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Abstract

This paper establishes that an individual's locus of control has an in
uence on
schooling decisions and on wages through schooling. However, no direct impact
of locus of control on wages is found once schooling is controlled for. Further-
more, this work contributes to the empirical literature by s howing that reverse
causality and simultaneity in measurements and outcomes can be accounted for
by combining samples of individuals of di�erent ages. Speci�cally, 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 di�erent individ-
uals taken later in the life cycle. Hence, we produce identi�cation 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 and spurious correlation
and to investigate the impact of an early measure of noncognitive skills on later
outcomes.
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1 Introduction

Recently, the economic literature on returns to human capital and skill has come to

acknowledge the considerable importance of noncognitive skills in explaining educa-

tion choices, as well as a large variety of labor market outcomes. 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 knowledge acquired in schools.

Personality, incentive-enhancing preferences and socialization are other important com-

ponents of human capital. Various authors from the �eld of psychology, sociology and

more recently economics, have henceforth empirically investigated the importance of

noncognitive characteristics. The latter may comprise socialization, personality traits,

preferences, beauty or motivation in the determination of wages and labor market suc-

cess. Prominent examples of studies on the impact of noncognitive traits on labor

market outcomes areBowles et al.(2001a,b) viewing noncognitive skills as personality

traits that lead to a reduction in contract enforcement costs 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 dimensional component of

noncognitive skills, comprised of self-esteem and locus ofcontrol measures, can explain

many dimensions of social performance including educationdecisions and labor market

outcomes. In addition, various other studies exist that relate multiple facets of noncog-

nitive skills to labor market outcomes. Examples areNyhus and Pons(2005), Mueller

and Plug (2006), as well asAnger and Heineck(2006) who use the Big �ve personality

inventory to investigate the impact of personality on earnings. Furthermore, Dun-

can and Dunifon(1998) emphasize the importance of motivation as well as behavioral

measures such as cleanliness, church attendance or newspaper reading as a predictor

of earnings many years later. Somewhat di�erently, a vast literature in experimental

economics is currently emerging that analyzes the economicimpact of risk aversion,

reciprocity, self-con�dence and time preference (Dohmen et al., 2007; Falk et al., 2006;

Frey and Meier, 2002).

As becomes clear when looking at the above-named studies, noncognitive skills

are multifaceted and economic research that focuses on personality measures, skills,

preferences and attitudes is necessarily intertwined withthe psychological literature.1

Hence, in this paper, we choose locus of control as a measure of noncognitive skills

1For an excellent overview of the interrelationship betweendi�erent psychological and economic
concepts, seeBorghans et al. (2008).
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that is well-established in the psychological literature and has frequently been used in

previous economic studies on the role of noncognitive skills for labor market outcomes

(Heckman et al., 2006; Judge and Bono, 2001; Andrisani, 1977, 1981; Osborne, 2000).

Locus of control is a psychological concept, frequently attributed to Rotter (1966),

that measures an individual's attitude regarding the nature of the causal relationship

between one's own behavior and its consequences. In this concept, which is related

to self-e�cacy, people who believe that they can control reinforcements in their lives

are called internalizers. People who believe that fate, luck, or other people control

reinforcements are termed externalizers. Generally, externalizers (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. Therefore, these individuals

generally are less likely to trust their own abilities or to push themselves through di�cult

situations. Conversely, internalizers (the high-skilled) are likely to have more self-esteem

and to trust their capability of changing their circumstances for the better. These

individuals perceive themselves more capable of altering their (economic) situation.

In fact, locus of control is one of the most prominent concepts of noncognitive skills,

previously analyzed in the economic literature. Most studies agree that it a�ects a

variety of economic choices individuals make. This is particularly true for education

decisions which most researchers �nd to be highly a�ected bylocus of control.2 Coleman

and DeLeire(2003) present a model of locus of control and education decisions, where

locus of control is not directly viewed as a skill, but ratheras a character trait that

in
uences education decisions via an individual's believes about the e�ect of education

on expected earnings. Using the National Education Longitudinal Study (NELS), the

authors �nd locus of control to have a high and signi�cant impact on schooling decisions

as well as on ex-ante expected earnings conditional on schooling. Cebi (2007) on the

other hand concludes using the NLSY that labor market outcomes but not education

choices are a�ected by locus of control. Evidence of e�ect oflocus of control on labor

market returns is mixed, but mostly positive. For example,Andrisani (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 young and middle-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 report (Coleman, 1966) reported that locus of control
was not only an important predictor for academic performance, but even a more important determinant
of educational achievement than any other factor in a student's background (Coleman and DeLeire,
2003).
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change in hourly earnings of individuals in the PSID. To our knowledge, an analysis of

the impact of locus of control on labor market outcomes usingGerman data has only

been conducted inAnger and Heineck(2006) as well as inFlossmann et al.(2007).

However, neither of these papers account for education decisions, nor do they control

for endogeneity introduced by the use of contemporaneous measurements.

From a methodological point of view, there exist two major econometric problems

in the economic literature on noncognitive skills: measurement error and endogeneity

of noncognitive skills (Bowles and Gintis, 2002; Borghans et al., 2008). First, the issue

of measurement error arises because certain traits or characteristics are measured by

questions or tests that are imperfect proxies of the true latent ability. Yet, in general,

most psychological measures are designed to capture a particular latent trait or skill,

such that factor analytical approaches can be used to distinguish true latent abilities

from measurement error (Borghans et al., 2008; Heckman et al., 2006; Hansen et al.,

2004). Second, endogeneity arises in the study of the impact of noncognitive skills on

labor market outcomes for two reasons. On the one hand, the results may be 
awed by

reverse causality as (anticipated) labor market outcomes may a�ect noncognitive skills.

Hence, noncognitive skill measures may re
ect, rather thancause, 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 covariance between noncognitive

skill measures and the error term. On the other hand, both outcomes and measures

may be a�ected by past labor market experiences, which are usually not accounted for.

The consequence is again an overestimation of the noncognitive skill coe�cient due to

spurious correlation. In the past, four main strategies have been adopted to address the

issue of endogeneity: �rst,Duncan and Morgan(1981); Duncan and Dunifon (1998)

using the Panel Study of Income Dynamics (PSID), extract measures of personality

traits that are measured 15-25 years prior to their current earnings. A similar strategy

has been adopted byHeckman et al.(2006) who use noncognitive measurements in the

NLSY taken age of 21 to explain later outcomes. Second,Bowles et al.(2001b), using

the National Longitudinal Survey of Young Women (NLSYW), employ contemporary

measurements of locus of control which they however purge ofpast wage in
uences.

Third, Osborne(2000) develops exogenous instruments such as past skills to instru-

ment for contemporaneous skill measures. Last,Cunha and Heckman(2008) explicitly

model development and accumulation of skills as a technology of skill formation, in

which investments in one period a�ect the productivity of investments in subsequent

periods. However, their focus is mainly on early childhood development of cognitive
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and noncognitive skills and not on the impact of labor marketexperiences and various

life-time shocks on skill development and income.

Using data from the German Socioeconomic Panel (GSOEP), we address the prob-

lem of measurement error by extracting a factor for locus of control as a measure of

underlying noncognitive skills. In addition, we account the problem of reverse causality

and truncated life-cycle data in that we combine information on both young individuals,

who have not yet entered the labor market and of older, working-age individuals. Our

estimation approach follows the work byHeckman et al.(2006); Hansen et al.(2004);

Carneiro et al. (2003). Furthermore, we build on a strategy developed inCunha et al.

(2005), which allows us to retrieve the distribution of noncognitive skills from a sample

of young individuals and to estimate their impact on outcomes 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 schooling, before the individual

enters the labor market |, are not a good predictor for later wage outcomes after

controlling for education decisions. In contrast, contemporaneous noncognitive skills

do exhibit a high correlation with earnings even after schooling is controlled for. We

claim that this result supports the hypothesis that noncognitive skills vary over the

life-cycle and that they are potentially in
uenced by both labor market experience and

age. Hence, we show that the endogeneity bias of using contemporaneous measures

can be considerable. Last, simulation of our model shows that moving 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�ecting later wages.

The paper proceeds as follows. Section2 presents a simple theoretical model for the

potential impact of locus of control on education decisionsand labor market returns.

Section3 gives an overview over the data and sample used in our analysis. Section4

describes our empirical model, its identi�cation and our estimation strategy. Section5

presents the results of our analysis. Section6 concludes.
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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 which enables us to derive

testable implications about how locus of control a�ects education decisions and labor

market outcomes. In particular, we are interested in how locus of control a�ects out-

comes, either through the costs of obtaining education or because it has a direct impact

on earnings. Related to this, we are interested in whether \premarket" locus of con-

trol a�ects wages conditional on the schooling choice made by a respective individual.

