088 -0.066 -0.056

E�ect sizes for two-sided t-tests are computed under the estimated standard errors.

With regard to the potential transmission paths (i) to (vi), there can be several explana-

tions for the empirical �ndings. First and foremost, it is likely that the induced changes in

inputs have been too minor to a�ect personality development in the age span considered

(see Cunha and Heckman, 2006); this interpretation is in line with previous empirical

results that focus on home investments (see, e.g., Cunha et al., 2010). Alternatively,

one can suppose potential cross-compensation of the paths (i) to (vi), i.e. the distinct

e�ects of the increased curricular burden have somehow added up. One may refute this

presumption by checking two additional outcomes in Section 8.7 below.

The unconditional quantile treatment results are presented in Table 8.6. The reported

quantiles for the male and female sample are chosen according to the properties of the

estimator discussed above. Pairs of antithetic quantiles are used as they provide enough

support for consistent coe�cient estimation and for bootstrapping the standard errors.

The estimated magnitudes are in the same range as for the mean. More importantly, there
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Table 8.6: Regression Estimates: UQTE (Gender Speci�c)

Male ∆τ
p

τ = 0.15 τ = 0.40 τ = 0.60 τ = 0.85

Openness to Experience 0.033 0.017 * 0.014 0.013 *

Conscientiousness 0.012 * 0.039 ** 0.042 ** 0.007

Extraversion -0.039 -0.011 * -0.019 * -0.016

Agreeableness 0.031 * 0.056 * 0.009 -0.017

Neuroticism -0.008 -0.029 * -0.084 ** -0.012 *

Locus of Control -0.044 * -0.023 -0.061 * 0.003

Self-Control -0.037 * 0.002 -0.021 ** -0.055

Female ∆τ
p

τ = 0.20 τ = 0.40 τ = 0.60 τ = 0.80

Openness to Experience -0.009 * -0.009 -0.021 ** 0.014

Conscientiousness -0.128 0.089 * -0.131 ** -0.013 *

Extraversion -0.014 -0.061 -0.046 * -0.017 *

Agreeableness 0.051 ** 0.023 * 0.015 -0.007

Neuroticism 0.019 0.097 ** 0.147 ** 0.121 *

Locus of Control -0.025 * -0.093 * -0.077 * -0.011

Self-Control -0.013 0.009 -0.062 * -0.047 *

∗ p < 0.1, ∗∗ p < 0.05
Standard errors bootstrapped for clusters on school level (150 replications).
Speci�cation 3 was used for inverse probability weights: age at enrollment, No. of siblings, mother's age
at birth, mother's unemployment spell (months), father's unemployment spell(months), math/german
composite grade (at gr.7), No. of moves, family disruption (D),m other religious (D), father religious
(D), mother leading position (D), father leading position (D), own TV (D), internet access (D), artifacts
at home (D), 50-250 books (D), 250+ books (D).

Dummy variables are indicated by (D).

is no evidence for a compression at one or both ends of the distribution. Additionally,

the modest e�ects for the upper and lower quantiles are largely insigni�cant.

Summarizing the results, the estimates for the impact of the analyzed educational policy

reform on personality traits di�er from the e�ect on grade achievements. Whereas the

higher learning intensity has negatively a�ected students' academic achievements (see

Büttner and Thomsen, forthcoming), personality apparently remains una�ected. Hence,

schooling at the considered age seems to promote more speci�c forms of human capital.

The consensus that higher academic requirements at school come at the expense of an

impeded personality development cannot be supported. The presented �ndings indicate

that the development of students' personality is not at odds with the increased learning

intensity. As mentioned above, all estimates refer to standard deviations of the latent

factor scores, which is a somewhat arti�cial metric when it comes to pinning down the

results. Taking the entire support of the factor score distributions as a benchmark (see
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Figure 8.5) reveals that even 19% of one standard deviation (for male Neuroticism) is

still a minor e�ect size. For early childhood interventions (see Heckman et al., 2013),

the e�ect sizes for some of the personality traits under investigation amount to almost

thrice that magnitude. To give another benchmark, I use wage regression estimates for a

representative German working age population that are provided in the study by Heineck

and Anger (2010). Apart from Self-Control, they consider the same personality traits that

are assessed here. Given their estimates, the male e�ect size for Locus of Control, which

is one of the more highly rewarded personality traits in the labor market, would decrease

the average hourly earnings for a German male in working age by 0.7%. For females,

earnings would be lowered by 0.5%. The stronger e�ects for Neuroticism would hardly

transmit into hourly wages, since the wage gradient for this trait is almost zero in the

labor market. This shows that the e�ect sizes induced by the reform are also minor in

terms of later achievements.
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Figure 8.4: Variation of e�ect-sizes due to measurement error correction (dark-grey
columns are error-corrected). Statistically signi�cant e�ects are bold-framed. Upper and
lower signi�cance bounds are indicated by + and −.
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Figure 8.5: Kernel smoothed (Epanechnikov) latent factor scores (100 grid points) for
male and female students
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8.7 Robustness of the Results

Although the most likely explanation for the small e�ect sizes observed from the data is

that none of the six pathways suggested in Section 8.3 were still active for the students

in their late adolescence, a mixing of the potential pathways to a total of zero should be

ruled out wherever possible. Recall that one of these potential in�uences could have been

∆
(vi)
pg , as students di�er in age by a full year on average. To check for a net age e�ect

in factor scores (tests with raw scores provided comparable �ndings), I estimate separate

models within both cohorts (as treatment and age are almost perfectly collinear and the

resulting estimates are very imprecise). As before, the models are de�ned separately

for each gender, that is, four subsamples are used: females/D = 1, females/D = 0,

males/D = 1 and males/D = 0. These subsamples are con�ned to students born in the

�rst three months and in the last three months of the respective age spans. Relying on

quarter years is sensible in order to obtain su�ciently high numbers of observations and

clusters. I then regress all personality scores on the baseline speci�cation and include

an additional dummy variable taking the value one if the student was born during the

�rst three months and zero if the student was born during the last three months of the

stretch. The corresponding e�ects are presented in Table 8.7.

Table 8.7: Age E�ects

(male) (female) (pooled)

D = 0 D = 1 D = 0 D = 1 D = 0 D = 1

Openness to Experience 0.009* 0.011* 0.017 0.006** 0.003* -0.002**

Conscientiousness -0.001* -0.003* 0.004 -0.013 0.005** 0.007*

Extraversion 0.034 0.018* 0.002* -0.017 0.006* -0.000

Agreeableness -0.002 -0.007 0.061* 0.072** 0.007** -0.009*

Neuroticism -0.011* 0.014 0.017* -0.004 -0.003 0.014***

Locus of Control 0.003** -0.006* -0.019 -0.007** 0.001* -0.005**

Self-Control -0.015* 0.021* -0.001 0.013 0.008** 0.002**

N=63 N=60 N=95 N=97 N=160 N=155

D = 1: 12 year graduates; D = 0: 13 year graduates. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

The estimates show no clear-cut pattern for pure age e�ects. Most of the coe�cients

are weakly signi�cant and additionally weak in magnitude. This picture is likely to

result from the relatively low number of observations in the subsamples. In order to

weaken this problem I also estimate a pooled version, which increases the signi�cance

of parameters and leads to a similar picture. Though not jointly estimable with the

outcome equation (8.5), these �ndings suggest ruling out major age e�ects between the
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two cohorts. In order to test for potential added-up e�ects in the remaining pathways

(i) to (v), one has to rely on two indicators obtained from the questionnaire, as it is

not possible to directly observe the relevant entities. These indicators comprise leisure

information and perceived curricular workload. Due to the simultaneity concerns with

the main outcome variables, separate models with the available indicators as a dependent

variable are estimated. The leisure variable is constructed using information on the

weekly mandatory curriculum and statements regarding additional elective courses and

hours spent on tasks such as homework, learning, chores, taking care of siblings etc.

The respective results are presented in Table 8.8. Neither for males nor for females a

signi�cant and conclusive e�ect of the dummy on disposable leisure in hours per week can

be found. The conclusion therefore rather reads that there has been no relevant trade-o�

between leisure and schooling investments that may veil the impact of the policy change.

Moreover, no signi�cant cohort di�erences can be found for two further questionnaire

items that indicate the perceived scholastic workload in the �nal year of schooling (results

not presented).

Table 8.8: Regression of leisure (hours per week) on speci�cations 1 to 4

(male) (female)

Speci�cation 1 2.482 -0.053

(1.764) (1.336)

Speci�cation 2 2.014 0.075

(1.732) (1.356)

Speci�cation 3 2.341 0.177

(1.835) (1.329)

Speci�cation 4 1.922 0.263

(1.798) (1.349)

∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01 (Standard errors in parentheses)
Spec. 1 (schooltime background): age at enrollment, No. of siblings, mother's age at birth,
mother's unemployment spell (months), father's unemployment spell(months), math/german
composite grade (at gr.7), No. of moves, family disruption (D),m other religious (D), father
religious (D), mother leading position (D), father leading position (D).
Spec. 2 (Spec. 1. + preschool): ..., mother unemployed, preschool age (D), father unemployed,
preschool age (D, day nursery (D).
Spec. 3 (Spec. 1. + home items): ..., own TV (D), internet access (D), artifacts at home (D),
50-250 books (D), 250+ books (D).
Spec. 4: all covariates included.

Given this admittedly indicative evidence, it seams reasonable to presume that no path-

ways related to individual e�ort (ii) and (iii) could have a�ected the outcomes. If there

still has been a mixed impact not observable from the data, it has likely arisen from

various combinations of, ∆
(i)
pg , ∆

(iv)
pg and ∆

(v)
pg . Findings from a study analyzing tertiary
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education decisions for students from the same cohort suggest slight e�ects of the re-

form for female students (see Meyer and Thomsen, 2013). They are more likely to delay

university entrance for the purpose of prior vocational education. This kind of behavior

is what is addressed by means of pathway (v). Whether this decision-based change has

been strong enough to (perhaps later) produce a feedback e�ect on personality formation

cannot be observed from the data, but is at least questionable. As such, the remaining

pathways that may have added up refer to external environmental changes (i) and infor-

mation sets (iv). However, since the picture is very homogeneous for all outcomes, one

may consider this eventuality to be unrealistic.

8.8 External Validity

Since primary data is used for the investigation, it seems expedient to provide some

evidence for representativity of the sample in order to promote the external validity of the

estimates. For this purpose, the information provided by the German Socio-Economic

Panel Study (GSOEP, see Wagner et al., 2007) can be used. More precisely, as an

approximation for the target population the comparison draws on the cohort of 18 to 24-

year-old GSOEP participants, who are currently attending a Gymnasium or have already

graduated from one. In order to obtain a su�ciently large sample for comparison, one

has to pool the waves 2000 to 2008. Table 8.9 provides mean and frequency comparisons

for parental and leisure characteristics.

The di�erences in most of the displayed benchmark values are largely minor in magni-

tude. The only notable exception is the gap in the employment status of the respondents'

mothers. At a 10% signi�cance level, the null of mean equivalence between samples for

the sociodemographic variables, the educational degree of mothers, professional quali�ca-

tion of both, and occupational status of mothers is rejected. In interpreting these results,

however, one should bear in mind that the underlying variance estimates are likely to be

inconsistent for their respective population counterparts, mainly due to the very complex

survey design of the GSOEP and accompanying panel attrition. Moreover, despite some

statistically signi�cant di�erences, all compared variables point to small di�erences in

magnitude only. One may therefore co the sample as being representative for the respec-

tive German students overall. With respect to the external validity of the results, some

further points remain to be discussed.
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Table 8.9: Means of Selected Characteristics from Own Sample Compared to Means
from selected GSOEP subsamples

Student GSOEP Data

Survey Germany p-valuea

Sociodemographic variables N=722 N=2994

Age 20.70 22.07 0.00

Country of birthc 0.98 0.97 0.02

Number of siblingsd 0.94 1.13 0.00

Educational degree (father) N=685 N=2691

Dropout 0.00 0.00

Secondary school degree 0.58 0.60

Higher secondary school degree 0.42 0.39 0.24

Educational degree (mother) N=713 N=2715

Dropout 0.00 0.00

Secondary school degree 0.62 0.69

Higher secondary school degree 0.38 0.30 0.00

Professional quali�cation (father) N=693 N=2874

No occupational training 0.00 0.02

Apprenticeship training 0.58 0.55

University / university of applied sciences 0.41 0.42 0.01

Professional quali�cation (mother) N=716 N=2885

No occupational training 0.01 0.06

Apprenticeship training 0.55 0.61

University / university of applied sciences 0.44 0.33 0.00

Occupational status (father) N=682 N=2858

Not employed 0.07 0.07

Blue-/white-collar worker, civil servant 0.77 0.77

Self-employed 0.15 0.16 0.69

Occupational status (mother) N=709 N=1744

Not employed 0.08 0.15

Blue-/white-collar worker, civil servant 0.84 0.74

Self-employed 0.08 0.11 0.00

Occupational position of parentse N=695 N=2999

Leading position of father 0.34 0.33 0.54

Leading position of mother 0.23 0.13 0.00

Number of books at home N=719 N=690

0 to 100 0.28 0.34

101 to 500 0.47 0.48

More than 500 0.25 0.18 0.00

Leisure activities during childhoode N=723 N=1030

Sport 0.76 0.73 0.24

Music 0.51 0.54 0.17

a p-value from t-test on equality of means; for categorial variables: p-value from χ2-test.
b Dummy variable: 0 (foreign countries), 1 (Germany)
c Number of observations: 1019 (Germany), 368 (East Germany)
d Dummy variable: 0 (no), 1 (yes)
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The e�ects of the reform on students' personality traits may have varied with previ-

ous levels of learning intensity. Since the intensity in the university preparatory track

(Gymnasium) prior to the reform had already been relatively high, a remission in other

personality-shaping activities in leisure is more unlikely than in lower-tier tracks. For

those, however, it is more apt to assume that other mechanisms could have operated.

On the other hand, the role personality traits potentially play regarding track choices

may have produced a selected sample in terms of trait endowments prior to the reform.

In this case, the picture for lower-tier secondary schooling tracks could have been dif-

ferent as well. Likewise, the increase in learning intensity has only a�ected the end of

schooling time. Given the nature of personality formation discussed in Section 8.3, an

implementation of the same changes in earlier grades may have induced di�erent e�ects.

8.9 Discussion

The empirical analysis conducted in this chapter is a �rst step towards evaluating the

e�ects of a substantial educational reform in late adolescence on students' personality

traits. The loss of an entire school year without a compensating reduction in the gradu-

ation requirements has reduced the time available for instruction, homework, and leisure

activities. As Büttner and Thomsen (forthcoming) point out, the lack of compensation

has resulted in signi�cant negative e�ects of the policy change on grade achievements in

mathematics. In contrast to their �ndings, the empirical results at hand cannot discover

any signi�cant e�ects of an increased learning intensity on the personality dimensions

under investigation. Referring to the personality formation literature, the most salient

explanation for these �ndings is that personality was fairly set at the age of higher sec-

ondary schooling, and (scholastic) environmental changes did not have the same impacts

as those known from the literature for earlier periods of life. Moreover, the change in

curricular intensity may have been too minor in magnitude to play a pivotal role for per-

sonality development in the present case. Besides this most likely interpretation, it is also

possible that various partial e�ects have added up to a total of zero. However, neither a

systematic age e�ect nor clear-cut indications for an adding-up of curricular and leisure

e�ects can be found. Therefore, gains in knowledge, exogenous environmental e�ects,

and self-determined environmental e�ects remain as a possible explanation for such a

�hidden� impact. An implicit argument against this possibility is that the picture for the

assessed personality dimensions would probably be less unequivocal, as the considered

age period is not supposed to have a�ected all personality dimensions in the same way

and magnitude. The analysis of the background characteristics reveals that both cohorts
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are, on average, equally endowed with relevant inputs prior to the reform. Therefore,

the consensus view that higher academic requirements at school come at the expense of

personality development cannot be supported. Despite the relevance for academic dis-

cussions, this result is also of political importance. Protests in the German federal states

which have recently implemented the reform are aiming for its reversal. One of the main

arguments involved is that an abbreviated school time impedes the development of the

students' personality. The results show that this claim is arguably not justi�ed: there

is no evidence that the education reform itself signi�cantly a�ects students' personality

traits.
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9
Application II: Stability of Control

Related Traits in Working Age*

Along the arguments on the general malleability of personality traits that were introduced

in Chapter 7, the empirical investigation of the last chapter has established some consen-

sus view on the stability of various traits in late adolescence, at least with respect to the

quite speci�c setting considered there. The following chapter shifts the focus towards an

even later stage of the life course, namely individuals in working age. More speci�cally,

it investigates whether control-related attitudes a�ect the probability of getting trapped

in poverty, and whether the reverse association from poverty to control-related attitudes

is also detectable. The latter association would coincide with an instability of control re-

lated traits induced by poverty experiences. To hypothesize this point, one has to consider

that individual poverty is highly state-dependent, such that the poor are often literally

�trapped�. As the underlying process is a black box in large parts, it is di�cult to unveil

the true mediation paths. Those may range from imposed budget or time constraints to

physical and psychological reactions. Regarding the latter, a consensus view across the

results discussed throughout the previous chapters suggests control-related attitudes to

be one such mediator. Though the �ndings presented thus far indicate that personality

traits generally stabilize towards adulthood, it has also been shown that they remain

susceptible to environmental in�uences to a certain degree. This may particularly hold

for more vigorous changes in life circumstances, like poverty experiences.

9.1 Motivation

Developed countries are typically beyond the appropriate scope of poverty de�nitions that

relate to levels of physical subsistence or nutrition (see Lambert, 2001). Instead, purely

income-based concepts, where people are presumed to be poor whenever their income falls

short relative to certain reference regions of the income distribution, are preferable in such

* The results presented in this chapter build on Thiel and Thomsen (2015).
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cases.1 Albeit a large literature deals with the cross-sectional aggregation and comparison

of this conception of poverty (see, e.g., Zheng, 1997), only few studies assess the important

dynamic implications of poverty experiences on the individual level.2 Among the few

ones, intertemporal associations that give rise to individual poverty paths are implicitly

modeled as state or duration dependence. To clarify more on the relevant aspects, the

study at hand examines potential interrelations between poverty paths and the dynamics

of other potentially involved determinants. These may include typical choice variables

that relate to the individual level as well as to the household level, but also entities that

capture the individuals' psychological conditions. Regarding the former, it is assumed

that decision variables like childbearing and household formation, as well as employment

are likely to interact with poverty in that way. With respect to the latter, I suppose

perceived control to represent a major dimension of the psychological conditions in such

an income-based setup. Using longitudinal data from the German Socio-Economic Panel

(GSOEP) a dynamic structural model that relaxes strict exogeneity assumptions between

the model components is considered. I examine whether control perception has some

direct impact on the development of poverty in terms of di�erent income-based metrics,

as well as some indirect e�ects via other entities involved. Conversely, I also account

for a feedback of previous poverty experiences on control attitudes and on the mediating

variables. From a methodological point of view, these relaxed exogeneity assumptions

follow Wooldridge (2000).

Obtaining a deeper understanding of causal dependencies for individual poverty seems

worthwhile for a number of reasons. The main line of argumentation invoked in most

debates on poverty builds on the use of occasionally imprecise indicators and often pre-

mature inference based on them. This point is best exempli�ed by annual aggregates

of headcount ratios that are the ubiquitous instrument for reportings on poverty (see,

e.g., Zheng, 1997), but which are also subject to major interpretational and conceptual

pitfalls (see, e.g., Foster et al., 2013). Furthermore, headcount aggregates do not take

into account how poor the persons concerned are.3 Another drawback, especially for the

evaluation of causal interrelations, is that the cross-sectional perspective of poverty ag-

gregates is uninformative in terms of the inter-temporal dimension that poverty evidently

1 As opposed to an absolute, somatic and nutritional notion of poverty, an income-related concept
of poverty is relative in nature. As income is just one means to achieve well-being, another view
on poverty pioneered by Sen (1982) relates to well-being arising from the freedom of choice among
potential achievements that income enables. This generalized poverty concept thus extends beyond
matters of income, but is hardly implementable in empirical terms.

2 See Aassve et al. (2006a) for an outline of the respective literature, that has not overly increased
ever since.

3 In the literature on axiomatic approaches to poverty, this feature is called distribution-sensitiveness
(see, e.g., Zheng, 1997). Further axioms classifying the properties an aggregate poverty measures
should comply with are also given in Sen (1976), as well as in Foster and Sen (1997).
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possesses and furthermore provides no reasoning on the individual level.4 If poverty were

a transitory phenomenon that bears on di�erent parts of the population over time, a cross-

sectional perspective may be adequate. However, as has been shown in various studies

(see Stevens, 1999, among others), poor people are often trapped in poverty. Beyond this

well documented pattern, the underlying individual causes should be disentangled more

explicitly in order to deduce potential counter-measures.

Following the dedicated strands of the literature, two main mechanisms causing such

persistence may be in order. On the one hand, individuals can di�er in terms of char-

acteristics that are relevant for the propensity to slip into poverty. Especially when it is

assumed that poverty is rooted in income only, the understanding of the relevant causes

is well developed and subject to a long-standing literature (see, e.g., Heckman et al.,

2006). As of late, the incorporation of cognitive and a�ective factors stemming from the

psychological �eld (like the control attitudes considered here) adds to this literature (see,

e.g., Almlund et al., 2011), also in explaining other outcomes related to labor market

success. In economics, such cognitive and a�ective factors are better known as traits or

preferences. On the other hand, a�ective components and other individual characteris-

tics may be further deteriorated by past poverty experiences, thus locking-in the persons

concerned. Such mechanisms have been hypothesized in the sociological literature on

poverty for a long time already (see, e.g., Sher, 1977).5 In empirical economics a reason-

ing based on changes in attitudes or deprecation in human capital is usually alleged as an

implicit explanation for the observed state dependence (see, e.g., Aassve et al., 2006a).

As with the causal relation between traits and economic outcomes, a perspective that

draws on disciplines other than economics extends the set of potential mediating path-

ways. A meta-analysis conducted by Haushofer and Fehr (2014) shows that apart from

plain economic explanations, like credit constraints, psychological factors (cognitive and

a�ective ones) and even neurobiological factors are evident predictors of poverty traps.6

By now, frameworks that allow for a circular causality between poverty and individual

characteristics are bound to a theoretical literature on life cycle saving and wealth accu-

mulation. This particular branch uses concepts from behavioral economics, like hyper-

bolic discounting, to explain individual heterogeneity in accumulation paths and feedback

that trap individuals within respective trajectories (see, e.g., Bernheim et al., 2013, for a

4 On the aggregate level, endeavors to incorporate dynamic aspects into measures of poverty have
been made (see Hojman and Kast, 2009, and the literature they cite). By construction, however,
even these dynamic metrics cannot account for individual determinants, as no conditioning sets are
accounted for.

5 Sher (1977) invokes disinvestments as people become poorer and less self-con�dent, though he does
not only consider investments at the individual level, but also at the community level.

6 For instance, poor living conditions may impede achievements in subsequent tasks via decreased
self-regulating capabilities (see Muraven and Baumeister, 2000).
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recent example). Hyperbolic discounting has behavioral implications that are often para-

phrased as self-control or self-regulation (see, e.g., Ainslie, 1991). Preference parameters

and traits therefore roughly represent the same causes of individual behavior, albeit in

di�erent hypothetical frameworks.7 On that account, the various empirical assessment

tools that exist in the �eld of trait psychology (see, e.g., Rotter, 1966, or Tangney et al.,

2004) capture di�erent aspects of control attitudes, at least to a decent extent.8

The following empirical analysis combines psychometric measures of control-attitudes and

poverty formation in an interacting fashion within a panel framework. It provides an end-

to-end treatise along the whole line of argumentation hypothesized by the respective parts

of the literature. It is a matter of course that it does so with a necessary abstraction from

more detailed model entities that prevail within the self-contained scopes of the di�erent

subdisciplines. Using trait measures to explain individual poverty status adds to the

literature of poverty constitution, primarily by providing an additional source for typically

unobserved individual heterogeneity. As a spino�, allowing for interdependencies between

both entities contributes to the literature on general malleability of traits throughout

adulthood (see, e.g., Roberts et al., 2006, Cobb-Clark and Schurer, 2013).9

9.2 The Measurement of Poverty

An initial point to be clari�ed is as to why an understanding of poverty based on individual

valuation or well-being does not always has to coincide with a single-dimensioned lack of

income.10 For someone to be declared poor or not poor, it may not be su�cient to know

that person's current income status, as the well-being derived from monetary endowments

is likely to vary across individuals. As such, some preliminary assumptions are needed in

order to make income a meaningful stand-alone objective.

7 Recall from Chapter 4 that preference parameters are utility-related representations of behavioral
di�erences, whereas a trait is seen as more of a task-speci�c skill or ability in the sense of human
capital literature (see, e.g., Almlund et al., 2011).

8 Though the associations between psychometric constructs and preferences in behavioral economics
are far from perfect (see, e.g., Almlund et al., 2011).

9 Large scale cross-sectional analyses show peaks of mean-changes for highly nuanced age cohorts until
age 30 (see, e.g., Roberts et al., 2006). For other traits, this age pattern is moderated when intra-
individual measures are employed (see Cobb-Clark and Schurer, 2013). Though intra-individual
measures suggest a higher degree of stability for the working age population, in general no complete
time-invariance can be established.

