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Abstract

This paper establishes that an individual's locus of contrd has an in uence on
schooling decisions and on wages through schooling. Howeyeo direct impact
of locus of control on wages is found once schooling is contlked for. Further-
more, this work contributes to the empirical literature by showing that reverse
causality and simultaneity in measurements and outcomes aabe accounted for
by combining samples of individuals of di erent ages. Speccally, following the
methodology developed inCunha et al. (2005, we combine locus of control mea-
sures from a sample of young adults with outcome measures of drent individ-
uals taken later in the life cycle. Hence, we produce identication of di erent
parts of the likelihood using di erent samples. This allows us thus to correct
for potential biases which arise due to reverse causality ahspurious correlation
and to investigate the impact of an early measure of noncogtive skills on later
outcomes.
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1 Introduction

Recently, the economic literature on returns to human capatl and skill has come to
acknowledge the considerable importance of noncognitivkills in explaining educa-
tion choices, as well as a large variety of labor market outetes. Bowles and Gintis
(1976 were among the rst to point out what seems intuitively obvious: economic suc-

cess is determined only partly by cognitive abilities and kaswledge acquired in schools.

Personality, incentive-enhancing preferences and so@ation are other important com-
ponents of human capital. Various authors from the eld of pgchology, sociology and
more recently economics, have henceforth empirically irstegated the importance of
noncognitive characteristics. The latter may comprise s@dization, personality traits,
preferences, beauty or motivation in the determination of ages and labor market suc-
cess. Prominent examples of studies on the impact of noncagm traits on labor
market outcomes areBowles et al.(2001ab) viewing noncognitive skills as personality
traits that lead to a reduction in contract enforcement cost of the employer. More
recently, Heckman et al.(2006 investigated the direct \productive" impact of noncog-
nitive skills on various outcomes. They nd that a one dimensnal component of
noncognitive skills, comprised of self-esteem and locuscoitrol measures, can explain
many dimensions of social performance including educatidecisions and labor market
outcomes. In addition, various other studies exist that relte multiple facets of honcog-
nitive skills to labor market outcomes. Examples ar&lyhus and Pons(20095, Mueller
and Plug (2009, as well asAnger and Heineck(200§ who use the Big ve personality
inventory to investigate the impact of personality on earmgs. Furthermore, Dun-
can and Dunifon (1999 emphasize the importance of motivation as well as behavadr
measures such as cleanliness, church attendance or newspapading as a predictor
of earnings many years later. Somewhat di erently, a vasttierature in experimental
economics is currently emerging that analyzes the economiupact of risk aversion,
reciprocity, self-con dence and time preferenceDohmen et al, 2007 Falk et al., 2006
Frey and Meier, 2002.

As becomes clear when looking at the above-named studiesnomgnitive skills
are multifaceted and economic research that focuses on perality measures, skills,
preferences and attitudes is necessarily intertwined witthe psychological literature?
Hence, in this paper, we choose locus of control as a measufen@ancognitive skills

1For an excellent overview of the interrelationship betweendi erent psychological and economic
concepts, seaBorghans et al. (2008.
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that is well-established in the psychological literature ad has frequently been used in
previous economic studies on the role of noncognitive skilior labor market outcomes
(Heckman et al, 2006 Judge and Bong 2001 Andrisani, 1977 1981 Osborne 2000.
Locus of control is a psychological concept, frequently aibuted to Rotter (1966,
that measures an individual's attitude regarding the natue of the causal relationship
between one's own behavior and its consequences. In this ogpt, which is related
to self-e cacy, people who believe that they can control reiforcements in their lives
are called internalizers. People who believe that fate, lkcor other people control
reinforcements are termed externalizers. Generally, extalizers (with low noncognitive
skills) do not have much con dence in their ability to in uence their environment,
and do not see themselves as responsible for their lives. Téfere, these individuals
generally are less likely to trust their own abilities or to pish themselves through di cult
situations. Conversely, internalizers (the high-skilledare likely to have more self-esteem
and to trust their capability of changing their circumstanes for the better. These
individuals perceive themselves more capable of alteringeir (economic) situation.

In fact, locus of control is one of the most prominent conceptof noncognitive skills,
previously analyzed in the economic literature. Most studs agree that it a ects a
variety of economic choices individuals make. This is padilarly true for education
decisions which most researchers nd to be highly a ected dgcus of control?> Coleman
and DelLeire(2003 present a model of locus of control and education decisionghere
locus of control is not directly viewed as a skill, but ratheras a character trait that
in uences education decisions via an individual's beliegseabout the e ect of education
on expected earnings. Using the National Education Longitlinal Study (NELS), the
authors nd locus of control to have a high and signi cant im@ct on schooling decisions
as well as on ex-ante expected earnings conditional on sclmg Cebi (2007 on the
other hand concludes using the NLSY that labor market outcoes but not education
choices are a ected by locus of control. Evidence of e ect ¢dcus of control on labor
market returns is mixed, but mostly positive. For exampleAndrisani (1977, using the
National Longitudinal Study (NLS), nds a positive e ect of locus of control on several
measures of earnings and occupational attainment of youngamiddle-aged men. Yet,
Duncan and Morgan(1981) nd mostly non-signi cant e ects of locus of control on the

2Already 40 years ago, the famous Coleman reportGoleman, 1966 reported that locus of control
was not only an important predictor for academic performane, but even a more important determinant
of educational achievement than any other factor in a studetis background (Coleman and Deleire
2003.
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change in hourly earnings of individuals in the PSID. To our kowledge, an analysis of
the impact of locus of control on labor market outcomes usinGerman data has only
been conducted inAnger and Heineck(2009 as well as inFlossmann et al.(2007%.
However, neither of these papers account for education d&gons, nor do they control
for endogeneity introduced by the use of contemporaneous aserements.