Hence, we assume that the role of locus of control for labor market 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 outcomes 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 choice minus the costs associated

with this choice. Note that in this framework, locus of control may have an impact on

the costs of education, because individuals with a more external locus of control need

more preparation to feel well prepared for exams than internalizers. Furthermore, locus

of control may be viewed as a skill which has a direct impact onwages, for example

because employers value having employees who exhibit a higher degree of self-e�cacy or

because they act more responsible due to the fact that they internalize 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 (lower

noncognitive skills) and larger values represent a more external locus of control (higher

noncognitive skills). We assume that costs of education andwages 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 model the decision making

of individuals on hands of a simple Roy model (Roy, 1951).3 Assume that individuals

can only choose between two schooling levels: tertiary education and less than tertiary

education. Furthermore, assume that in expectation they are correctly informed about

3In this section we partly rely on the discussion of the Roy model presented in Heckman et al.
(2005).
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lifetime earnings given either schooling choice as well as about the costs of obtaining

tertiary education. Denote the net present value of lifetime earnings of a respective

individual who chooses tertiary education (S = 1) as:

V 1(X w ; � ) =
TX

t= t1

� tE
�
w1

t (X t;w ; � )
�

where V 1(X; � ) could also be written asV(X; � jS = 1). Here, E[w1
t ] denotes the

expected wage of an individual who chooses tertiary education and t1 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 level of locus of control andX

are other observable characteristics of an individual. Similarly, the net present value of

lifetime earnings of an individual who chooses less than tertiary education (S = 0) can

be denoted as:

V 0(X w ; � ) =
TX

t=0

� tE
�
w0

t (X t;w ; � )
�

In this world, the schooling choice made by individuals depends on the di�erence in

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

U� = E
�
V 1(X w; � ) � V 0(X w; � ) � C(X C ; � )j
 t=0

�
; (2.1)

where the expectation of individuals depends on their respective information set in

period t = 0, denoted by 
 t=0 . C(:) is a cost function which maps individual character-

istics and locus of control into total costs of obtaining tertiary education. These costs

may be both pecuniary and non-pecuniary in nature, where locus of control certainly

a�ects the non-pecuniary (or psychic) part of education costs. Agents are assumed to

maximize latent utility U� from education. Hence they attend tertiary educationS = 1

if:

U� > 0;

and S = 0 otherwise. Note that in this framework theX -characteristics are allowed to

vary with t, but that we assume locus of control to be �xed at the premarket level in

the expression of expected wages for each schooling level. Also note that the individual
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decision maker is assumed to be the young individual but thatparental education and

home resources may enter this choice via the control variablesX .

We are interested in investigating how a change in locus of control a�ects the school-

ing decision and later wages. To understand this more fully assume that wages in period

t conditional on schooling as well as the costs of education can all be modeled in an

additively separable manner. Thus we have:

w0 = X w � 0 + �� 0 + � 0

w1 = X w � 1 + �� 1 + � 1

C = X C � C + �� C + � C ;

with E[� 1jX w ; � ] = E[� 0jX w ; � ] = E[� C jX c; � ] = 0. Now assume thatE[w1jX w; � ] and

E[w0(t)jX w; � ] are known to the agent and thus that individuals have correct expecta-

tions about their earnings. Hence we can write

U� =
TX

t= t1

� t (X w � 1 + �� 1 + � 1)

�
TX

t=0

� t (X w � 0 + �� 0 + � 0)

� (X C � C + �� C + � C ) :

(2.2)

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 schooling decisions as follows:

@U� (X w; X C ; � )
@�

=
TX

t= t1

� t � 1 �
TX

t=0

� t � 0 � � C :

Given that � 1 and � 0 are independent oft and making use of revealed schooling choices,

our goal is to identify � 1, � 0 and � C . Hence, we are going to investigate whether locus

of control enters the schooling decision and outcomes both directly as a skill (� 1 > 0,

� 0 > 0) or only indirectly via the costs of education (� C < 0).4

4Note that we cannot identify � C directly, because we do not observe education costs. However we
do observe the impact of locus of control on education choices and given identi�cation of � 1 and � 0

we can thus make inference on the sign of� C .
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3 Data

We make use of data from the German Socioeconomic Panel (GSOEP), a representative

longitudinal micro-dataset which contains a wide range of socio-economic information

on individuals in Germany, comprising follow-ups for the years 1984-2007. The data

were �rst collected from about 12,200 randomly selected adult respondents in West Ger-

many in 1984. After German reuni�cation in 1990, the GSOEP was extended to around

4,500 persons from East Germany, and subsequently supplemented and expanded by

additional samples. The data are well-suited for our analysis in that they allow us

to exploit information on locus of control and outcomes for various cross-sections of

individuals of all di�erent ages. In particular, the inclusion of a special youth survey,

comprising information on 17-year-olds, allows us to obtain locus 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 noncognitive skills, i.e. where pre-

market as well as labor market outcomes are measured for the same individuals. We

thus need to rely on combining samples.

3.1 Sample

We distinguish between two subsamples in our analysis. The �rst is a \youth" sample

of 1,458 individuals born between 1983 and 1989 who have all been interviewed at

age 17. For these youths, the GSOEP contains information about schooling choices

as well as our premarket measure of locus of control. Furthermore, 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 GSOEP. The majority of

the youth sample individuals have not �nished schooling andall of them are at the

beginning of their working careers. The second, \adult" sample used for our analysis

comprises information on 550 working individuals of ages 26-35. 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 wave available (2007).

Summary statistics for the two samples we use are provided intables A.1 and A.2.

\Tertiary education" is a binary variable which indicates whether someone attends ei-

ther University or technical College (Fachhochschule) in Germany. We face the problem

that in the data for the youth sample we do not observe schooling outcomes for all in-
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dividuals. However, we do observe their future plans and preferred education at age

17. We thus make the assumption that schooling choices are made at age 17 and that

these choices are adhered to. We have checked this assumption on hands of the realized

eduction levels for the youth whose realized education levels are observed we do not

�nd major di�erences. However, the proportion of individuals in the youth sample who

choose tertiary education is quite a bit higher as can be seenwhen looking at tableA.1.

This may in part be an artefact of using ex-ante or planned education levels and partly

due to expanding education in Germany.

The reason for our relatively small sample size is that for our analysis we had to

be particularly careful in choosing the samples used. To ensure a successful linking of

the two samples, the most important criterion for sample selection was that education

decisions are generated by the same data generating process. Most importantly, we

exclude all individuals who went to school in East Germany asthe regime shift has

certainly had an in
uence on education decisions. Secondly, we exclude all migrant

subsamples and restrict our analysis to individuals of German nationality. Third, we

drop all individuals who lack education information or information on noncognitive

skills. Fourth, from the adult sample, we excluded all individuals 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 younger than 17 years of age

at the time of the interview to ensure that our measures of noncognitive skills are not

corrupted by age e�ects.

3.2 Locus of control

The noncognitive skill measures used in our analysis come from attitude questions

which are closely related to the concept of locus of control introduced byRotter (1966).

This concept originates from social psychology and basically describes an individual's

outlook on life and his beliefs whether reinforcement in life comes from the individual

himself or is determined by luck and destiny. Generally, externalizers 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 have more self-esteem and are more

motivated to take action and in
uence their environment, because they believe that

their actions can impact their life's course.

In the GSOEP, locus of control is measured by a 10 item questionnaire. Each

question is answered on a Likert scale which ranges from 1 (\disagree 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 I have not achieved what I 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 0.744 1442
Q8 Abilities are more important than e�ort 3.020 0.687 1452
Q9 I have little control over what happens to me 1.922 0.754 1455
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 (\disagree completely") to 4 (\agree
completely").

(\agree completely").5 Table 1 gives an overview over the questions and items we use.

We check whether, given the measurements we use, locus of control can indeed be

represented by a single factor. We do this by calculating thepolychoric correlation ma-

trix of our items, representing the correlation matrix of the underlying latent continuous

variables. Then, conduct a principal component analysis and calculate the eigenvalues

of this correlation matrix. We �nd three eigenvalues largerthan 1. Hence, the Kaiser

criterion seems violated. However, scree plot analysis displayed in �gure A.1 reveals an

early 
attening suggesting no more than one or two underlying factors. Furthermore,

locus of control is usually conceptualized as referring to aunidimensional continuum,

ranging from external to internal. Hence, we think that we are making a reasonable

decision by extracting a single factor only.

5In the 2006/2007 youth samples the answer scale has been changed to 7 answers. To make the
questionnaire comparable across samples, we transform the7-point scale into a 4-point scale by as-
signing the middle category (4) either to category 2 or 3 of the 4-item scale, depending on the most
probable answer. For example, if in the 2005 sample most youths answered \completely agree", people
who answered \indi�erent" in the 2006 sample are assumed to tend toward the \slightly agree" answer.
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4 The Model

To investigate the impact of noncognitive skills on schooling decisions and later out-

comes, we use a factor structure model �a la Heckman (Heckman et al., 2006) where a

single latent factor is assumed to capture the underlying locus of control and to have

an impact on observed outcomes. The framework of the model will be set up in section

(4.1), and the identi�cation strategy addressed in section (4.2).