10 I do not employ the term �utility� in this context as some general utilitarian axioms are unduly
strict for the evaluation of income inequality and poverty. Foster and Sen (1997) and much of the
related literature elaborate on this criticism. To make this distinction more apparent, alternative
terms like �well-being� or �valuation� are used instead.
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9.2.1 Poverty Based on Income

The understanding that underlies an association of income and well-being is that income

results from rational behavior that seeks to maximize well-being. A common approach

to concatenate both concepts is to use some additional data to approximate di�erences

in needs, prices, and household composition. Unfortunately, even for individuals that

are observationally homogeneous in that sense, preferences, motives and enjoyment abil-

ities are diverse, making it still problematic to compare individual levels of income and

infer di�erent well-being from such variation. If one allows for a comparison of individ-

ual di�erences in ratios of well-being derived from income (see Foster and Sen, 1997),

it is possible to relate income and well-being via an expenditure function.11 This setup

would require multiple income realizations in a very close time interval (or some stated

equivalents, see Dagsvik et al., 2006). Without closeness in time one runs the risk that

constraints and preferences change in between. In most settings, including the one used

here, such information is not available. As a consequence, it is inevitable to impose some

normative assumptions on the individual well-being derived from income. One possible

approach is to make normative presumptions on the complete functional form of indi-

vidual well-being and thus allow for interpersonal level-comparisons. This understanding

of the potential use made from income may be too strict and can be relaxed to some

extent. A second possible approach is less narrow and follows from the relativeness of

income poverty. In this context, relativeness means that preferences are not claimed to

be completely self-interested, but can depend on some distributional reference point.12 A

threshold income that discerns poor and non-poor individuals complies with this require-

ment. What remains to be assumed is that the interpersonal di�erence in well-being that

is induced by a certain de�cit of the realized income with respect to the reference point

monotonically increases as the distance between both income levels grows. Conversely,

a change in well-being arising from a shift towards that reference point has to follow

the same rules for all individuals. These assumptions follow the notion of Atkinson's

(1970) �ethical observer� in that it is merely assumed that certain hypothetical di�er-

ences are based on comparable valuations.13 A rather critical point in this assumption

11 In utility theory, the comparison of di�erence ratios is referred to as a �cardinal� measure.
12 As discussed by Lambert (2001), imputing pure self-interest in individual income valuations is

necessary when all incomes in a given population have to be assessed, as no objectively superior
(or inferior) reference income can be de�ned in these circumstances. This is usually the case for
inequality measures. If the mappings from incomes to valuations are to be de�ned for subsets of
the population only (e.g., for all poor individuals), a reference value is can be meaningfully de�ned,
however.

13 It should be noted, that the presumptions on the functional form for individual distance-comparisons
are somewhat stricter than those originally required by Atkinson for the aggregate level. This
follows from the fact that on the aggregate level, exactly equivalent gains and losses from marginal
redistributions of incomes have to be considered, whereas on the individual level with a reference
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is that the awareness of where this reference point is located also has to coincide across

individuals to a very large extent. Otherwise, no judgements about derived well-being

can be achieved. Following these presumptions provides a �working de�nition� that gives

individual poverty levels some projection into well-being, however.

9.2.2 Generalized Poverty

For completeness, it should be noted that multi-dimensional poverty concepts that go

beyond the connection of income and well-being have also gained considerable attention.

In the most prominent extension pioneered by Sen (1982), poverty is not characterized by

a stand-alone entity like available income and the corresponding level of well-being (see,

e.g., Foster and Sen, 1997). Accordingly, commodities that are achievable as a matter of

income, are only a means to satisfy needs. Individuals use commodities according to some

common transformations the purpose of which is to comply with bundles of characteristics

the individual seeks to be ful�lled in one way or another. For instance, transportation is

one particular characteristic a car ful�lls, but one that is also available from buying a bus

ticket.14 Furthermore, there exist individual-speci�c �patterns of use� for the transformed

commodities, the so-called functionings. Well-being derived from these functionings does

not result from their actual realization, but from their realization given the possibility to

choose from various other functionings. Sen calls this freedom of choice a capability set.15

The capability approach implies that individuals with the same observed functionings may

have di�erent well-being because their choice sets, i.e., their capabilities, are di�erent.

For instance, a paraplegic person does not have the freedom to choose driving by car as a

transportation mode at all. Unfortunately, empirical implementations of these concepts

(see Schokkaert, 2007, for an overview) exhibit a high degree of complexity in static

settings already. I thus refrain from further considerations of generalized poverty in what

follows and use the terms income-poverty and poverty interchangeably henceforth.

9.3 Potential Mediators of Poverty

In what follows, some pertinent mediation processes that emerge from previous �ndings

in various �elds of the literature are sketched, albeit only as an excerpt of the most

recent ones. Their origins evolve from family economics and more recent strands of the

human capital literature, from behavioral economics, and from interdisciplinary research

point, varying di�erences in well-being and varying margins occur at the same time.
14 In the literature dealing with formalizations of Sen's approach, such transformations are frequently

compared with consumer transformations in spirit of Gorman (1980) and Lancaster (1966).
15 For instance, people may have the capability to elude hunger, but may choose to diet anyway.
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on psychological and neurobiological factors. A consideration of these �ndings when

setting up the empirical framework seems fruitful as they help to identify those driving

forces where strict exogeneity seems implausible.

9.3.1 Socio-Demographic Factors

As already addressed above, the relevance of income di�ers as the needs of people di�er.

Many of those needs are objective ones, in that they can be de�ned by fairly general indi-

vidual characteristics. Following the family-economic literature, such characteristics may

evolve successively or parallel and comprise decisions like household formation, childbear-

ing, and labor market participation (see, e.g., Aassve et al., 2006b). They are assumed

to take place on an individual basis, but with some collective aims underlying them (see

Browning et al., 2011).

The determination of household income is intrinsically rooted in these factors. However,

predicting dynamic cross-e�ects by means of established theoretical frameworks is dif-

�cult, as the directions and magnitudes are largely unforeseeable.16 For instance, gains

arising from household formation may include the ability to exploit economies of scale

or comparative advantages in transforming market commodities to household goods (see

Becker, 1993). Moreover, the publicness of household goods among household members

usually leads to budget increases for further a�ordable goods.

Individuals draw their decisions on these factors to a more or less extent, but owing to

their unobserved preferences. Therefore, these features are what the concept of �equiv-

alent incomes� seeks to mimic in empirical investigations of income data. But there are

also household characteristics involved in income generation that are not captured by

equivalent incomes at all. Several unobserved household patterns may impinge on time

constraints or credit constraints, but at the same time may be outcomes of decisions

that depend on these constraints. Labor market participation and childbearing are two

examples that follow this logic (see Aassve, 2006b). The potential to share risk may be an-

other important point in explaining household constitution (see Browning et al., 2011),

one that may be particularly relevant in the present framework as it may manifest in

changed attitudes or income paths. As such, the likely occurrence of factors not captured

by equivalent incomes urges for their additional consideration for a proper representation

of poverty dynamics.

16 Becker (1993) and Browning et al. (2011) give a comprehensive account on these and related topics.
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9.3.2 Preferences and Traits

Though depending on joint decisions, the incomes of households eventually arise from

their member's incomes, implying that individual characteristics are still crucial. Apart

from socioeconomic characteristics and other observables that a�ect incomes and other

achievements, the discussion in the previous chapters has shown that traits and prefer-

ences capture more and more attention in the related �elds of economics and psychology

(see Almlund et al., 2011). Recall the fact that there is a compliance in that literature that

certain types of preferences and traits have akin behavioral implications, though the angle

of assessment is somewhat di�erent. As has been made clear above, psychological traits

are primarily intended to project various dimensions of behavior into a lower-dimensional

continuum, focussing on generality, situation-invariance, and durability. In economics

such traits are usually seen as a productivity enhancing human capital stock, where pro-

ductivity refers to tasks in a wider sense, not only those envisaged on the labor market.17

Behavioral preference parameters, on the contrary, refer to mathematical laws that link

speci�c stimuli to behavioral responses. In economics, the interest in such parameters is

mostly limited to decision and optimization frameworks. As already pointed out, an in-

tegrative framework for preference parameters and personality traits is yet not explicitly

established. Almlund et al. (2011) provide an overview on some �rst correlation studies

that reveal largely intuitive relationships between both concepts.18 As such, most of the

following �ndings on the role of preferences and traits in poverty constitution suggest

similar mediation paths, though they stem from largely unrelated �elds of the economic

literature.

An impact of productivity enhancing traits on incomes and related entities is shown

in various empirical studies (see, e.g., Heckman et al., 2006) that have been discussed

in Chapter 6. An explicit consideration of poverty constitution, however, is limited to

preference-related studies that deal with life-cycle savings. These (mostly theoretical)

models attribute interpersonal variation in saving behavior to di�erences in time prefer-

ences, risk tolerance, exposure to uncertainty, and relative tastes for work and leisure,

with a particular focus on non-standard types of preferences.19 They establish that di�er-

17 Indeed, human capital of this kind has been addressed in the literature all along (see Becker, 1964),
but has not been made explicit due to a lack of measurability.

18 Becker et al. (2012), for instance, show that parameter measures for time preference are predomi-
nantly correlated to traits like openness and neuroticism, the latter of which in turn is moderately
associated with perceived control. Moreover, a verbatim compliance holds for perceived control and
aspiration-striving, as people with external control perception, i.e. people who believe achievements
in life are due to luck or fate, are likely to exhibit low levels of aspiration in their future life.

19 Non-standard preference parameters arise from �ndings that agents are not generally capable of
solving complex multi-stage optimization problems (see Thaler, 1994, for a discussion) as assumed
in the traditional literature on life cycle savings (see Modigliani and Brumberg, 1954). The doubts
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ent endowment conditions can lead to individual saving paths that can be understood as

a poverty trap. Hyperbolic time preferences as de�ned by Ainslie (1991), together with

borrowing constraints, can lead to occasional exuberance in consumption that in turn

leads to low wealth-accumulation in which individuals get trapped (see, Laibson, 1997,

Bernheim et al., 2013). Such local deviations from individually rational accumulation

plans are a form of time inconsistency in preferences, a behavior that Ainslie (1975) has

introduced as self-control.20

Somewhat related to this notion of executive control or self-control is a person's so-called

�capacity to aspire� (see Appadurai, 2004).21 In an economic context (see Genicot and

Ray, 2012, Dalton et al., 2013), a lack of aspiration can be construed as a factor that

endogenously lowers reference points in valuation (relative to agents with higher levels of

aspiration) that lead to lower accumulation pathes of wealth. There is a circular relation

between lower aspirations, wealth levels, and valuations drawn from both. Thus, poverty

self-perpetuates in a downward circle, as individuals may lose their aspirations when

low income is persistently experienced.22 There also is a growing empirical support for

these mostly model-based mechanisms addressed to this point. Haushofer and Fehr (2014)

provide an intriguing argumentation by summarizing experimental and empirical �ndings

from various �elds. For one thing, poverty and other unpleasant life events are shown

to be causally related to well-being, a�ect, and stress, where stress levels are gathered

through self-information and measured hormone levels. These in turn, are known to have

a signi�cant impact on time and risk preferences, building on a substantial literature

of behavioral lab-experiments. For another thing, the authors also emphasize that poor

people are more liquidity-constrained, making changes in their saving behavior often a

matter of external factors rather than of intrinsic preferences and traits. As such, non-

normative changes in life circumstances, like a major income drop, impinge on several

behavioral parameters, and thus possibly on related traits like control perception.

casted are as to whether (i) the complexity of the problem is to high, (ii) the chance to learn is low
(as the consequences of saving decisions are not immediately revealed), (iii), no easy rule of thumb
is available.

20 More explicitly, poor people with low assets are more prone to consumption sprees as the �severity
of punishment� is lower for these individuals. There are some empirical facts underpinning this
notion, in that poor people frequently engage in all kinds of commitments in order to stick with
their initial saving plans (see, Bernheim et al., 2013, and the literature they cite). For instance,
Thaler and Benartzi (2004) show that employee commitments on savings from future wage gains,
signi�cantly increased saving rates.

21 Aspirations in Appadurai's anthropologic sense re�ect wants, preferences, choices, and calculations.
22 In case of increasing aspiration levels, Dalton et al. (2013) paraphrases it as �every ceiling, when

reached, becomes a �oor...�. As opposed to the control-related approaches, where individual poverty
traps result from initial conditions only, the �capacity to aspire� approach is characterized by a
distinctive feature. It explicitly accounts for a parameter which mimics that experienced poverty
may further deteriorate the respective individual path.
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As has been addressed throughout the previous two chapters, dynamics over the life course

that allow for a comparable reasoning about experience of poverty are long established in

the psychological �eld, though predominantly for normative environmental changes that

are supposed to happen to every person within a certain age span. The corresponding

literature shows the highest degree of susceptibility for personality traits in early child-

hood. From there on, it steadily decreases throughout later childhood, adolescence, and

adulthood. For age spans beyond adolescence, large scale cross-sectional analyses show

peaks of mean-changes until age 30 (see, e.g., Roberts et al., 2006). These results, how-

ever, are moderated when intra-individual measures and very speci�c or non-normative

life events, like death of a spouse, are used. Following Cobb-Clark and Schurer (2013)

among others, the e�ects become even weaker for the working age population, though no

complete time-invariance can be established.

Summarizing the above studies, there are several surmisable associations between income

and control attitudes, not all of them in a coherent way regarding low incomes and

perceived control, though. Some persistent changes seem to have an impact on traits,

but are normative in nature and thus also happen to people with higher income. Evidence

on non-normative life events, as those that happen to poor or deprived people, are usually

based on those events that are onetime occurrences. They may, however, permanently

a�ect the social roles of the people concerned. Thus, the consequences for more persistent

but non-normative events, like poverty, are less foreseeable.

9.4 Data

9.4.1 The Sample

For the empirical analysis, I use data from the German Social Economic Panel (GSOEP).

The GSOEP is a longitudinal survey conducted since 1984 by the German Institute for

Economic Research (see Wagner et al., 2007). It provides comprehensive information on a

representative sample of German households, including annual information on household

income, decision variables related to household composition and employment, as well as

other characteristics that are of particular interest in the analysis. Further information

provide aspects about labor market history, health, biography, well-being, family back-

ground, and living-conditions. In the waves 1994, 1995, 1996, 1999, 2005, and 2010 the

survey contains inventories that measure control attitudes (see Appendix D). In the latter

four waves the inventories are a version of the Locus of Control established in Chapter 3.

As these attitudes are among the outcomes of primary interest, the empirical analysis
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is predominantly based on the corresponding waves. But also the sampling periods in

between are used exploit additional information on some of the mediating factors. Based

on the register of the 2010 wave, a total of 28,776 individual observations are available.

As income determination plays a crucial role in analyzing poverty dynamics, the focus is

on sample members in working age (18 to 65). Considering the timespan from 1994 to

2010, and given panel attrition and unit non-response, one ends up with about 13,000

(gross) observations in each wave, where the exact cross-sectional sample sizes feature

substantial further drops due to item non-response.

9.4.2 Measuring Perceived Control

In order to involve control-related attitudes into the empirical model of poverty formation,

two speci�c trait inventories that are part of the GSOEP can be used. Both comprise

questions related to certain dimensions of behavior and/or attitudes. As with the general

case discussed in Chapter 3, the respective responses are stated on Likert scales that

cover manifestations from �completely disagree � to �completely agree�. The fact that

several items are used in order to obtain the individual scores increases the reliability of

the constructs. The item inventories used as of the 1999 wave are based on the semi-

nal �Locus of Control� scale of Rotter (1966). As previously mentioned, it assesses an

individual's attitude on how self-directed (internal) or how coincidental attainments in

her or his life are. It thus fundamentally relates to the notion of self-control addressed

in Section 9.3.2, but does not capture exactly the same facets. Locus of Control merely

captures individual beliefs in whether self-determination exists, not in how successful one

could be in governing it.23 Self-control, on the contrary, also encompasses such motiva-

tional concepts, often denoted Self-E�cacy. The GSOEP uses a 10-item version of the

original Rotter scale. It has to be coded such that high internal (low external) attitudes

represent a high degree of control-perception. Exactly similar versions of this scale are

available for the waves 1999, 2005, and 2010. A slightly di�erent prequel version can be

found in waves 1994 to 1996.

Since the trait inventories build on multiple items, relying on unweighted raw scores or

arbitrary selections from all available items does not necessarily lead to unidimensional

and errorless measures of individual control attitudes. To solve the former problem, one

has to obtain a favorable item selection from an explorative factor model as suggested in

Chapter 5. Table 9.1 presents the results for the �nally selected item combinations. For

waves 1999, 2005, and 2010, the same items are used and the resulting pattern is quite

stable across waves. In order to account for potential gender di�erences, the common
23 These beliefs are a major driving force with respect to educational attainments and wages (see, e.g.,

Heckman et al., 2006, Mueller and Plug, 2006, Heineck and Anger, 2010).
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Table 9.1: Iterated Principle Factor Analysis for Polychoric Item Correlations

Common Variances

(female) (male)

Eigenvalue Proportion Eigenvalue Proportion

2010 1st Principal Factor 1.671 0.896 1.805 0.876

2nd Principal Factor 0.143 0.077 0.131 0.064

2005 1st Principal Factor 1.588 0.886 1.721 0.940

2nd Principal Factor 0.127 0.071 0.069 0.038

1999 1st Principal Factor 1.699 0.939 1.761 0.959

2nd Principal Factor 0.074 0.041 0.052 0.029

1995 1st Principal Factor 2.394 0.884 2.459 0.898

2nd Principal Factor 0.201 0.074 0.202 0.074

Factor Structure

Factor 1 Factor 2 Factor 1 Factor 2

2010 Item 1 0.576 0.136 0.628 0.251

Item 2 0.508 0.062 0.531 0.083

Item 3 0.673 -0.106 0.669 -0.243

Item 4 0.368 0.268 0.405 -0.014

Item 5 0.702 -0.195 0.720 -0.047

2005 Item 1 0.526 0.101 0.591 0.058

Item 2 0.527 0.079 0.523 0.143

Item 3 0.647 -0.121 0.653 -0.113

Item 4 0.363 0.264 0.398 0.131

Item 5 0.696 -0.161 0.716 -0.123

1999 Item 1 0.616 0.056 0.649 -0.080

Item 2 0.512 0.031 0.537 0.087

Item 3 0.667 -0.027 0.658 0.061

Item 4 0.357 0.212 0.366 0.140

Item 5 0.697 -0.155 0.696 -0.123

1995 Item 1 0.626 0.017 0.657 -0.058

Item 2 0.624 0.177 0.631 0.215

Item 3 0.548 0.308 0.565 0.293

Item 4 0.818 -0.252 0.824 -0.246

Item 5 0.802 -0.104 0.795 -0.076

factor model is separately estimated for female and male sample members. There are

combinations with less than �ve retained items that exhibit slightly higher shares of

common variance. Nonetheless, I opt for the �ve-item alternative as a higher number

of measurement equations generally increases the quality of the factor scores derived

later on. Apart from the share of common variance, the second objective of the item

selection was to obtain homogeneous loadings on the �rst principal factor. Surprisingly,
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the item selection that complies most with both aims is the same for females and males.

As mentioned in the data section, the 1995 variant of control perception is a slightly

di�erent prequel of the later one. It is thus meaningful to jointly examine the factor

structure and factor pattern of the 1995 and the 1999 item inventory. The corresponding

results are provided in Table 9.2.

Table 9.2: Factor Structure and Factor Pattern for the Association of the 1995 and 1999
Perceived-Control Inventories

Common Variances

(female) (male)

Eigenvalue Proportion Eigenvalue Proportion

1st Principal Factor 2.791 0.693 2.982 0.713

2nd Principal Factor 1.236 0.307 1.199 0.287

3rd Principal Factor 0.110 0.027 0.142 0.034

Factor Structure

Factor 1 Factor 2 Factor 1 Factor 2

Item 1 (1995) 0.584 -0.193 0.619 -0.221

Item 2 (1995) 0.538 -0.319 0.535 -0.324

Item 3 (1995) 0.509 -0.160 0.542 -0.121

Item 4 (1995) 0.721 -0.343 0.737 -0.340

Item 5 (1995) 0.741 -0.288 0.730 -0.305

Item 1 (1999) 0.412 0.451 0.471 0.447

Item 2 (1999) 0.425 0.318 0.435 0.316

Item 3 (1999) 0.396 0.578 0.399 0.562

Item 4 (1999) 0.268 0.202 0.326 0.200

Item 5 (1999) 0.504 0.440 0.516 0.408

Factor Pattern (after Rotation)

Item 1 (1995) 0.553 -0.270 0.589 -0.292

Item 2 (1995) 0.490 -0.387 0.494 -0.384

Item 3 (1995) 0.483 -0.226 0.524 -0.183

Item 4 (1995) 0.669 -0.436 0.692 -0.423

Item 5 (1995) 0.696 -0.384 0.689 -0.388

Item 1 (1999) 0.469 0.391 0.520 0.389

Item 2 (1999) 0.464 0.259 0.469 0.263

Item 3 (1999) 0.470 0.520 0.462 0.512

Item 4 (1999) 0.292 0.165 0.347 0.161

Item 5 (1999) 0.558 0.368 0.561 0.345

Factor structure refers to the factor loadings under factor orthogonality that can be seen as
correlation coe�cients. After rotation, the reported coe�cients are only interpretable as factor
pattern/weights and do not represent correlations any longer.

109



CHAPTER 9. STABILITY IN WORKING AGE

Given that the item combinations for 1995 and 1999 are jointly evaluated, the share of

the common variance is reduced by some 15 to 20 percentage points. Instead, a second

principal factor, which accounts for about 30 percent of the overall variance, occurs. The

next common factor is again negligible. The loadings suggest that the association of all

selected 1995 and 1999 items with respect to the principal projection axis is as intended.

However, the second axis obviously implies a full reversal for the projection of both item

blocks. Fortunately, this second dimension is almost orthogonal to the �rst factor, making

the prequel version of the perceived control scale a still descent approximation to the later

one.

To reduce the error proneness, the semiparametric item response model suggested in

Chapter 5 is �tted to the extracted item sets. The resulting response parameters are in

turn used to obtain latent factor scores for each individual in the sample. The procedure

is applied to all waves that contain control related measures.

9.5 Descriptive Results

In this section I present some �rst descriptive results that suggest some cursory patterns of

the dynamics in income related poverty. Furthermore, individual characteristics that are

supposed to be important determinants or endogenous mediators of poverty are presented.

9.5.1 Poverty and Equivalence Incomes

In Section 9.2 some of the problems that arise when inferring from incomes to individual

well-being were addressed. A �rst step in order to make income an indication of individual

well-being is to adjust the former for observable interpersonal di�erences in needs. Most

commonly, so-called equivalence weights (see, e.g., Cowell, 2011) are used for this purpose.

I apply a modi�ed OECD scale (see Atkinson et al., 1995). It assigns a weight of 1

to the adult head of a household, a weight of 0.5 to each additional adult member,

and a weight of 0.3 to each child being below age 15. The weights are summed for

each household in order to obtain the total of equivalent adults that have to share a

respective net household income, where household income comprises earned income and

capital income.24 The rationale for doing so is that individuals who live together in one

household experience gains in terms of the usability of collective goods. They have

economies of scales in the transformation from market goods to household goods. Though

24 More speci�cally, the GSOEP also allows for the consideration of home ownership (i.e. saved rent),
social transfers, other transfers, as well annual extra payments. Subsequently, tax payments are
computed based on these and other relevant magnitudes.

110



9.5. DESCRIPTIVE RESULTS

equivalence scales only adjust incomes and not a�ordable commodities arising from them,

the underlying notion is somewhat similar to those addressed in Section 9.2. It should be

noted, however, that equivalence incomes are more of an �empirical crutch� to somehow

accommodate the theoretical requirements necessary for inference about well-being. As

already pointed out, it remains to be the only feasible solution without the availability

of multiple income realizations per individual (see, e.g., Dagsvik et al., 2006) or without

additional assumptions on the connection between income and well-being (see Layard et

al., 2008, for such assumptions).

Using the scale by Atkinson et al. (1995) and designating the cuto� value, which separates

the poor from the non-poor, to be six tenth of the median equivalence income, some �rst

descriptive results are obtained. As illustrated by Figure 9.1, the poverty line in Germany

has increased in nominal terms (on a monthly income-basis) throughout the period from

1995 to 2010. The increase amounts to almost 50 percent, which is only partially on

account of an increased price level, as the CPI increase in the same time span is about

25 percent (according to the Federal Statistical O�ce). Another reason is that some of

the skewed frequency mass, especially at the lower tail, shifts to the right between 1995

and 2010, and with it, the reference for the cuto� point.
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Figure 9.1: Development of Monthly Net Equivalence Incomes and the Poverty Line
(Nominal = blue)
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Considering the �ve-year increments displayed in Figure 9.1, the increase in the cuto�

value has been steady. The corresponding changes in the shares of poor people in the

sample are not so, however. They amount to slightly more than 13 percent in 2005 and

2010, and to 9.8 and 9.6 percent in 1995 and 2000. This �nding is often invoked as one

of the major weaknesses of headcount ratios, as the concentration (or distribution) of

individuals around the cuto� a�ects the sensitivity of the headcount ratio in response

to small but erratic income changes (see Foster et al., 2013). The headcount ratios also

do not di�er substantially between female and male GSOEP respondents. In case of the

2005 wave, it amounts to 12.7 percent as opposed to 11.1, which is largely in line with

ratios provided by census data.

The development of the density plots over time do not provide information whatsoever

about the time people remain in the lower tails of Figure 9.1. To illustrate the �uctuations

among the poor and the non-poor over di�erent timespans, mobility plots as presented in

1995 (Base) 1995-2000

1995-2005 1995-2010

Figure 9.2: Mobility plots for net equivalence incomes with 1995 as a base period. The
reference locations of the 1995-members for the 400 quantile increments in 2000, 2005,
and 2010 are sorted in row-major order from left to right.
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Figure 9.2 are more suitable. The patterns suggest a substantial degree of persistence for

the net equivalence incomes in the di�erent rank-groups over the time intervals 5, 10, and

15 years. Using samples of those who are respectively observed at both points in time,

the chances of leaving the lower regions of the distribution seem to slightly increase along

with the considered timespans, but the dependence on the initial state is yet tremendous.

Even after 15 years, most poor rank-groups are still poor with regard to their equivalence

incomes.

In summary, the descriptive results reveal that path dependence obviously is a major

factor, due to reasons whatsoever, and therefore should be analyzed on the individual

level. Moreover, the described ambiguities with regard to the shares of the poor urge for

some re�ned measures in order to better capture the extent of income poverty.

9.5.2 Poverty and Background Characteristics

Selected descriptives on sample characteristics are presented in Table 9.3 for the 2005

wave. The results for other waves do not di�er substantially. In line with the literature

on demographic transitions (see Aassve et al., 2006b), characteristics that are tied to

decision variables underlying household constitution, labor market participation, and the

like, are to be considered.

The share of full-time employees is more than twice as large in the male sample, for poor

as well as for non-poor individuals. Another substantial divergence holds for full-time

job experience and the share of persons that hold a university degree. The remaining

means and shares of the variables are relatively equal. Irrespective of their poverty state,

about 30 percent of the female and male respondents have a higher secondary schooling

degree (overall shares are not displayed). Roughly 65 percent have an eight or ten-year

schooling degree. The average age for the working age sample is roughly above 40 years.