From a methodological point of view, there exist two major emometric problems
in the economic literature on noncognitive skills: measungent error and endogeneity
of noncognitive skills Bowles and Gintis 2002 Borghans et al, 200§. First, the issue
of measurement error arises because certain traits or cheteristics are measured by
questions or tests that are imperfect proxies of the true lant ability. Yet, in general,
most psychological measures are designed to capture a pautar latent trait or skill,
such that factor analytical approaches can be used to distinish true latent abilities
from measurement error Borghans et al, 2008 Heckman et al, 2006 Hansen et al,
2009. Second, endogeneity arises in the study of the impact of maognitive skills on
labor market outcomes for two reasons. On the one hand, thestdts may be awed by
reverse causality as (anticipated) labor market outcomesay a ect noncognitive skills.
Hence, noncognitive skill measures may re ect, rather thanause, the outcomes that
they are supposed to predict Borghans et al, 2008. In this case the coe cient on
personality is overestimated because of the positive coiamnce between noncognitive
skill measures and the error term. On the other hand, both oabmes and measures
may be a ected by past labor market experiences, which are wally not accounted for.
The consequence is again an overestimation of the noncogrmtskill coe cient due to
spurious correlation. In the past, four main strategies ha/been adopted to address the
issue of endogeneity: rst,Duncan and Morgan(1981); Duncan and Dunifon (1999
using the Panel Study of Income Dynamics (PSID), extract meares of personality
traits that are measured 15-25 years prior to their currentarnings. A similar strategy
has been adopted byHeckman et al.(200§ who use noncognitive measurements in the
NLSY taken age of 21 to explain later outcomes. SeconBpwles et al.(2001h, using
the National Longitudinal Survey of Young Women (NLSYW), enploy contemporary
measurements of locus of control which they however purge pdist wage in uences.
Third, Osborne (2000 develops exogenous instruments such as past skills to inst
ment for contemporaneous skill measures. Lastunha and Heckman(2008 explicitly
model development and accumulation of skills as a technolo@f skill formation, in
which investments in one period a ect the productivity of investments in subsequent
periods. However, their focus is mainly on early childhoodedelopment of cognitive
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and noncognitive skills and not on the impact of labor markeéxperiences and various
life-time shocks on skill development and income.

Using data from the German Socioeconomic Panel (GSOEP), wddaess the prob-
lem of measurement error by extracting a factor for locus ofootrol as a measure of
underlying noncognitive skills. In addition, we account tle problem of reverse causality
and truncated life-cycle data in that we combine informatia on both young individuals,
who have not yet entered the labor market and of older, work@tage individuals. Our
estimation approach follows the work byHeckman et al.(2009; Hansen et al.(2009;
Carneiro et al. (2003. Furthermore, we build on a strategy developed itCunha et al.
(2009, which allows us to retrieve the distribution of noncognitve skills from a sample
of young individuals and to estimate their impact on outcom® in a sample of older
individuals.

We nd that noncognitive skills are an important predictor for the education decision
of going on to college. Furthermore, we nd that \premarket" noncognitive skills |
de ned as noncognitive skills measured at the time of schad, before the individual
enters the labor market |, are not a good predictor for later wage outcomes after
controlling for education decisions. In contrast, contengraneous noncognitive skills
do exhibit a high correlation with earnings even after schdiag is controlled for. We
claim that this result supports the hypothesis that noncogitive skills vary over the
life-cycle and that they are potentially in uenced by both Bbor market experience and
age. Hence, we show that the endogeneity bias of using conpmraneous measures
can be considerable. Last, simulation of our model shows thaoving individuals from
the rst to the last quintile of the noncognitive skill distr ibution signi cantly shifts the
distribution of schooling choices, thus indirectly a ectng later wages.

The paper proceeds as follows. Secti@presents a simple theoretical model for the
potential impact of locus of control on education decisionand labor market returns.
Section 3 gives an overview over the data and sample used in our anag/siSection4
describes our empirical model, its identi cation and our dgnation strategy. Section5
presents the results of our analysis. Sectighconcludes.
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2 A theoretical framework for locus of control, educa-
tion and labor market outcomes

In this section we present a simple theoretical framework wih enables us to derive
testable implications about how locus of control a ects edtation decisions and labor
market outcomes. In particular, we are interested in how las of control a ects out-
comes, either through the costs of obtaining education or bause it has a direct impact
on earnings. Related to this, we are interested in whether kpmarket" locus of con-
trol a ects wages conditional on the schooling choice madeyla respective individual.
Hence, we assume that the role of locus of control for labor nkat outcomes is poten-
tially twofold. First, it may indirectly a ect outcomes thr ough its e ect on education
decisions and secondly it may have a direct in uence on outeees after the schooling
decision is controlled for.

In a typical model of human capital investment, individualsdecide about the level of
schooling based on expected returns to the respective cleminus the costs associated
with this choice. Note that in this framework, locus of contol may have an impact on
the costs of education, because individuals with a more ertal locus of control need
more preparation to feel well prepared for exams than inteatizers. Furthermore, locus
of control may be viewed as a skill which has a direct impact owages, for example
because employers value having employees who exhibit a lgtegree of self-e cacy or
because they act more responsible due to the fact that theyt@mnalize the consequences
of their doings.

In our study, locus of control () is a latent ability which is continuously distributed
in the range (1 ;+1 ), where smaller values represent a more external locus (Ew
noncognitive skills) and larger values represent a more exhal locus of control (higher
noncognitive skills). We assume that costs of education anlages are both functions
of . Hence, individuals with ! 1 are likely to earn lower wages and have higher
costs of education, while individuals with ' 1 earn more and incur lower costs of
obtaining a degree.

To examine these hypotheses empirically, it is useful to melthe decision making
of individuals on hands of a simple Roy modelRoy, 1951).2 Assume that individuals
can only choose between two schooling levels: tertiary edtion and less than tertiary
education. Furthermore, assume that in expectation they arcorrectly informed about

3In this section we partly rely on the discussion of the Roy moa!l presented in Heckman et al.
(2005.
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lifetime earnings given either schooling choice as well aBaat the costs of obtaining
tertiary education. Denote the net present value of lifetima earnings of a respective
individual who chooses tertiary education $ = 1) as:

XT

Vl(xw; ) = ‘E th(xt;w; )

t=1t1

where V1(X; ) could also be written asV(X; jS = 1). Here, E[w!] denotes the
expected wage of an individual who chooses tertiary educati and t; is the number
of years that it takes to obtain tertiary education. Besides < 1 is an individual's
discount rate which we assume to be independent of the levéllocus of control andX
are other observable characteristics of an individual. Sifarly, the net present value of
lifetime earnings of an individual who chooses less than terry education (S = 0) can
be denoted as:

XT

VOXw; ) = ‘E WtO(Xt;w; )
t=0
In this world, the schooling choice made by individuals depes on the di erence in

lifetime earnings minus the costs of education. Thus, net llity is de ned as:

U = E V'Xw; ) V°Xwi ) CXe; )i =0 ; (2.1)

where the expectation of individuals depends on their resptéeve information set in
periodt = 0, denoted by -,. C(:) is a cost function which maps individual character-
istics and locus of control into total costs of obtaining tdrary education. These costs
may be both pecuniary and non-pecuniary in nature, where las of control certainly
a ects the non-pecuniary (or psychic) part of education cds. Agents are assumed to
maximize latent utility U from education. Hence they attend tertiary educatior = 1
if:

u > 0

and S = 0 otherwise. Note that in this framework the X -characteristics are allowed to
vary with t, but that we assume locus of control to be xed at the premarkelevel in
the expression of expected wages for each schooling levdsoAote that the individual
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decision maker is assumed to be the young individual but thagarental education and
home resources may enter this choice via the control variaslX .

We are interested in investigating how a change in locus ofrtool a ects the school-
ing decision and later wages. To understand this more fullysaume that wages in period
t conditional on schooling as well as the costs of educationncall be modeled in an
additively separable manner. Thus we have:

wl = Xy o+ o+ o
wh = Xy 1+ 1+ g
C = Xcct ct ¢

with E[ 1jXw; 1= E[ ojXw; 1= E[ ¢jX¢ 1= 0. Now assume thatE[w!jX,; ] and
E[wO(t)jX; ] are known to the agent and thus that individuals have correéexpecta-
tions about their earnings. Hence we can write

Xr t
u = Xw 1+ 1+ 1)
t=t1
X (2.2)
"Xw o+ o+ o)
t=0

Xc c+ ¢+ o)

By taking partial derivatives of (2.2) with respect to , it is straightforward to see that
a ceteris paribus change in locus of control a ects schoafjrdecisions as follows:

@U(Xw;Xc; ) . X . X .
@ - 1 0 C-

Giventhat ;and g areindependent ot and making use of revealed schooling choices,

our goal is to identify 1, oand . Hence, we are going to investigate whether locus

of control enters the schooling decision and outcomes botirettly as a skill ( ; > 0,
o> 0) or only indirectly via the costs of education (¢ < 0).#

“Note that we cannot identify ¢ directly, because we do not observe education costs. Howavere
do observe the impact of locus of control on education choiseand given identi cation of 1 and
we can thus make inference on the sign ofc.
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3 Data

We make use of data from the German Socioeconomic Panel (GS)Ea representative
longitudinal micro-dataset which contains a wide range ofogio-economic information
on individuals in Germany, comprising follow-ups for the yars 1984-2007. The data
were rst collected from about 12,200 randomly selected atiuespondents in West Ger-
many in 1984. After German reuni cation in 1990, the GSOEP waextended to around
4,500 persons from East Germany, and subsequently suppleneel and expanded by
additional samples. The data are well-suited for our analis in that they allow us
to exploit information on locus of control and outcomes for arious cross-sections of
individuals of all di erent ages. In particular, the incluson of a special youth survey,
comprising information on 17-year-olds, allows us to obtaiocus of control measures net
of labor market experience | \premarket" locus of control. Furthermore, the GSOEP
contains labor market outcomes for individuals of di erentages. Unfortunately, the
data does not have any longitudinal dimension for noncogmie skills, i.e. where pre-
market as well as labor market outcomes are measured for thenge individuals. We
thus need to rely on combining samples.

3.1 Sample

We distinguish between two subsamples in our analysis. Thest is a \youth" sample
of 1,458 individuals born between 1983 and 1989 who have a#élem interviewed at
age 17. For these youths, the GSOEP contains information abbschooling choices
as well as our premarket measure of locus of control. Furthmore, we augment this
information by background information that which we obtainfrom linking these youths
to their parents who are, by construction, also part of the GGEP. The majority of
the youth sample individuals have not nished schooling andll of them are at the
beginning of their working careers. The second, \adult" sapile used for our analysis
comprises information on 550 working individuals of ages -35. For this adult sample,
we obtain information on locus of control from the 2005 wave.Furthermore, labor
market outcomes are all retrieved from the most recent wavevalable (2007).
Summary statistics for the two samples we use are provided fables A.1 and A.2.
\Tertiary education” is a binary variable which indicates whether someone attends ei-
ther University or technical College (Fachhochschule) in &many. We face the problem
that in the data for the youth sample we do not observe schoaly outcomes for all in-
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dividuals. However, we do observe their future plans and geered education at age
17. We thus make the assumption that schooling choices are deaat age 17 and that
these choices are adhered to. We have checked this assumptia hands of the realized
eduction levels for the youth whose realized education ldseare observed we do not
nd major di erences. However, the proportion of individuds in the youth sample who
choose tertiary education is quite a bit higher as can be seanen looking at tableA.1.
This may in part be an artefact of using ex-ante or planned edation levels and partly
due to expanding education in Germany.

The reason for our relatively small sample size is that for owanalysis we had to
be particularly careful in choosing the samples used. To ens a successful linking of
the two samples, the most important criterion for sample settion was that education
decisions are generated by the same data generating procebsost importantly, we
exclude all individuals who went to school in East Germany athe regime shift has
certainly had an in uence on education decisions. Secondlwe exclude all migrant
subsamples and restrict our analysis to individuals of Geram nationality. Third, we
drop all individuals who lack education information or infemation on noncognitive
skills. Fourth, from the adult sample, we excluded all indiiduals in vocational training,
individuals with certain disabilities and individuals in partial retirement. Besides, we
drop all the youths from the sample who were older or youngehan 17 years of age
at the time of the interview to ensure that our measures of n@ognitive skills are not
corrupted by age e ects.

3.2 Locus of control

The noncognitive skill measures used in our analysis comerfr attitude questions
which are closely related to the concept of locus of contraitroduced by Rotter (19689.
This concept originates from social psychology and basiadescribes an individual's
outlook on life and his beliefs whether reinforcement in & comes from the individual
himself or is determined by luck and destiny. Generally, egtnalizers do not have much
con dence in their ability to in uence their environment, and see themselves as less
responsible for their lives. Conversely, internalizers kia more self-esteem and are more
motivated to take action and in uence their environment, beause they believe that
their actions can impact their life's course.