4.1 Speci�cation of the model

Consider a simple model where each individual chooses his level of 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 schooling decisions and

wages. The overall simultaneous equation model we build thus consists of three di�erent

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

representing noncognitive skills is common across all equations and therefore represents

the only source of dependence between the various outcomes conditional on the observed

covariates.

4.1.1 Schooling decision

Each agent is assumed to choose the level of schooling which maximizes his utility. This

bene�t is supposed to linearly depend on some personal characteristics X S and on the

latent factor � capturing the level of locus of control:

S = 1l[ S� > 0];

S� = X S� S + �� S + "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 parameterized by

 " S , and such that "S ?? (�; X S). All these parameters are contained in a vector

 S = ( � 0
S; � S;  " S )0.
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4.1.2 Wage equation

Individuals with di�erent levels of schooling become active on di�erent segments of the

labor market, where their personal characteristics as wellas their latent noncognitive

skills may be valued di�erently. A linear speci�cation is adopted for wages, and the

parameters are speci�c to each schooling group:

Ys = X Y � Y;s + �� Y;s + "Y;s for s = 0; 1; (4.2)

whereX Y is a vector of observed controls,� Y;s is the vector of returns associated with

X Y , � Y;s 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 distribution  " Y;s are comprised

in the vector  Y = ( f � 0
Y;sg; f � Y;sg; f  " Y;s g)0.

It is important to notice that latent noncognitive skills are allowed to a�ect labor

market outcomes both directly and indirectly. The direct e�ect is measured by the

factor loadings � Y;s, while the indirect e�ect appears through the schooling decision.

The level of latent noncognitive skills has an impact on schooling choices, and eventually

on labor market outcomes since it determines the segment of the market each individual

belongs to.

4.1.3 Noncognitive skills measurements

In most applications, the variables the econometrician dispose of to measure latent traits

are ordinal. This comes from the fact that answers to psychometric tests are usually

measured on a Likert-scale with a small number of categories. Although 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 overlooked and a simple linear

speci�cation is adopted. Yet, this inappropriate use may distort 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 therefore choose an ordinal

model and assume that each individual has a latent level of agreement M �
k with the

corresponding statementk. This latent level of agreement is assumed to linearly depend

on some covariatesX M and on the factor � , and is discretized by a set of cut-points
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f 
 kg to produce the observed measurement as follows:

M k = c if 
 c� 1 6 M �
k < 
 c; c = 1; :::; C;

M �
k = X M � M;k + �� M;k + "M;k ; for k = 1; :::; K; (4.3)

where� M;k is the vector of parameters associated withX M , � M;k is the factor loading,

"M;k represents an idiosyncratic error term such that"M;k ?? (�; X M ), and the cut-

points are such that 
 0 = �1 < 
 1 < ::: < 
 C� 1 < + 1 = 
 C . All the parameters,

including the cut-points, are stacked in a vector M = ( f � 0
M;k g; f � M;k g; f  " M;k g; f 
 0

kg)0.

4.2 Identi�cation of the model

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

� as only source of unobserved correlation between them. Let = (  0
S;  0

Y ;  0
M )0 be

the set of all parameters. Stated as such, our model is not identi�ed. The lack of

identi�cation has di�erent sources. Some are typical in latent 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 that the overall model is not

identi�ed if we use the two samples we dispose of separately.Identi�cation arises from

the combination of these two samples (section4.2.2).

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:

� ?? (X; " ); (4.4)

whereX = ( X S; X Y ; X M ) and " = ( "S; f "Y;sg; f "M;k g). 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 mea-

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 bysetting the �rst �nite cut-

point 
 1 to zero. In case no intercept term is included in the equation, this restriction is
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useless. The second problem is the invariance to scale transformations. Multiplying the

latent measurements by a constant will modify the covariance matrix, but will leave

the likelihood unchanged if the cut-points are also multiplied by the same constant.

To better understand this point, consider the (K � 1)-vector of latent measurements

M � = ( M �
1 ; :::; M �

K )0 and stack the corresponding equations to obtain the following

system:

M � = ( I K 
 X M )� M + #;

# = � M � + "M ;

where � M = ( � 0
M; 1; :::; � 0

M;K )0, � M = ( � M; 1; :::; � M;K )0 and "M = diag k=1 ;:::;K f " kg. Be-

cause of the independence assumption (4.4), the covariance matrix of the error term#

is

V[#] =

0

B
B
B
B
B
B
B
@

� 2
M; 1�

2
� + � 2

" M; 1

� M; 1� M; 2� 2
� � 2

M; 2�
2
� + � 2

" M; 2

� M; 1� M; 3� 2
� � M; 2� M; 3� 2

� � 2
M; 3�

2
� + � 2

" M; 3
...

...
. . .

� M; 1� M;K � 2
� � M; 2� M;K � 2

� : : : � 2
M;K � 2

� + � 2
" M;K

1

C
C
C
C
C
C
C
A

(4.5)

The invariance to scale transformations problem is usuallysolved by �xing the diag-

onal elements of the covariance matrix to one. This restriction sets the scale of the

latent measurements, and thus enables identi�ability fromthe polychoric correlation

matrix. In our case, the structure of the covariance matrix is well de�ned. Since the

measurements are independent conditional on the controlsX M and on the factor � , it

is su�cient to restrict the variances of the error terms to one to achieve identi�cation

(� 2
" M; 1

= ::: = � 2
" M;K

= 1). With this restriction, there is no possible scale transformation

of the measurements other than the identity transformation.

The last identi�cation issue concerns the factor loadings.Looking at the covariance

matrix ( 4.5), it appears that only the ratios of the factor loadings can be identi�ed from

the covariances, for example:

cov(M �
1 ; M �

2 jX M )
cov(M �

1 ; M �
3 jX M )

=
� M; 2

� 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 �xing one of the loadings to

one, so as to set the scale of the latent factor� . In the ratio ( 4.6), �x for instance

� M; 3 to one to identify � M; 2. With � M; 2 in hand, � M; 1 can then be retrieved from the

following relation:

cov(M �
1 ; M �

4 jX M )
cov(M �

2 ; M �
4 jX M )

=
� M; 1

� M; 2
;

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 thelatent factor � 2
� can be

recovered from any element of the covariance matrix (4.5).

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 theerror 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 applied using the covariance

between the latent utility of schoolingS� and any latent measurementM �
k .

4.2.2 Combining data sets to identify the model

Ideally, we would have access to a data set where individualsare observed at di�erent

periods of their life cycle. The likelihood of the model would be expressed as

L ( jY; S; M; X ) =
Z

�

1Y

s=0

[Pr(S = sjX S; �;  ) f (YsjX Y ; �;  )]1l[S= s]

�
KY

k=1

f (M k jX M ; �;  ) dF(� );

(4.7)

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 ontheir noncognitive at-

titudes before they made their schooling decisions. Estimation 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 since 2000 and many of them

have not entered the labor market in 2007 when the adults are sampled. We therefore

have to face a major dilemma: on the one hand, we dispose of a large data set of
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working-age people (adult sample), but without any information on their noncognitive

skills at the time of schooling. On the other hand, a sample of17-year-olds is available

(youth sample), including noncognitive measurements but no labor market outcomes

information due to their age. As a consequence, the likelihood is not fully identi�ed

in either of these two samples. The adult and the youth samples can nevertheless be

combined to overcome this problem. We rely on an idea implemented in Cunha et al.

(2005) which consists of identifying one part of the likelihood ineach subsample, getting

rid of the unobserved outcomes by integrating them out of thelikelihood.

To understand the mechanisms of this combination of data sets, consider the follow-

ing sketch of proof. First, let us derive the contribution tothe likelihood of a person with

tertiary education from the youth sample. Since her future wage cannot be observed,

it is integrated out to provide

Z

�
Pr(S = 1jX S; �;  )

� Z
f (Y1jX Y ; �;  )dF(Y1)

� KY

k=1

f (M k jX M ; �;  )dF(� )

=
Z

�
Pr(S = 1jX S; �;  )

KY

k=1

f (M k jX M ; �;  ) dF(� ):

Hence, the parameters of the measurement equations and of the schooling equation

can be identi�ed from the youth sample, using the strategy outlined in the previous

section. However, identifying the parameters of the wage equation from this sample is

an impossible task since no information on wages is available for the youth sampleF.