The share of east Germans in the sample largely coincides with the fraction in the overall

population.25 About 68 percent of the respondents live together with at least one child

below age 18. About 60 percent live together with a partner, �ancé(e) or spouse. A

higher extent of mean di�erences occur when poverty states are considered as well. Only

for secondary school degrees, one fails to reject the null of equal mean shares, though only

at the 1-percent level and only for higher secondary schooling in the male sample. For

the remaining characteristics contained in Table 9.3 some substantial di�erences between

poor and non-poor individuals are apparent, most of them with quite similar patterns for

female and male respondents. Most remarkably, the share of full-time employed among

the non-poor is more than three times higher. In line with this, the share of university
25 According to the Federal Statistical O�ce.
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Table 9.3: Sample Descriptives (Wave 2005)

Non-Poverty Poverty Mean-Di�.

Mean Stand. Dev. Mean Stand. Dev. p-valueb

Female

Employed (D) 0.330 0.470 0.099 0.299 0.000

Perceived Controla 0.050 0.984 -0.366 1.054 0.000

Some School (D) 0.667 0.471 0.671 0.470 0.779

Higher Secondary (D) 0.297 0.457 0.235 0.424 0.000

University (D) 0.125 0.331 0.037 0.190 0.000

Job Experience (Full Time) 11.373 10.760 7.731 9.370 0.000

Age 42.137 13.170 38.319 13.658 0.000

East German (D) 0.205 0.403 0.319 0.466 0.000

Child(ren) in HH (D) 0.411 0.492 0.524 0.500 0.000

Living with Partner (D) 0.635 0.481 0.378 0.485 0.000

Sample Size (N) 7,692 1,120

Male

Employed (D) 0.716 0.451 0.222 0.416 0.000

Perceived Controla 0.048 0.970 -0.481 1.106 0.000

Some School (D) 0.659 0.474 0.641 0.480 0.303

Higher Secondary (D) 0.301 0.459 0.258 0.438 0.012

University (D) 0.152 0.359 0.035 0.185 0.000

Job Experience (Full Time) 19.091 12.768 13.918 12.416 0.000

Age 42.256 13.335 38.647 13.865 0.000

East German (D) 0.206 0.404 0.368 0.483 0.000

Child(ren) in HH (D) 0.395 0.489 0.465 0.499 0.000

Living with Partner (D) 0.608 0.488 0.414 0.493 0.000

Sample Size (N) 7,545 939

Dummy variables are indicated by (D).
a Standardized raw scores.
b Two-sample equality of mean t-test.

graduates among the non-poor exceeds that among the poor by almost the same order, but

even more for men. Corresponding to the above hypothesis, one �nds that poor sample

members lack a notable level of control perception. Females in poverty fall behind by

an average of more than 0.4 standard deviations, males even by more than 0.5 standard

deviation. For all other characteristics displayed in Table 9.3, the di�erences are also

sizeable, but to a less extent.
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9.6 Measuring Income Poverty

The �rst prerequisite for an empirical assessement of poverty was in de�ning a poverty

line L that separates the poor from the non-poor. The OECD scale that is used for this

purpose was exposed in the previous section. Up next is to �nd an appropriate measure

that properly mirrors the extent of poverty.

The implementations of individual poverty measures can be derived from measures of

poverty on the aggregate level, as these build on underlying axioms with well understood

implications (see Zheng, 1997). Moreover, much of the usefulness implied by these axioms

readily translates to the individual level. Robust inference can only be established if the

�ndings are coherent across all poverty measures. For this purpose, I consider three

poverty measures that originate from di�erent classes with varying degrees of axiomatic

foundation, namely the headcount ratio, the poverty de�cit, and the Watts measure. The

selected measures have to comply with the focus axiom (see Zheng, 1997), i.e., they are

non-zero only for those individuals who have equivalent incomes below the poverty line

L. On an aggregated level, this property has let to the use of right censored income

distributions in order to parametrically approximate empirical distributions of poverty

(see Zheng, 1997, for an overview). In case of modeling individual magnitudes of poverty,

this censoring basically reverses, as measures are zero for non-poor observations and

strictly positive otherwise (however, not necessarily continuous).

Let Yi be a placeholder for the three poverty metrics de�ned in what follows. Each Yi

in the sample depends on the corresponding equivalent income yi and the poverty line L,

both assumed to be random variables. Basically, the domain for individual equivalence

incomes is the positive real line R≥0, but given that individuals may face di�erent feasible

income ranges, the support Si may vary considerably across individuals. For the whole

sample, the hypothetical support S=
⋃N
i=1 S

i therefore does not cover the complete posi-

tive real line. The individual poverty metric is a mapping Yi(yi, L) : Si×S→ R≥0, where

the possible realizations of L depend on the exact way in which the mapping is de�ned.26

Given that L is determined outside the data generating process that �nally results in the

empirical distribution of equivalence incomes FY , it may take on any value in R≥0. If,

however, L directly results from a fraction of a distributional statistic of FY (here, six

tenth of the median), L is bound to be somewhere in {L ∈ R≥0 : L ≤ F−1
Y (0.5)}.27 For

empirical evaluations on the individual level, it is meaningful to preassign exactly one

26 For some cases, e.g. the binary individual contribution used for the headcount measure, Q≥0 (when
adjusted for the sample size) or even N≥0 would su�ce.

27 If L were a quantile and not a fraction of a quantile, it would be restricted to be within the support
S=

⋃N
i=1 S

i of FY .
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L = y for all N (as done in the previous section). The individual magnitude of poverty

Yi(yi, L) would then change to a conditional measure Yi(yi|L). However, the fact that L

depends on FY , which in turn depends on other yj ∀j 6= i, introduces a problem common

to all empirical strategies that model outcomes derived from a distributional statistic

of FY under iid assumption. L is not absolutely independent with respect to the other

random variables Yj ∀j 6= i, as all the considered entities are derived from the same em-

pirical distribution of yi.28 By similar reasoning, each yi additionally depends on those

of potential household members. The necessary change from the joint Yi(yi, L) to the

conditional Yi(yi|L) thus only holds as an approximation. It follows that Yi(yi|L) is not

exactly iid, but gets close to it as N grows.29 This mild violation of the iid assumption

has to be tolerated in general.30 The employed measures Yi(yi|L) are derived from ag-

gregated poverty measures that are simple (weighted) sums over individual contributions

in the sample, hence its decomposability. The �rst one derives from the headcount ratio

(see Sen, 1976) and simply is de�ned as

Hi(yi|L) = 1(yi ≤ L).
�� ��9.1

The second one derives from the poverty de�cit (see Lambert, 2001) and has the virtue

to account for the magnitude of poverty as well. It reads

PDi(yi|L) = (L− yi)1(yi ≤ L).
�� ��9.2

The third alternative is, when aggregated over observations, the only measure considered

here which is completely distribution sensitive. It has been established by Watts (1968)

and is related to the entropy concept from information theory (see Theil, 1967). The

individual-speci�c contribution reads as follows.

Wi(yi|L) = (logL− log yi)1(yi ≤ L)31
�� ��9.3

Apart from the decomposability, the latter two measures also quantify the distance that

was established as a necessity for an interpretation in terms of well-being in Section 9.2.

28 To illustrate this point, recall that Yi can change from zero to some positive value just because
another person j 6= i has changed its position in FY and thereby a�ects L.

29 At least if the sample on yi is well-behaved.
30 A possible account for this mild interdependence would be to condition each Yi(yi|L) on a control

function term that is made up from sensitivity measures of L w.r.t. all other yj 6=i, such as the
In�uence Function due to Hampel (1974). Though unlikely, even this concept does not capture the
possibility of erratic jumps in y across points in time, but only the in�uence at the current position
and magnitude.

31 In its aggregated form, the Theil entropy measure for all N with yi ≤ L, T (y|L), enters the Watts

measure by W (y|L) = H(y|L)
[
T (y|L)− log(1− PD(y|L)

H(y|L)L )
]
.
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In addition to the mentioned focus axiom, the headcount and the Watts measure also

share the property of scale invariance (see Zheng, 1992).32 Scale invariance implies that

a common factor applied to the yi of all poor individuals, does not change the aggregate

measure. It translates into the individual speci�c contributions as well. However, com-

plying with scale invariance does usually not su�ce to account for price level changes over

time, except when exactly the same share of income is a�ected by the price level change

for all poor individuals. As even the most basic commodity bundles represent di�erent

relative shares of the respective overall incomes, this assumption is unreasonable though.

As such, price level changes should be considered for the computations of the poverty

measures on the individual level.

9.7 Empirical Approach

9.7.1 Identi�cation and Consistency

Keeping dependencies on yi implicit, considerD(Yi|L) to be a parametric distribution that

properly represents the individual contribution to one of the respective poverty measures

addressed in the previous section, where Yi|L is a placeholder for the measure-speci�c

scalar random variable.33 For instance, in case of the binary headcount contribution, the

distribution for Yi|L would be Bernoulli with respective conditional expectation and link

function (see McCullagh and Nelder, 1989).

As the considered mediating pathways suggest, it is important to account for three fea-

tures that impinge on the model structure in a dynamic perspective: (i) the path/state

dependence of individual poverty formation, (ii) potential feedbacks from the current

states to at least some determinants of poverty in the future, (iii) the initial conditions

of the poverty paths at the beginning of the sampling period.

State Dependence (i) and Lagged Feedback (ii)

Firstly, in order to properly account for a poverty-trap, some kind of state dependence for

the poverty measure under study has to be introduced into the empirical model. A �rst

order autoregressive process for the outcome variable is mostly su�cient, as the interest

32 The headcount ratio is additionally characterized by location invariance, a property that no distri-
bution sensitive poverty measure ful�lls in general (see Zheng, 1994).

33 Depending on the random variable that represents poverty, the measures de�ned on its support
can be Lebesque, counting, or combinations of both (see Davidson, 1994). All of the identi�cation
results extend to more general parameterizations of D(·|·), i.e., to other measures of poverty not
considered here.
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is generally not in an outright representation of the individual time paths over large T .

Secondly, one has to take into consideration that at least some individual determinants

that drive poverty are not independent of previous poverty experiences, as it is likely

that past poverty experiences further deprecate those individual characteristics. Such

behavior, which Wooldridge (2000) terms a feedback, implies that the development of

some explanatory variables Z = (z′1, . . . , z
′
T ) can be considered to take place outside the

model throughout the whole sampling period, whereas for variables that are subject to

feedback this only holds for some sampling periods. For every period t, the latter are

contained in the vector wt. Moreover, the panel structure of the data allows for the

incorporation of some otherwise unobserved individual heterogeneity ci that is assumed

to be time invariant. Given this distinction, the respective distribution of individual

poverty measures Yit|L conditional on covariates zit and wit, as well as on unobserved

heterogeneity ci, reads

Dt(Yit|L|wit, zit,xit−1, ci), with t = 1, 2, . . . , T and xit = (Yit|L,w
′
it).

34
�� ��9.4

Treating ci as an incidental parameter to be estimated causes severe consistency prob-

lems (see Neyman and Scott, 1948). Giving an explicit account on ci has some clear

advantages over this. Following the approaches of Mundlak (1978) and Chamberlain

(1982b), one can parameterize ci conditional on covariates.35 Modeling ci in that way

eludes arbitrary dependence among the error terms of Yit|L and does not restrict ob-

served and unobserved factors to be independent, i.e., wit, zit 6⊥ ci is allowed for. How-

ever, the lagged dependent part of xit−1 in equation (9.4) depends on ci by construc-

tion. Putting aside this dependence for the moment, one can formally restate the above

arguments on Zi as a requirement that each zit is strictly exogenous, implying that

Dt(Yit|L|ziT , ziT−1, . . . , zi1, ci) = Dt(Yit|L|zit, ci), or in terms of conditional expectations

that E(Yit|L|ziT , ziT−1, . . . , zi1, ci) = E(Yit|L|zit, ci).36 According to the de�nition of En-

gle et al. (1983), zit is also weakly exogenous such that its data generating process takes

place outside of the conditional model in equation (9.4), without any overlap in the pa-

34 Note that without addtional requirements, higher order lags of Yit|L and wt could be included. Then
the conditional distribution changes to Dt(Yit|L|wit, zit,Xit−1, ci), with Xit−1 = (xit−1, . . . ,xi1)
and xit = (Yit|L,w

′
it).

35 The explicit realization is not relevant for the identi�cation and consistency considerations here. It
will be discussed below.

36 Following Arellano and Honoré (2001), this is the (projection based) statistical de�nition of strict
exogeneity. It results from the yet implicit representation in equation (9.4), but is equivalent to strict
exogeneity relative to the error terms of an explicitly stated econometric model. The corresponding
formalizations in the panel literature are usually of the form E(uit|ziT , ziT−1, . . . , zi1, ci) = 0 ∀ t =
1, 2, . . . , T . In practice, panel models are rarely speci�ed with dynamics that require independence of
z and u over the full time path. In such cases it is su�cient to assume E(uit|zit, zit−1, . . . , zi1, ci) = 0
or E(Yit|L|zit, zit−1, . . . , zi1, ci) = E(Yit|L|zit, ci) (see Wooldridge, 1997).
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rameter vectors. It is thus possible to refrain from any further discussion on the marginal

distributions of zit∀ t. Recall that the vector wit (∀ t = 1, 2, . . . , T ) contains the mediat-

ing processes of poverty along with perceived-control. Much like zit, the elements of wit

are driving forces of poverty, but they are deemed to be a�ected by past poverty states.

Besides perceived control, outcomes like childbearing, household formation, and employ-

ment are assumed to be a�ected by a similar reversion. As initially stated, such feedbacks

urge a partial relaxation of the strict exogeneity assumption. In the terminology of Engle

et al. (1983), wit is predetermined with respect to Yit|L for t− 1, . . . , 0, implying that for

each t, wit is independent of the current and future error terms s ≥ t of Yit|L.37

This relaxation complicates the modeling of the joint distribution
∏T

t=1Dt(Yit|L|wit, zit,

xit−1, ci), as one cannot apply the same simpli�cation as in case of Zi, or zit respectively.

Without wit, it would su�ce to properly account for the initial poverty state in t = 0 to

make the joint distribution a product of the T conditionally independent distributions

Dt(Yit|L|wit, zit, ci). In presence of the feedback e�ect on wit, this property no longer

holds (see, e.g., Arellano and Honoré, 2001). Given the set of properties discussed for the

time paths of Yit|L, zit, and wit thus far, two frameworks that can consistently estimate

the parameters of interest may be considered.

Partial Likelihood Approach: One possible solution is to refrain from any indepen-

dence assumption discussed within the last paragraph, and thus from any assumption on

the joint distribution of the individual paths over T . Instead, one merely has to settle for

the correct speci�cation of the period-speci�c distributions Dt(Yit|L|·) for all t = 1, . . . , T .

If these period speci�c distributions are correctly speci�ed and treated like distributional

contributions in a pooled sampling context, strict exogeneity is not a necessary condition

for consistency any longer. This �nding builds on a special case of general consistency

results in presence of partial misspeci�cation for maximum likelihood and extremum esti-

mators (see White, 1982).38 Following the Kullback-Leibler identity, it can be shown that

averages over single factors of a joint distributions su�ce in order to establish consistent

estimates. In the case of averaging over the joint distribution along the time dimension,

Wooldridge (2002) calls this a partial likelihood approach.39 However, it cannot jointly

quantify the dynamic interactions between Yit|L and wit, as would be the case given more

structure along the time dimension. Moreover, it should be noted that contemporaneous

exclusion restrictions among some of the possible combinations of the variables in wit

have to be imposed. As opposed to the case where the equations for Yit|L and wit are to

37 See also Arellano and Honoré (2001) for a discussion of predetermindness in panel data context.
38 See also Amemiya (1985).
39 In case of averaging over more general types of dimensions, such as multinomial choices, it is called

a quasi-maximum likelihood approach.

119



CHAPTER 9. STABILITY IN WORKING AGE

be considered simultaneously, unrestricted contemporaneous cross-e�ects are not a mat-

ter of identi�cation. Instead, they would result in a form of self-imposed simultaneity

bias. One thus still has to make sensible choices about which elements of wit contem-

poraneously enter the partial likelihood models for other elements of wit. As the order

cannot be empirically inferred, one has to base the restrictions on economic theory.

Structural Approach: The second empirical approach pursued in the present setting

is more structural, but likewise relaxes the strict exogeneity assumptions for wit. The

di�erence to the partial likelihood approach is that it jointly models the contemporaneous

e�ects and the lagged feedbacks. It builds on the results discussed in Wooldridge (2000),

who suggests to factorizes the individual processes for Yit|L and the set of predetermined

covariates wit, xit = (Yit|L,w
′
it). If one assumes that, in addition to strict exogeneity

with respect to Yit|L, zit is also strictly exogenous with regard to wit, one can write

D(xit, . . . ,xi1|ziT , . . . , zi1, ci) =
T∏
t=1

Dt(xit|zit,xit−1, ci) with factorization

Dt(xit|zit,xit−1, ci) = Dt(Yit|wit, zit,xit−1, ci)Dt(wit|zit,xit−1, ci).

�� ��9.5

Assuming that all conditioning variables in equation (9.5) enter the distributions of Yit|L

and wit in a linear-additive fashion given some link function, standard identi�cation the-

ory based on cross-equation restrictions, exclusion restrictions, and covariance restrictions

can be applied in order to render the model identi�ed.40 However, given the particular

mixture of linear, binary, and corner solution link functions that arise from the variable-

types in Yit|L and wit, some peculiarities compared to the linear case are in order. These

requirement kind of predesignate the �rst identi�cation restriction. As shown by Mad-

dalla (1983), all systems of binary or censored endogenous variables (or mixtures of them)

should be recursive with respect to contemporaneous cross-e�ects.41 Omission of this re-

cursive design leads to the case where at least some of the equations involved are logically

inconsistent, i.e., the sum over all joint probabilities do not generally sum to one in this

case. Recursiveness implies logical consistency, but is not a necessary condition in all

possible realizations.42 If one imposes no restrictions on the equations for Yit|L, the re-

40 If a model is in single-index form, the conditional mean µ ≡ E(y|υ) = g(υ), where υ = x′β usually
holds. A link function is de�ned to be g−1(µ) (see McCullagh and Nelder, 1989). Henceforth, I use
this term for the inverse, i.e. for g(υ).

41 The general multi-variate case is discussed in Schmidt (1981).
42 For corner solution equations, logical consistency depends on speci�c parameter realization and

restrictions may be weaker than recursiveness. The necessary and su�cient conditions on the
parameter space of the contemporaneous endogenous variables would not be feasible as a repa-
rameterization, but only as an inequality-constraint optimization. This is relatively impractical
and, furthermore, the resulting model has no meaningful economic interpretation. For binary links
involved, however, the recursiveness assumption is strictly necessary.
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cursiveness assumption in the adjacent equation in wit is mathematically equivalent to

the requirement for predeterminedness of this mediating variables with respect to Yit|L.

O� course, for logical consistency, recursiveness and thus predeterminedness have to ex-

tend to the contemporaneous cross-relations among all further variables in wit as well. It

follows that the contemporaneous cross-e�ects have to decrease row-wise.

For complete identi�cation of the simultaneous structure in equation (9.5), one has to

introduce a second type of restriction. Since the unobserved e�ects are explicitly mod-

eled, cross-equation covariance restrictions among the residuals are a tenable option. As

ci is properly accounted for and is allowed to vary by equation, it does not seem too re-

strictive to do so. Alternatively, exclusion restrictions on the respective zit-vectors could

be imposed, but justifying the required instrument is a more di�cult task in the current

setting.

Initial Conditions (iii)

Irrespective of using the partial likelihood or the structural approach to allow for pre-

determinedness, a �nal requirement is that the initial poverty status for the start of the

sampling period in t = 0 has to be addressed. For dynamic panel data models with

rather small T , misspeci�ed initial conditions Yi0|L and wi0 are a serious confounder for

parameter consistency, as opposed to time series frameworks with large T . Treating the

initial conditions as a non-stochastic component would also mean that they are not al-

lowed to depend on heterogeneity ci, which is not very plausible. If the initial conditions

are assumed to be stochastic, Hsiao (2003) discusses cases of equilibrium initial condi-

tions that allow to retrieve their distribution functions and to consider them as part of

the joint distribution in equation (9.5), rather than as a conditioning variable. However,

such presumptions are not testable in practice and it is unlikely that the starts of the

processes Yit|L and wit always coincide with the start of the sampling period. I use an ap-

proach introduced by Wooldridge (2005), instead. It models ci as a function of Yi0|L, the

elements of wi0, the individual speci�c time averages z̄i, and a remainder of unobserved

heterogeneity ai, implying

D(ci|Yi0|L,wi0, z̄i, ai),
�� ��9.6

where the components Yi0|L, wi0, z̄i, and ai are linear and additive. Given this speci�-

cation, one does not make the initial conditions part of the joint distribution. Instead,

by solely conditioning on Yi0|L and wi0, one can remain unconcerned about the distribu-

tions of the initial conditions. The distribution D(·|·) is chosen to coincide with that of

the respective outcome Yi|L or wi, where for normal-based distribution types both terms

con�ate to one linear-additive condition set. In case of the partial likelihood approach,
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the explicit consideration of a time invariant remainder term ai is meaningless as no time

paths are modeled. Thus, ai can be absorbed into the time-speci�c innovation term. Fur-

thermore, the consideration of all initial states xi0 as in equation (9.6) is not necessary

in this case.

Sample Spacing

One additional problem in the current setting is imposed by the fact that perceived control

is not sampled in even intervals. Without formal derivation, it is immediately obvious that

the models considered thus far cannot consistently estimate the state dependencies within

the paths of poverty experiences and predetermined variables when sampling periods t

are unequally spaced.43 That being the case, the reference period for the underlying

data generating process, usually termed the unit period (see Fuleky, 2012), does not

coincide with the observational interval. Some approaches that account for these issues

are existent (see Baltagi and Song, 2006, for an overview), but are not applicable to non-

linear dynamic settings. As such, it is necessary to set up di�erent subsets of the data

with varying but equally spaced sampling gaps and to cross-validate the results derived

from them.

It should be noted that by the above de�nitions equal observational intervals also rep-

resent an irregular spacing regarding the unit period and the data generating process.44

It can be shown that the state dependence parameter of the true process mixes with

the error term of the observed model in this case (see Millimet and McDonough, 2013).

The resulting estimates are consistent, but formally with respect to the �wrong� model

parameters. Given equal spacing, the misspeci�cation can be regarded as being constant,

though. This may allow for meaningful inference but restricts comparison to estimates

derived from other, di�erently spaced settings. Refraining from this point and setting the

observational unit equal to the unit period is common practice in discrete longitudinal

(see Baltagi and Song, 2006) and time series settings (see Hamilton, 1994). I follow this

premise here.

9.7.2 Parameter Estimation

For the structural approach, the aforementioned focus on the labor force, i.e. on indi-

viduals aged 18 to 65, implies to retain only those individuals in the sample that are in

working age for the complete time path to be considered. Given time paths T plus the

43 A formal representation is given in Millimet and McDonough (2013).
44 This follows from the fact that the unit period at which the individual is supposed to make consec-

utive decision almost never complies with the rate at which the sampling occurs (e.g., annually).
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initial periods, all observations in t = 0 are aged between 18 and 65 − (T + 1), whereas

in t = T the age varies between 19 +T and 65. On the one hand, this proceeding has the

virtue of decreasing the relative weight of probably aberrated transition periods out of

the labor market, since only the last sample waves get close to the legal retirement age.

On the other hand, rather practical contemplations underly this step, as the structural

approach requires contiguous individual time paths to set up the likelihood contribution

and only few waves provide information on perceived control. The partial likelihood ap-

proach is less �data hungry� as only two adjacent intra-individual observations are needed

in order to obtain a consistent partial likelihood contribution. Thus, the number of ob-

servations is generally higher for the pooled models. Moreover, I consider gender speci�c

subsamples for the analysis. This has the intuitive reasoning that human capital pricing

and thus income, as well as labor market participation and other factors, may di�er by

gender. It also greatly simpli�es the underlying structures for estimation and computa-

tion of standard errors, since there is relatively little need to account for intra-household

correlation. The samples for female and male respondents are very homogeneous in that

regard. Almost 89 percent of both gross samples do not live together with another sample

member who is in working age and of the same gender in 2010. If only those observations

without non-responses in the variables of interest are retained, this share increases to

above 99 percent in either case. As such, the dependence structures within the individual

time paths seem to be the only ones of actual importance. The gender subscripts are

kept implicit in the following formal representations.

Partial Likelihood Approach

Recall the vector xit = (Yit|L,w
′
it) combining the respective poverty measure with the

predetermined mediating factors and perceived control from equation (9.4). The partial

likelihood approach discussed in the previous section separately estimates the respective

equations for all K variables in xki (k = 1, . . . , K). Each variable xki can be associated

with a respective link function that characterizes its conditional expectation, and hence,

its probability distribution. The link functions corresponding to the variables xki are

summarized in Table 9.4.
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Table 9.4: Variable Types and Corresponding Link Functions g(υ)

Variables Link Type Range of g(υ) g(υ)

Poverty Metrics

Headcount binary {0, 1} Φ(υ)

Poverty De�cit corner solution (0,+∞) Φ(υ/σ)(υ + σ
[
φ(υ/σ)
Φ(υ/σ)

]
Watts corner solution (0,+∞) Φ(υ/σ)(υ + σ

[
φ(υ/σ)
Φ(υ/σ)

]
(Potentially) Predetermined Variables

≥ 1 child in HH binary {0, 1} Φ(υ)

Living with partner binary {0, 1} Φ(υ)

Employment (full time) binary {0, 1} Φ(υ)

Perceived Control identity (−∞,+∞) υ

The dependent variables are conditioned on lagged values xit−1, on strictly exogenous

variables zit, and on the unobserved heterogeneity term ci|Yi0|L,z̄i , or ci|wi0,z̄i respectively.

