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Abstract

We study to what extent childhood skills and signals determine socioeconomic adult

outcomes for disadvantaged youths who were institutionalized in a juvenile treatment

facility in their teenage years, while allowing for multiplier effects from dynamic con-

tagion among the subsequent adult outcomes. We combine data from their treatment

files with retrospective interview data and official registry data to decompose adult

outcome variables for crime, employment, social welfare, drug use and intimate re-

lationships from age 16 until 32, into payoffs from childhood skills and signals, and

payoffs from dynamic contagion in adult outcomes using a factor augmented nonlinear

dynamic panel data model. The results suggest that cognitive and non-cognitive child-

hood skills have lasting effects on male adult outcomes for crime and employment. For

females non-cognitive skills are more important in explaining crime, employment, drug

use and intimate relationships, but cognitive skills have little persistent effects. The

payoffs from the childhood education signal are important for employment and social

welfare, whereas the criminal records signal has predictive power for crime and drug

use. Further, simulation results suggest the efficiency from interventions targeted to

improving non-cognitive skills, as multiplier effects from dynamic contagion in adult

outcomes imply large returns from these investments on multiple adult outcomes which

exceed the marginal returns.

Keywords: cognitive, non-cognitive, panel data, signals, high risk offenders

1 Introduction

Suppose that an individual is born in a disadvantaged socioeconomic position and has ob-

tained limited cognitive and non-cognitive skills during childhood. Further, suppose that

childhood has produced early contact with law enforcement agencies and low levels of edu-

cation. We propose an empirical framework to investigate to what extent such detrimental

childhood circumstances have a lasting impact on subsequent socioeconomic adult outcomes,

and whether life course transitions during adulthood, such as those from intimate relation-

ships and employment, can act as multipliers that increase payoffs from investments in

childhood skills.

The decomposition of adult outcomes that we propose aims to separate the influences of

the following three established findings. First, a growing literature has shown that childhood

skills substantially impact adult life outcomes, see Cunha, Heckman, Lochner, and Masterov

(2006), Heckman (2008), Almond and Currie (2011) and Heckman and Kautz (2013) for

1



recent reviews of the literature. Multiple skills, including cognitive and non-cognitive skills1,

are deemed important in determining successful adult outcomes. These skills are formed

during childhood by a dynamic process that is considered self-productive and complementing

in its arguments (Cunha & Heckman, 2007)2. Second, childhood signals from education and

criminal justice system contacts provide additional information based on which employers,

potential romantic partners and law enforcement agencies can make decisions (e.g., Weiss,

1995; Card, 1999; Pager, 2007; Clark & Mantorell, 2014). In this perspective the childhood

signals are functions of the childhood skills and can affect adult outcomes via mechanisms

such as labeling and stigmatization (e.g., Lemert, 1967). Third, life course and human

capital theories suggest that adult outcomes may continue to mutually influence each other

during adulthood (Becker, 1993; Laub & Sampson, 2003; Green, 2010). For example, several

studies have shown crime reducing effects from investments in marriage and employment

(e.g., Ehrlich, 1973; Sampson, Laub, & Wimer, 2006; Lageson & Uggen, 2013).

In this paper we propose a reduced form nonlinear dynamic panel data model which

decomposes the variation in adult outcomes into payoffs from childhood skills, childhood

signals and dynamic contagion from adult outcomes. In doing so, we asses the importance of

(a) childhood factors and (b) adult life transitions, in a dynamic setting. Additionally, the

decomposition enables us to study adulthood multiplier effects from investments in child-

hood skills. For example, suppose that investments in skills reduce criminal behavior during

adolescence, then the reduction in crime may increase subsequent employment probabili-

ties, over and above the marginal influence of the initial investments on the employment

probabilities.

The childhood skills include cognitive and non-cognitive skills which are identified using

a linear factor model (e.g., Heckman, Stixrud, & Urzúa, 2006) and they partially determine

the childhood signals which include education levels and information from criminal records.

The socioeconomic adolescent and adult outcomes are modeled by arbitrary non-Gaussian

densities, that are defined conditional on a vector of latent adult signals. Each age-varying

adult signal includes the childhood skills, the childhood signals and the previous adult out-

comes. Despite the large number of components that we include in the adult signals, we

acknowledge that unobserved variables are likely to remain present. To capture the spurious

persistence in the adult outcomes that is caused by missing information we explicitly model

individual-specific serially correlated error terms (Keane, 1994; Heiss, 2008). The parame-

ters of the complete model are estimated by Monte Carlo maximum likelihood methods. In

particular, we extend the importance sampling methods of Mesters and Koopman (2014)

to allow for augmented factor structures and multiple mixed-measurement observations per

individual per age-period.