Similarly, consider a person without tertiary education from the adult sample, whose

premarket noncognitive skills are not observed. Her contribution to the likelihood is

Z

�
Pr(S = 0jX S; �;  ) f (Y0jX Y ; �;  )

(
KY

k=1

Z
f (M k jX M ; �;  )dF(M k)

)

dF(� )

=
Z

�
Pr(S = 0jX S; �;  ) f (Y0jX Y ; �;  ) dF(� );

and is obtained by integrating out noncognitive measurements which cannot be ob-

served. Since we only dispose of two equations, only one covariance is available for this

person:

cov(S� ; YsjX S; X Y ) = � S� Y;s� 2
� ; (4.8)
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and the full identi�cation of the model is clearly infeasible in this sample. But since

we are combining the two data sets and estimating the overallmodel simultaneously,

� S and � 2
� are already identi�ed from the youth sample. Identi�cation of � Y;s 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.(2004), among oth-

ers) achieve nonparametric identi�cation of the model thanks to some independence

and support assumptions. When the measurement system consists of a combination

of discrete and continuous outcomes, they �rst identify nonparametrically the joint

distribution of the observed and latent measurements before turning to the identi�ca-

tion of the latent factors and of the error terms. The latter one is then also achieved

nonparametrically, using a theorem proposed byKotlarski (1967). In our case, this

identi�cation strategy cannot be applied per se, insofar aswe only dispose of discrete

measurements. Nonparametric identi�cation of the latent factor distribution as well

as of the error terms distributions would thus only be possible if we �rst managed to

nonparametrically identify the joint distribution of the l atent measurements. This pre-

liminary stage appears to be very tedious when dealing with discrete variables, if not

impossible. In our case case, there is actually no chance to nonparametrically iden-

tify this joint distribution, because the covariates used are sparse and common across

measurement equations. The lack of variability for each measurement prevents any

nonparametric identi�cation. For this reason, we will use afully 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 distribution of the factor. Mixtures

of gaussian distributions are widely used in applied work toapproximate unknown

densities (Escobar and West, 1995). This popularity is rooted in the seminal work of

Ferguson(1983) who showed that normal mixtures with a large number of components

can virtually approximate any distribution. In most applications, only a small number

of components can be estimated to keep the likelihood tractable. The use of mixtures

instead of the usual gaussian distribution for the distribution of the factor makes it

possible to capture some features of the factor distribution which would otherwise be

neglected, thus reducing the bias in the estimation of the factor loadings.

For the sake of simplicity, standard normal distributions are assumed for the error
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terms of the schooling equation and measurement equations.For 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 equation, in that it allows to

take into account more wage heterogeneity. Another alternative would be to introduce

a second latent factor in the wage equation to capture this unobserved 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 problematic.

4.3 Estimation

A fully Bayesian approach is used for the estimation of our model. Data augmentation

procedures (Tanner and Wong, 1987) make it possible to simulate the latent outcomes

of the measurement system and of the schooling equation, as well as the latent factor

� . Since the equations are independent once� is conditioned on, the estimation can

be divided into several pieces and Markov Chain Monte Carlo methods are particularly

suited for this kind of problem. In the wake ofCunha et al.(2005); Carneiro et al.(2003);

Hansen et al.(2004), we use a Gibbs sampler that sequentially draws the parameters of

interest from their respective posterior distributions, using 
at priors so as to remain

as general as possible.6

Bayesian inference in ordinal variable models can be challenging. Slow convergence

and high autocorrelation of the parameter chains are typical symptoms of the algorithm

failing to visit the entire posterior distribution of the parameters. To remedy this

problem, technical improvements such as the introduction of a Hastings-within-Gibbs

step (Cowles, 1996) have been proposed. We rather opt for the group transformation

approach introduced by Liu and Sabatti (2000), which speeds up convergence and

enhances the mixing of the chains while being less computationally burdensome than

the other methods.

Table 2 summarizes the covariates used for our analysis and also shows how the two

samples are combined. The schooling is the apparent link between them. Most of our

control variables are dummy variables, which imply a low observed variability. This

is one of the main reasons why nonparametric identi�cation cannot be achieved, thus

motivating the use of a fully parametric approach.

6For technical details on the Gibbs sampler, seePiatek (2009) where all posterior distributions are
derived.



P
R

E
LI

M
IN

A
R

Y
V

E
R

S
IO

N|
P

LE
A

S
E

D
O

N
O

T
C

IT
E

W
IT

H
O

U
T

P
E

R
M

IS
S

IO
N

Maintaining (locus of) Control?
R. Piatek & P. Pinger

April 2009
Page 20

Table 2: Samples used and included covariates.

Type� Measurements Schooling Wage
Youth sample X X |
Adult sample | X X

C
ov

ar
ia

te
s

Number of siblings D X X |
Broken family B X X |
Father secondary school B X X |
Father grammar school B X X |
Mother secondary school B X X |
Mother grammar school B X X |
Region: north B X X X
Region: south B X X X
Childhood in large city B X X X
Childhood in medium city B X X X
Childhood in small city B X X X
Local unemployment rate C | | X
Cohort 26/30 B | X |
Cohort 31/35 B | X X ��

� B = Binary, C = Continuous, D = Discrete.
�� This cohort dummy is only included when the model is estimated 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 toreplicate the actual data,

and especially the wage distribution. FigureC.1 displays the observed distribution of

wages along with their posterior predictive distribution for the di�erent speci�cations

of our model. The actual distribution is approximated pretty well by the posterior

predictive distribution, particularly in the case where the two schooling groups are

pooled for the estimation of the wage equation (panels1a and 1b). When the wage

equation is estimated by levels of schooling (panels1c, 1d , 1eand 1f), the �t is not as

good. Nevertheless, the observed distribution is still contained in the 95% con�dence

interval of the predictive distribution. The smaller number of observations probably

explains this deterioration. We conducted some formal tests to get more insight. The

results of these tests are presented in TableC.1. Overall, they con�rm our �rst visual
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checks since the null hypothesis that the actual and the posterior predicted distributions

are the same cannot be rejected. However, the quantile testsreveal that our model

poorly replicates the tails of the distribution in most cases. Tail-area probabilities of

the �rst and the last quintiles are, respectively, close to 0and 1, indicating a bad �t.

Nonetheless, even if our model could marginally perform better, the �t appears to be

globally satisfying. This result is in great part due to the use of normal mixtures for the

latent factor and for the error term, allowing a 
exible estimation of the distribution.

Figure C.2 shows the estimated posterior distribution of the error term 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 and out-

comes are driven by the latent factor. The measurement system can be regarded as a

typical factor analytical model. The higher the factor loadings, the higher the contri-

bution of the corresponding indicators to the distributionof the latent factor. In the

schooling and wage equations, the factor loadings directlymeasure the impact of the

factor on the respective outcomes. Cross-model comparisons should however be done

carefully: the factor loadings of the di�erent models cannot be directly compared, in-

sofar as their magnitude and their sign depend on the normalization retained to set the

scale of the factor. We normalized the factor loading of the fourth indicator to � 1 in

all models,7 which is a way of anchoring the factor distribution in a real measurement

(Cunha and Heckman, 2008). However, this particular question might be perceived

di�erently by males and females and gender comparisons are therefore not trivial.

Table 3 summarizes the factor loadings of the di�erent models.8 The results of the

measurement system are in line with our expectations. Typical questions associated

with an external locus of control such as `I have little control over what happens to me'

(Q9), `Success is a matter of fate or luck' (Q3) or `I have not achieved what I deserve'

(Q2) have a negative factor loading. Statements revealing an internal locus of control

such as `My lifes course depends on me' (Q1) or `Success is a matter of hard work' (Q5)

have a positive factor loading.

In the outcome equations, the factor loadings are positive and signi�cantly di�erent

from zero, except in the wage equation when the estimation isdone by levels of schooling

7The 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

(1) (2) (3) (4)

Lo
cu

s
of

C
on

tr
ol

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
| | | |

Q5 0.1090 0.1140 -0.0129 -0.0116
(0.0665) (0.0668) (0.0764) (0.0766)

Q6 -0.5929 -0.5906 -0.8355 -0.8401
(0.0986) (0.0987) (0.1223) (0.1237)

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)

Wage
S = 0

-0.0002 -0.0617
0.1738 (0.0888) 0.2125 (0.1394)

S = 1
(0.0672) -0.0139 (0.0812) -0.0430

(0.0901) (0.1102)

Note: The columns labeled `pooled' (resp. `not pooled') display the results
of the model where a common wage equation is estimated for thetwo school-
ing groups (resp. where the wage equation is estimated by schooling levels).
Standard deviations in brackets.
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(columns (2) and (4)). This is one of the most striking results of our analysis: locus

of control does have an impact on wages, but this e�ect vanishes 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 withsame mean and precision.

Three components were used for the estimation of the mixture. Non-normality of the la-

tent factor does not emerge from this �gure, but is revealed by the 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 relaxes the usual normality

assumption in structural equation modeling, and greatly improves the overall �t.

Another result to be stressed is the fact that the distribution of the factor is appar-

ently not a�ected by the speci�cation of the wage equation. The estimated distribution

in the model where the two schooling groups are pooled (panels1aand 1c) is indeed very

similar to the case where the wage equation is estimated by levels of schooling (panels

1b and 1d). The estimation of the factor is thus pretty robust to the speci�cation of

the model.9

Given the normalization adopted to set the scale of the latent factor, it follows that

low values of the factor are associated with an external locus of 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 togo beyond the mere

interpretation of the factor loadings. Since the e�ects of premarket locus of control are

intertwined and operate through di�erent channels on wages, the 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 us to test some important

hypotheses. It is for instance interesting to understand ifthere are signi�cant di�er-

ences in locus of control between people obtaining tertiaryeducation and the others.