In the GSOEP, locus of control is measured by a 10 item questioaire. Each
question is answered on a Likert scale which ranges from 1 [ddgree completely"”) to 4
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Table 1: Locus of control, youth sample

Question Mean Std. Dev. N

Q1 My life's course depends on me 3.521 0.621 1458
Q2 | have not achieved what | deserve 1.968 0.820 1428
Q3  Success is a matter of fate or luck 2.253 0.813 1451
Q4  Others decide about my life 2.123 0.836 1453
Q5  Success is a matter of hard work 3.482 0.602 1455
Q6 In case of di culties, doubt about my own abilities 2.242 0.850 1453
Q7  Possibilities in life depend on social conditions 2.698 044 1442
Q8  Abilities are more important than e ort 3.020 0.687 1452
Q9 | have little control over what happens to me 1.922 0.754 185
Q10 Social involvement can help in uence social conditions 2.482 0.816 1443

Note: Answers are on a 4-point Likert scale ranging from 1 (\dsagree completely") to 4 (\agree
completely").

(\agree completely™).®> Table 1 gives an overview over the questions and items we use.

We check whether, given the measurements we use, locus ofticdican indeed be
represented by a single factor. We do this by calculating theolychoric correlation ma-
trix of our items, representing the correlation matrix of tre underlying latent continuous
variables. Then, conduct a principal component analysis dncalculate the eigenvalues
of this correlation matrix. We nd three eigenvalues largethan 1. Hence, the Kaiser
criterion seems violated. However, scree plot analysis pliayed in gure A.1 reveals an
early attening suggesting no more than one or two underlyig factors. Furthermore,
locus of control is usually conceptualized as referring to anidimensional continuum,
ranging from external to internal. Hence, we think that we a@ making a reasonable
decision by extracting a single factor only.

5In the 2006/2007 youth samples the answer scale has been chgad to 7 answers. To make the
questionnaire comparable across samples, we transform thépoint scale into a 4-point scale by as-
signing the middle category (4) either to category 2 or 3 of tle 4-item scale, depending on the most
probable answer. For example, if in the 2005 sample most yots answered \completely agree", people
who answered \indi erent" in the 2006 sample are assumed to &nd toward the \slightly agree" answer.
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4 The Model

To investigate the impact of noncognitive skills on schoalg decisions and later out-
comes, we use a factor structure modela la Heckmamiéckman et al, 200§ where a
single latent factor is assumed to capture the underlying éus of control and to have
an impact on observed outcomes. The framework of the modelliae set up in section
(4.1), and the identi cation strategy addressed in section4.2).

4.1 Specication of the model

Consider a simple model where each individual chooses higeleof education between
two di erent alternatives, namely obtaining tertiary education or not. Premarket locus

of control is captured by a latent factor and in uences both ehooling decisions and
wages. The overall simultaneous equation model we build thigonsists of three di erent

sets of equations including linear, dichotomous and ordihanodels. The latent factor

representing noncognitive skills is common across all edgioas and therefore represents
the only source of dependence between the various outcomasditional on the observed

covariates.

4.1.1 Schooling decision

Each agent is assumed to choose the level of schooling whidwimizes his utility. This
bene t is supposed to linearly depend on some personal cheteristics X s and on the
latent factor capturing the level of locus of control:

S=1[S > 0]

S =Xs st st's;

(4.1)

where X s is a vector of observed characteristics, s is its associated vector of slope

parameters (and intercept ifX s contains a 1 for all individuals), s represents the factor

loading, and"s is an idiosyncratic error term following a distribution paameterized by
s, and such that"s ? (;Xs). All these parameters are contained in a vector

s=( & s )l
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4.1.2 Wage equation

Individuals with di erent levels of schooling become actie on di erent segments of the
labor market, where their personal characteristics as wedls their latent noncognitive
skills may be valued di erently. A linear speci cation is adpted for wages, and the
parameters are speci c to each schooling group:

where Xy is a vector of observed controls, y.s is the vector of returns associated with
Xy, v is the return to locus of control (i.e., factor loading), and'y.s represents an
idiosyncratic error term such that"y.s ? (;X y) for s=0;1. All the above-mentioned
parameters, as well as the parameters of the error term distution -, are comprised
in the vector v = (f 9.0;f v.sg;f -,.0)°

It is important to notice that latent noncognitive skills are allowed to a ect labor
market outcomes both directly and indirectly. The direct eect is measured by the
factor loadings v.s, while the indirect e ect appears through the schooling desion.
The level of latent noncognitive skills has an impact on sclating choices, and eventually
on labor market outcomes since it determines the segment tietmarket each individual
belongs to.

4.1.3 Noncognitive skills measurements

In most applications, the variables the econometrician di®se of to measure latent traits
are ordinal. This comes from the fact that answers to psychagtric tests are usually
measured on a Likert-scale with a small number of categorieg\lthough techniques

to deal with ordinal variables in a multivariate context already have a long history in
statistics, the ordinal nature of the indicators is often ogrlooked and a simple linear
speci cation is adopted. Yet, this inappropriate use may ditort the results. Since the
distribution of the latent factor is extracted from the indicators, it is crucial to use a
proper speci cation for the measurement equations. We thefore choose an ordinal
model and assume that each individual has a latent level of @gmentM, with the

corresponding statemenk. This latent level of agreement is assumed to linearly depén
on some covariatesX; and on the factor , and is discretized by a set of cut-points
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f «gto produce the observed measurement as follows:

My=c if ¢ 16 M, < c=1;::C;
M, = XM Mkt Mkt "Mk fork=1;::K; (4.3)

where . is the vector of parameters associated witKy,, .« IS the factor loading,
"Mk represents an idiosyncratic error term such thatyx ? (;X m), and the cut-
points are suchthat o = 1 < ;<::< ¢ 1< +1 = (. All the parameters,
including the cut-points, are stacked in a vector v = (f %, 0:f wxgf -, of 20)°

4.2 |denti cation of the model

The overall model consists of an assembly &f + 3 submodels, with the latent factor

as only source of unobserved correlation between them. Let=( 2; 9; 9)%be
the set of all parameters. Stated as such, our model is not ieed. The lack of
identi cation has di erent sources. Some are typical in lagnt variable models and can
be xed by imposing appropriate restrictions (section4.2.1). Others are due to the
structure of our data set, and more speci cally to the fact tlat the overall model is not
identi ed if we use the two samples we dispose of separateldenti cation arises from
the combination of these two samples (sectioh.2.2.