As stated above, contemporaneous cross-e�ects among the elements of xit cannot be

arbitrarily speci�ed, as the estimates are otherwise inconsistent due to a self-de�ned si-

multaneity. Given the hypothesis that the feedback e�ects disseminate from past poverty

to perceived control with all other elements of wit being mediating factors, it is self-

evident to allow Yit|L to be contemporaneously a�ected by all wit. By the same token,

perceived control is the Kth element of wit with no contemporaneous cross-e�ects. For

the remaining variables in wit, the order of the contemporaneous cross-e�ects are ad hoc

choices that cannot be based on the data at hand. Instead, economic theory suggests

that household formation with a partner usually takes place before childbearing decisions

are made. I follow this convention here. The positioning of employment is more complex

from a theoretical perspective. For women, childbearing is known to negatively a�ect

labor force participation and thus employment (see Aassve et al., 2006b). For men, on

the other hand, labor market participation and employment may be more of an prelim-

inary decision, as employment is a promoting factor in mating and search frameworks

(see Burdett and Coles, 1999, Aassve et al., 2002). I will test whether di�erences occur

under both presumptions.

To give a more ostensive representation of the partial likelihood speci�cation, consider

the case of the binary headcount Yit|L = Hit as a left-hand side example for x1
it. Then,

the explicit representation of Dt(·|·) is

Φ [(2Hit − 1)(β′1zit + β′2w̃it + β3Hit−1 + β′4w̃it−1 + α1Hi0 +α′2z̄i)] ,
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with zit and z̄i having ones as their respective uppermost element. The implementation

for the other outcome equations follows the same logic. The resulting log-likelihood

contribution for each xki -speci�c pooled model is

`i(Γk) =
T∑
t=1

lnDt(x
k
it|zit, z̄i, w̃it, x

k
i0,Γk),

where w̃it is always a (K − 1)-subset of wit, in this case except for xki = Yi|L, due to the

otherwise arising simultaneity problems. Again note that the partial likelihood approach

does not explicitly involve the unobserved component ai. Instead, it is absorbed into

the respective error term. This a�ects the scale normalization for binary models or the

variance estimate in the censored and linear case. In all three cases, however, the implied

serial error-correlation on the individual level has to be accounted for when standard

errors are to be computed.

Structural Approach

In the previous section it has been argued that the use of time-invariant random e�ects

makes the assumption of zero covariances across equations relatively plausible. By the

same token, the individual-speci�c joint distribution over the time dimension can be

assumed to require no further free form correlation in the idiosyncratic error terms.45

Without such correlations, the likelihood derived for the estimation of the structural

model can be evaluated without any multidimensional integrals. This presumption is not

necessary for identi�cation, but greatly alleviates the estimation procedure. Following

this simplifying assumption and given the identi�cation results established in the previous

section, one may write the joint distribution of Yit|L and the K row elements of wit over

the sampling period as a simple product.

D(Yi1|L, . . . ,YiT |L,wi1, . . . ,wiT |zi1, . . . , ziT ,Yi0|L,wi0, ci,Γ) =

T∏
t=1

Dt(Yit|L|wit,Yit−1|L,wit−1, zit,Yi0|L,wi0, ci,Γ1)

...

· Dt(wKit|Yit−1|L,wit−1, zit,Yi0|L,wi0, ci,ΓK),

�� ��9.7

where the partitions Γk are generally not the same as in case of the partial likelihood

approach above. In order to maintain a comparably sparse parameterization, the pa-

45 The argumentation for this assumption is similar to the one by Butler and Mo�tt (1982), though
in a slightly di�erent context.
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rameters in D(ci|Yi0|L,wi0, z̄i, ai) are not allowed to freely vary across equations, but

by an overall scaling factor for ci in each equation.46 As such, the parameter blocks in

Γ = (Γ′1,Γ
′
2, . . . ,Γ

′
K) have the parameters for ci in common. The link functions for the

respective Yit|L and wit are the same as those de�ned for the partial likelihood approach

above (see Table 9.4).

For a better illustration of the speci�cations resulting from equation (9.7), consider again

the case of the binary headcount Yit|L = Hit, for simplicity only along with perceived

control as a scalar predetermined variable wit = θit. Then one obtains individual time

paths

T∏
t=1

Φ [(2Hit − 1)(β′1zit + β2θit + β3Hit−1 + β4θit−1 + ψ + α1Hi0 + α2θi0 +α′3z̄i + ai)]

1

σ
φ [(θit − δ′1zit − δ2Hit−1 − δ3θit−1 − δ4(ψ + α1Hi0 + α2θi0 +α′3z̄i + ai))(1/σ)] .

Returning to the general case again, it is implied by the above hypothesis that perceived

control is always the lowermost equation in the equation (9.7), i.e., it is the variable that

is always predetermined with respect to all other dependent variables at each t. Likewise,

Yi1|L is always the variable that is allowed to be contemporaneously a�ected by all wit,

and thus is always the uppermost equation in the system. The remaining endogenous

variables in wit may follow an order of predeterminedness established by the same eco-

nomic reasoning as in the case of the partial likelihood approach discussed above. The

simultaneous estimation pursued here provides another opportunity, though. Instead of

ad hoc choices for the order of predeterminedness in wit, one may nest statistical testing

procedures in order learn from the data. Unfortunately, such procedures are rare and

largely limit to time series applications with large T (see, e.g., Kilian and Vega, 2011).47

One therefore has to use a more general speci�cation test for simultaneous equation sys-

tems suggested by Anderson and Kunitomo (1992). The family of tests derived there

test for predeterminedness against the alternative of unrestricted cross-e�ects among the

elements of Yi1|L and wit. This choice is rooted in one particular limitation imposed

by the setting at hand. Following the identi�cation and consistency considerations ad-

dressed above, predeterminedness has to be imposed for logical consistency. As such, it is

46 For the �rst equation that generally models Yit|L, the scaling factor is always one.
47 Larger parts of the econometric and statistical literature deal with the detection of Granger non-

causality (see, e.g., Engle et al., 1983) and its implications for strict exogeneity. Given the asymp-
totic importance of the time dimension in such settings, under suitable sampling horizons, vector-
autoregressive approaches (see Holtz-Eakin et al., 1988) can be used to derive such properties in
panel data context. However, neither Granger's causal interpretation nor strict exogeneity trans-
late into generally valid necessary or su�cient conditions for predeterminedness (see Chamberlain,
1982a; Arellano and Honoré, 2001).
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only possible to derive test statistics from (sub-)models under this assumption, since the

unrestricted model is logically inconsistent given the above arguments. The Anderson

and Kunitomo (1992) framework provides a convenient solution to this problem, as it

also suggests Lagrange multiplier criteria that allow for inference based on the restricted

models only.

Having solved the issues of predeterminedness and logical consistency, what remains to

be addressed is how to treat the time invariant unobserved component ai. By assuming

that ai ∼ N (0, σai), the following log-likelihood contribution for individual i over the

sampling periods T is obtained.

`i(Γ1, . . . ,ΓK) = ln

∫
D(·|Zi, z̄i,Yi0|L,wi0, . . . ,wiT , ai,Γ1, . . . ,ΓK)

(
1

σa

)
φ

(
a

σa

)
da,

where D(·|·) is the right-hand side product from equation (9.7) and Zi = (z′i1, . . . , z
′
iT ).

The integral over the unobserved ai can be solved numerically by means of a Gauss-

Hermite quadrature. The number of interpolation nodes required for obtaining a rela-

tively accurate approximation result is relatively low in cases where D(·|·) involves a link
function based on a normal distribution (see Butler and Mo�tt, 1982), which applies to

all the link functions in Table 9.4.

9.8 Results

The main results presented in the following section are based on the �ve-year sampling

interval.48 That being the case, the 1995 wave represents the initial period, whereas the

waves 1999 to 2010 model the actual individual speci�c time paths. Other observational

intervals and speci�cations are presented in Section 9.9. For all results to be considered,

note that most of the average partial e�ects possess a self-explaining magnitude. In

case of perceived control and the de�cit measures that account for the gap between

equivalent incomes and the poverty line, some preliminary explanations may be in order.

For perceived control, all e�ect sizes refer to a change on its standard deviation or from

its standard deviation.49 For the poverty de�cit, the average e�ects can be interpreted

48 Recall that the second wave (1999) actually has a four-year gap towards the the �rst wave and
a six-year gap towards the third one. Moreover, the interview dates may vary in course of the
respective years. Hence, the observational intervals are only approximations.

49 For estimation of the structural model, however, it is convenient to chose a higher dispersion of
the perceived control scores in order to scale the corresponding sub-model such that it provides
tantamount contributions to the overall likelihood value. Otherwise, many precision exceptions
occur throughout the likelihood optimization. Due to the scale-invariance of the likelihood approach,
the estimates can be re-scaled in the aftermath.
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in terms of the absolute distance of equivalence incomes to the poverty line. Similarly,

for the Watts measure the average change refers to the logs of both entities. Hence,

one should always put into perspective that average partial e�ects for the poverty de�cit

measures tend to be rather large in magnitude, as they relate to induced changes in

equivalent euros. On the other hand, model parts that include the poverty de�cit as a

right-hand side variable produce comparably small average e�ects as opposed to those

with binary indicators of poverty involved, though their absolute meaning may be quite

substantial. For the Watts measure a meaningful interpretation is somewhat more di�cult

to establish. If the de�cit in logs is a left-hand side variable, one may reformulate the

average partial e�ects of continuous variables by means of the exponential function. The

resulting average partial e�ects then refer to the implied average change on the ratio of

the poverty line and the net equivalent income. By the same transformation, the average

e�ect sizes of the Watts measure as a right-hand side variable are in terms of a one

percent increase in the ratio of poverty line and equivalence income with respect to the

corresponding dependent variable. For discrete explanatory variables, the exponential

transformation for the log ratio does not apply, as it also depends on its level when the

change is discrete rather than marginal.

9.8.1 Partial Likelihood Approach

The empirical results for the female sample using the partial likelihood approach are

presented in Tables 9.5 to 9.7. For males, the corresponding results will be presented

in Tables 9.8 to 9.10. At the �rst glance, it becomes obvious, that state dependence

plays a dominant role in the model parts for poverty status, full-time employment, liv-

ing with partner, and childbearing.50 Being poor in the previous period vastly increases

the probability of living in poverty in the ensuing one. The same holds for full-time

employment status and the other considered predetermined variables. Being currently

full-time employed also signi�cantly reduces the probability of contemporaneously living

in poverty.

Regarding the exact magnitudes of the presented estimates, one �nds that, probably ow-

ing to the large sample size, a lot of statistically signi�cant e�ects are at hand. The e�ect

sizes for the strictly exogenous variables are largely in line with what could have been

expected based on economic rationales. In addition to the contemporaneous exogenous

e�ects, the signi�cant coe�cients of the time-averaged indicators suggest the prevalence

of some characteristics that are highly correlated with average (unobserved) behavioral

driving forces that go beyond perceived control, such as intelligence, further unobserved
50 I will use �childbearing� as a synonym for �having at least one child� throughout the following

discussion.
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abilities, and motivational factors. Adding up the time-invariant and time-varying com-

ponents of the strictly exogenous variables, one �nds that having some secondary school

degree reduces the average probability of living in poverty by roughly 7 percentage points,

obtaining a higher secondary degree (Gymnasium) does so by even 8 percentage points.

Similarly sizeable is the 6 percentage point reduction in probability when holding a uni-

versity degree. Discarding the impact of those time-invariant variables that act as an

indicator for unobserved heterogeneity, having some vocational quali�cation and holding

German citizenship also signi�cantly contribute to the explanation of individual poverty

states. Those individuals who possess a vocational degree are almost 4 percentage points

less likely to live in poverty than those who do not. Holding the German citizenship lowers

the probability of living in poverty by roughly the same magnitude, whereas living in the

eastern part of Germany has an opposing e�ect that is twice that size. Moreover, though

being jointly signi�cant, the coe�cients of age included as contemporaneous regressors

in the poverty equation do not show any clear pattern.

Considering the contemporaneous predetermined variables, employment status and living

with a partner decrease the probability of the binary poverty status by 6.9 and 6.5

percentage points, respectively. This seems quite intuitive. The e�ects of the lagged

characteristics are not completely in line with what could have been expected. One the

one hand, having been gainfully employed in the previous period signi�cantly reduces the

poverty risk in a given period. On the other hand, living together with a partner at t− 1

increases the risk of being poor, though by a comparably small margin of one percentage

point. The same holds for having had at least one child in the previous period. The likely

explanation for these somewhat contradictory e�ects might be that, after controlling for

potential economies of scale by using equivalence incomes, working-age individuals who

live together with others may not solely bene�t from living with each other. Quite often,

such individuals may be sole earners or at least have to keep one additional household

member. This �nding is somewhat at odds with those results derived from traditional

random e�ects models under strict exogeneity assumptions (see, e.g., Biewen, 2004),

implying that its relaxation is a quite reasonable step in the setting at hand.

Nonetheless, the estimate for the state dependence e�ect is the strongest one. Having

been poor at t − 1 raises the probability of being poor in the subsequent observational

period by about 19 percentage points. This e�ect highlights that even after controlling

for di�erences in observed and unobserved characteristics, past poverty experience is

connected to a higher future poverty risk. The revealed state dependence corresponds

to the previous empirical �ndings that have been discussed throughout the review of the

related literature. The fact that the incorporation of perceived control into the model
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does not change this pattern indicates that this particular trait does not add much to

the explanation of this implicit association. Furthermore, it should be noted that given

the current setting those who are poor at t− 1 and again at t may consist of two rather

di�erent groups. There are those individuals for whom the two points in time are part

of a continuing poverty spell. Additionally, there may be those individuals who have an

interrupted spell of poverty, or potentially even more than one. In the setting at hand, a

potential mixing of these groups is even more likely as the observational points in time are

quite distant. Given that the partial likelihood approach does not distinguish between

likelihood contributions across individuals and within individuals along the time axis,

this issue is not properly accounted for by the result presented here. The implications of

continuing spells and repeated poverty unemployment may be somewhat di�erent. One

may learn more about this phenomenon from the data when the observational interval

as well as the modeling of the individual time paths are changed. This will be subject to

Section 9.8.2 and Section 9.9.

The estimation results presented thus far remain valid when the two remaining poverty

measures, namely the poverty de�cit and the Watts measure, are considered. Recall that,

as opposed to the binary indicator, both measures also capture the extent of poverty,

where the Watts measure puts more weight on equivalent incomes in further distance

to the poverty line. The corresponding estimation results are presented in Tables 9.6

and 9.7. The order of e�ect sizes presented for the binary poverty indicator thus far

do not change for either measure. Bear in mind that the average e�ects refer to the

conditional expectation for the complete sample, not only to those observations for whom

the de�cit measures are not censored. Being employed reduces the average de�cit by

roughly 200 equivalent euros, or given the Watts speci�cation, decreases the log-ratio

between the poverty line and the equivalent income by 0.4 percentage points. Analogously

to the binary case, living with a partner and the degree of perceived control also exert

a substantial e�ect in terms of poverty reduction. For the strictly exogenous variables,

the picture is slightly di�erent compared to the binary case. Educational achievements,

which have been a strong predictor for the headcount measure, are less signi�cant for

the poverty de�cit and the Watts measure. Holding a vocational degree, on the contrary,

seems to decrease the poverty de�cit by 60 equivalent euros on average, or in terms

of the log ratios by 0.12 percentage points. Apart from a rather small impact of age,

the time-averaged covariates in the correlated part of the model have lost most of their

statistical signi�cance given the two speci�cations that involve the poverty de�cit and

Watts measure.
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Quite naturally, the results for the predetermined left-hand side variables do not depend

on the speci�c poverty measure being employed.51 Some of them are somewhat remark-

able, though. Having at least one child negatively a�ects the probability of employment,

as does living with a partner. Perceived control has some positive e�ect on employment,

but the magnitude is negligible. Again, the state dependence in the respective dependent

variable is the most in�uential predictor. Having been employed in the previous observa-

tional period raises the probability of employment in the current period by 31 percentage

points. Similar �ndings occur in case of having one or more children, and in case of living

with a partner. These amount to 50 and 21 percentage points, respectively. It should be

noted, however, that as with the state dependence in poverty, two rather di�erent groups

of observations are likely to mix up in the constitution of the state dependence in the em-

ployment equation. Again, there may be those observations with the two points in time

being part of a continuing spell without employment, and those who have one or more

intervening spell(s) of employment. As argued above, a model that considers complete

individual time paths may contribute to a better understanding in this case. With regard

to the exogenous variables, having a university degree is a particularly strong exogenous

predictor for employment. The same holds for possessing a degree from a technical col-

lege. Considering the time-invariant part of the model, these e�ects are mitigated to

some extent. For all further strictly exogenous variables, the e�ects are rather moderate

in magnitude across all columns. The results for perceived control are quite plausible

and in large parts in line with the respective literature on stability (see the summarized

�ndings in Chapter 7). As already stated, they exhibit the anticipated e�ects on cur-

rent employment status. The e�ects are positive in the sense that a higher degree of

perceived control increases the probability for those outcomes typically associated with

labor market success (see Almlund et al., 2011). As such, it is also possible that an

additional impact on poverty status transmits via the e�ect on employment status. The

estimates for the lagged e�ects of perceived control on the considered dependent variables

are lower in magnitude. Background characteristics like formal educational attainments

explain some of the di�erences in perceived control, but most covariates are not statisti-

cally signi�cant. Holding some school degree increases perceived control by 4.6 percent

of a standard deviation. Moreover, a relatively small combined age e�ect seem to prevail.

Apart from that, the pattern is similar to previous �ndings from the literature on trait

determinants, where indicative individual characteristics usually have low explanatory

power.

51 The possible changes in the estimated coe�cients, if anything, a�ect the rightmost reported decimal
digit.
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Turning to the estimates that are most important in light of the hypothesized feedback

e�ect, past poverty experiences apparently exert some lagged in�uence on perceived con-

trol. In case of the binary headcount, the feedback e�ect amounts to 5.2 percent of a

standard deviation. Though this is not a major feedback e�ect, it is still remarkable

given the often alleged stability of personality traits in adulthood. One should bear in

mind that the binary poverty status may mix the e�ects of those being �slightly� poor

with those who have available an even lower amount of equivalent income. Thus, a more

nuanced view may be obtained when additionally considering the extent of poverty by

means of the de�cit or Watts measure. When poverty is linearly scaled as equivalent

income, the corresponding negative e�ect on perceived control is close to zero. When a

higher emphasis is put on those individuals who su�er from a higher degree of poverty,

a one percent increase in the ratio of the poverty line and an individual's equivalence

income signi�cantly decreases perceived control by almost 13 percent of a standard devi-

ation. This is a fairly large e�ect that particularly seems to be driven by those individuals

who are exerted to a comparably high degree of poverty. To give this e�ect size a more

intuitive meaning, consider the case of a poverty line being located at 700 equivalent

euros and an individual who has 350 equivalent euros at her/his disposal. For such an

admittedly high degree of poverty, a one percent increase would be equivalent to a 2.40

euro decrease in disposable equivalent income. This �nding indicates that the negative

perception of small income decreases for poor individuals seems to be sizeable.

Though the overall picture does not substantially di�er from what has been estimated for

the female sample, some slight variations are apparent for male sample members, though.

The results for the set of strictly exogenous covariates again is little surprising. However,

human capital achievements and labor market assets, like job experience, imply some

di�ering partial e�ects. Considering the compound contemporaneous and time-averaged

variables, holding some secondary school degree results in almost the same average e�ect

as for the male sample, whereas the poverty reduction due to a higher secondary degree

is weaker. The latter amounts to just -1.8 and -2.1 percentage points, as opposed to -3.3

and -5.7 for females. Similarly, the average poverty reduction induced by having some

vocational degree is only half that size. On the other hand, degrees from university and

technical college greatly reduce the probability of living in poverty, but the latter e�ect

is somewhat weaker than for females. Only the indicator for residence in the eastern

parts of Germany increases the likelihood of living in poverty. Compared to the female

respondents, a similar pattern holds for the various impacts of the contemporaneous

and lagged predetermined variables. Having a full-time employment reduces the poverty

risk by almost 7 percentage points and thus exhibits almost the same magnitude. The

contemporaneous e�ect of living with a partner is somewhat weaker, whereas having at
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least one child increases the probability of poverty by 4.4 percentage points. This impact

was not at hand in case of females in working-age. As expected, having been poor in

the previous observational period increases the current risk of poverty by 15.3 percentage

points. As such, this state dependence is somewhat weaker than in case of the male

sample. The estimated coe�cients on the remaining lagged dependencies do not di�er

substantially and are relatively weak in magnitude.

Columns II to IV of Table 9.8 present the estimates for the predetermined variables. As

with the above discussion for the female sample, all the regressors apart from poverty

status produce almost the same estimates for the three considered poverty measures (see

Tables 9.8 to 9.10). Hence, it is again su�cient to discuss only the estimates presented

in Table 9.8. Once more, a statistically signi�cant e�ect of past employment on future

employment is found. It seems that the relative magnitudes of the strictly exogenous

variables are similar for the gender speci�c employment models. The compound con-

temporaneous and time-averaged e�ects for the secondary schooling degrees are slightly

lower in case of the male sample. The impact of holding a university degree is somewhat

higher, on the contrary. Likewise, living in the eastern part of Germany seems to have a

marginally higher impact on the average risk of being unemployed than in case of females.

Such minimal di�erences in the estimated e�ect sizes in the exogenous variables continue

to hold for the remaining predetermined variables. They do not, however, add anything

substantial to the general formation patterns of the considered entities.

The contemporaneous and lagged cross-e�ects provide more interesting information, how-

ever. Having children does not negatively impinge on the probability of employment, but

even slightly increases the chance by 3.5 percentage points. The small negative e�ect of

living with a partner is reversed for males. A substantial di�erence occurs for the asso-

ciation of cohabitation with a partner and the probability of having at least one child.

As opposed to just 8 percentage points for females, living with a partner increases the

probability of the latter by 34 percentage points. As with the discussion thus far, the

state dependence e�ects are the most substantial determinants for all the predetermined

variables involved. In case of employment and child bearing, the state dependence is

slightly weaker than for the female sample. In case of the probability of living with

a partner, it is 0.5 percentage points higher. For the rightmost model that addresses

perceived control, the explanatory contributions of the strictly exogenous variables are

comparable to the results for females. Only the indicator for holding a secondary school-

ing degree provides a seizable explanation for the expression of perceived control, as it

increases the score by an average of 16.5 percent of a standard deviation. The e�ects of

the remaining estimates are again quite imprecise. There is also a relatively large state
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dependence in the model for perceived control, along with lagged feedbacks due to living

with a partner and having at least one child. As opposed to the estimates obtained for

the female sample, the lagged e�ect of cohabitation is quite substantial and increases the

current period perceived control by 13.2 percent of a standard deviation. This e�ect is

even stronger than the negative feedback exerted from past poverty experiences, which

amounts to 4.3 percent of a standard deviation. Also in contrast to females, for whom

the magnitude was comparable, this e�ect is statistically signi�cant. Its interpretation in

terms of monetary changes is similar to the example given above.
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Table 9.5: Average Partial E�ects for Headcount (Female) � Partial Likelihood Approach
(1995 � 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.069*** � � � �

Children 0.003** -0.220** � � �

Partner in HH -0.065*** -0.029*** 0.081*** � �

Perceived Control (PC) -0.012*** 0.011*** -0.001 0.010*** �

Lagged Variables

Poverty St. 0.189*** 0.009** 0.059*** -0.042*** -0.052

Employment St. 0.017*** 0.309*** 0.024** 0.001 -0.054**

Children 0.016*** 0.127*** 0.502*** -0.011*** -0.024

Partner in HH 0.011*** -0.015*** 0.176*** 0.207*** -0.013

Perceived Control (PC) -0.007** 0.003** 0.007** 0.006** 0.369***

Strictly Exogenous Variables

Some School (D) -0.020*** 0.028** 0.113*** -0.056*** 0.046*

Higher Secondary (D) -0.033*** -0.062*** 0.082*** -0.080*** -0.130

Some Voc. Train. (D) -0.038** 0.070** 0.019** 0.008** -0.040*

University (D) 0.002 0.333*** 0.156*** 0.084*** 0.068*

Tech-Coll. (D) -0.010 0.264*** 0.080*** 0.022** 0.093

Job Exp. (Full T.) 0.001* -0.006*** -0.001** 0.004*** 0.002

Age -0.004*** -0.008** -0.011*** -0.004*** -0.026***

East German (D) 0.067*** 0.050** -0.041*** -0.138*** -0.050

German (D) -0.035** -0.024* 0.194*** 0.071*** -0.076

Time Averages

Some School (D) -0.055*** 0.021** -0.105** 0.064*** 0.087*

Higher Secondary (D) -0.057*** 0.012*** -0.084*** 0.077*** 0.190

Some Voc. Train. (D) 0.001 0.004** 0.013** 0.014** 0.047

University (D) -0.060*** -0.158*** -0.114*** -0.076*** 0.156*

Tech-Coll. (D) -0.041*** -0.155*** -0.053*** -0.003 -0.025

Job Exp. (Full T.) -0.002*** 0.019*** -0.003*** -0.005*** 0.006*

Age -0.005*** -0.007** -0.002*** 0.003*** 0.018***

East German (D) 0.001 -0.073*** 0.004 -0.135*** -0.064

German (D) -0.001 0.022 -0.245** -0.121*** -0.025*

N 8,954 9,079 12,069 9,067 8,489

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.6: Average Partial E�ects for Poverty De�cit (Female) � Partial Likelihood
Approach (1995 � 2010, Sampling Period = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -199.414*** � � � �

Children -2.240 -0.219*** � � �

Partner in HH -160.355*** -0.028*** 0.080*** � �

Perceived Control (PC) -18.239*** 0.011*** -0.002* 0.010*** �

Lagged Variables

Poverty St. 0.979*** 0.000*** 0.000*** -0.000*** -0.000

Employment St. 20.015 0.309*** 0.022*** 0.002 -0.052**

Children 34.303** 0.127*** 0.502*** -0.010*** -0.024

Partner in HH 3.953 -0.015*** 0.174*** 0.207*** -0.011

Perceived Control (PC) -17.853*** 0.003*** 0.006*** 0.006*** 0.369***

Strictly Exogenous Variables

Some School (D) -39.425 0.028** 0.115*** -0.059*** 0.041

Higher Secondary (D) -76.730 -0.061*** 0.083*** -0.083*** -0.019

Some Voc. Train. (D) -59.488** 0.070** 0.021*** 0.008** 0.039*

University (D) 14.693 0.333*** 0.155*** 0.084*** -0.067

Tech-Coll. (D) 18.197 0.264*** 0.081*** 0.021** 0.092

Job Exp. (Full T.) 2.855 -0.005*** -0.001** 0.004*** 0.002

Age 6.456*** -0.008** -0.010*** -0.004*** -0.026***

East German (D) 86.869** 0.050** -0.039*** -0.139*** -0.052

German (D) -45.067 -0.025* 0.197*** 0.067*** -0.077

Time Averages

Some School (D) -73.328 0.021* -0.108*** 0.067*** 0.093

Higher Secondary (D) -62.061 0.013*** -0.086*** 0.079*** 0.196*

Some Voc. Train. (D) -21.336 0.004** 0.011** 0.015** 0.048*

University (D) -126.505* -0.158*** -0.115*** -0.076*** 0.156*

Tech-Coll. (D) -124.519* -0.155*** -0.056*** -0.001 -0.023

Job Exp. (Full T.) -4.704 0.019*** -0.003*** -0.005*** 0.005*

Age -8.786*** -0.007** -0.002*** 0.003*** 0.017***

East German (D) 18.799 -0.073*** 0.004 0.135*** -0.064

German (D) -16.633 0.022 -0.249*** -0.116*** 0.251*

N 8,954 9,079 12,069 9,067 8,489

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.7: Average Partial E�ects for Watts Measure (Female) � Partial Likelihood
Approach (1995 � 2010, Sampling Period = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.408*** � � � �

Children 0.018 -.219*** � � �

Partner in HH -0.327*** -.029*** 0.080*** � �

Perceived Control (PC) -0.034*** .011*** -0.002* 0.010*** �

Lagged Variables

Poverty St. 0.718*** 0.036*** 0.109*** -0.059*** -0.129*

Employment St. 0.025 0.309*** 0.021*** 0.004** -0.053**

Children 0.055** 0.127*** 0.503*** -0.011*** -0.024

Partner in HH -0.007 -0.015*** 0.173*** 0.208*** -0.011

Perceived Control (PC) -0.042*** 0.003*** 0.006*** 0.007*** 0.370***

Strictly Exogenous Variables

Some School (D) -0.095 0.028** 0.115*** -0.058*** 0.039

Higher Secondary (D) -0.172* -0.061*** 0.083*** -0.082*** -0.020

Some Voc. Train. (D) -0.125** 0.070*** 0.021*** 0.008** 0.039*

University (D) 0.023 0.333*** 0.156*** 0.084*** -0.067

Tech-Coll. (D) 0.020 0.264*** 0.081*** 0.021** 0.092

Job Exp. (Full T.) 0.008 -0.006*** -0.001** 0.003*** 0.002

Age 0.013*** -0.008*** -0.010*** -0.004*** -0.026***

East German (D) 0.168* 0.049*** -0.039*** -0.139*** -0.051

German (D) -0.118 -0.025* 0.197*** 0.066*** -0.077

Time Averages

Some School (D) -0.135 0.021* -0.109*** 0.068*** 0.093

Higher Secondary (D) -0.121 0.128*** -0.087*** 0.080*** 0.196*

Some Voc. Train. (D) -0.049 0.009** 0.010** 0.015** 0.048*

University (D) -0.247* -0.158*** -0.115*** -0.075*** 0.156*

Tech-Coll. (D) -0.247* -0.156*** -0.056*** -0.001 -0.023

Job Exp. (Full T.) -0.011 0.019*** -0.003*** -0.005*** 0.005*

Age -0.018*** -0.007*** -0.002*** 0.003*** 0.017***

East German (D) 0.059 -0.073*** 0.005 0.134*** -0.064

German (D) -0.015 0.023* -0.249*** -0.115*** 0.251*

N 8,954 9,079 12,069 9,067 8,489

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.8: Average Partial E�ects for Headcount (Male) � Partial Likelihood Approach
(1995 � 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.068*** � � � �

Children 0.044*** 0.035*** � � �

Partner in HH -0.032*** 0.045*** 0.340*** � �

Perceived Control (PC) -0.007*** 0.022*** -0.002*** 0.008*** �

Lagged Variables

Poverty St. 0.153*** 0.001 0.041*** 0.002 -0.043*

Employment St. 0.005*** 0.170*** 0.111*** 0.026*** 0.017

Children 0.014*** 0.036*** 0.426*** -0.014*** -0.079***

Partner in HH 0.003 0.011*** 0.088*** 0.212*** 0.132***

Perceived Control (PC) -0.002*** 0.004*** 0.004*** 0.009*** 0.367***

Strictly Exogenous Variables

Some School (D) 0.020*** 0.069*** 0.004 0.018** 0.165*

Higher Secondary (D) -0.018*** 0.120*** 0.069*** 0.056*** 0.079

Some Voc. Train. (D) -0.009*** 0.053*** 0.047** 0.029** 0.080*

University (D) -0.042*** 0.193*** 0.058*** 0.093*** 0.035

Tech-Coll. (D) -0.068*** 0.186*** 0.031*** 0.094** -0.007

Job Exp. (Full T.) 0.000 0.015*** -0.009** -0.002*** 0.004

Age 0.005*** -0.022*** -0.006*** 0.000 -0.036***

East German (D) 0.046*** -0.059*** 0.029*** -0.097*** -0.075

German (D) -0.026** -0.124*** 0.077*** 0.062*** -0.157

Time Averages

Some School (D) -0.057*** -0.029** 0.001 -0.021** -0.045

Higher Secondary (D) -0.021*** -0.108*** -0.081*** -0.046*** 0.076

Some Voc. Train. (D) -0.011*** 0.040*** -0.021*** -0.014*** -0.006

University (D) -0.038*** -0.013 -0.039*** -0.083*** 0.044

Tech-Coll. (D) 0.041*** -0.131*** -0.010 -0.069*** 0.030

Job Exp. (Full T.) -0.003*** 0.002*** 0.002*** 0.005*** 0.002

Age -0.003*** -0.005*** -0.003*** -0.003*** 0.025***

East German (D) -0.004 0.000 -0.082*** 0.096*** -0.015

German (D) 0.006 0.125*** -0.136** -0.120*** 0.296

N 8,378 8,491 11,217 8,479 7,916

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.9: Average Partial E�ects for Poverty De�cit (Male) � Partial Likelihood Ap-
proach (1995 � 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -223.944*** � � � �

Children 77.177*** 0.035*** � � �

Partner in HH -80.747*** 0.045*** 0.341*** � �

Perceived Control (PC) -16.007*** 0.022*** -0.002*** 0.008*** �

Lagged Variables

Poverty St. 0.839*** 0.000*** 0.000*** 0.000** -0.000

Employment St. 1.677 0.171*** 0.109*** 0.026*** 0.021

Children 35.359** 0.036*** 0.427*** -0.014*** -0.079***

Partner in HH -1.653 0.011*** 0.089*** 0.213*** 0.132***

Perceived Control (PC) -4.629 0.005*** 0.004*** 0.009*** 0.367***

Strictly Exogenous Variables

Some School (D) 11.1236 0.069*** 0.003 0.018** 0.164*

Higher Secondary (D) -51.2933 0.120*** 0.069*** 0.056*** 0.077

Some Voc. Train. (D) -11.2031 0.053*** 0.047*** 0.029** 0.079*

University (D) -80.1962 0.193*** 0.059*** 0.093*** 0.032

Tech-Coll. (D) -205.191*** 0.186*** 0.033*** 0.094** -0.009

Job Exp. (Full T.) .542645 0.015*** -0.009** -0.002*** 0.004

Age 9.30198*** -0.022*** -0.005*** 0.000 -0.036***

East German (D) 41.6851 -0.059*** 0.029*** -0.097*** -0.075

German (D) -83.344 -0.119*** 0.077*** 0.062*** -0.157

Time Averages

Some School (D) -69.969* -0.029** 0.001 -0.021** -0.043

Higher Secondary (D) -7.720 -0.108*** -0.083*** -0.046*** 0.079

Some Voc. Train. (D) -29.148 0.040*** -0.022*** -0.014*** -0.005

University (D) -112.633* -0.013 -0.041*** -0.083*** 0.048

Tech-Coll. (D) 77.097 -0.130*** -0.011 -0.069*** 0.033

Job Exp. (Full T.) -5.816* 0.002*** 0.002*** 0.005*** 0.002

Age -5.386** -0.005*** -0.003*** -0.003*** 0.025***

East German (D) 31.783 0.000 -0.082*** 0.096*** -0.015

German (D) 42.788 0.122*** -0.136*** -0.120*** 0.296

N 8,378 8,491 11,217 8,479 7,916

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.10: Average Partial E�ects for Watts Measure (Male) � Partial Likelihood
Approach (1995 � 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.418*** � � � �

Children 0.156*** 0.035*** � � �

Partner in HH -0.157*** 0.045*** 0.341*** � �

Perceived Control (PC) -0.031*** 0.022*** -0.002*** 0.008*** �

Lagged Variables

Poverty St. 0.608*** 0.044*** 0.080*** 0.022** -0.069

Employment St. -0.021 0.171*** 0.109*** 0.026*** 0.020

Children 0.062** 0.036*** 0.427*** -0.014*** -0.080***

Partner in HH -0.002 0.011*** 0.089*** 0.213*** 0.132***

Perceived Control (PC) -0.011 0.005*** 0.004*** 0.009*** 0.367***

Strictly Exogenous Variables

Some School (D) 0.002 0.069*** 0.003 0.018** 0.164*

Higher Secondary (D) -0.094 0.120*** 0.069*** 0.056*** 0.077

Some Voc. Train. (D) -0.023 0.053*** 0.047*** 0.029** 0.079*

University (D) -0.147 0.193*** 0.059*** 0.093*** 0.032

Tech-Coll. (D) -0.377*** 0.186*** 0.033*** 0.094** -0.009

Job Exp. (Full T.) 0.001 0.015*** -0.009** -0.002*** 0.004

Age 0.017*** -0.022*** -0.005*** 0.000 -0.036***

East German (D) 0.061 -0.061*** 0.029*** -0.098*** -0.074

German (D) -0.193 -0.119*** 0.076*** 0.063*** -0.149

Time Averages

Some School (D) -0.123* -0.029** 0.001 -0.020** -0.043

Higher Secondary (D) -0.029 -0.108*** -0.083*** -0.045*** 0.079

Some Voc. Train. (D) -0.053 0.040*** -0.022*** -0.014*** -0.005

University (D) -0.222* -0.013 -0.041*** -0.083*** 0.048

Tech-Coll. (D) 0.127 -0.129*** -0.011 -0.068*** 0.033

Job Exp. (Full T.) -0.012* 0.002*** 0.002*** 0.005*** 0.002

Age -0.009** -0.005*** -0.003*** -0.003*** 0.025***

East German (D) 0.083 0.001 -0.082*** 0.096*** -0.016

German (D) 0.109 0.121*** -0.135*** -0.122*** 0.289

N 8,378 8,491 11,217 8,479 7,916

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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9.8.2 Structural Approach

The results for the structural model that explicitly accounts for potential feedback in the

predetermined variables are shown in Table 9.11 for females and Table 9.12 for males.

Though other possible orders of predeterminedness for the dependent variables in columns

II to IV have not been tested yet, the Lagrange multiplier test of Anderson and Kunitomo

(1992) fails to reject the null hypothesis of the predeterminedness order as given by Tables

9.11 and 9.12 against overidenti�ed (unrestricted) alternatives in case of females and

males. This result shows that the structural model as suggested is at least in line with

data. It remains to be seen, whether other model constellations provide LM-statistics

that are more distant to the respective critical χ2-values and thus provide a better �t

under the null hypothesis.

Moreover, recall from Section 9.7 that the structural approach considers only complete

time paths over the whole observational timespan, leading to a substantially lower number

of observations compared to the models discussed in the previous section. For the female

sample, some of the revealed e�ects are di�erent, but not in a way that is inconsistent

with the previous �ndings. Looking at the impact of the strictly exogenous variables,

apart from the general secondary schooling degree, education signi�cantly decreases the

risk of living in poverty. The indicators for holding a higher secondary schooling degree,

a university degree, or a technical college degree are the only education variables the

time-means of which have a substantial poverty reducing e�ect, probably due to their

role as projections of unobserved abilities. As for the partial likelihood estimates, living

in the eastern part of Germany can be associated with an increase in poverty risk. The

poverty reducing e�ect of full time job experience is slightly higher then suggested by

the previous models. The results for the impact of holding a German citizenship are

comparable under both models considered thus far. All further exogenous partial ef-

fects are rather negligible within the poverty equation. Regarding the contemporaneous

cross-e�ects, the mediating role of employment seems to be more of a factor within the

structural setup. As such, it may also be possible that some of the exogenous covari-

ates additionally operate on poverty status via the employment equation. When jointly

considering the contemporaneous exogenous variables and the correlated part of the em-

ployment equation, the compound e�ects have not changed much. The overall impacts of

the human capital related characteristics have a positive in�uence on employment prob-

ability in large parts, whereas the impacts of graduation from university and technical

college have changed their signs. By and large, there also are no dramatic changes in

the exogenous and correlated model parts for the equations representing partnership and

having children, though some e�ects are even reversed. For instance, the impact of a
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technical college degree on the probability of having at least one child changes from 3

percentage point to -7 percentage points, an e�ect that is relatively weak in magnitude

though. Other e�ects remain almost unchanged as is exempli�ed by the average proba-

bility change exerted from holding a university degree to living in a partnership. Likewise

maintained is the almost 30 percentage point reduction in the probability of living in a

partnership for those individuals who live in eastern Germany. Returning the attention

to the contemporaneous interrelations between the model equations, the e�ects of having

children, living with a partner, and of the individual degree of perceived control are still

comparable to those found within the partial likelihood approach. The impacts of part-

nership and childbearing are still negative with regard to employment but have decreased,

whereas the magnitude of perceived control in the partnership equation has increased to

almost 7 percentage points. Furthermore, the average e�ect from cohabitation to having

a child is up by some 3.5 percentage points compared to the previous framework.

With regard to lagged e�ects of the predetermined variables and poverty, the strong

state dependence within the respective model parts remains for the structural model as

well. In case of poverty and employment, it has decreased, whereas for the children

and cohabitation sub-models, there is a slight increase in the state dependencies. The

previously positive lagged e�ects from poverty and partnership on the probability of

having a child, reverse into quite small negative e�ects. The explanatory associations

for the model part on perceived control is still rather di�use and at best allows to infer

some signi�cant relations with regard to age. What turns out to be the most important

�nding of the structural estimates, however, is that the sizeable feedback e�ect from

previous poverty experiences to control expression seems to be con�rmed. As opposed to

the partial likelihood model, it has even increased to -7.6 percent of a standard deviation.

Table 9.12 displays the results for the structural model given the male sample. Concern-

ing the coe�cients for the poverty equation, the strictly exogenous and time-invariant

e�ects are again comparable in magnitude. Most of the human capital related predictors

lower the probability of living in poverty, as does having the German citizenship. Liv-

ing in eastern Germany, on the other hand, is again negatively associated with poverty

reduction. As with the female sample, the contemporaneous impact of employment is

slightly higher in case of the structural model, which again may be an argument in favor

of contemplating employment as a mediator of poverty. The other e�ects are remark-

ably similar, though the direct impact of perceived control on poverty is substantially

lower. The e�ects of the variables on employment are also in line with prior expectations.

Higher educational quali�cations are generally associated with higher employment prob-

abilities. In the structural model, the e�ect of age on the employment probability has
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inverted, but still is relatively weak in magnitude. The role of the exogenous variables

in the remaining model parts also follow the previous discussions in large parts. What

should be noted, however, is that the structural model again suggests sizable and signif-

icant state dependence e�ects across the entities involved in the �ve equations. Those

for poverty, living with a partner, and perceived control are even stronger than in the

previous models, whereas the state dependence for employment and having a child have

decreased. Likewise, the e�ects for the other lagged predetermined variables show very

similar patterns to those in the previous models. The results for the employment equa-

tion are rather weak. The fact that lagged poverty slightly increases the employment

probability of a given period is somewhat at odds with what one could have expected.

All other lagged cross-e�ects are rather low with regard to their magnitudes and their

interpretations. Again, the e�ect of primary interest has increased (in absolute terms)

by more than 3 percentage points compared to the partial likelihood model. This �nding

provides further evidence that, on average, past poverty experiences seem to negatively

impinge on control perception.

Given the previous �ndings on the feedback e�ects when the poverty relations are set up

from the Watts measure, the structural estimates presented in this section also suggest

that the feedback from poverty to future control perception may be even stronger when

the more nuanced Watts measures is employed instead of the binary headcount. This

model is yet not implemented, however. A �nal note on the estimates for the variance

component σa, which can be directly quanti�ed in the structural model, may be in or-

der. As opposed to the true state dependence, the unobserved component is relatively

low. This may be owed to the fact, that controlling for perceived control is expected

to signi�cantly reduce unobserved heterogeneity that usually prevails in the compound

error.
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Table 9.11: Average Partial E�ects for Headcount (Female) � Structural Approach (1995
� 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.098*** � � � �

Children 0.046** -0.054*** � � �

Partner in HH -0.011** -0.033** 0.115*** � �

Perceived Control (PC) -0.079** 0.046* 0.059** 0.069*** �

Lagged Variables

Poverty St. 0.143** 0.018** -0.022** 0.006* -0.076**

Employment St. 0.003** 0.101* 0.106** 0.010** -0.015**

Children 0.014*** -0.098* 0.786** -0.014*** -0.008*

Partner in HH 0.005* -0.011** -0.013* 0.212*** 0.018

Perceived Control (PC) -0.007** 0.004* -0.059* 0.010* 0.167**

Strictly Exogenous Variables

Some School (D) 0.020** 0.039*** 0.020** 0.085 0.054*

Higher Secondary (D) -0.021* 0.043* 0.021*** -0.058*** -0.213

Some Voc. Train. (D) -0.009*** 0.126*** 0.121* 0.014* -0.025*

University (D) -0.052** 0.148*** 0.109** 0.058*** 0.071*

Tech-Coll. (D) -0.068* 0.137* -0.013** 0.009** 0.019

Job Exp. (Full T.) 0.005** 0.177** 0.030* 0.033** 0.002*

Age -0.005** -0.086*** -0.049* 0.009** -0.021**

East German (D) 0.055*** 0.059** -0.025* -0.171*** -0.055

German (D) -0.026* 0.061* 0.163** 0.026* -0.038*

Time Averages

Some School (D) 0.013** 0.011** -0.105** 0.016** 0.124*

Higher Secondary (D) -0.036** 0.001* -0.084*** 0.067** 0.212

Some Voc. Train. (D) 0.007 0.013** 0.013** 0.012** 0.066

University (D) -0.046*** -0.158*** -0.114*** -0.043*** 0.135*

Tech-Coll. (D) -0.024*** -0.155*** -0.053*** -0.007* -0.023

Job Exp. (Full T.) -0.012** 0.019*** -0.003*** -0.003* -0.001*

Age -0.011*** -0.007** -0.002*** 0.001** 0.065***

East German (D) 0.003* -0.073*** 0.004 -0.117** -0.061

German (D) -0.016** 0.022 -0.245** -0.093*** -0.021*

σa 0.134*** 0.221** 0.245** 0.121*** 0.251**

N 1,489

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.12: Average Partial E�ects for Headcount (Male) � Structural Approach (1995
� 2010, Sampling Interval = 5 yrs.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.081** � � � �

Children 0.065*** 0.048** � � �

Partner in HH -0.019* 0.019** 0.567** � �

Perceived Control (PC) -0.093*** 0.031*** 0.008** 0.006*** �

Lagged Variables

Poverty St. 0.251*** 0.008** 0.037** 0.007*** -0.081***

Employment St. 0.012** 0.127*** 0.109** 0.031** 0.025**

Children 0.021* 0.089* 0.368*** -0.021*** -0.001*

Partner in HH 0.009** -0.043** -0.001* 0.332** 0.005*

Perceived Control (PC) -0.003*** 0.013** -0.005* 0.007* 0.587**

Strictly Exogenous Variables

Some School (D) 0.015*** -0.190** 0.060 0.004*** -0.562*

Higher Secondary (D) -0.033** -0.076** 0.025** 0.009** -0.002*

Some Voc. Train. (D) -0.003*** 0.184** -0.015* 0.018** 0.067

University (D) -0.054** 0.268*** -0.088** 0.049*** -0.012

Tech-Coll. (D) -0.078* 0.156** -0.187** 0.079*** 0.537*

Job Exp. (Full T.) 0.003** -0.143*** -0.016*** -0.005* 0.041

Age -0.001** 0.064*** 0.014*** -0.009*** -0.004

East German (D) 0.067*** -0.125** -0.146*** -0.399*** 0.248*

German (D) -0.015** 0.170** 0.072** 0.013* -0.368

Time Averages

Some School (D) -0.005*** 0.265*** -0.009 0.006*** 0.434*

Higher Secondary (D) -0.036* 0.116*** -0.007* 0.015* 0.005

Some Voc. Train. (D) 0.007 -0.177*** 0.025** -0.007** -0.005

University (D) -0.061** -0.153*** 0.084*** -0.033*** 0.261*

Tech-Coll. (D) -0.012** -0.118*** 0.115* -0.047** -0.351*

Job Exp. (Full T.) -0.005** 0.198* 0.012* 0.004* -0.047*

Age -0.001** -0.072*** -0.026** 0.008*** -0.002

East German (D) 0.005*** 0.054** 0.098*** 0.168** -0.319**

German (D) -0.041*** -0.168* -0.047*** -0.005 0.226

σa 0.346** 0.198*** 0.451** 0.219* 0.571***

N 1,351

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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9.9 Robustness Checks

As noted above, several caveats should be considered given the estimates discussed thus

far. The �rst issue that has been addressed was that the comparably long observational

interval is likely to a�ect the dynamic cross-e�ects and state-dependencies in the setting

at hand. The other feature of the data that should be taken into account is that the time-

averaged model parts �uctuate somewhat more than the other derived e�ects. This may

be an artifact of the relatively low number of waves that can be used for the considered

models. This section addresses both points in successive order.

Regarding the potential problems arising from the quite distant observational points,

Tables 9.13 and 9.14 provide partial likelihood estimates for the annually available waves

from 1994 to 1996, where the 1994 wave acts as initial period. Due to the nature of the

partial likelihood approach, only the time-averaged e�ects are likely to su�er from this

even shorter timespan. All other e�ects may provide a viable comparison to the main

results. As such, I will not focus on the di�erences in the strictly exogenous variables and

the correlated model parts here. Regarding the cross-dependencies for the female sample,

one �nds that relatively minor changes occur for the contemporaneous impacts of the

predetermined variables. The risk-reducing e�ect of employment on poverty has decreased

by an absolute margin of 2 percentage points, whereas the other contemporaneous e�ects

in the poverty model remain remarkably stable compared to the original model. For the

employment and childbearing model, only the e�ects of having a child and living with

a partner have become weaker. Substantial changes occur for the state dependencies

in all �ve models. This result is likely to arise due to the large discrepancy between

the unit period and the observational interval in the original models. Apart from few

exceptions, the lagged cross e�ects seem to be less in�uenced by this issue. In particular,

the feedback e�ect from poverty to perceived control is only 0.7 percentage points weaker

in absolute terms. This indicates a su�cient degree of robustness for the main results on

this association.

For the male sample, the picture is quite similar. Some of the contemporaneous cross-

e�ects have changed, but not in a substantial way. Again, the employment e�ect on

poverty is somewhat weaker. Moreover, the e�ect of living with a partner has reversed,

but only amounts to a 4 percentage point change regarding the probability of living in

poverty. For the remaining cross-e�ects, the changes are negligible. As opposed to the

female sample, the vast increases in the state dependencies pertain to that of having at

least one child, only. All other path dependencies are only moderately increased. Many

of the lagged cross-dependencies that are subject to some changes are below 5 percentage
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points in both models and thus only provide quite unsystematic �ndings. The negative

feedback from past poverty to perceived control has more than doubled, on the other

hand. If one sees the former results on this e�ect as a lower bound estimate, this result

at least does not jeopardize the hypothesis of a non-zero feedback on perceived control.

In order to establish a su�cient degree of robustness, however, further model estimations

should be conducted.

Looking at the results in Tables 9.15 and 9.16, some robustness checks on the potential

e�ect of the rather low number of waves in the models thus far are provided. The employed

waves comprise those from 1994 to 2010, with the 1994 wave again representing the

initial period. As perceived control is not available on an annual basis for this timespan,

the checks only comprise the �rst four equations of the original model. Regarding the

female respondents, the di�erences in the correlated model parts are only minor when

comparing the long panel with original model. The low number of within-individual

observations seems to be more problematic for the contemporaneous exogenous variables,

as the di�erences are most substantial in these model parts. The contemporaneous cross-

e�ects for the predetermined variables are roughly in line with the original ones and

those for the �rst robustness check. Fortunately, the same seems to hold for the lagged

model parts. As with the model for the waves from 1994 to 1996, the state dependencies

have substantially increased as a result of the annual observational interval. However,

the lagged cross-e�ects seem to remain comparable in large parts. It may be cautiously

concluded that this would also translate to the lagged feedback on perceived control, given

it would have been available. For the male sample the same pattern of changes seems to

apply. Again, there are quite substantial di�erences within the exogenous and correlated

model parts, as well as increases in the magnitudes of the state dependencies within the

four equations. On the other hand, the contemporaneous and lagged crosse-e�ects are

rather in line with the previously examined model speci�cations.

Naturally, such separate treatises of the potential problems arising from the small panel

length and the large observational intervals are not completely conclusive. Most likely,

some data imputation scheme that allows for consideration of perceived control on an

annual basis should be included in order to obtain more de�nite robustness results. More-

over, the strong changes in the state dependencies provide evidence in favor of the points

previously made on the mixing of di�erent spell types. Especially for poverty and employ-

ment in the �ve-year observational interval, those individuals for whom the two points in

time are part of a continuing spell and those individuals who have one or more interrupted

spell(s) obviously mix up in the original estimate.