Figure 2 plots the simulated distribution of the factor for each level of schooling. Ed-

ucated people appear to have a more internal locus of control, which is in line with

9We tried other speci�cations and always found the same pattern.
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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 were used. The black curve represents the

normal distribution with same mean and precision as the mixture.



P
R

E
LI

M
IN

A
R

Y
V

E
R

S
IO

N|
P

LE
A

S
E

D
O

N
O

T
C

IT
E

W
IT

H
O

U
T

P
E

R
M

IS
S

IO
N

Maintaining (locus of) Control?
R. Piatek & P. Pinger

April 2009
Page 25

0
.2

.4
.6

.8
D

en
si

ty

-2 -1 0 1 2

Non-graduate Graduate
95% CI 95% CI

(a) Males, pooled wage equation

0
.2

.4
.6

.8
D

en
si

ty

-2 -1 0 1 2

Non-graduate Graduate
95% CI 95% CI

(b) Males, wage by schooling

0
.2

.4
.6

.8
D

en
si

ty

-2 -1 0 1 2

Non-graduate Graduate
95% CI 95% CI

(c) Females, pooled wage equation

0
.2

.4
.6

.8
D

en
si

ty

-2 -1 0 1 2

Non-graduate Graduate
95% CI 95% CI

(d) Females, wage by schooling

Figure 2: Posterior factor distribution by schooling levels.
Note: Simulation from the estimates of the model using 10,000 replications of the original sample.

Kernel density estimation with Gaussian kernel of the simulated 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 original sample. Higher quintiles are

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

represents the simulation of the schooling probabilities distribution 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 forfemales than for males. The

Kolmogorov-Smirnov tests we performed (TableC.3) con�rm that the distributions of

the two schooling groups are signi�cantly di�erent.

Figure 3 shows the simulated distribution of schooling probabilities in the population

for di�erent levels of locus of control. In other words, eachcurve represents how the

probability of achieving tertiary education would be distributed if the whole population

was in the corresponding quintile of the distribution of locus of control. If the population

is 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 distribution 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 between the �rst and the last

quintile for males, 0.50 for females. For those who already have a very high probability

of achieving tertiary education (the mode at 0.95), there isno signi�cant change.
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(b) Females

Figure 4: Mean log wages for each decile of the latent factor distribution.
Note: Simulation from the estimates of the model and the original 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 completely 
at (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 �ndings in the literature. Bowles

and Gintis (1976) have found decades ago that formal schooling, which also includes

university education, is important for the socialization of an individual. In this context

it seems reasonable that locus of control is not of importance for later labor market

success beyond its impact on education decisions. We �nd a large e�ect of locus of

control on schooling probabilities, where females are morea�ected than males. This

e�ect is not homogenous in the whole population, and some people are more prone to

achieve higher education with a higher locus of control thanothers. The �nal e�ect

on wages is somewhat di�erent, since premarket locus of control has no overall impact

on females' earnings. For males, moving the mean individualin the distribution of

the latent factor substantially changes his wage. But this overall e�ect only operates

through the channels of schooling.

This result might seem inconsistent with some of the literature where a direct e�ect

of noncognitive skills on wages has been found (Heckman 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 skills' is very often used as a generic

expression encompassing a lot of di�erent personal abilities and traits, sometimes lead-

ing to confusion. A fair comparison of results can only be made if the same concept is

used. For instance,Heckman et al.(2006) �nd a signi�cant e�ect of noncognitive skills

on wages. They use a single underlying factor for noncognitive skills constructed from

two psychometric tests, namely the Rosenberg self-esteem scale and the Rotter scale

(locus of control). This composite factor thus captures a di�erent dimension than our

factor, even more so given the fact that it loads more on the self-esteem scale than on

the locus of control scale in their empirical study. It is therefore impossible to directly

compare our results with theirs. The second argument concerns the data set used for

the study. Most results come from American data sets such as the NLSY. Cultural

di�erences might create di�erences in the way personal abilities in
uence outcomes.

For all these reasons, we don't view our results as in contradiction with existing

�ndings. Rather, they represent a new and interesting fact,at 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 control has an in
uence on schooling

decisions. It also shows that locus of control in
uences wages through schooling, but

that there is to be no direct impact of locus of control on wages once schooling is

controlled for. Thus in a framework where schooling decisions depend on the relative

lifetime earnings returns for each schooling level minus the costs of obtaining either

level of education, we can deduce from our results that locusof control as measured at

the age of 17 is not directly rewarded as a skill on the labor market. Instead, we �nd

that locus of control is a personality trait that merely in
u ences non-pecuniary costs

of education. This �nding that \premarket" locus of control in
uences schooling is in

line with Coleman and DeLeire(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 which 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 arepresentative 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 in
uenced by noncognitive

skills than it is the case for males. This is in line with previous �ndings by Heckman

et al. (2006) who �nd that female dropout rates are more in
uenced by noncognitive

skills than male dropout rates.

Concerning wage outcomes we �nd that locus of control in
uences wages only via its

e�ect on schooling and that this result is only signi�cant for males, while for females the

e�ect of locus of control via schooling on wages is essentially zero. 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 wages 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 formales and insigni�cant for

females, its importance for other outcomes may still be large. We show that locus of

control positively a�ects schooling decisions. Schoolingin turn has a positive e�ect on

wage outcomes, but it is also likely to have a positive in
uence on other outcomes not

considered in this paper. Examples are risky behaviors, crime, smoking, employment

probabilities and various health outcomes.

Note that, although in our empirical analysis we �nd that early locus of control

does not in
uence wages directly, we cannot rule out that early locus of control has
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an in
uence on late locus of control and that late locus of control 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 skills in general and to locus of

control in particular. Such a component may be found by meansof data reduction

techniques such as factor analysis and would require repeated measurements of locus

of control over large parts of the life-cycle.
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A Descriptive statistics and preliminary analysis
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Figure A.1: Scree Plot

Table A.1: Schooling and wage outcomes | descriptive statistics

Variable Sample Mean Std. Dev. Min. Max. N

Tertiary education
Males

youth 0.578 0.494 0 1 722
adults 0.364 0.482 0 1 275

Females
youth 0.638 0.481 0 1 737
adults 0.478 0.500 0 1 274

Log hourly wage
Males adults 2.519 0.468 -0.219 4.175 275
Females adults 2.437 0.437 -0.085 3.539 274

34
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Table A.2: Control variables | descriptive statistics

Variable Males Females
Min. Max. Mean Std. Dev. N Mean Std. Dev. N

Number of siblings 0 9 1.088 1.262 997 1.127 1.214 1011
Broken home 0 1 0.194 0.395 997 0.212 0.409 1011
Father's edu general secondary school 0 1 0.419 0.494 997 0.389 0.488 1011
Father's edu grammar school 0 1 0.249 0.432 997 0.284 0.451 1011
Mother's edu general secondary school 0 1 0.359 0.480 997 0.363 0.481 1011
Mother's edu grammar school 0 1 0.178 0.383 997 0.197 0.398 1011
Region: North 0 1 0.244 0.429 997 0.243 0.429 1011
Region: South 0 1 0.323 0.468 997 0.332 0.471 1011
Childhood in large city 0 1 0.206 0.404 997 0.223 0.417 1011
Childhood in medium city 0 1 0.191 0.393 997 0.195 0.396 1011
Childhood in small city 0 1 0.271 0.445 997 0.246 0.431 1011
Cohort dummy age 26-30 0 1 0.130 0.337 997 0.138 0.346 1011
Cohort dummy age 31-35 0 1 0.145 .353 997 0.133 0.339 1011
Local unemployment rate 4.9 16.5 7.700 2.431 275 7.604 2.415 274
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B Estimation results

Table B.1: Shooling choice { males,
common wage equation

Schooling
cst 0.1912

(0.1309)
nb siblings -0.1250

(0.0389)
broken family -0.2835

(0.1162)
father secondary school -0.1750

(0.1064)
father grammar school 0.9739

(0.1351)
mother secondary school -0.3475

(0.1047)
mother grammar school 0.6228

(0.1514)
north -0.0013

(0.1169)
south -0.2238

(0.1076)
large city 0.2390

(0.1343)
medium city 0.1034

(0.1318)
small city 0.1301

(0.1172)
cohort 26/30 -0.3253

(0.1403)
cohort 31/35 -0.2576

(0.1366)
factor 0.3062

(0.0890)
precision 1.0000

(0.0000)

Table B.2: Common wage equation {
males

Wage
cst 2.4501

(0.1591)
unemp rate -0.0040

(0.0168)
large city 0.0854

(0.0696)
medium city -0.0651

(0.0629)
small city 0.0738

(0.0655)
north -0.0857

(0.0631)
south 0.0274

(0.0836)
cohort 31/35 0.1661

(0.0482)
factor 0.1738

(0.0672)
precision 4.8042

(0.9731)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in
brackets.
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Table B.3: Locus of control { males, common wage equation