4.2.1 Identifying restrictions

Independence assumption of the factor The latent factor is assumed to be indepen-
dent from the covariates and the error terms:

2 (X:"): (4.4)

whereX = (Xgs; Xy;Xy)and " = ("s;f"y:s0; f"mk 9). This assumption is standard in
factor analysis and is required for identi cation.

Ordinal models The rst problem with these models is the invariance of the nme
surements to location transformations of the latentM . Adding any constant term to
equation (4.3 and shifting the thresholds by the same quantity will not alter the
observed measurements. This problem is typically solved Isgtting the rst nite cut-

point ; to zero. In case no intercept term is included in the equatigrhis restriction is
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useless. The second problem is the invariance to scale trammations. Multiplying the
latent measurements by a constant will modify the covariamc matrix, but will leave
the likelihood unchanged if the cut-points are also multipéd by the same constant.
To better understand this point, consider the K  1)-vector of latent measurements

M = (Mg;:5 M )° and stack the corresponding equations to obtain the follong
system:
M = (lk Xu)w+#H
# = v *t'm;
where y = ( %05 k)% m = ( mi mk)?and "y =diag ..« f"xg. Be-

cause of the independence assumptiod.§), the covariance matrix of the error term#

0 1
2 2 2
M; 1 M; 1
2 2 24 2
M;1 M;2 M; 2 "M 2
— 2 2 2 2 2
V[#]— M;1 M;3 M;2 M;3 Mz~ F "M: 3 4-5)
2 2 2 24 2
M;1 M;K M;2 MK ERCE M:K "M;K

The invariance to scale transformations problem is usuallgolved by xing the diag-
onal elements of the covariance matrix to one. This restrigin sets the scale of the
latent measurements, and thus enables identi ability fromthe polychoric correlation
matrix. In our case, the structure of the covariance matrixs well de ned. Since the
measurements are independent conditional on the contra¥,, and on the factor , it
IS su cient to restrict the variances of the error terms to ore to achieve identi cation
( .?M; == .?M;K = 1). With this restriction, there is no possible scale tranformation
of the measurements other than the identity transformation

The last identi cation issue concerns the factor loadingsLooking at the covariance
matrix (4.5), it appears that only the ratios of the factor loadings can b identi ed from
the covariances, for example:

cov(My; M;jXwm) M; 2,

_ = : 4.6
coviM;; M3jXw) M; 3 (4.6)

The factor loadings are thus identi ed up to a multiplicative constant. This is a typical
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problem in factor analysis which can be easily solved by xm one of the loadings to
one, so as to set the scale of the latent factor. In the ratio (4.6), x for instance
v:3 to one to identify ... With .2 in hand, ., can then be retrieved from the
following relation:
covM s MyjXm) _ wmit.

cov(M,; M4jXw) M2

and all the other loadings can be identi ed by domino e ect inthe same way. Once
the factor loadings have been identi ed, the variance of théatent factor 2 can be
recovered from any element of the covariance matrix (5).

Dichotomous model If the latent factor is treated as given, the schooling choice in
equation (4.1) can be regarded as a simple probit model. The variance of tkeror term
"s is xed to one to ensure the identi ability of the parameters For the factor loading

s to be identi ed, the same argument as before can be applieding the covariance
between the latent utility of schoolingS and any latent measuremeniM, .

4.2.2 Combining data sets to identify the model

Ideally, we would have access to a data set where individuase observed at di erent
periods of their life cycle. The likelihood of the model wodlbe expressed as
Z Y]_ ~
L(jY;SiM;X) = [Pr(S = siXs; ; ) (YeiXy;; )17

4.7)

f(MjXm; 5 )dF();
k=1

where the latent factor is assumed to be distributed on a compact set with cumula-
tive distribution function F. In our case, this would require information about people's
labor market outcomes and personal background, as well as their noncognitive at-
titudes before they made their schooling decisions. Estiian based on the likelihood
(4.7) would be straightforward.

Unfortunately, the structure of the GSOEP does not o er thisopportunity. Al-
though it is a longitudinal study, youth are surveyed only gice 2000 and many of them
have not entered the labor market in 2007 when the adults arampled. We therefore
have to face a major dilemma: on the one hand, we dispose of agka data set of
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working-age people (adult sample), but without any informion on their noncognitive
skills at the time of schooling. On the other hand, a sample df7-year-olds is available
(youth sample), including noncognitive measurements butalabor market outcomes
information due to their age. As a consequence, the likelibd is not fully identi ed

in either of these two samples. The adult and the youth sampecan nevertheless be
combined to overcome this problem. We rely on an idea implemted in Cunha et al.
(2009 which consists of identifying one part of the likelihood ireach subsample, getting
rid of the unobserved outcomes by integrating them out of thékelihood.

To understand the mechanisms of this combination of data setconsider the follow-
ing sketch of proof. First, let us derive the contribution tathe likelihood of a person with
tertiary education from the youth sample. Since her future age cannot be observed,
it is integrated out to provide

Z Z K
Pr(S=1jXs;; )  f(MjXy;; )dF(Y1) f (M jXv; 5 )dFR()
k=1
74 ¥
Pr(S=1jXs;; ) f(MXnm;; )dF():
k=1

Hence, the parameters of the measurement equations and ogthchooling equation
can be identi ed from the youth sample, using the strategy dilined in the previous
section. However, identifying the parameters of the wage @afion from this sample is
an impossible task since no information on wages is availalfor the youth sampleF.

Similarly, consider a person without tertiary education fom the adult sample, whose
premarket noncognitive skills are not observed. Her conbition to the likelihood is

y4 (g z )
Pr(S=0jXs; ; )f(YoiXv;; ) f (MkiXwm; 5 )dRE(My)  dF()
7 k=1
= Pr(S=0jXs;; )f(YoiXy;; )dF();

and is obtained by integrating out noncognitive measurem&n which cannot be ob-
served. Since we only dispose of two equations, only one c¢@ace is available for this
person:

COV(S ;YijS;Xy) = S Y:s 2; (48)
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and the full identi cation of the model is clearly infeasibé in this sample. But since
we are combining the two data sets and estimating the overathodel simultaneously,

s and 2 are already identi ed from the youth sample. Identi cation of . therefore
follows from covariance 4.8).