147



CHAPTER 9. STABILITY IN WORKING AGE

Table 9.13: Average Partial E�ects for Headcount (Female) � Partial Likelihood Ap-
proach (1994 � 1996, Sampling Interval = 1 yr.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.048*** � � � �

Children 0.011*** -0.159*** � � �

Partner in HH -0.054*** -0.008** 0.001 � �

Perceived Control (PC) -0.010*** 0.009*** -0.003*** 0.009*** �

Lagged Variables

Poverty St. 0.179*** 0.017** 0.023*** -0.007*** -0.045*

Employment St. 0.019*** 0.364*** -0.001 0.002 0.002

Children 0.009*** 0.096*** 0.878*** 0.004*** -0.004

Partner in HH 0.064*** -0.012*** 0.082*** 0.219*** 0.026*

Perceived Control (PC) -0.006*** -0.005** 0.005*** -0.003** 0.793***

Strictly Exogenous Variables

Some School (D) -0.068*** -0.028** 0.191*** -0.035*** 0.121*

Higher Secondary (D) -0.061*** -0.016** 0.153*** -0.044*** 0.196

Some Voc. Train. (D) 0.034*** 0.543*** 0.040*** 0.058*** -0.208*

University (D) 0.016 0.495*** 0.005** 0.008 0.192*

Tech-Coll. (D) -0.068*** 0.613*** 0.137*** 0.198*** -0.102

Job Exp. (Full T.) -0.002 -0.105*** -0.002 -0.006** 0.001

Age -0.012*** 0.031*** 0.004*** 0.001 0.019*

East German (D) -0.063*** 0.179*** 0.259*** 0.035* -0.087

German (D) 0.159*** 0.119*** -0.216*** 0.054*** -0.054

Time Averages

Some School (D) 0.192*** 0.098*** -0.103*** 0.062*** -0.139

Higher Secondary (D) 0.136*** 0.056*** -0.078*** 0.069*** -0.135

Some Voc. Train. (D) -0.044*** -0.389*** -0.010 -0.057*** 0.271**

University (D) -0.041*** -0.282*** 0.028*** -0.010 -0.037

Tech-Coll. (D) 0.142*** -0.487*** -0.087*** -0.199*** 0.250

Job Exp. (Full T.) 0.002 0.109*** 0.001 0.005** -0.001

Age 0.011*** -0.037*** -0.007*** -0.001 -0.022*

East German (D) 0.148*** -0.152*** -0.189*** -0.030 0.053

German (D) -0.109*** -0.146*** 0.119*** -0.040*** 0.183

N 8,218 8,303 8,660 8,301 8,663

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.14: Average Partial E�ects for Headcount (Male) � Partial Likelihood Approach
(1994 �1996, Sampling Interval = 1 yr.)

Dependent Variables Pov. St. Emp. St. Childn. Partn. PC

Endogenous Variables

Employment St. -0.042*** � � � �

Children 0.054*** 0.048*** � � �

Partner in HH 0.016*** 0.006 0.243*** � �

Perceived Control (PC) -0.002*** 0.006*** 0.005*** 0.003*** �

Lagged Variables

Poverty St. 0.189*** 0.019** 0.006* -0.008*** -0.105**

Employment St. 0.040*** 0.203*** 0.024*** 0.009*** 0.028

Children -0.027*** -0.012*** 0.798*** 0.004*** 0.006

Partner in HH -0.013*** 0.032*** -0.045*** 0.229*** 0.068**

Perceived Control (PC) -0.007*** 0.003** 0.002*** -0.001** 0.378***

Strictly Exogenous Variables

Some School (D) -0.029*** -0.191*** 0.016 0.002*** -0.507*

Higher Secondary (D) 0.002 -0.077*** 0.021*** 0.008*** -0.003

Some Voc. Train. (D) -0.027*** 0.181*** -0.012 0.017** 0.063

University (D) 0.029*** 0.207*** -0.081*** 0.045*** -0.013

Tech-Coll. (D) -0.021 0.162*** -0.182*** 0.085*** 0.533**

Job Exp. (Full T.) -0.014*** -0.143*** -0.019*** -0.003 0.047

Age 0.006*** 0.069*** 0.018*** -0.009*** -0.003

East German (D) -0.041*** -0.101*** -0.152*** -0.352*** 0.239

German (D) -0.036*** 0.151*** 0.065*** 0.011 -0.327

Time Averages

Some School (D) 0.032*** 0.207*** -0.008 0.009*** 0.442*

Higher Secondary (D) -0.008** 0.115*** -0.004 0.011*** 0.012

Some Voc. Train. (D) 0.039*** -0.173*** 0.026** -0.010 -0.016

University (D) -0.056*** -0.164*** 0.083*** -0.030*** 0.232

Tech-Coll. (D) 0.010 -0.125*** 0.119*** -0.049*** -0.342*

Job Exp. (Full T.) 0.015*** 0.147*** 0.019*** 0.002 -0.049*

Age -0.006*** -0.075*** -0.022*** 0.010*** -0.000

East German (D) 0.089*** 0.055*** 0.099*** 0.143*** -0.303

German (D) 0.023** -0.175*** -0.043*** -0.004 0.208

N 7,953 8,027 8,379 8,027 7,992

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.15: Average Partial E�ects for Headcount (Female) � Partial Likelihood Ap-
proach (1994 � 2010, Sampling Interval = 1 yr.)

Dependent Variables Pov. St. Emp. St. Childn. Partn.

Endogenous Variables

Employment St. -0.062*** � � �

Children -0.002* -0.111*** � �

Partner in HH -0.056*** -0.015*** 0.010*** �

Lagged Variables

Poverty St. 0.368*** 0.001 0.021*** -0.006***

Employment St. 0.029*** 0.491*** -0.000 0.004***

Children 0.011*** 0.061*** 0.855*** -0.001**

Partner in HH 0.037*** -0.000 0.071*** 0.273***

Strictly Exogenous Variables

Some School (D) 0.013*** 0.027*** 0.042*** 0.003**

Higher Secondary (D) 0.033*** 0.027*** 0.051*** 0.013***

Some Voc. Train. (D) -0.008*** 0.094*** 0.031*** 0.010***

University (D) -0.006** 0.193*** 0.041** 0.032***

Tech-Coll. (D) 0.030*** 0.113*** 0.032*** 0.036***

Job Exp. (Full T.) -0.001*** -0.013*** 0.002*** 0.001***

Age 0.003*** 0.000*** -0.002*** -0.001***

East German (D) -0.014*** 0.022*** -0.012*** -0.052***

German (D) 0.007** -0.005* 0.002 0.007***

Time Averages

Some School (D) -0.018*** 0.023*** -0.013*** 0.003**

Higher Secondary (D) -0.046*** 0.022*** -0.019*** -0.009***

Some Voc. Train. (D) -0.019*** -0.040*** -0.003** 0.001

University (D) -0.054*** -0.075*** -0.014*** -0.022***

Tech-Coll. (D) -0.066*** -0.052*** -0.016*** -0.030***

Job Exp. (Full T.) -0.000 0.018*** -0.002*** -0.002***

Age -0.003*** -0.006*** -0.000*** 0.001***

East German (D) 0.058*** -0.029*** 0.001 0.049***

German (D) -0.038*** -0.023*** -0.026*** -0.019***

N 60,544 61,140 106,544 61,011

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 9.16: Average Partial E�ects for Headcount (Male) � Partial Likelihood Approach
(1994 � 2010, Sampling Interval = 1 yr.)

Dependent Variables Pov. St. Emp. St. Childn. Partn.

Endogenous Variables

Employment St. -0.061*** � � �

Children 0.021*** 0.025*** � �

Partner in HH -0.003** 0.022*** 0.228*** �

Lagged Variables

Poverty St. 0.339*** -0.003*** 0.018*** -0.002***

Employment St. 0.035*** 0.273*** 0.027*** 0.017***

Children 0.002** -0.009*** 0.801*** -0.003***

Partner in HH -0.007*** 0.025*** -0.038*** 0.292***

Strictly Exogenous Variables

Some School (D) -0.009*** 0.017*** 0.006** 0.004***

Higher Secondary (D) 0.004*** 0.037*** 0.017*** 0.012***

Some Voc. Train. (D) 0.006*** 0.082*** 0.015*** 0.003***

University (D) -0.030*** 0.175*** -0.007** 0.017***

Tech-Coll. (D) -0.026*** 0.117*** -0.005* 0.017***

Job Exp. (Full T.) -0.000 -0.007*** -0.003*** -0.002***

Age 0.003*** -0.000*** -0.001*** 0.001***

East German (D) 0.003 -0.015*** 0.011*** -0.023***

German (D) 0.002 -0.029*** 0.035*** 0.003*

Time Averages

Some School (D) 0.014*** 0.042*** 0.002 0.001

Higher Secondary (D) -0.001 0.018*** -0.009*** -0.002

Some Voc. Train. (D) -0.016*** -0.027*** -0.005*** 0.002**

University (D) -0.028*** -0.073*** 0.014*** -0.011***

Tech-Coll. (D) -0.008*** -0.059*** 0.010*** -0.005***

Job Exp. (Full T.) -0.001*** 0.011*** 0.002*** 0.003***

Age -0.002*** -0.007*** -0.001*** -0.001***

East German (D) 0.023*** -0.017*** -0.026*** 0.025***

German (D) -0.029*** 0.011*** -0.055*** -0.018***

N 58,089 58,617 100,681 58,469

Dummy variables are indicated by (D).
APEs for initial conditions from the Wooldridge-term are not reported. Standard errors under-
lying the reported signi�cance are cluster robust on the individual level. The p-values for the
APEs are approximated by the Delta-Method.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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9.10 Discussion

Summarizing the previous �ndings, some rather robust results that establish the exis-

tence of a lagged feedback from poverty experiences to perceived control are provided

by the presented dynamic panel estimates. Compared to early interventional studies

(see, e.g., Almlund et al., 2011), most of the retrieved impacts on perceived control are

comparably low. They are, however, su�ciently substantial in order to claim that the

assumption of complete invariance of personality traits in adulthood is inappropriate in

some cases. Depending on the respective speci�cation and gender, the negative e�ects of

past poverty experiences range from 4 to 10 percent of a standard deviation of perceived

control. Referring to the trait formation literature, the results thus far are largely in line

with previous �ndings that advocate small impacts of trigger events in adulthood on the

stability of personality traits like perceived control (see, e.g., Cobb-Clark and Schurer,

2013). As opposed to the setting at hand, these are one time occurrences, however.

As such, this pattern seems to be slightly altered when the persistence of the event is

considered. These �ndings support the hypothesis that there can be sizeable changes

in attitudes when an individual experiences certain long lasting environmental changes.

Whether this result also shows that other kinds of personality traits are susceptible to

similar changes is not resolved by the empirical �ndings presented here. Considering the

inverse causal association, it has been shown that control attitudes do not provide any

substantial information on the probability of slipping into poverty in the �rst place. The

poverty status seems to primarily result from large state dependencies in poverty and

employment, as well as from the corresponding cross-e�ects. Taken together, the results

suggest that, apart from the alleged channel via perceived control, poverty experiences

are further associated with processes of depreciation of human capital, demoralization,

and incentive reductions. These mediators seem to jointly increase the probability that

individuals who become poor will remain so for extended periods.

With respect to the other entities that are incorporated into the model frameworks, some

additional interesting insights can be obtained. From a methodological perspective, the

existence of feedback e�ects across equations on the future values of the predetermined

variables makes the use of traditional random or �xed e�ects models, which are based

on the strict exogeneity assumption, questionable with respect to the current and related

settings. Based on the framework of Wooldridge (2000), the empirical analysis at hand

draws on dynamic models that explicitly allows for such feedbacks. Previous estimation

results suggest that feedback e�ects indeed prevail in lots of panel data settings, for

instance in case of low (wage-)incomes and employment (see Stewart, 2007). Given the
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estimates provided here for German data, however, low equivalent incomes in the previous

period does not impinge on the employment probability of the next period. There are

indications for feedbacks on other entities, though. For instance, there is evidence that

poverty a�ects household constitution, though in di�erent directions for females and

males. However, as discussed in the previous sections, household and family formation

are quite complex decision problems and the results presented here are indicative at best.

The further re�ected state dependence e�ects have been found in previous studies as well.

For instance in case of (un)employment dynamics, Arulampalam et al. (2000) also show

large degrees of state dependence. As for the present results, it has been additionally

shown that the extent of state dependence is subject to the chosen observational interval

in large parts.
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10
Concluding Remarks*

This thesis has reviewed, and within the scope of two empirical applications, also added to

a recent and in�uential strand of the economic literature that considers the role of person-

ality traits as an aspect of human capital. A selection of empirical studies that highlight

the determination of crucial achievements and outcomes as a result of these traits has

been brie�y sketched and discussed. Moreover, the notion of personality traits in light

of the relevant psychological literature has been introduced in order to outline the most

important conceptions in the �elds. In terms of trait measurement, empirical research in

economics strongly bene�ts from psychometric concepts. Nonetheless, economists should

be aware of the underlying assumptions when applying these concepts. An additional

caveat lies in the fact that the commonly used constructs to measure personality traits

are not completely conclusive. On the one hand, overall measures tend to be too general

in that they veil important variation, whereas on the other hand, measures of speci�c

personality traits may put the researcher to a hard choice regarding their adequacy. As

has been shown in Chapter 3, psychometric coe�cients of validity and reliability, which

are often used to assess the eligibility of constructs, have some limitations in their own

right and should be interpreted with caution.

By the same token, it has been shown that personality measures applied within an econo-

metric framework tend to su�er from measurement error, simultaneity bias, and spurious

in�uences by other unobservables. Due to these issues, the relation between personality

traits and economic preference parameters is still patchwork and leaves many unanswered

questions. Drawing inference on correlations between traits and preferences is a neces-

sary �rst step but provides only cursory results. A better understanding of the pathways

between both concepts is inevitable in order to obtain more conclusive insights, and also

in order to enable more comprehensive models of decision making. Most likely, this goal

may be achieved by means of more interdisciplinary research on this topic.

* The discussions presented in this chapter are published in Thiel and Thomsen (2013).
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As a consequence of the latter two points raised, Chapter 5 has highlighted that the

empirical analysis of trait inventories also urges adequate methods. As a cursory intro-

duction for some eligible methods, the corresponding part of the thesis has invoked two

somewhat related approaches, namely factor models and item response theory. The lit-

erature reviewed provides some practical aspects and guidance, and, furthermore, makes

clear what exactly the bene�ts of both approaches are. Whereas item response models

seem to better �t the nature of trait-based items without being too computationally in-

tense, factor structure models, especially Bayesian ones, can be simultaneously applied

to a wide range of structural empirical problems.

As has been discussed furthermore, personality traits are important determinants of sev-

eral outcomes, like educational achievements and labor market success. The revealed

patterns for di�erent personality traits are relatively unequivocal across studies. Edu-

cational achievements apparently are a major mediating pathway for later labor market

merits. With regard to remuneration, however, it is yet unclear to a large extent in how

far the compound of productivity enhancement, occupational sorting, wage premia due

to social desirability, and self-selection interact in wage determination and di�er between

the various traits under study.

With regard to formation and strati�cation of traits and abilities, the role and the timing

of educational and parental investments have been proven to be crucial in the empiri-

cal literature. Chapter 7 has reviewed the most important �ndings from the underlying

research �elds. Regardless of the particular e�ects, virtually all empirical studies sug-

gest a joint conclusion: early investments are most crucial, but nonetheless, should be

complemented later on. Early neglect, on the other hand, cannot be compensated in

later stages of the life without prohibitively high costs. Hence, in terms of support

for low skilled or disadvantaged individuals the focus should be on early preschool age.

The Cunha-Heckman model, which has been brie�y introduced in Chapter 7, formalizes

this process by means of a dynamic production function and also provides parameter

estimates, the main implications of which also have been summarized in course of the

discussion. Though the estimation approach accounts for measurement error, the insights

on pattern and transmission of parental investments are far from de�nite. Attributing

parental traits to preferences like altruism, which would allow to model the investment

behavior of parents with regard to their children's development process, is quite complex

and probably infeasible yet. Nonetheless, retrieving such de�nite associations between

both notions would be a highly desirable aim. Given the patterns known thus far and

given the �ndings for the intertemporal allocation of resources, the role of schooling in-

vestments seems to be rather subordinate in comparison to home environments, most
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likely due to its absence in the very �rst years of life. Despite these preliminary �nd-

ings, it may be the case that this apportionment is predominantly data driven, as the

underlying data usually provide little information on schooling resources.

As a consequence, little is known about the impact of schooling characteristics on the

expression of personality traits in late adolescence. Chapter 8 has analyzed the e�ects

of an increase in scholastic intensity on seven dimensions of personality, namely the Big

Five, Locus of Control, and Self-Control. The presented empirical analysis has explored

a natural experiment induced by an education policy reform in the German federal state

of Saxony-Anhalt, where the last year of higher secondary schooling was abolished for

students in the ninth grade at the time of the implementation. Concurrently, students in

the tenth grade were una�ected by the change. Based on data for the double graduation

cohort in 2007, the di�erences in outcomes between the two groups have been construed to

represent the causal e�ect of the reform. The empirical results suggest that there has not

been a signi�cant nor a sizeable impact on any of the personality traits involved. These

�ndings add to the literature on the (non-)plasticity of personality traits with regard to

schooling investments in late adolescence. Other than the sample that has been employed

here, this period is not yet captured by other data sets used in the empirical literature on

personality formation. The results are nonetheless in line with the previously discussed

general �ndings in the economic and psychological �eld. They indicate that rather than

very general traits, later secondary schooling promotes the acquisition of more speci�c

competencies.

Even at later periods of life, this stability pattern seems to change to some extent when

environmental changes are more severe, or at least, more long lasting. The analysis that

has been presented in Chapter 9 seizes this suggestion. In the literature on poverty

determinants, among others, there is one often alleged causal pathway with particular

relevance for stability patterns in personality traits. Previous empirical investigations

�nd a strong state dependence in individual poverty paths that is mostly assumed to

be induced by stigma, disincentives, or demoralization and changes in attitudes. The

empirical analysis in Chapter 9 has quanti�ed the latter explanation by means of perceived

control. This potential feedback e�ect from past poverty experiences to perceived control

attitudes has been modeled within two dynamic panel data frameworks. The estimation

results have shown that there is a sizeable e�ect with regard to this causal association,

at least for perceived control. Whether these �ndings translate into other personality

dimensions is not clear, on the contrary. Despite this limited external validity, the result

suggest that even in adulthood, the assumption of completely stable personality traits

can be too restrictive in particular settings.
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CHAPTER 10. CONCLUDING REMARKS

In summary, the revealed empirical �ndings and those discussed in light of the relevant

literature enrich the traditional view on human capital in economics by considering per-

sonality traits as an additional determinant of lifetime labor market and social outcomes.

Moreover, the essential role of infancy and early childhood in producing these outcomes

has been accentuated. This provides new policy implications. Good parenting is the ma-

jor source of educational success. This is only indirectly driven by family income when

other characteristics are accounted for. Therefore, intervention policies should be adopted

already at preschool age and should primarily focus on home environment. The time in-

terval for su�cient governmental in�uence is more limited in case of cognitive abilities

than for personality traits. The malleability of personality traits throughout adolescence

and beyond provides a powerful and instantaneous policy tool. Moreover, though later

stages of life appear to be ine�cient in terms of potential interventions, it should always

be considered that very adverse environmental changes can still exert substantial in�u-

ences on traits, and thus are likely to deteriorate human capital to some extent. The

result that have been presented here seem to be quite consistent, but nonetheless are

largely derived from a still evolving literature rather speci�c empirical settings. Hence,

their generality remains to be determined.
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Numerical Integration

The following section is self-contained, i.e., its notation is independent from that through-

out the previous chapters, except where compliance is explicitly indicated. Throughout

the discussion of the item response framework two occasions occur where integrals are

part of the computational procedure, namely

pi(ri1, ri2, . . . , rim) =

∫
pi1(ri1|θi)pi2(ri2|θi) . . . pim(rim|θi)f(θi)dθi,

�� ��1

with θ ∼ N (0, 1) and

G(u) ∝
∫ θ

0

et1γ1(u)+t2γ2(u)+t3γ3(u)du.1
�� ��2

For the �rst integral, the objective is to obtain the joint marginal pip(·) from the con-

ditional response probabilities pip(·|θ) by building the expectation over θ. In the second

expression, which is used for the approximation of the response probabilities, the whole

term is subject to the integral. This supplemental section derives the numerical approx-

imation procedures used in both instances.2

Rationale of Gaussian Quadrature Methods

A numerical approach to integration is necessary if, as in the two above cases, a closed-

form solution for the integral is not available. Numerical integration by quadrature rules,

including the Gaussian case, is a special application of operator expansion for linear

functionals (see Dahlquist and Björck, 2008).3 The aim is to obtain an approximation of

1 The denomminator is only a special case of this integral.
2 It should be noted, that the integral contained in G(u) can be computed by means of the error

function erf(z) as follows.

1

2

√
πe
− 1

6

15t22+t21
t2

[
erf

(
t1−3t2√

−6t2

)
−erf

(
6t2θ+t1−3t2√

−6t2

)]
√
−6t2

.

Compared to quadrature interpolation, the error function is more e�ciently implementable from the
a computational point of view. As is obvious from the above result however, this alternative holds
only for the two-parameter case. Generalizations to higher Legendre polynomials are intractable
again.

3 Operator expansions also comprise various other kinds of function approximations, like Newton
interpolation.
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the integral functional I [g] by a weighted sum of function values g(xi) at various nodes

x1 < x2 < . . . < xn in order to obtain a form like

I [g] ≈
n∑
i=1

ωig(xi).
�� ��3

Problems may arise due to singularities along the domain of the function g to be approx-

imated as well as for several forms of non-smoothness. Technically speaking, for any g(x)

to be approximated, one shall require the moments

mk =

∫ b

a

xkw(x)dx

to exist and be �nite for all k ≥ 0 and arbitrary positive and continuous weight functions

w(x). Weight functions are advantageous (and often necessary) for practical implemen-

tation of quadrature methods. In general, the integral I [g] =
∫ b
a
w(x)g(x)dx is approx-

imated by using nodes x1 < x2 < . . . < xn ∈ [a, b] and a unique polynomial p(x)n−1 of

degree n− 1, leading to the approximating integral

In [g] =

∫ b

a

w(x)p(x)n−1dx.

For illustration, consider the case where the pn−1(x) that interpolates g(x) in the integral

expression is set up from Lagrange polynomials. Then

pn−1(x) =
n∑
i=1

pn−1(xi)Ln−1,i(x), with Ln−1,i(x) =
n∏

j=1,j 6=i

x− xj
xi − xj

for j = 1, . . . , n.4

It follows immediately that the approximating integral simpli�es to

In [g] =

∫ b

a

w(x)pn−1(x)dx

=

∫ b

a

n∑
i=1

w(x)pn−1(xi)Ln−1,i(x)dx

=
n∑
i=1

pn−1(xi)

∫ b

a

w(x)Ln−1,i(x)dx

=
n∑
i=1

pn−1(xi)ωi.

4 Lagrange polynomials are of little practical relevance as they have to be recomputed every time
the number of nodes is extended or reduced (see Harris and Stocker, 2006). They have some
convenient properties in terms of theoretical derivations, however, including orthonormality, i.e.
Ln−1,i(xj) = δij with δij being the Kronecker delta.
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Apart from swapping g(xi) with pn−1(xi), the last equation is the result claimed in equa-

tion (3). It also shows that when g(x) is itself a polynomial of degree n − 1 (or lower),

then I [g] =
∑n

i=1 ωig(xi) = In [g] and the approximation is exact. This leads to the

following result.

Theorem 1. Given ωi =
∫ b
a
w(x)Ln−1,i(x)dx for i = 1, . . . , n,

∫ b

a

w(x)pn−1(x)dx =
n∑
i=1

pn−1(xi)ωi.

The result for obtaining the weights ωi derives from the particular choice of the Lagrange

polynomials in this case. For practical application, more general and more e�cient formu-

las for the computation of the weights are available (see Judd, 1998, for an alternative).

Moreover, it turns out that the ratio of the sequences of the potential polynomial orders

{gn}∞n=1 and {pn}
∞
n=1 is O(1), i.e., if the order of the g(x) to be interpolated is increased

by k, the order of pn−1(xi) has to be increased by the same magnitude. A contrivance for

improvement is in not assuming the interpolation nodes x1 < x2 < . . . < xn ∈ [a, b] to

be prescribed, but making their choice explicit to the exactness considerations. At best,

each of the n derived nodes increases the exactness of the approximation result given in

Theorem 1 by one. Such judicious choice of nodes can be obtained when considering the

particular class of orthogonal polynomials. Let π(x) =
∏n

i=1(x−xi) be the factorial of an
orthogonal polynomial π made up from its n distinct and real zeros.5 Let q(x) be another

polynomial of degree n− 1.6 Then, one has

Theorem 2. An interpolatory quadrature rule for g(x) based on pn−1(xi) at the zeros of

π(x) has degree of exactness 2n− 1 if and only if the inner product

〈π, q〉 =

∫ b

a

w(x)π(x)q(x)dx = 0.

Proof. To show the necessity of the result, it is easily derived that π(x)q(x) is of degree

2n−1, since the degrees for π(x) and q(x) add up to n+n−1. For any continuous interval

[a, b] and for real x, whatever result for 〈π, q〉 =
∫ b
a
w(x)π(x)q(x)dx is obtained, generally

implies a discrete analogue 〈π, q〉 =
∑n

i=1 ωiπ(xi)q(xi) (see Davis and Rabinowitz, 1984).

At the zeros of the n-th order polynomial π(x) the product π(x)q(x) clearly vanishes.

5 These requirements are known to be ful�lled for the class of orthogonal polynomials (see Dahlquist
and Björck, 2008, for a general treatise).

6 Note that it would be pointless to consider higher degrees, since for degree n, orthogonality of q(x)
and π(x) and thus the following theorem do not apply, and for all higher degrees one would use the
zeros of q(x) instead of π(x).
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Thus

0 =
n∑
i=1

ωiπ(xi)q(xi) =

∫ b

a

w(x)π(x)q(x)dx = 〈π, q〉,

where the second equality follows from Theorem 1 and the fact that x1 < x2 < . . . <

xn ∈ [a, b] are zeros. The polynomials π(x) and q(x) are mutually orthogonal.

In order to show su�ciency, recall from above that In [g] =
∫ b
a
w(x)pn−1(x)dx is exact for

I [g] as long as g(x) is also of degree n− 1. For the proclaimed exactness of degree 2n− 1

the order exceeds n− 1 by n. The resulting error amounts to

I [g]− In [g] =

∫ b

a

w(x) [g(x)− pn−1(x)] dx > 0.