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
cst 2.5567 0.8360 0.9142 0.8442 2.5676 0.7578 1.8601 2.23690.4580 1.1089

(0.1921) (0.1455) (0.1424) (0.1600) (0.2088) (0.1374) (0.1530) (0.1644) (0.1574) (0.1265)
nb siblings -0.0208 0.0259 0.0845 0.0281 0.0538 0.0747 -0.0478 0.0010 0.0292 0.0178

(0.0377) (0.0386) (0.0377) (0.0423) (0.0369) (0.0367) (0.0364) (0.0344) (0.0428) (0.0331)
broken family -0.0781 0.1385 0.3530 0.0857 -0.0245 0.2291 0.1382 0.0265 0.1455 -0.1582

(0.1104) (0.1140) (0.1123) (0.1261) (0.1057) (0.1080) (0.1062) (0.0990) (0.1273) (0.0961)
father secondary school -0.0921 -0.2635 -0.1874 0.0717 0.0318 -0.2411 -0.1719 -0.0605 -0.0448 -0.0045

(0.1164) (0.1207) (0.1165) (0.1312) (0.1115) (0.1131) (0.1113) (0.1045) (0.1316) (0.1005)
father grammar school -0.0244 -0.2271 -0.3145 -0.0518 -0.2537 -0.2956 -0.2554 -0.1753 -0.3212 0.2400

(0.1253) (0.1282) (0.1249) (0.1395) (0.1169) (0.1212) (0.1191) (0.1118) (0.1430) (0.1080)
mother secondary school 0.0099 0.0951 0.1166 0.1205 -0.0640 0.1063 -0.0344 0.0505 0.2847 0.0137

(0.1138) (0.1181) (0.1144) (0.1292) (0.1088) (0.1110) (0.1092) (0.1022) (0.1304) (0.0986)
mother grammar school 0.0849 -0.0251 -0.1819 -0.0422 -0.1652 -0.0729 0.0926 -0.0847 0.0179 0.1064

(0.1303) (0.1331) (0.1293) (0.1454) (0.1195) (0.1261) (0.1232) (0.1149) (0.1480) (0.1112)
north -0.1650 -0.1611 0.0810 0.0108 0.0354 0.1147 0.2275 0.1954 -0.1060 -0.0685

(0.1202) (0.1235) (0.1189) (0.1349) (0.1138) (0.1161) (0.1147) (0.1066) (0.1365) (0.1031)
south -0.2205 -0.0008 -0.0152 0.0635 -0.0260 0.0940 -0.0387 -0.0294 0.2986 -0.2494

(0.1108) (0.1131) (0.1110) (0.1245) (0.1053) (0.1078) (0.1067) (0.0999) (0.1261) (0.0966)
large city 0.1009 -0.1067 0.0797 -0.0591 0.2468 0.1348 -0.1236 -0.0248 -0.0504 0.0674

(0.1397) (0.1417) (0.1383) (0.1549) (0.1329) (0.1343) (0.1317) (0.1240) (0.1575) (0.1200)
medium city -0.0273 -0.0281 0.1266 0.0995 -0.0408 0.0333 0.0346 -0.1421 0.3371 -0.1043

(0.1393) (0.1426) (0.1397) (0.1569) (0.1328) (0.1359) (0.1339) (0.1256) (0.1584) (0.1214)
small city -0.0116 -0.1573 0.0617 -0.0164 0.0356 0.0030 -0.0241 -0.1230 0.0966 0.1465

(0.1210) (0.1251) (0.1212) (0.1365) (0.1155) (0.1181) (0.1163) (0.1081) (0.1372) (0.1054)
factor 0.3543 -0.7317 -0.6884 -1.0000 0.1090 -0.5929 -0.5114 -0.0994 -0.9788 -0.1047

(0.0825) (0.1192) (0.1078) | (0.0665) (0.0986) (0.0866) (0.0601) (0.1677) (0.0598)
precision 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.00001.0000 1.0000 1.0000

| | | | | | | | | |
cuto� 1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

| | | | | | | | | |
cuto� 2 0.7607 1.4047 1.4500 1.6300 0.9021 1.4602 1.3773 1.2832 1.8405 1.1350

(0.1250) (0.0727) (0.0731) (0.0906) (0.1574) (0.0696) (0.0883) (0.1123) (0.1016) (0.0602)
cuto� 3 2.1283 2.5735 2.7990 2.9618 2.4819 2.7185 3.0661 2.8821 3.2209 2.3959

(0.1416) (0.1150) (0.1169) (0.1461) (0.1690) (0.1113) (0.1147) (0.1223) (0.1795) (0.0821)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in brackets.
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Table B.4: Schooling choice { males,
wage equation by schooling

Schooling
cst 0.1919

(0.1292)
nb siblings -0.1272

(0.0384)
broken family -0.2798

(0.1137)
father secondary school -0.1736

(0.1046)
father grammar school 0.9717

(0.1325)
mother secondary school -0.3386

(0.1026)
mother grammar school 0.6115

(0.1479)
north -0.0059

(0.1149)
south -0.2176

(0.1065)
large city 0.2332

(0.1311)
medium city 0.1015

(0.1294)
small city 0.1237

(0.1150)
cohort 26/30 -0.3175

(0.1378)
cohort 31/35 -0.2523

(0.1331)
factor 0.2093

(0.0812)
precision 1.0000

(0.0000)

Table B.5: Wage equation by schooling {
males

Wage 0 Wage 1
cst 2.3595 2.6903

(0.1892) (0.2784)
unemp rate -0.0032 -0.0082

(0.0208) (0.0278)
large city -0.0045 0.0460

(0.0895) (0.1097)
medium city -0.0835 -0.0644

(0.0721) (0.1076)
small city 0.1048 -0.0698

(0.0763) (0.1108)
north -0.0491 -0.1546

(0.0749) (0.1084)
south 0.0417 0.0178

(0.0952) (0.1452)
cohort 31/35 0.1191 0.2138

(0.0558) (0.0863)
factor -0.0002 -0.0139

(0.0888) (0.0901)
precision 4.9933 3.2207

(1.1684) (0.9281)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in
brackets.
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Table B.6: Locus of control { males, wage equation by schooling

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
cst 2.5581 0.8319 0.9097 0.8378 2.5692 0.7540 1.8649 2.23740.4535 1.1087

(0.1927) (0.1447) (0.1412) (0.1600) (0.2096) (0.1374) (0.1524) (0.1644) (0.1577) (0.1262)
nb siblings -0.0206 0.0255 0.0842 0.0276 0.0537 0.0743 -0.0482 0.0011 0.0287 0.0176

(0.0377) (0.0385) (0.0378) (0.0424) (0.0367) (0.0367) (0.0365) (0.0344) (0.0427) (0.0330)
broken family -0.0794 0.1412 0.3557 0.0895 -0.0238 0.2312 0.1404 0.0271 0.1501 -0.1582

(0.1103) (0.1136) (0.1119) (0.1257) (0.1058) (0.1075) (0.1064) (0.0994) (0.1275) (0.0962)
father secondary school -0.0917 -0.2626 -0.1862 0.0711 0.0317 -0.2400 -0.1718 -0.0599 -0.0448 -0.0042

(0.1158) (0.1197) (0.1160) (0.1307) (0.1116) (0.1134) (0.1115) (0.1037) (0.1320) (0.1004)
father grammar school -0.0241 -0.2264 -0.3145 -0.0530 -0.2543 -0.2960 -0.2562 -0.1751 -0.3235 0.2394

(0.1248) (0.1280) (0.1248) (0.1385) (0.1169) (0.1212) (0.1194) (0.1113) (0.1433) (0.1079)
mother secondary school 0.0080 0.0986 0.1197 0.1254 -0.0648 0.1091 -0.0313 0.0514 0.2905 0.0149

(0.1141) (0.1170) (0.1143) (0.1289) (0.1088) (0.1113) (0.1097) (0.1023) (0.1307) (0.0988)
mother grammar school 0.0852 -0.0258 -0.1817 -0.0421 -0.1664 -0.0726 0.0926 -0.0850 0.0182 0.1064

(0.1305) (0.1326) (0.1294) (0.1446) (0.1205) (0.1258) (0.1226) (0.1147) (0.1475) (0.1108)
north -0.1650 -0.1621 0.0787 0.0085 0.0348 0.1134 0.2271 0.1952 -0.1077 -0.0682

(0.1200) (0.1229) (0.1181) (0.1336) (0.1142) (0.1155) (0.1148) (0.1073) (0.1368) (0.1027)
south -0.2197 -0.0021 -0.0175 0.0613 -0.0252 0.0930 -0.0407 -0.0297 0.2978 -0.2500

(0.1109) (0.1132) (0.1104) (0.1239) (0.1055) (0.1080) (0.1068) (0.0996) (0.1265) (0.0968)
large city 0.1007 -0.1048 0.0819 -0.0560 0.2460 0.1367 -0.1213 -0.0237 -0.0480 0.0676