4.2.3 Speci cation of latent factor distribution and error  terms distributions

Heckman and co-authors Carneiro et al. (2003 and Hansen et al.(2009, among oth-
ers) achieve nonparametric identi cation of the model thaks to some independence
and support assumptions. When the measurement system catsiof a combination
of discrete and continuous outcomes, they rst identify noparametrically the joint
distribution of the observed and latent measurements beferturning to the identi ca-
tion of the latent factors and of the error terms. The latter me is then also achieved
nonparametrically, using a theorem proposed b¥otlarski (1967. In our case, this
identi cation strategy cannot be applied per se, insofar asve only dispose of discrete
measurements. Nonparametric identi cation of the latent &ctor distribution as well
as of the error terms distributions would thus only be possie if we rst managed to
nonparametrically identify the joint distribution of the | atent measurements. This pre-
liminary stage appears to be very tedious when dealing withistrete variables, if not
impossible. In our case case, there is actually no chance tonparametrically iden-
tify this joint distribution, because the covariates used g sparse and common across
measurement equations. The lack of variability for each mearement prevents any
nonparametric identi cation. For this reason, we will use &ully parametric approach
in our empirical application.

Following Carneiro et al. (2003; Heckman et al.(2006, and to remain as exible as
possible, a mixture of normals is speci ed for the distribubn of the factor. Mixtures
of gaussian distributions are widely used in applied work t@approximate unknown
densities Escobar and West 19993. This popularity is rooted in the seminal work of
Ferguson(1983 who showed that normal mixtures with a large number of compwnts
can virtually approximate any distribution. In most applications, only a small number
of components can be estimated to keep the likelihood tradike. The use of mixtures
instead of the usual gaussian distribution for the distribtion of the factor makes it
possible to capture some features of the factor distributiowhich would otherwise be
neglected, thus reducing the bias in the estimation of the étor loadings.

For the sake of simplicity, standard normal distributions a assumed for the error
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terms of the schooling equation and measurement equatiori®r the wage equation, a
mixture of normals is used to introduce more exibility. Theuse of a normal mixture
proved to be very helpful in the estimation of the wage equatn, in that it allows to
take into account more wage heterogeneity. Another altertizse would be to introduce
a second latent factor in the wage equation to capture this wiserved heterogeneity, as
in Carneiro et al. (2003. In our case, we only have two equations in the adult sample
and the identi cation of a second latent factor would be prolematic.

4.3 Estimation

A fully Bayesian approach is used for the estimation of our nul. Data augmentation
procedures Tanner and Wong 1987 make it possible to simulate the latent outcomes
of the measurement system and of the schooling equation, aslvas the latent factor

. Since the equations are independent onceis conditioned on, the estimation can
be divided into several pieces and Markov Chain Monte Carloethods are particularly
suited for this kind of problem. In the wake ofCunha et al.(2003; Carneiro et al.(2003;
Hansen et al.(2009, we use a Gibbs sampler that sequentially draws the paraneet of
interest from their respective posterior distributions, ging at priors so as to remain
as general as possibfe.

Bayesian inference in ordinal variable models can be chalggng. Slow convergence
and high autocorrelation of the parameter chains are typi¢gymptoms of the algorithm
failing to visit the entire posterior distribution of the parameters. To remedy this
problem, technical improvements such as the introductionfa Hastings-within-Gibbs
step (Cowles 1996 have been proposed. We rather opt for the group transformiain
approach introduced byLiu and Sabatti (2000, which speeds up convergence and
enhances the mixing of the chains while being less computatally burdensome than
the other methods.

Table 2 summarizes the covariates used for our analysis and alsowkdow the two
samples are combined. The schooling is the apparent link b&ten them. Most of our
control variables are dummy variables, which imply a low olesved variability. This
is one of the main reasons why nonparametric identi cationannot be achieved, thus
motivating the use of a fully parametric approach.

8For technical details on the Gibbs sampler, sediatek (2009 where all posterior distributions are
derived.
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Table 2: Samples used and included covariates.

Type Measurements Schooling Wage

Youth sample
Adult sample
Number of siblings D
Broken family B
Father secondary school B
Father grammar school B
Mother secondary school B
Mother grammar school B
Region: north B
Region: south B
B
B
B
C
B

Covariates

Childhood in large city
Childhood in medium city
Childhood in small city

Local unemployment rate
Cohort 26/30

Cohort 31/35 B

XXX XXX XX XX X|x X

T XXX XXX X XXX X™X

X XXX XX — — — [ —

X X

B = Binary, C = Continuous, D = Discrete.
This cohort dummy is only included when the model is estimatel with pooled
schooling groups.

5 Empirical results

5.1 MCMC results

Model t to actual data Before turning to the interpretation of the results, a few
words are worth mentioning about the capacity of our model teeplicate the actual data,
and especially the wage distribution. FigureC.1 displays the observed distribution of
wages along with their posterior predictive distribution ér the di erent speci cations
of our model. The actual distribution is approximated prety well by the posterior
predictive distribution, particularly in the case where the two schooling groups are
pooled for the estimation of the wage equation (panetka and 1b). When the wage
equation is estimated by levels of schooling (pane€ls, 1d, leand 1f), the tis not as
good. Nevertheless, the observed distribution is still ctained in the 95% con dence
interval of the predictive distribution. The smaller numbe of observations probably
explains this deterioration. We conducted some formal testto get more insight. The
results of these tests are presented in Tablg.1. Overall, they con rm our rst visual
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checks since the null hypothesis that the actual and the paatior predicted distributions
are the same cannot be rejected. However, the quantile tegisveal that our model
poorly replicates the tails of the distribution in most case. Tail-area probabilities of
the rst and the last quintiles are, respectively, close to @and 1, indicating a bad t.
Nonetheless, even if our model could marginally perform ket, the t appears to be
globally satisfying. This result is in great part due to the se of normal mixtures for the
latent factor and for the error term, allowing a exible estmation of the distribution.
Figure C.2 shows the estimated posterior distribution of the error ten in each model
and reveals their non-normality (the normal distribution with same mean and precision
lies outside the 95% con dence band of the mixture).