As g(x) is 2n−1, the error function e(x) = g(x)−pn−1(x) is of the same degree, and thus

can be expressed in terms of the above π(xi)q(xi). It follows that g(x) = e(x) + pn−1(x)

and correspondingly∫ b

a

w(x)g(x)dx =

∫ b

a

w(x)π(x)q(x)dx+

∫ b

a

w(x)pn−1(x)dx,

where 〈π, q〉 =
∫ b
a
w(x)π(x)q(x)dx = 0 leads to a vanishing error 〈π, q〉 =

∫ b
a
w(x)e(x)dx =∫ b

a
w(x)π(x)q(x)dx, and thus to

∫ b

a

w(x)g(x)dx =

∫ b

a

w(x)pn−1(x)dx,

which establishes su�ciency.

As a �nal and more practical relation one can reuse the result from Theorem 1 and

approximate every g(x) of degree 2n− 1 by

∫ b

a

w(x)g(x)dx =
n∑
i=1

pn−1(xi)ωi,

whenever the nodes x1 < x2 < . . . < xn ∈ [a, b] are the zeros of an orthogonal polynomial

π(x). The weights ωi are computed at the respective xi as before. As opposed to the

general case covered by Theorem 1, however, the weights are always positive. This can

be shown as follows.

Corollary 2.1. The interpolation rule from Theorem 2 is exact for all polynomials of

degree 2n − 1, so it is also exact for (Ln−1,i(x))2, which has degree 2(n − 1) < 2n − 1.
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Moreover, Ln−1,i(xj) = δij, i.e. zero for all i 6= j, and therefore

∫ b

a

w(x) (Ln−1,i(x))2 dx =
n∑
i=1

ωi (Ln−1,i(x))2 = ωi =

∫ b

a

w(x)Ln−1,i(x)dx.

As w(x) > 0 by de�nition, ωi is also positive.

Truncation Error for General Integrands

In case of a more general g(x) which is not bound to be a polynomial of degree 2n− 1, a

general truncation error of | I [g]−In [g] |> 0 arises. In order to derive a general result for

it, �rst consider Weierstrass' Approximation Theorem. It states that for any ε > 0 there

exists an arbitrary polynomial pN of degree N for which maxx∈[a,b] | g(x) − pN(x) |≤ ε

(see Dahlquist and Björck, 2008, for one possible proof). By applying the results derived

thus far to pN(x), one can rewrite the truncation error as

I [g]− In [g] =I [g]−
∫ b

a

pN(x)dx

+

∫ b

a

pN(x)dx− In [pN ]

+ In [pN ]− In [g] .

�� ��4

Without loss of generality, a possible weighting function w(x) is kept implicit for
∫ b
a
pN(x)dx.

For the �rst two terms in equation (4) it is obvious that

| I [g]−
∫ b

a

pN(x)dx |=|
∫ b

a

[g(x)− pN(x)] dx |≤
∫ b

a

| g(x)− pN(x) | dx ≤ ε(b− a),

where the moduli bars and the the upper bound ε are based on maxx∈[a,b] | g(x) −
pN(x) |≤ ε. The �rst inequality arises as the polynomial pN(x) may alternatingly lie

above or below g(x) for x ∈ [a, b], whereas the second one derives from the result that

maxx∈[a,b] | g(x)−pN(x) |≤ ε. Multiplication with the range [a, b] simply results from the

fact that
∫ b
a
dx = b− a. For the two terms in the second row of equation (4), one has

∫ b

a

pN(x)dx− In [pN ] = 0

if there are at least n interpolation nodes in In [pN ] such that pN(x) is exactly approxi-

mated for N = 2n − 1 (or lower). For the last two terms in equation (4), a result very
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similar to the one above can be found, namely

| In [pN ]− In [g] |=|
n∑
i=1

[pN(xi)− g(xi)]ωi |≤
n∑
i=1

| [pN(xi)− g(xi)] || ωi |≤ ε

n∑
i=1

| ωi | .

As the weights ωi are always positive by the above corollary, one can extend the modulus

beyond the �rst equation to those that comprise sums over the weights. Otherwise, the

inequalities follow the same logic as above. It is trivial to show that
∑n

i=1 | ωi | is equal to
the integral

∫ b
a
f(x)dx with f(x) ≡ 1 and thus equal to b−a. Combining both inequalities

for the overall di�erence in equation (4) leads to

I [g]− In [g] ≤ 2ε(b− a).
�� ��5

As discussed by Dahlquist and Björck (2008), the upper bound 2ε(b− a) depends on the

smoothness of g, on the narrowness of b − a, and on the number of interpolation nodes

n. The latter is the relation with the most practical implication that may be written as

lim
n→∞

In [g] = I [g] .

As such, all well-behaved integrants g(x) that are a polynomial of very high order or that

do not belong to any polynomial family at all can be approximated arbitrarily close by

choosing a su�ciently large number of interpolation nodes n. As n always remains �nite,

a so-called truncation error prevails in any case.

Bounds of Integration

For all Gauss quadratures, the choice of the family of node polynomials π(x) and the

corresponding weight function w(x) predetermine the interval of integration, as speci�c

polynomials are only de�ned for speci�c domains [a, b] (see, e.g., Abromowitz and Stegun,

1972, for a general overview). More importantly, it often is the weight function that

exhibits conjugate properties with g(x) that constitute a particular convenient choice for

the type of the node-polynomial. In order to adapt the bounds of integration accordingly,

the following theorem taken from Judd (1998) is highly useful.

Theorem 3 (Change of Variables). Let γ : R → R be monotonically increasing and C1

on [a, b], then for any integrable g(x) on the same interval

∫ b

a

g(x)dx =

∫ γ−1(b)

γ−1(a)

g [γ(z)] γ′(z)dz.
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Approximation of G(u)

First, recall the integral contained in the representation of the cumulated response prob-

abilities

G(u) ∝
∫ θ

0

et1γ1(u)+t2γ2(u)+t3γ3(u)du =

∫ θ

0

eΓ(t,u)du,
�� ��6

where Γ(t, u) is an implicit expression for the polynomial basis and θ is a placeholder for

the corresponding u = Φ(θ). For approximating the integral a Gauss-Legendre quadra-

ture can be used, for which the weighting function is w(x) = 1 and the domain for the

Legendre polynomials is [−1, 1]. As opposed to this, g(x) has bounds a = 0 and 0 < b ≤ 1,

i.e., with respect to Theorem 3 it is required that γ−1(b)⇔ z = 1 and γ−1(a)⇔ z = −1.

Many di�erent γ(·) can be found to come up with this result, that is why x = a and x = b

only have to imply γ−1(a) = z = −1 and γ−1(b) = z = 1. A simple candidate would be

γ(z) = x = mz + n. As x = a and x = b has to be ful�lled for
∫ b
a
g(x)dx, one has that

a = −m+ n and b = m+ n, which can be rearranged to m = b−a
2

and n = b+a
2
. Thus for

the Gauss-Legendre case the bounds of the integral can be changed arbitrarily by∫ b

a

g(x)dx =

∫ 1

−1

g

(
b− a

2
z +

b+ a

2

)(
b− a

2

)
dz,

which changes the integral in the cumulated response probabilities to∫ θ

0

eΓ(t,u)du =
θ

2

∫ 1

−1

eΓ(t, θ
2
u+ θ

2
)du ≈ θ

2

n∑
i=1

ωie
Γ(t, θ

2
u+ θ

2
),

with Legendre weights ωi. As the last relation suggests, the Gauss-Legendre quadrature

always remains an approximation to the integral in G(u) since the exponential term is

not a polynomial and also cannot be expanded to a �nite one. Thus, the optimal choice

for the number of interpolation nodes cannot be analytically determined and some error

estimates for di�erent n have to be used instead. For this purpose, consider the following

error estimates.

Relative Error: REn =

∫ θ
0
eΓ(t,u)du− θ

2

∑n
i=1 ωie

Γ(t, θ
2
u+ θ

2
)∫ θ

0
eΓ(t,u)du

Signi�cant Digits: SDn = − log10 2REn

As no analytical value for the term
∫ θ

0
eΓ(t,u)du can be derived, a numerical solution

for which the precision can be speci�ed in advance is required. For this reason, the

Romberg value (see, e.g., Harris and Stocker, 2006) with 19-digit precision is computed

as a reference.
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The accuracy results presented in the table below suggest that no less than n = 21 nodes

should be used in order to yield su�ciently precise approximations for the cumulated

response probabilities. However, even for 21 nodes, the accuracy slightly vanishes towards

the right tail of the possible interval of integration [0, 1] for some combinations in the

parameter space. This also translates into the summary statistics µ and σ, where the

average number of signi�cant digits is only 12.7 when the full range of the integral is

covered. Moreover, the dispersion of the inaccuracy over the tested parameter grid is

quite high. The values for the full range of the integral normalize to that of the other

columns just as n = 31 nodes are approached.

Accuracy of the Gauss-Legendre Quadrature

REn SDn REn SDn REn SDn REn SDn

[0, 0.25] [0, 0.5] [0, 0.75] [0, 1.0]

t1 = t2 = t3 = −3.0

n = 5 6.774724× 10−5 3 2.164433× 10−3 2 5.866239× 10−3 1 3.363760× 10−2 1

n = 11 4.316585×10−13 12 5.483942× 10−9 7 3.217848× 10−7 6 2.295669× 10−5 4

n = 21 2.427146×10−15 14 1.528022×10−15 14 1.408391×10−15 14 3.461939×10−12 11

n = 31 1.493628×10−15 14 8.227811×10−16 14 1.564879×10−16 15 2.457236×10−15 14

t1 = t2 = t3 = −1.0

n = 5 1.962013× 10−7 6 1.699031× 10−5 4 6.255079× 10−5 3 2.873593× 10−3 2

n = 11 1.554190×10−15 14 2.393438×10−13 12 3.914155×10−11 10 3.993049× 10−9 8

n = 21 1.695480×10−15 14 2.394935×10−15 14 7.886910×10−16 14 7.198701×10−16 14

n = 31 1.271610×10−15 14 2.394935×10−15 14 1.380209×10−15 14 3.599351×10−16 15

t1 = t2 = t3 = 1.0

n = 5 1.976597× 10−8 7 8.634096× 10−6 4 4.981245× 10−5 4 2.023932× 10−2 1

n = 11 9.892010×10−16 14 1.048849×10−14 13 2.828978×10−11 10 9.439718× 10−7 5

n = 21 1.648668×10−16 15 3.178330×10−16 15 2.156611×10−16 15 0.000000 �

n = 31 8.243342×10−16 14 1.589165×10−16 14 1.078306×10−15 15 3.732239×10−15 14

t1 = t2 = t3 = 3.0

n = 5 9.017437× 10−7 5 2.729138× 10−4 3 3.065569× 10−3 2 4.968473× 10−1 0

n = 11 2.086081×10−15 14 3.438677×10−10 9 1.262497× 10−7 6 3.268156× 10−3 3

n = 21 1.604677×10−16 15 3.015959×10−16 15 8.496409×10−16 14 4.498005× 10−9 8

n = 31 9.628064×10−16 14 7.539897×10−16 14 8.496409×10−16 14 7.834999×10−16 14

µ([t1 : −3.0,−2.5, . . . , 3.0]× [t2 : −3.0,−2.5, . . . , 3.0]× [t3 : −3.0,−2.5, . . . , 3.0])

n = 5 2.491678× 10−4 5.6 5.803270× 10−3 3.4 1.932558× 10−2 2.5 6.793724× 10−2 1.5

n = 11 4.538452×10−11 13.5 2.357598× 10−7 10.2 9.242347× 10−6 7.7 1.466063× 10−4 5.6

n = 21 8.724423×10−16 14.9 1.185268×10−15 14.8 2.995938×10−13 14.4 9.629635× 1011 12.7

n = 31 1.095446×10−15 14.8 1.228426×10−15 14.7 1.383944×10−15 14.7 2.189678× 1015 14.6

σ([t1 : −3.0,−2.5, . . . , 3.0]× [t2 : −3.0,−2.5, . . . , 3.0]× [t3 : −3.0,−2.5, . . . , 3.0])

n = 5 8.447181× 10−4 2.1 1.591008× 10−2 1.8 4.603207× 10−2 1.5 1.011226× 10−1 1.3

n = 11 4.395189×10−10 1.8 1.179001× 10−6 2.7 4.293877× 10−5 2.5 4.395189× 10−4 2.4

n = 21 9.196976×10−16 0.4 1.132619×10−15 0.4 2.162188×10−12 0.9 4.723080×10−10 2.0

n = 31 7.535687×10−16 0.3 1.040752×10−15 0.4 1.091805×10−15 0.4 2.346453×10−15 0.5

The lower two panels give the mean and the standard deviation over a selection of possible pa-
rameter realizations for t1, t2, and t3. N = 343 di�erent parameter permutations over the grid
[t1 : −3.0,−2.5, . . . , 3.0]×[t2 : −3.0,−2.5, . . . , 3.0]×[t3 : −3.0,−2.5, . . . , 3.0] with 0.5-increments are used.

166



Approximation of p(·|θ)

For the integral that occurs in the likelihood contribution, steps quite similar to the above

ones can be found in order to implement a quadrature approximation. Recall that the

respective joint probability is given as

pi(ri1, ri2, . . . , rim) =

∫
pi1(ri1|θi)pi2(ri2|θi) . . . pim(rim|θi)f(θi)dθi,

where f(θi) is normal distribution with µ = 0 and σ = 1. As it turns out, a Gauss-

Hermite quadrature with weighting function w(x) = e−x
2
and domain [−∞,∞] is a

natural candidate for these kind of integrals. Since

f(θi) =
1√
2π
e−

θ2i
2 ,

it evident that, apart from the constant 1/
√

2π, the exponential term is quite similar to

the claimed weighting function. Following the notion of Theorem 3, let z = x/
√

2⇔ x =
√

2z. Then, it follows that for the above integral over θi

pip(ri1, ri2, . . . , rim) =

∫ ∞
−∞

m∏
j=1

pij(rij|θi)f(θi)dθi

=

∫ ∞
−∞

1√
2π

m∏
j=1

pij(rij|θi)e−
θ2i
2 dθi

=

∫ ∞
−∞

1√
π

m∏
j=1

pij(rij|
√

2θi)e
−θ2i dθi

≈
n∑
i=1

ωi
1√
π

m∏
j=1

pij(rij|
√

2θi).

As indicated by the table below, the accuracy results are highly shape-dependent. In

particular for those cumulated response curves that exhibit a sharp increase within their

respective supports, as those for t1 = t2 = t3 = −3.0 and t1 = t2 = t3 = −1.0, the relative

errors are still substantial under a comparably high number of Hermite nodes. As the

corresponding summary statistics suggest, the dispersion of the errors and signi�cant

digits becomes acceptable for 21 and 31 nodes already. However, likelihood contributions

containing cumulated response curves that obey very quickly changing slopes still remain

a problem in those settings. This phenomenon just fades out for 41 Hermite nodes or

more. As such, a number n=41 is should be chosen for approximating the outer integral.
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Accuracy of the Gauss-Hermite Quadrature

n = 5

t1 = t2 = t3 = −3.0 3.162821× 10−4 3

t1 = t2 = t3 = −1.0 1.422656× 10−6 6

t1 = t2 = t3 = 1.0 3.741423× 10−7 6

t1 = t2 = t3 = 3.0 4.565988× 10−9 8

µ 5.553487× 10−4 6.5

σ 2.644992× 10−2 3.2

n = 11

t1 = t2 = t3 = −3.0 1.962013× 10−7 6

t1 = t2 = t3 = −1.0 1.554190×10−15 14

t1 = t2 = t3 = 1.0 1.695480×10−15 14

t1 = t2 = t3 = 3.0 1.271610×10−15 14

µ 5.553487× 10−5 6.5

σ 2.644992× 10−2 3.9

n = 21

t1 = t2 = t3 = −3.0 2.967753× 10−7 6

t1 = t2 = t3 = −1.0 5.001314×10−13 12

t1 = t2 = t3 = 1.0 2.044795×10−14 13

t1 = t2 = t3 = 3.0 1.383461×10−15 15

µ 2.590963× 10−6 11.2

σ 1.247417× 10−3 2.9

n = 31

t1 = t2 = t3 = −3.0 2.967753× 10−7 6

t1 = t2 = t3 = −1.0 5.001314×10−13 12

t1 = t2 = t3 = 1.0 2.044795×10−14 13

t1 = t2 = t3 = 3.0 1.383461×10−15 15

µ 5.991310× 10−8 13.5

σ 3.123828× 10−7 2.3

n = 41

t1 = t2 = t3 = −3.0 2.771490×10−15 14

t1 = t2 = t3 = −1.0 1.097849×10−15 15

t1 = t2 = t3 = 1.0 4.682736×10−16 15

t1 = t2 = t3 = 3.0 1.729326×10−16 15

µ 6.846350×10−10 13.8

σ 3.387870× 10−9 1.9

n = 51

t1 = t2 = t3 = −3.0 3.132988×10−15 14

t1 = t2 = t3 = −1.0 1.463799×10−15 15

t1 = t2 = t3 = 1.0 7.804559×10−16 15

t1 = t2 = t3 = 3.0 1.729326×10−16 16

µ 1.170095×10−11 14.0

σ 5.477883×10−11 1.3

The lower two entries of each panel give the mean and the stan-
dard deviation over a selection of possible parameter realizations
for t1, t2, and t3. N = 343 di�erent parameter permutations
over the grid [t1 : −3.0,−2.5, . . . , 3.0]× [t2 : −3.0,−2.5, . . . , 3.0]×
[t3 : −3.0,−2.5, . . . , 3.0] with 0.5-increments are used.
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Identi�cation of the Spady Model

A structure is said to be a predetermined set of hypotheses that are in line with ob-

servations. In the parametric case, these hypotheses concern parameters and at least a

distributional family. For the item response model, I have stipulated an exponential pa-

rameter family that uses a linear series approximation for the actually unknown functional

form of the response curves G. Such a linear sieve approximation (see Chen, 2007) makes

the estimation problem one of the so-called regular parametric cases (see Cramér, 1962),

and so is the corresponding model identi�cation. Among other (subsidiary) assumptions,

the �regular� case is characterized by.

Assumption 1. The parameter space for all parameters should be open in Rn.7

Assumption 2. The sample space of the response data, i.e. the responses, and of the

transformed latent traits u, for which the f is strictly positive, is the same for all t.

With these presumptions, all a priori admissible structures constitute a model, each

contained structure of which is uniquely associated with an observed distribution. Iden-

ti�cation of the model concerns the question as to whether the inverse mapping of this

association is also one-to-one. As one observes the distribution of responses f(r, u, t) given

a presumed distributional family f(·), the parameters (of interest) t, and the nuisance

parameter u ∈ [0, 1], identi�cation is at hand whenever

f(r, u, t1) = f(r, u, t2)⇔ t1 = t2.
8

Local Identi�cation

For the given case, it is meaningful to consider criteria that do not impose to many

analytic requirements, as assessing the recursively modeled threshold functions that con-

stitute f(r, u, t) can get quite tedious with increasingly large item scales. Consequently,

I �rst examine local identi�cation (a concept to be formalized below) of the response

model as a necessary condition for global identi�cation.

7 This assumption is rather technical as it simply precludes cases along the closure of the parameter
space for which the derivative of f is zero just due to its value being zero beyond these coordinates.

8 Technically, the nuisance does not di�er from actual data the distribution is conditional on.
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Skrondal and Rabe-Hesketh (2004), in a slight overload of the terminology used in the

identi�cation literature, propose an approach that is based on reduced form parameters

and their relation to the observed distribution. As opposed to the common notation

(see, e.g., Intriligator, 1983), reduced form parameters are meant to be (also nonlinear)

transformations of the structural parameters that completely characterize the distribution

of endogenous model variables f(r, u, t) due to moment conditions m(·). For categorically
distributed response variables, this characterization amounts to �rst moments only, as

f(r, u, t) =
m∏
j=1

K∏
k=1

pjk(r = k)1[r=k],
�� ��7

such that Ejk(r = k) = pjk(r = k), where k is the response for item j. One therefore has

to show that the observed expectation conditions can be unequivocally associated with

a parameter vector t given the data r, that means, the moment expression is bijective

with respect to its feasible parameter arguments. An intuitive approach is to apply

the implicit function theorem to the observed moments conditional on the data and an

admissible parameter space A . For that purpose, some further de�nitions are in order.

De�nition 1. Let J [m(t)] the Jacobian matrix based on the moment equations m(t)

of the reduced form distribution. Moreover, the matrix elements m(t) are continuous

functions of t everywhere in the parameter space A .

De�nition 2. Suppose M(t) is an arbitrary matrix with elements that are continuous

functions of t everywhere in A . A point t0 ∈ A is denoted a regular point if there exists

an open neighborhood around t0 where M(t) has constant rank.9

Apparently, Wald (1950) �rst discussed this approach in context of parameter identi�ca-

tion, though already under linear independence assumptions for the �rst moments and

therefore with a focus on identi�ability with respect to the second moments. However,

with the above regularity de�nitions analogously established by Wald (1950), one can

generalize the derivation of the following result to hold for moments of arbitrary order.

Theorem 4. Given there are k di�erent parameters in t (excluding nuisance parameters

u), then t0 is locally identi�ed i� the rank of J [m(t)] is at least k (or in other words,

J [m(t)] has full column rank).

The general proof of the implicit function theorem is quite involved. However, for a

number of moment equations that generally exceeds the number parameter in t, an

alternative one can be provided.

9 The Jacobian matrix and the information matrix are instances of such a matrix M .
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Proof. In general (see, e.g., Lang, 1973), the following result holds for continuous multi-

variate scalar functions F : O → R de�ned on an open set O ⊂ Rn.

F (y) = F (x) +∇F (x)(y − x) + o(‖ y − x ‖),
�� ��8

where ∇F (x) is the gradient of the function and last term is a local approximation error.

One shall rewrite the error term as

o(‖ y − x ‖) = ψ(y − x) =‖ y − x ‖ g(y − x),

where g(y − x) is a mapping that depends on the di�erence in the two points y and x,

but is not de�ned for y − x = 0. One shall state, however, that

lim
‖y−x‖→0

ψ(y − x)

‖ y − x ‖
= 0.10

These results are preserved for arbitrary mappings F : O → Rm de�ned on an open set

O ⊂ Rn, as is the case for moment conditions in the above theorem. Equation (8) can

be generalized accordingly.

m(t1)−m(t0) = J
[
m(t0)

]
(t1 − t0)+ ‖ t1 − t0 ‖ G(t1 − t0)

�� ��9

Suppose for now, a candidate point t0 is locally not identi�able in an open neighborhood

O ⊂ A . Then t1 ∈ O implies the same observed moments m [·] and m(t1)−m(t0) = 0.

One can thus derive from equation (9) the following quadratic form for the non-identi�ed

case.

G(t1 − t0)′G(t1 − t0) =
(t1 − t0)′

‖ t1 − t0 ‖
J
[
m(t0)

]′
J
[
m(t0)

] t1 − t0

‖ t1 − t0 ‖
�� ��10

The quadratic form always exist as J [m(t0)]
′
J [m(t0)] is symmetric. If the distance

between the points t0 and t1 is arbitrarily decreased, the quadratic form in equation (10)

converges to zero. The following lemma helps to relate this result to the Jacobian matrix

J [m(t0)].

10 For a more intuitve understanding of g(y − x), consider the case of F in one variable, where
F (y) − F (x) = F ′(x)(y − x) + |y − x|g(y − x). In this instance, g(y − x) is simply the di�erence
between the Newton quotient and the derivative at x, i.e.

g(y − x) =
F (y)− F (x)

y − x
− F ′(x).

One immediately obtains the result limy−x→0 g(y − x) = 0, that extents to all coordinates y− x in
the multivariate case.
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Lemma (Lang (1987)). Let A be a real symmetric matrix, and let h(x) = x′Ax be the

associated continuous quadratic form with x ∈ Rn. Let P be a point on the unit sphere

such that h(P ) is a maximum for h on that sphere. Then P is an eigenvector for A and

the corresponding largest eigenvalue λ1 = h(P ). Moreover, the smallest eigenvalue λ`

corresponds to the minimum of h(x).11

For equation (10), if one de�nes A = J [m(t0)]
′
J [m(t0)] and x = (t1 − t0)/(‖ t1 − t0 ‖)

as a set of points within the unit sphere, Lang's lemma is directly applicable. Since the

minimum of h(x) = x′Ax is always equal to the smallest eigenvalue λ` of A, λ` converges

to zero as t1 − t0 converges to zero. Since the determinant |A| =
∏

` λ`,

lim
t1−t0→0

|J
[
m(t0)

]′
J
[
m(t0)

]
| = 0,

which only holds if J [m(t0)] has de�cient column rank. This establishes su�ciency.

By De�nition 2 and the underlying assumption with respect to the parameter space,

the converse is also true. To show this association, suppose J [m(t0)] does not have full

column rank and therefore there exists an n(t) for which

J
[
m(t0)

]
n(t) = 0.

Since t0 is a regular point (with constant rank), J [m(t0)] as well as n(t) is continuous

in O ⊂ A . For each coordinate in t one can de�ne a di�erential equation with solution

ti(s)
∂ti(s)

∂s
= ni(t) with

ti(0) = t0i , and

ti(S) = t1i , as a terminal condition for i = 1, . . . , k.

Di�erentiating the moments m(t) w.r.t. s by the chain rule gives

∂m [t(s)]

∂s
= J

[
m(t0)

] ∂t(s)

∂s
= J

[
m(t0)

]
n(t) = 0.

This implies that t is unidenti�ed along all partial trajectories t(s) showing that de�cient

column rank in J [m(t0)] is su�cient for local non-identi�cation. Thus, su�ciency for

both associations has been shown. By contraposition, J [m(t0)] has full rank, i� t0 is

locally identi�ed. This completes the proof.

11 As both, x and A are real, and furthermore, A is symmetric, the eigenvalues of A are also real (see
Theil, 1983, for a proof). Continuity of h(x) follows from De�nition 1.

172



Local identi�cation everywhere is necessary but not su�cient for global identi�cation

(see Parthasarathy, 1983). The real virtue of Theorem 4 is, apart from the rather easily

veri�able Jacobian criterion, that for not identi�ed points t in the moment-systems, one

can always �nd a corresponding basis of a null-space n(t) satisfying

J [m(t)] n(t) = 0,

that clearly shows for which parameters linear dependencies are evident in J [m(t)] (see

Bekker, 1989, for a more speci�c application). All zero-valued coordinates in n(t) are

partially identi�ed.