(0.1392) (0.1409) (0.1379) (0.1543) (0.1331) (0.1338) (0.1326) (0.1239) (0.1570) (0.1194)
medium city -0.0271 -0.0273 0.1271 0.0997 -0.0417 0.0343 0.0353 -0.1418 0.3382 -0.1045

(0.1396) (0.1424) (0.1392) (0.1558) (0.1327) (0.1357) (0.1338) (0.1261) (0.1585) (0.1217)
small city -0.0124 -0.1541 0.0646 -0.0124 0.0345 0.0058 -0.0205 -0.1227 0.1014 0.1479

(0.1205) (0.1248) (0.1208) (0.1362) (0.1155) (0.1181) (0.1164) (0.1086) (0.1377) (0.1054)
factor 0.3540 -0.7344 -0.6876 -1.0000 0.1140 -0.5906 -0.5196 -0.0963 -0.9970 -0.1103

(0.0836) (0.1214) (0.1093) | (0.0668) (0.0987) (0.0882) (0.0599) (0.1753) (0.0599)
precision 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.00001.0000 1.0000 1.0000

| | | | | | | | | |
cuto� 1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

| | | | | | | | | |
cuto� 2 0.7625 1.4036 1.4481 1.6261 0.9012 1.4584 1.3846 1.2852 1.8460 1.1352

(0.1257) (0.0726) (0.0729) (0.0910) (0.1568) (0.0694) (0.0885) (0.1126) (0.1033) (0.0608)
cuto� 3 2.1292 2.5707 2.7950 2.9537 2.4827 2.7124 3.0756 2.8834 3.2321 2.3970

(0.1418) (0.1144) (0.1166) (0.1463) (0.1687) (0.1102) (0.1150) (0.1222) (0.1832) (0.0822)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in brackets.
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Table B.7: Shooling choice { females,
common wage equation

Schooling
cst 0.6001

(0.1398)
nb siblings -0.1560

(0.0383)
broken family -0.4022

(0.1136)
father secondary school -0.0588

(0.1126)
father grammar school 1.0399

(0.1388)
mother secondary school -0.4182

(0.1088)
mother grammar school 0.5096

(0.1558)
north -0.3204

(0.1191)
south -0.2768

(0.1100)
large city -0.0379

(0.1318)
medium city 0.0772

(0.1361)
small city 0.0168

(0.1237)
cohort 26/30 -0.3119

(0.1389)
cohort 31/35 -0.0365

(0.1410)
factor 0.4840

(0.1093)
precision 1.0000

(0.0000)

Table B.8: Common wage equation {
females

Wage
cst 2.3756

(0.1743)
unemp rate 0.0009

(0.0195)
large city -0.0412

(0.0767)
medium city 0.0654

(0.0715)
small city 0.0361

(0.0660)
north -0.0928

(0.0715)
south 0.0676

(0.0918)
cohort 31/35 0.0614

(0.0517)
factor 0.2125

(0.0812)
precision 5.2990

(0.9568)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in
brackets.
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Table B.9: Locus of control { females, common wage equation

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
cst 3.1121 0.3970 1.4508 0.6336 2.9032 0.9958 1.6040 2.51580.6524 1.4407

(0.2980) (0.1451) (0.1494) (0.1533) (0.2441) (0.1462) (0.1454) (0.1944) (0.1857) (0.1343)
nb siblings -0.0381 0.0385 -0.0295 0.0341 -0.0259 -0.0113 -0.0040 -0.0309 0.0987 0.0390

(0.0372) (0.0390) (0.0374) (0.0406) (0.0360) (0.0379) (0.0349) (0.0340) (0.0494) (0.0335)
broken family 0.0985 0.3475 0.0601 0.2547 0.0776 -0.0798 0.0638 0.0513 0.0958 -0.1858

(0.1077) (0.1108) (0.1060) (0.1147) (0.1039) (0.1076) (0.1000) (0.0970) (0.1391) (0.0948)
father secondary school -0.0787 -0.0219 0.0533 0.0388 -0.1657 0.0886 0.0510 -0.0392 -0.2486 0.0145

(0.1179) (0.1214) (0.1159) (0.1259) (0.1133) (0.1182) (0.1097) (0.1064) (0.1539) (0.1034)
father grammar school -0.1300 -0.0236 -0.1869 -0.0068 -0.1114 -0.2497 -0.0724 -0.0531 -0.2160 0.3564

(0.1224) (0.1273) (0.1219) (0.1319) (0.1177) (0.1240) (0.1142) (0.1103) (0.1603) (0.1087)
mother secondary school 0.0597 0.1957 -0.1433 0.1199 0.0725 0.2845 0.0236 0.1700 0.1431 -0.1785

(0.1131) (0.1169) (0.1121) (0.1216) (0.1090) (0.1144) (0.1055) (0.1020) (0.1485) (0.0994)
mother grammar school -0.0366 -0.1710 -0.2000 0.0023 -0.1428 0.0842 0.1472 -0.0173 0.0002 -0.1842

(0.1278) (0.1332) (0.1269) (0.1370) (0.1218) (0.1287) (0.1202) (0.1152) (0.1666) (0.1130)
north 0.1873 -0.0427 -0.1056 -0.1202 -0.1214 0.0934 -0.0619 0.0569 0.0044 0.0199

(0.1194) (0.1214) (0.1160) (0.1267) (0.1134) (0.1185) (0.1095) (0.1057) (0.1537) (0.1032)
south -0.1126 -0.0354 -0.0116 0.0464 -0.2097 0.2756 -0.0311 -0.1395 0.2759 -0.0234

(0.1073) (0.1122) (0.1075) (0.1165) (0.1046) (0.1093) (0.1010) (0.0979) (0.1423) (0.0963)
large city 0.0538 -0.1025 -0.0946 0.0169 0.0798 0.1227 0.0246 -0.0118 0.0365 -0.2481

(0.1282) (0.1325) (0.1276) (0.1380) (0.1230) (0.1287) (0.1191) (0.1153) (0.1666) (0.1140)
medium city 0.0236 0.2011 0.0839 0.2739 0.0150 0.2475 0.3267 0.0433 0.2911 -0.1166

(0.1338) (0.1381) (0.1324) (0.1438) (0.1284) (0.1349) (0.1253) (0.1214) (0.1744) (0.1176)
small city -0.1187 0.0895 -0.1318 0.2642 0.0821 -0.0070 0.1493 -0.0973 -0.0864 0.0008

(0.1240) (0.1296) (0.1233) (0.1348) (0.1203) (0.1258) (0.1168) (0.1131) (0.1644) (0.1103)
factor 0.3889 -0.8246 -0.7491 -1.0000 -0.0129 -0.8355 -0.4580 -0.1120 -1.5261 0.1469

(0.0900) (0.1234) (0.1161) | (0.0764) (0.1223) (0.0921) (0.0731) (0.2415) (0.0714)
precision 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.00001.0000 1.0000 1.0000

| | | | | | | | | |
cuto� 1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

| | | | | | | | | |
cuto� 2 1.2507 1.5501 1.6154 1.6060 0.9175 1.3964 1.3408 1.6079 2.0780 1.3541

(0.2630) (0.0762) (0.0780) (0.0807) (0.1971) (0.0741) (0.0831) (0.1548) (0.1394) (0.0690)
cuto� 3 2.8774 2.6001 2.9842 2.8058 2.6444 2.7268 3.0106 3.2096 3.5597 2.8312

(0.2706) (0.1188) (0.1158) (0.1206) (0.2081) (0.1078) (0.1063) (0.1610) (0.2395) (0.0938)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in brackets.
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Table B.10: Shooling choice { females,
wage equation by schooling

Schooling
cst 0.6050

(0.1377)
nb siblings -0.1578

(0.0378)
broken family -0.4041

(0.1120)
father secondary school -0.0687

(0.1108)
father grammar school 1.0359

(0.1370)
mother secondary school -0.4173

(0.1071)
mother grammar school 0.5052

(0.1543)
north -0.3181

(0.1180)
south -0.2755

(0.1083)
large city -0.0399

(0.1298)
medium city 0.0747

(0.1339)
small city 0.0136

(0.1222)
cohort 26/30 -0.3082

(0.1367)
cohort 31/35 -0.0357

(0.1383)
factor 0.4178

(0.1077)
precision 1.0000

(0.0000)

Table B.11: Wage equation by schooling
{ females

Wage 0 Wage 1
cst 2.4813 2.4444

(0.2609) (0.2444)
unemp rate -0.0186 0.0018

(0.0296) (0.0272)
large city -0.0739 0.0233

(0.1099) (0.1068)
medium city 0.0528 0.0821

(0.1025) (0.0983)
small city -0.0191 0.0710

(0.0965) (0.0900)
north -0.0450 -0.0752

(0.0978) (0.1068)
south -0.0741 0.1291

(0.1304) (0.1267)
cohort 31/35 -0.0554 0.1223

(0.0730) (0.0719)
factor -0.0617 -0.0430

(0.1394) (0.1102)
precision 4.2845 5.0350

(1.0479) (1.1527)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in
brackets.
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Table B.12: Locus of control { females, wage equation by schooling