Factor loadings Factor loadings express how the di erent measurements andiute
comes are driven by the latent factor. The measurement sygtecan be regarded as a
typical factor analytical model. The higher the factor loathgs, the higher the contri-
bution of the corresponding indicators to the distributionof the latent factor. In the
schooling and wage equations, the factor loadings directieasure the impact of the
factor on the respective outcomes. Cross-model comparisoshould however be done
carefully: the factor loadings of the di erent models canniobe directly compared, in-
sofar as their magnitude and their sign depend on the normatiition retained to set the
scale of the factor. We normalized the factor loading of theo@irth indicator to 1 in
all models! which is a way of anchoring the factor distribution in a real reasurement
(Cunha and Heckman 2008. However, this particular question might be perceived
di erently by males and females and gender comparisons areerefore not trivial.

Table 3 summarizes the factor loadings of the di erent model$.The results of the
measurement system are in line with our expectations. Tymt questions associated
with an external locus of control such as ‘| have little contl over what happens to me'
(Q9), ‘Success is a matter of fate or luck' (Q3) or ‘| have notchieved what | deserve'
(Q2) have a negative factor loading. Statements revealinghanternal locus of control
such as "My lifes course depends on me' (Q1) or "Success is #enaf hard work' (Q5)
have a positive factor loading.

In the outcome equations, the factor loadings are positivend signi cantly di erent
from zero, except in the wage equation when the estimationdsne by levels of schooling

"The fourth indicator is a typical externalizers' statement, hence the normalization to a negative
integer.
8See TablesB.1-B.12 for complete results.
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Table 3: Factor loadings
Males Females
pooled not pooled pooled not pooled
(2) (2) (3) (4)
Q1 0.3543 0.3540 0.3889 0.3906
(0.0825) (0.0836) (0.0900) (0.0912)
Q2 -0.7317 -0.7344 -0.8246 -0.8265
(0.1192) (0.1214) (0.1234) (0.1241)
Q3 -0.6884 -0.6876 -0.7491 -0.7477
(0.1078) (0.1093) (0.1161) (0.1163)
= Q4 -1.0000 -1.0000 -1.0000 -1.0000
5 I I I I

S Q5 0.1090  0.1140 -0.0129  -0.0116
8 (0.0665) (0.0668) (0.0764) (0.0766)
8 Q6 -0.5929 -0.5906 -0.8355 -0.8401
3 (0.0986) (0.0987) (0.1223) (0.1237)
S Q7 -0.5114 -0.5196 -0.4580 -0.4597
(0.0866) (0.0882) (0.0921) (0.0923)
Q8 -0.0994 -0.0963 -0.1120 -0.1091
(0.0601) (0.0599) (0.0731) (0.0733)
Q9 -0.9788 -0.9970 -1.5261 -1.5517
(0.1677) (0.1753) (0.2415) (0.2504)
Q10 -0.1047 -0.1103 0.1469 0.1479
(0.0598) (0.0599) (0.0714) (0.0718)
Education 0.3062 0.2093 0.4840 0.4178
(0.0890) (0.0812) (0.1093) (0.1077)

S=0 -0.0002 -0.0617
Wage 0.1738 (0.0888) 0.2125 (0.1394)
S=1 (0.0672) -0.0139 (0.0812) -0.0430

(0.0901) (0.1102)

of the model where a common wage equation is estimated for thevo school-
ing groups (resp. where the wage equation is estimated by solbling levels).
Standard deviations in brackets.
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(columns (2) and (4)). This is one of the most striking resuft of our analysis: locus
of control does have an impact on wages, but this e ect vanisls when schooling is
controlled for. Therefore,locus of control matters for wages only through the channels
of education.

Factor distribution  Figure 1 plots the estimated posterior distribution of the latent
factor for each model, along with the normal equivalent witlsame mean and precision.
Three components were used for the estimation of the mixturé&on-normality of the la-
tent factor does not emerge from this gure, but is revealedybthe Kolmogorov-Smirnov
test we performed (TableC.2). As in Carneiro et al. (2003 and the companion papers
using the same methodology, the use of normal mixture relaxe¢he usual normality
assumption in structural equation modeling, and greatly improves the overall t.

Another result to be stressed is the fact that the distributbn of the factor is appar-
ently not a ected by the speci cation of the wage equation. he estimated distribution
in the model where the two schooling groups are pooled (pasgéhand 1¢) is indeed very
similar to the case where the wage equation is estimated byéds of schooling (panels
1b and 1d). The estimation of the factor is thus pretty robust to the speci cation of
the model?®

Given the normalization adopted to set the scale of the latériactor, it follows that
low values of the factor are associated with an external loswf control, whereas higher
values denote an internal locus of control.

5.2 Simulation of the model

To shed more light on the implications of our model, we need o beyond the mere
interpretation of the factor loadings. Since the e ects of ppmarket locus of control are
intertwined and operate through di erent channels on wageshe best way to under-
stand our model is to simulate its main features.

First, it is possible to simulate the distribution of the latent factor from the esti-
mates of the model and from the original sample, allowing u® ttest some important
hypotheses. It is for instance interesting to understand ithere are signi cant di er-
ences in locus of control between people obtaining tertiagducation and the others.
Figure 2 plots the simulated distribution of the factor for each leveof schooling. Ed-
ucated people appear to have a more internal locus of contrathich is in line with

SWe tried other speci cations and always found the same patten.
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Figure 1: Latent factor distribution.
Note: Estimates obtained from the simulation of the latent factor posterior distribution, using the
parameters of the mixture of normals. 10,000 replications wre used. The black curve represents the
normal distribution with same mean and precision as the mixure.
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Figure 2: Posterior factor distribution by schooling levels.
Note: Simulation from the estimates of the model using 10,00 replications of the original sample.
Kernel density estimation with Gaussian kernel of the simubted latent factor in the overall population.
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Figure 3: Distribution of schooling probabilities in the populationfor each quintile of
the latent factor distribution.