For the exponentially tilted series approximation that is used to model the cumulated

response curves G, for every item j, exactly one moment equation k depends on a lin-

ear mapping in the three Legendre coe�cients t, whereas for the remaining cumulated

response curves the moments are products in similar linear mappings (recall that this

multiplicative recurrence is used for the sake of non-intersection). As to that, two adja-

cent moments di�er in one �layer� of the factorials formed by the G-curves and therefore

are linearly independent, except for the two moments that depend on the highest and

second highest factorial. In what follows, I apply the above criteria to show conditions

for just-identi�cation. Consider the case of K = 3 and J = 2, i.e., two items in three re-

sponse categories. Then one obtains a total of four moment conditions in 12 parameters,

a measurement system that is clearly under-identi�ed. In general, there are J × (k − 1)

(non-redundant) moments to identify 3 × (K − 1) × J parameters. This indeterminacy

can only be removed by introducing some variation on the right-hand side of the moment

conditions. One may consider covariates that a�ect the locations of the latent traits that

enter u for this purpose (as suggested in Spady, 2007). As an alternative approach, which

is somewhat less ad hoc, one may slightly shift the means of the trait nuisances upward

as the responses in the other trait speci�c items increase, and vice versa. This strategy

does not violate the local independence assumption between the response probabilities

and the latent traits. For the above example with K = 3 and J = 2 one would only

require three out of 32 = 9 possible item combinations in order to render the response

model identi�ed, as the Jacobian criterion of Theorem 4 is ful�lled for this number of

item combinations and beyond. A minimum of three di�erent item combination holds as

a general rule of thumb and should be given for �well behaved� response data.

173



Appendix B

Global Identi�cation

As already mentioned, global identi�cation is not automatically established by showing

local identi�ability for every t0 ∈ A . Local identi�cation is nonetheless a necessary con-

dition and furthermore, way more conveniently implementable. In order to establish a

global result, �rst recall that the response probabilities are additive and multiplicative

combinations of exponential families. As such, the global identi�cation problem breaks

down to the identi�cation of the single contributions to the response probabilities. Denote

these contributions to f(r, u, t) as f̃(u, t̃), where t̃ is the parameter triplet that charac-

terizes the respective G(u). The exponential family representation becomes obvious by

rearranging the de�nition of the cumulated response curves

G(u) =

∫ u
0
et1γ1(u)+t2γ2(u)+t3γ3(u)du∫ 1

0
et1γ1(u)+t2γ2(u)+t3γ3(u)du

as t̃′γ(u) =
∑3

i=1 t̃iγi(u) and B(t̃) = log
∫ 1

0
et̃1γ1(u)+t̃2γ2(u)+t̃3γ3(u)du. Then one can rewrite

G(u) as a CDF that results from integration over the exponential family density

f̃(u, t̃) =

∫ u

0

et̃
′γ(u)−B(t̃).

Thus, B(t̃) is the so-called cumulant generating function and t̃′γ(u) is the su�cient

statistic.

Belonging to the exponential family greatly alleviates global identi�cation. One shall use a

result from Rothenberg (1971) to show this in what follows. First, let g(u, t̃) = log f̃(u, t̃)

and furthermore de�ne the directional derivative

gi(u, t̃) =
∂g(u, t̃)

∂t̃i

and the gradient

∇g(u, t̃) =
∂g(u, t̃)

∂t̃
.

Furthermore, let

R(t̃) = E

[
∂g(u, t̃)

∂t̃

∂g(u, t̃)′

∂t̃

]
be the information matrix. Using the information matrix as a criterion for identi�cation

is quite intuitive as it provides a sensitivity measure for changes in f̃(u, t̃) given small

changes in t̃. If the structure is the same for some (if not all) parameters, this will result

in non-univalence of the information matrix system with respect to parameters t̃.

Theorem 5 (Rothenberg (1971)). Let f(u, t̃) be a member of the exponential family. If
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R(t̃) is nonsingular in a convex set containing A , then every t̃ in A is globally identi�-

able.

Proof. Applying the mean value theorem to g(u, t̃) for two arbitrary parameter vectors

t̃1 and t̃0 leads to

g(u, t̃1)− g(u, t̃0) = ∇g(u, t̃∗)′(t̃1 − t̃0),
�� ��11

where t̃∗ is any t̃ between t̃1 and t̃0. If t̃1 and t̃0 were observationally equivalent, i.e.

(globally) unidenti�ed, the di�erence in equation (11) would be zero, implying that the

variance at t̃∗

E

[(
∇g(u, t̃∗)′(t̃1 − t̃0)

)2

∣∣∣∣
t̃∗

]
= 0.

If the vector t̃∗ implied by the mean value theorem is allowed to be anywhere in the

interval (t̃1, t̃0) irrespective of u, one could generally rewrite the above expectation as

(t̃1 − t̃0)′R(t̃∗)(t̃1 − t̃0) = E

[(
∇g(u, t̃∗)′(t̃1 − t̃0)

)2

∣∣∣∣
t̃∗

]
= 0.

�� ��12

For this case, it is obvious that R(t̃∗) has to be singular for Theorem 5 to hold.12 In

general, t̃∗ will not vary independently of u, unless f̃(u, t̃) belongs to the exponential

family. One can easily derive this from equation (11), as

g(u, t̃1)− g(u, t̃0) = (t̃1 − t̃0)′γ(u)−
[
B(t̃1)−B(t̃0)

]
and application of the mean value theorem to the di�erence in B yields

0 =
[
γ(u)−∇B(t̃∗)

]′
(t̃1 − t̃0)

= ∇g(u, t̃∗)′(t̃1 − t̃0),

�� ��13

which is the separable quadratic form of equation (12). It has been shown that global

non-identi�cation implies singularity and, thus, that R(t̃∗) being nonsingular is su�cient

for global identi�cation. This is the above theorem.

12 Except for the trivial case t̃1 − t̃0 = 0.
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Resume with the above case of K = 3 and J = 2 for only three observed item combi-

nations that has been shown to establish local just-identi�cation, numerical evaluation

of

R(t̃) = E

[
∂g(u, t̃)

∂t̃

∂g(u, t̃)′

∂t̃

]
yields that it is nonsingular. Hence, the model is also globally identi�ed.
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This Appendix provides a possible implementation of a Fortran 90 SUBROUTINE that

returns the response-speci�c probability contributions to the likelihood function

pi(ri1, ri2, . . . , riJ) =

∫
pip(ri1, ri2, . . . , riJ |θi)f(θi)dθi

=

∫
pi1(ri1|θi)pi2(ri2|θi) . . . piJ(riJ |θi)f(θi)dθi.

discussed in Chapter 5, augmented by the corresponding Gauss-Hermite nodes. The code

presented below is based on GNU Fortran 90, i.e., does not contain any inline directives

as would be necessary for Intel or Salford Compilers.13 It is intended to be compiled as a

dynamically linked library (DLL or SO) that can subsequently be linked into R code for

the likelihood function.

SUBROUTINE cprobs(Xj, m, p, shifts, nrow, Z1,k, Z2, GLw, l, pMat, prow, OutMat)

!*****************************************************************************

! Matrix of response combinations, No. of items, mean shifts, rows of Xj, GH

! nodes, No of nodes, GL nodes, GL weights, No of nodes/weights, parameter

! matrix, row number, Return Matrix

!*****************************************************************************

USE utils

IMPLICIT NONE

!*****************************************************************************

! DIMENSION GLOBALS

!*****************************************************************************

INTEGER :: p, k, l, nrow, prow, m

!*****************************************************************************

! GLOBAL ARGUMENTS

!*****************************************************************************

INTEGER :: Xj (nrow, p)

REAL (KIND=8) :: shifts( nrow )

REAL (KIND=8) :: Z1 (k)

REAL (KIND=8) :: Z2 (l)

REAL (KIND=8) :: GLw (l)

REAL (KIND=8) :: pMat ( prow ,p)

REAL (KIND=8) :: OutMat (nrow, k)

!*****************************************************************************

! AUXILIARY VARIABLES

!*****************************************************************************

INTEGER :: nx

REAL (KIND=8) :: resMat (nrow, k)

13 Apart from that, the routine can be compiled by any other compiler.
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REAL (KIND=8) :: pVec(prow)

REAL (KIND=8) :: Z1Mat (m -1, k)

REAL (KIND=8) :: outV( k )

REAL (KIND=8) :: eps, u

REAL (KIND=8) :: lICC( k), uICC (k)

REAL (KIND=8) :: sZ1(k)

INTEGER :: mj, j, i, a, b

INTEGER, PARAMETER :: po = 3

!*****************************************************************************

OutMat = 0.0D+00

eps = (EPSILON(Z1))**(1.0/3.0)

DO j=1, p

! find item specific highest response category

mj = MAXVAL(Xj( :,j))

! Put parameter column into vector

pVec = pMat(: , j)

! iterate over rows of X( ,j)

DO i = 1, nrow

! Define number of ICCs necessary

IF ( Xj(i,j) <= 2) THEN

nx = mj - 1

ELSE

nx = mj - Xj(i,j) + 1

END IF

! Add some mean shift to the GH approximation

sZ1 = Z1 + shifts(i)

! transform to (0,1) by normal CDF; iterate over Z1()

DO a=1, k

CALL cumnor(sZ1(a), u)

sZ1(a)=u

END DO

! Compute the ICCs

CALL transform( sZ1, Z2, glw, k, l, m, pVec, prow, po, Z1Mat)

! ensure openness in (0,1) for cummulated probabilities

DO a = 1, m

DO b= 1, k

IF (Z1Mat(a,b) - 1 >= 0) THEN

Z1Mat(a,b) = Z1Mat(a,b) - eps

ELSE IF (Z1Mat(a,b) <= 0) THEN
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Z1Mat(a,b) = eps

END IF

END DO

END DO

! Set up the recurrence relation for each ICC

! In log.out, lowest ICC P(r <= 1) corresponds

! to the first line, whereas P(r <= K) = 1 is the last

IF (nx == 1) THEN

Z1Mat = 1 - Z1Mat

outV = LOG(Z1Mat(nx, :))

ELSE IF (Xj(i, j) == 1) THEN

Z1Mat = LOG(Z1Mat)

outV = SUM( Z1Mat, 1)

ELSE

Z1Mat = LOG(Z1Mat)

DO b= 1,k

Z1Mat( :, b) = cumsum(Z1Mat( :, b), m)

END DO

! lower ICC

lICC = Z1Mat( nx, :)

! upper ICC

uICC = Z1Mat(nx -1, : )

lICC = EXP(lICC)

uICC = EXP(uICC)

outV = LOG(uICC - lICC)

END IF

resMat( i , : ) = outV

END DO

outMat = outMat + resMat

END DO
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RETURN

END SUBROUTINE

This main routine, however, depends on a module containing several auxiliary routines that have

to be considered in the built process. One of the subroutines is largely derived from William

Cody's code from the CDFLIB90 library. Apart from these dependencies, it should be noted

that on some systems it may be necessary to specify -fpic or -fPIC compiler �ags for position

independent code (at least for GNU compilers). Without this option, some systems may not be

able to correctly allocate the memory required at runtime within the global o�set table.

MODULE utils

!*****************************************************************************

!

!! This module contains routines for computation of the Normal CDF

IMPLICIT NONE

CONTAINS

!*****************************************************************************

SUBROUTINE swap ( x, y )

IMPLICIT NONE

REAL ( KIND = 8 ) :: x

REAL ( KIND = 8 ) :: y

REAL ( KIND = 8 ) :: z

z = x

x = y

y = z

RETURN

END SUBROUTINE

!*****************************************************************************

SUBROUTINE cumnor ( arg, cum )

!*****************************************************************************

!

!! This routine builds William Cody's implementation from the CDFLIB90 and

! computes the cumulative normal distribution by rational

! function approximations.

!

!
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! Parameters:

!

! Input, real ( kind = 8 ) ARG, the upper limit of integration.

!

! Output, real ( kind = 8 ) CUM, CCUM, the Normal density CDF and

! complementary CDF.

!

!*****************************************************************************

IMPLICIT NONE

!*****************************************************************************

! ARGUMENTS

!*****************************************************************************

REAL ( KIND = 8 ) :: arg

REAL ( KIND = 8 ) :: cum

!*****************************************************************************

! CONSTANTS

!*****************************************************************************

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 5 ) :: a = (/ &

2.2352520354606839287D+00, &

1.6102823106855587881D+02, &

1.0676894854603709582D+03, &

1.8154981253343561249D+04, &

6.5682337918207449113D-02 /)

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 4 ) :: b = (/ &

4.7202581904688241870D+01, &

9.7609855173777669322D+02, &

1.0260932208618978205D+04, &

4.5507789335026729956D+04 /)

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 9 ) :: c = (/ &

3.9894151208813466764D-01, &

8.8831497943883759412D+00, &

9.3506656132177855979D+01, &

5.9727027639480026226D+02, &

2.4945375852903726711D+03, &

6.8481904505362823326D+03, &

1.1602651437647350124D+04, &

9.8427148383839780218D+03, &

1.0765576773720192317D-08 /)

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 8 ) :: d = (/ &

2.2266688044328115691D+01, &

2.3538790178262499861D+02, &

1.5193775994075548050D+03, &

6.4855582982667607550D+03, &

1.8615571640885098091D+04, &

181



Appendix C

3.4900952721145977266D+04, &

3.8912003286093271411D+04, &

1.9685429676859990727D+04 /)

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 6 ) :: p = (/ &

2.1589853405795699D-01, &

1.274011611602473639D-01, &

2.2235277870649807D-02, &

1.421619193227893466D-03, &

2.9112874951168792D-05, &

2.307344176494017303D-02 /)

REAL ( KIND = 8 ), PARAMETER, DIMENSION ( 5 ) :: q = (/ &

1.28426009614491121D+00, &

4.68238212480865118D-01, &

6.59881378689285515D-02, &

3.78239633202758244D-03, &

7.29751555083966205D-05 /)

REAL ( KIND = 8 ), PARAMETER :: root32 = 5.656854248D+00

REAL ( KIND = 8 ), PARAMETER :: sixten = 16.0D+00

REAL ( KIND = 8 ), PARAMETER :: sqrpi = 3.9894228040143267794D-01

REAL ( KIND = 8 ), PARAMETER :: thrsh = 0.66291D+00

!*****************************************************************************

! AUXILIARY VARIABLES

!*****************************************************************************

REAL ( KIND = 8 ) :: ccum

REAL ( KIND = 8 ) :: temp

REAL ( KIND = 8 ) :: del

REAL ( KIND = 8 ) :: eps

INTEGER ( KIND = 4 ) :: i

REAL ( KIND = 8 ) :: x

REAL ( KIND = 8 ) :: xden

REAL ( KIND = 8 ) :: xnum

REAL ( KIND = 8 ) :: y

REAL ( KIND = 8 ) :: xsq

!

! Machine dependent constants

!

eps = EPSILON ( 1.0D+00 ) * 0.5D+00

x = arg

y = ABS ( x )

IF ( y <= thrsh ) THEN

!
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! Evaluate anorm for |X| <= 0.66291

!

IF ( eps < y ) THEN

xsq = x * x

ELSE

xsq = 0.0D+00

END IF

xnum = a(5) * xsq

xden = xsq

DO i = 1, 3

xnum = ( xnum + a(i) ) * xsq

xden = ( xden + b(i) ) * xsq

END DO

cum = x * ( xnum + a(4) ) / ( xden + b(4) )

temp = cum

cum = 0.5D+00 + temp

ccum = 0.5D+00 - temp

!

! Evaluate ANORM for 0.66291 <= |X| <= sqrt(32)

!

ELSE IF ( y <= root32 ) THEN

xnum = c(9) * y

xden = y

DO i = 1, 7

xnum = ( xnum + c(i) ) * y

xden = ( xden + d(i) ) * y

END DO

cum = ( xnum + c(8) ) / ( xden + d(8) )

xsq = AINT ( y * sixten ) / sixten

del = ( y - xsq ) * ( y + xsq )

cum = EXP ( - xsq * xsq * 0.5D+00 ) * EXP ( -del * 0.5D+00 ) * cum

ccum = 1.0D+00 - cum

IF ( 0.0D+00 < x ) THEN

CALL swap ( cum, ccum )

END IF

!

! Evaluate ANORM for sqrt(32) < |X|.

!

ELSE

cum = 0.0D+00

xsq = 1.0D+00 / ( x * x )

xnum = p(6) * xsq

xden = xsq
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DO i = 1, 4

xnum = ( xnum + p(i) ) * xsq

xden = ( xden + q(i) ) * xsq

END DO

cum = xsq * ( xnum + p(5) ) / ( xden + q(5) )

cum = ( sqrpi - cum ) / y

xsq = AINT ( x * sixten ) / sixten

del = ( x - xsq ) * ( x + xsq )

cum = EXP ( - xsq * xsq * 0.5D+00 ) &

* EXP ( - del * 0.5D+00 ) * cum

ccum = 1.0D+00 - cum

IF ( 0.0D+00 < x ) THEN

CALL swap ( cum, ccum )

END IF

END IF

IF ( cum < TINY ( cum ) ) THEN

cum = 0.0D+00

END IF

IF ( ccum < TINY ( ccum ) ) THEN

ccum = 0.0D+00

END IF

RETURN

END SUBROUTINE

!*****************************************************************************

SUBROUTINE transform( uZ1, Z2, GLw, k, l, m, pVec, prow, po, Z1Mat)

!*****************************************************************************

!

!

!

!*****************************************************************************

IMPLICIT NONE

!*****************************************************************************

! ARGUMENTS

!*****************************************************************************

INTEGER :: k, l, prow, po

INTEGER :: m

REAL (KIND=8) :: uZ1 ( k )

REAL (KIND=8) :: Z2 ( l )

REAL (KIND=8) :: GLw ( l )

REAL (KIND=8) :: pVec ( prow )
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REAL (KIND=8) :: Z1Mat ( m-1, k )

!*****************************************************************************

! AUXILIARY VARIABLES

!*****************************************************************************

REAL (KIND=8) :: COV

REAL (KIND=8) :: PolVec (3)

REAL (KIND=8) :: jMat ( m -1, l )

REAL (KIND=8) :: tempVec ( m -1 )

REAL (KIND=8) :: tempMat ( m-1 , k )

REAL (KIND=8) :: T (po, m-1)

INTEGER :: i, j

T = RESHAPE(pVec, (/po, m - 1 /))

! Build the integrals for the numerator

DO i=1, k

DO j=1, l

!Change of Variables procedure

COV = 0.5 * uZ1(i) * Z2(j) + 0.5 * uZ1(i)

! Set up the Legendre Polysnomials

PolVec(1) = 2 * COV -1

PolVec(2) = 6 * COV**2 - 6 * COV + 1

PolVec(3) = 20* COV**3 - 30 * COV**2 + 12 *COV -1

jMat( : , j) = 0.5 * uZ1(i) * EXP( MATMUL(PolVec, T) )

END DO

Z1Mat( : , i) = MATMUL( jMat, GLw)

END DO

! Build the normalizing integrals of the denominator

DO j=1, l

COV = 0.5 * Z2(j) + 0.5

! Set up the Legendre Polysnomials

PolVec(1) = 2*COV -1

PolVec(2) = 6*COV**2 -6*COV + 1

PolVec(3) = 20*COV**3 -30*COV**2 + 12*COV -1

jMat( : ,j) = 0.5 * EXP( MATMUL( PolVec, T))

END DO

! Complete the integral
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tempVec = MATMUL(jMat, GLw)

tempMat = SPREAD(tempVec , 2, k)

! Normalize the numerators

Z1Mat = 1- (Z1Mat / tempMat)

END SUBROUTINE

!*****************************************************************************

FUNCTION cumsum(arr, i) RESULT(ans)

!*****************************************************************************

INTEGER :: i

REAL(KIND=8), DIMENSION(i), INTENT(IN) :: arr

REAL(KIND=8), DIMENSION(i) :: ans

INTEGER :: j

ans(1)=arr(1)

DO j=2,i

ans(j)=ans(j-1)+arr(j)

END DO

END FUNCTION cumsum

END MODULE

Two di�erent interfaces may be employed to dynamically link the above code into R.

The �rst one, R's .Fortran interface, uses a pass-by-reference scheme that requires the

complete list of arguments Xj,..., OutMat as indicated in the above header for cprobs.

Alongside the actual arguments, this list also comprises scalar arguments passing the

dimensions of the arrays involved, as other than native Fortran the interface does not

support assumed-shape arguments. An alternative is the second possible implementation

via R's .Call interface. It takes advantage of the fact that the R internals are written in C

and provides full access to them on the C-side. Using the R-headers R.h, Rinternals.h,

and Rmath.h, one may call a C wrapper function that does all the arrangements before

passing everything to the Fortran subroutine cprobs. This could be done as follows.
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#include<R.h>

#include<Rinternals.h>

#include<Rmath.h>

void cprobs_(double *, int *, int *, double *, int *, ..., double *);

#cprobs(Xj, m, p, shifts, nrow, Z1,k, Z2, GLw, l, pMat, prow, OutMat)

#*****************************************************************************

# Matrix of response combinations, No. of items, mean shifts, rows of Xj, GH

# nodes, No of nodes, GL nodes, GL weights, No of nodes/weights, parameter

# matrix, row number, Return Matrix

#*****************************************************************************

SEXP C_wrapper(SEXP Xj, SEXP shifts, SEXP Z1, SEXP Z2, SEXP GLw, SEXP pMat )

{

int m, p, nrow, k, l, prow;

int Rdim[2];

SEXP OutMat;

PROTECT(Xj = AS_NUMERIC(Xj));

PROTECT(shifts = AS_NUMERIC(shifts));

PROTECT(Z1 = AS_NUMERIC(Z1));

PROTECT(Z2 = AS_NUMERIC(Z2));

PROTECT(GLw = AS_NUMERIC(GLw));

PROTECT(pMat = AS_NUMERIC(pMat));

Rdim= getAttrib(Xj,R_DimSymbol);

m= INTEGER(Rdim)[0];

p= INTEGER(Rdim)[1];

nrow = LENGTH(shifts);

k = LENGTH(Z1);

l = LENGTH(Z2);

Rdim= getAttrib(pMat,R_DimSymbol);

prow = INTEGER(pMat)[0];

cprobs_(&Xj, &m, &p, &shifts, &nrow, &Z1,

&k, &Z2, &GLw, &l, &pMat, &prow, &OutMat);

UNPROTECT(6);

return(OutMat);

}
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Personality Tests included in the Questionnaire of Chap-

ter 8

Big Five

I see myself as someone who...

1. is original, comes up with new ideas (Openness to Experience).
2. values artistic experiences (Openness to Experience).
3. has an active imagination (Openness to Experience).
4. does a thorough job (Conscientiousness).
5. does things e�ectively and e�ciently (Conscientiousness).
6. tends to be lazy (Conscientiousness, reversed).
7. is communicative, talkative (Extraversion).
8. is outgoing, sociable (Extraversion).
9. is reserved (Extraversion, reversed).
10. is sometimes somewhat rude to others (Agreeableness, reversed).
11. has a forgiving nature (Agreeableness).
12. is considerate and kind to others (Agreeableness).
13. worries a lot (Neuroticism).
14. gets nervous easily (Neuroticism).
15. is relaxed, handles stress well (Neuroticism, reversed).

Locus of Control (LOC)

Using the scale provided, indicate what your attitudes towards life and towards your own future
are.

1. How my life goes depends on me (Internal LOC, discarded).
2. If a person is socially or politically active, he/she can have an e�ect on social conditions

(Internal LOC, discarded).
3. One has to work hard in order to succeed (Internal LOC, discarded).
4. If I run up against di�culties in life, I often doubt my own abilities (reversed, Internal

LOC, discarded).
5. Compared to other people, I have not achieved what I deserve (External LOC).
6. What a person achieves in life is above all a question of fate or luck (External LOC).
7. I frequently have the experience that other people have a controlling in�uence over my

life (External LOC).
8. The opportunities that I have in life are determined by the social conditions (External

LOC).
9. Inborn abilities are more important than any e�orts one can make (External LOC).
10. I have little control over the things that happen in my life (External LOC).
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Brief Self-Control Scale

Using the scale provided, please indicate how much each of the following statements re�ects how
you typically are.

1. I am good at resisting temptation.
2. I have a hard time breaking bad habits (reversed).
3. I say inappropriate things (reversed).
4. I do certain things that are bad for me, if they are fun (reversed).
5. I refuse things that are bad for me.
6. I wish I had more self-discipline (reversed).
7. People would say that I have iron self-discipline.
8. Pleasure and fun sometimes keep me from getting work done (reversed).
9. I have trouble concentrating (reversed).
10. I am able to work e�ectively toward long-term goals.
11. Sometimes I can't stop myself from doing something, even if I know it is wrong (reversed).
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Personality traits as surveyed in the GSOEP for Chap-

ter 9

Perceived Control/ Locus of Control (LOC), as of 1999

Using the scale provided, indicate what your attitudes towards life and towards your own future
are.

1. How my life goes depends on me (Internal LOC).
2. If a person is socially or politically active, he/she can have an e�ect on social conditions

(Internal LOC).
3. One has to work hard in order to succeed (Internal LOC).
4. If I run up against di�culties in life, I often doubt my own abilities (reversed, Internal

LOC).
5. Compared to other people, I have not achieved what I deserve (External LOC).
6. What a person achieves in life is above all a question of fate or luck (External LOC).
7. I frequently have the experience that other people have a controlling in�uence over my

life (External LOC).
8. The opportunities that I have in life are determined by the social conditions (External

LOC).
9. Inborn abilities are more important than any e�orts one can make (External LOC).
10. I have little control over the things that happen in my life (External LOC).

Perceived Control, as of 1994

The following are various attitudes towards life and the future. Please indicate what most applies
to you.

1. I determine what happens to me in life (Internal).
2. It is useless to make plans because they seldom work out (External).
3. My behavior determines my life (Internal).
4. No one can escape their fate, everything in life happens as it must happen (External).
5. If I get something I want then it's mostly due to luck (External).
6. Most plans I make are successful (Internal).
7. There is little sense in planing ahead because something unexpected always comes up

(External).
8. Things always happen di�erently, one can't rely on anything (External).
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