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10
cst 3.1195 0.3963 1.4487 0.6324 2.9062 0.9968 1.6051 2.51330.6526 1.4405

(0.3016) (0.1454) (0.1491) (0.1531) (0.2443) (0.1466) (0.1457) (0.1931) (0.1873) (0.1336)
nb siblings -0.0382 0.0383 -0.0297 0.0338 -0.0259 -0.0118 -0.0043 -0.0306 0.0986 0.0390

(0.0371) (0.0390) (0.0373) (0.0405) (0.0360) (0.0379) (0.0350) (0.0341) (0.0497) (0.0335)
broken family 0.0974 0.3490 0.0619 0.2566 0.0782 -0.0785 0.0634 0.0515 0.0988 -0.1866

(0.1082) (0.1107) (0.1058) (0.1145) (0.1035) (0.1077) (0.1002) (0.0968) (0.1401) (0.0946)
father secondary school -0.0788 -0.0215 0.0540 0.0402 -0.1663 0.0888 0.0513 -0.0387 -0.2495 0.0144

(0.1181) (0.1212) (0.1160) (0.1259) (0.1140) (0.1179) (0.1094) (0.1059) (0.1548) (0.1036)
father grammar school -0.1293 -0.0254 -0.1881 -0.0082 -0.1111 -0.2509 -0.0722 -0.0533 -0.2200 0.3568

(0.1223) (0.1273) (0.1218) (0.1318) (0.1181) (0.1236) (0.1140) (0.1105) (0.1611) (0.1087)
mother secondary school 0.0592 0.1988 -0.1401 0.1239 0.0728 0.2881 0.0255 0.1694 0.1510 -0.1789

(0.1134) (0.1171) (0.1121) (0.1215) (0.1092) (0.1143) (0.1057) (0.1019) (0.1496) (0.0993)
mother grammar school -0.0352 -0.1711 -0.1994 0.0021 -0.1430 0.0831 0.1453 -0.0175 0.0013 -0.1843

(0.1277) (0.1330) (0.1269) (0.1375) (0.1215) (0.1287) (0.1194) (0.1152) (0.1675) (0.1135)
north 0.1858 -0.0409 -0.1032 -0.1177 -0.1214 0.0953 -0.0601 0.0572 0.0083 0.0193

(0.1191) (0.1216) (0.1158) (0.1264) (0.1133) (0.1182) (0.1093) (0.1054) (0.1545) (0.1037)
south -0.1120 -0.0369 -0.0125 0.0444 -0.2098 0.2738 -0.0321 -0.1396 0.2749 -0.0233

(0.1073) (0.1120) (0.1080) (0.1158) (0.1047) (0.1094) (0.1015) (0.0982) (0.1426) (0.0964)
large city 0.0552 -0.1048 -0.0963 0.0132 0.0802 0.1196 0.0226 -0.0120 0.0321 -0.2465

(0.1285) (0.1323) (0.1270) (0.1373) (0.1232) (0.1289) (0.1191) (0.1154) (0.1670) (0.1144)
medium city 0.0245 0.1996 0.0828 0.2720 0.0149 0.2455 0.3258 0.0436 0.2897 -0.1160

(0.1336) (0.1379) (0.1320) (0.1436) (0.1282) (0.1347) (0.1248) (0.1213) (0.1753) (0.1181)
small city -0.1178 0.0873 -0.1345 0.2606 0.0820 -0.0105 0.1475 -0.0975 -0.0918 0.0014

(0.1243) (0.1293) (0.1238) (0.1346) (0.1197) (0.1260) (0.1170) (0.1125) (0.1651) (0.1110)
factor 0.3906 -0.8265 -0.7477 -1.0000 -0.0116 -0.8401 -0.4597 -0.1091 -1.5517 0.1479

(0.0912) (0.1241) (0.1163) | (0.0766) (0.1237) (0.0923) (0.0733) (0.2504) (0.0718)
precision 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.00001.0000 1.0000 1.0000

| | | | | | | | | |
cuto� 1 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000

| | | | | | | | | |
cuto� 2 1.2590 1.5486 1.6140 1.6041 0.9213 1.3965 1.3411 1.6053 2.0872 1.3542

(0.2678) (0.0763) (0.0778) (0.0806) (0.1978) (0.0740) (0.0834) (0.1532) (0.1426) (0.0689)
cuto� 3 2.8848 2.5972 2.9801 2.8007 2.6478 2.7279 3.0112 3.2073 3.5734 2.8311

(0.2750) (0.1184) (0.1150) (0.1206) (0.2092) (0.1075) (0.1059) (0.1603) (0.2455) (0.0931)

Note: Estimates obtained with 100,000 draws from the posterior distribution. Standard deviations in brackets.
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C Figures and Goodness-of-�t tests

Table C.1: Goodness of �t tests | wage equations.

Quantile test Kolmogorov-Smirnov test�

95% int. stat.
Quant. Actual for predicted p-val�� (p-val)

20% 2.237 [2.093 ; 2.573] 0.045
Males 40% 2.479 [2.285 ; 2.720] 0.293 0.060
pooled 60% 2.661 [2.364 ; 2.798] 0.590 (0.283)

80% 2.869 [2.518 ; 2.968] 0.899
20% 2.152 [1.981 ; 2.445] 0.049

Males 40% 2.394 [2.213 ; 2.622] 0.281 0.073
non-graduate 60% 2.539 [2.244 ; 2.652] 0.607 (0.305)

80% 2.699 [2.430 ; 2.860] 0.959
20% 2.492 [2.143 ; 2.727] 0.019

Males 40% 2.664 [2.531 ; 2.982] 0.335 0.114
graduate 60% 2.870 [2.497 ; 2.956] 0.599 (0.148)

80% 3.018 [2.770 ; 3.259] 0.961
20% 2.145 [1.988 ; 2.485] 0.036

Females 40% 2.369 [2.192 ; 2.642] 0.338 0.0392
pooled 60% 2.569 [2.269 ; 2.716] 0.610 (0.792)

80% 2.774 [2.434 ; 2.894] 0.934
20% 2.035 [1.767 ; 2.287] 0.015

Females 40% 2.252 [2.062 ; 2.526] 0.284 0.084
non-graduate 60% 2.412 [2.060 ; 2.523] 0.613 (0.260)

80% 2.638 [2.306 ; 2.797] 0.897
20% 2.316 [2.110 ; 2.607] 0.061

Females 40% 2.535 [2.397 ; 2.836] 0.342 0.076
graduate 60% 2.710 [2.397 ; 2.829] 0.644 (0.442)

80% 2.910 [2.626 ; 3.094] 0.937

Note: Wages predicted from their posterior distribution using 10,000 replications of the sample
are compared to the actual distribution.

� One-sample K-S test. The null hypothesis is that the actual sample and the posterior predictive
sample have the same distribution. Exactp-values could not be computed due to ties in the distribution
of actual wages.

�� Tail-area probabilities: a p-value close to 0 or 1 indicates a bad �t.
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(a) Males, pooled wage equation
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(b) Females, pooled wage equation
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(c) Non-graduate males, wage by schooling
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(d) Graduate males, wage by schooling
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(e) Non-graduate females, wage by schooling
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(f) Graduate females, wage by schooling

Figure C.1: Posterior predictive vs. actual distribution of wages.
Note: Kernel density estimation with Gaussian kernel. Wages predicted from their posterior distribu-

tion using 10,000 replications of the sample.
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(a) Males, pooled wage equations
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(b) Females, pooled wage equations
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(e) Non-graduate females, wage by schooling
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(f) Graduate females, wage by schooling

Figure C.2: Error term distribution in wage equations.
Note: Estimates obtained from the simulation of the parameters of the mixture of normals. 10,000

replications were used. The black curve represents the normal distribution with same mean and

precision as the mixture.
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Table C.2: Testing Normality of Factor.

Kolmogorov-Smirnov test�

stat. p-val

Males
pooled 0.0723 0.0000
not pooled 0.0779 0.0000

Females
pooled 0.0882 0.0000
not pooled 0.0907 0.0000

� One-sample K-S test. The null hypothesis is that the
factor is normally distributed.

Note: Latent factor simulated from its posterior distri-
bution using 10,000 replications of the sample.

Table C.3: Testing equality of factor
distributions between graduate and non-graduate.

Kolmogorov-Smirnov test�

stat p-val

Males
pooled 0.1211 0.0000
not pooled 0.0822 0.0000

Females
pooled 0.1659 0.0000
not pooled 0.1435 0.0000

� Two-sample K-S test. The null hypothesis is that the
two distributions are the same.

Note: Factor simulated from the estimates of the model
using 10,000 replications of the original sample.
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