Note: Simulation from the estimates of the model and the orignal sample. Higher quintiles are

associated with higher values of the latent factor (more ‘iternal Locus of Control'). Each curve

represents the simulation of the schooling probabilities dstribution if the whole sample was in the

corresponding quintile of the factor distribution.
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the existing literature. This result is more pronounced fofemales than for males. The
Kolmogorov-Smirnov tests we performed (Tabl€.3) con rm that the distributions of
the two schooling groups are signi cantly di erent.

Figure 3 shows the simulated distribution of schooling probabiligs in the population
for di erent levels of locus of control. In other words, eaclturve represents how the
probability of achieving tertiary education would be distibuted if the whole population
was in the corresponding quintile of the distribution of loas of control. If the population
iIs moved from the rst to the fth quintile | from an external t o an internal locus of
control |, the distribution of schooling probabilities is s hifted toward higher values.
However, this e ect is not the same for all individuals. The dtribution is clearly
bimodal, and only those in the middle of the distribution area ected by a change in
locus of control: the change in probability is about 0.25 beten the rst and the last
quintile for males, 0.50 for females. For those who alreadwave a very high probability
of achieving tertiary education (the mode at 0.95), there igo signi cant change.

© ©
0 <
N o
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Figure 4: Mean log wages for each decile of the latent factor distribiain.
Note: Simulation from the estimates of the model and the orignal sample. Higher deciles are associ-
ated with higher values of the latent factor (more “internal Locus of Control'). Con dence intervals
computed using bootstrapping (1,000 draws).

As for the overall e ect on wages, Figure4 reveals that moving the mean male
individual from the rst to the last decile of the distributi on of the latent factor increases
his wage by 0.676 Euro. For females, the curve is completelst (panel 4b), indicating
no mean overall e ect.
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5.3 Main lessons of the results

Our results are reasonable with respect to earlier ndingsnithe literature. Bowles
and Gintis (1979 have found decades ago that formal schooling, which alsccindes
university education, is important for the socialization ¢ an individual. In this context
it seems reasonable that locus of control is not of importaacfor later labor market
success beyond its impact on education decisions. We nd arde e ect of locus of
control on schooling probabilities, where females are moeeected than males. This
e ect is not homogenous in the whole population, and some pae are more prone to
achieve higher education with a higher locus of control thanthers. The nal e ect
on wages is somewhat di erent, since premarket locus of coolt has no overall impact
on females' earnings. For males, moving the mean individual the distribution of
the latent factor substantially changes his wage. But thiswerall e ect only operates
through the channels of schooling.

This result might seem inconsistent with some of the literatre where a direct e ect
of noncognitive skills on wages has been founti¢ckman et al, 2006 Carneiro et al,
2003 Cunha et al, 2005. Two di erent answers can be put forward to address this ap-
parent contradiction. First, the term "noncognitive skilk' is very often used as a generic
expression encompassing a lot of di erent personal abils and traits, sometimes lead-
ing to confusion. A fair comparison of results can only be madf the same concept is
used. For instanceHeckman et al.(200§ nd a signi cant e ect of noncognitive skills
on wages. They use a single underlying factor for noncogméi skills constructed from
two psychometric tests, namely the Rosenberg self-esteenale and the Rotter scale
(locus of control). This composite factor thus captures a dirent dimension than our
factor, even more so given the fact that it loads more on the If@steem scale than on
the locus of control scale in their empirical study. It is theefore impossible to directly
compare our results with theirs. The second argument coneer the data set used for
the study. Most results come from American data sets such ake NLSY. Cultural
di erences might create di erences in the way personal aliles in uence outcomes.

For all these reasons, we don't view our results as in contriation with existing
ndings. Rather, they represent a new and interesting factat least for the case of
Germany, and contribute to the ourishing literature on noncognitive skills.
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6 Conclusion

This article establishes that an individual's locus of combl has an in uence on schooling
decisions. It also shows that locus of control in uences wag through schooling, but
that there is to be no direct impact of locus of control on wageonce schooling is
controlled for. Thus in a framework where schooling decisis depend on the relative
lifetime earnings returns for each schooling level minus ehcosts of obtaining either
level of education, we can deduce from our results that loce$ control as measured at
the age of 17 is not directly rewarded as a skill on the labor mieet. Instead, we nd
that locus of control is a personality trait that merely in uences non-pecuniary costs
of education. This nding that \premarket" locus of control in uences schooling is in
line with Coleman and DeLeirg(2003 although in their paper the mechanism through
which locus of control a ects schooling is a di erent one.

We nd that a ceteris paribus increase in locus of control wieh is equivalent to mov-
ing an individual from the rst to the fth quintile of the loc us of control distribution,
raises the probability of choosing tertiary education for aepresentative individual quite
substantially. Furthermore, this e ect is larger for womenas compared to men. Thus
female non-pecuniary costs to education seem to be more ienced by noncognitive
skills than it is the case for males. This is in line with previus ndings by Heckman
et al. (2009 who nd that female dropout rates are more in uenced by nonognitive
skills than male dropout rates.

Concerning wage outcomes we nd that locus of control in uetes wages only via its
e ect on schooling and that this result is only signi cant fa males, while for females the
e ect of locus of control via schooling on wages is essenlyatero. For males, however,
we nd a small e ect indicating that when an individual is moved from the rst to the
last decile of the locus of control distribution, hourly wags increase by 67.6 Euro cents
per working hour | about 120 Euro a month for a full-time worki ng man. However,
despite the e ect of locus of control on wages being small forales and insigni cant for
females, its importance for other outcomes may still be laeg We show that locus of
control positively a ects schooling decisions. Schoolinig turn has a positive e ect on
wage outcomes, but it is also likely to have a positive in uete on other outcomes not
considered in this paper. Examples are risky behaviors, ©re, smoking, employment
probabilities and various health outcomes.

Note that, although in our empirical analysis we nd that eaty locus of control
does not in uence wages directly, we cannot rule out that ebr locus of control has
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an in uence on late locus of control and that late locus of cdrol is directly rewarded
on the labor market. We leave it for future research to nd outwhether there exists
a constant and invariable component to non-cognitive skdlin general and to locus of
control in particular. Such a component may be found by meansf data reduction
techniques such as factor analysis and would require repedtmeasurements of locus
of control over large parts of the life-cycle.
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