We estimate the parameters of our statistical model using data for samples of disadvan-

1Non-cognitive skills are also referred to as social skills or personality traits, see Borghans, Duckworth,
Heckman, and Ter Weel (2008). In this paper we follow the majority of the economic literature and use the
term non-cognitive skills.

2Self-productivity refers to the idea that skills that are acquired in one period can have lasting effects
on future skills. Dynamic complementarity suggests that skills from one period can raise the returns from
investments in later periods.
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taged males and females who were institutionalized in a juvenile treatment facility in the

1990’s in The Netherlands3 (e.g., van der Geest, Blokland, & Bijleveld, 2009, 2011; Mesters,

van der Geest, & Bijleveld, 2014). These individuals started their adult life from a severely

disadvantaged position, which was cumulatively obtained during childhood as a result of low

parental investments and supervision, early contact with law enforcement agencies and low

levels of education. The adult outcomes are characterized by high crime rates and drug use,

unstable employment careers and high dependence on social welfare (van der Geest et al.,

2011; Verbruggen, Blokland, & van der Geest, 2012; Mesters et al., 2014). Despite the on

average poor outcomes we observe substantial heterogeneity in adult outcomes, which raises

the questions during which stage (childhood or adulthood) these differences have occurred

and during which stage investments might best be made to improve the adult life outcomes

of such disadvantaged youths.

We combine data from the files from the juvenile treatment facility with retrospective

interview data and official register data. The treatment files, which contain a large number of

measurements relating to cognitive test scores and personality traits, are used to determine

cognitive and non-cognitive skills (e.g., Heckman et al., 2006). The retrospective interviews

that were conducted between ages 30 to 40 provide information on education levels and adult

outcomes. The interview included a life-history calender which provided age-specific details

for the adult outcomes between ages 16 and 32. We supplemented the interview data with

official registered employment, social welfare and criminal record data. The combination of

these sources enables us to include adult outcome variables for crime, employment, social

welfare, drug use and intimate relationships.

This paper contributes to the literature in four ways. The first and main contribution

is that we study the influence of childhood factors on adult outcomes in a dynamic model

for the adulthood. This in contrast to the majority of empirical studies where the adult

outcomes are modeled static (e.g., Heckman et al., 2006; Cunha & Heckman, 2008; Cunha,

Heckman, & Schennach, 2010; Lindqvist & Vestman, 2011; Carneiro, Crawford, & Goodman,

2011). The dynamic approach allows for the separation of effects from (a) childhood skills

and signals and (b) adult life-course transitions, on socioeconomic adult outcomes. Further,

this enables us to trace shocks to childhood skills through adulthood while taking adult life

transitions into account. We emphasize that both the childhood factors and the dynamic

complementing influences from adult outcomes are likely to explain subsequent adult out-

comes. The interest for public policy is in the relative explanatory power of each component

and their interaction. For example, suppose that the adult outcomes predominantly explain

each other in a dynamic setting and that childhood skills have little influence, interventions

in adulthood can then have contagion effects on other life course outcomes, making them

a suitable target for policy intervention. On the other hand, if childhood skills and sig-

nals persistently explain adult outcomes, potentially large improvements can be achieved

by childhood interventions. Further, the interaction between contagion effects from adult

outcomes and childhood interventions can create multiplier effects that exceed the marginal

3A country which is characterized by a generous social welfare system and relatively low income-inequality
(de Mooij, 2006; Wilkinson & Pickett, 2009).
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payoffs from childhood interventions. Only a dynamic setting for the adult outcomes can

decompose these influences.

Second, the childhood factors are separated into childhood skills (cognitive and non-

cognitive) and childhood signals (education and criminal record). This allows us to dis-

tinguish between the effects from skills and stigmatization on adult outcomes. Third, we

consider samples of youths, males and females, which are characterized by their severely dis-

advantaged childhood. For these individuals we consider multiple adult outcomes of which a

number have received limited attention in previous studies. Examples include variables for

intimate relationships, social welfare and drug use. We emphasize that the potential mon-

etary returns from policy interventions for disadvantaged youths are large (Cohen, 1998).

Fourth, we extend the econometric parameter estimation methodology that is developed

in Jungbacker and Koopman (2007) and Mesters and Koopman (2014) to include factor

structures and multiple outcomes per individual.

The results from our study can be summarized as follows. The parameter estimates

indicate that for disadvantaged males cognitive and non-cognitive skills have persistent effects

on adult outcomes for crime and employment. For females non-cognitive skills are more

important in explaining adulthood offending and employment. The education signals have

additional persistent effects on employment and social welfare, whereas the criminal record

signal has lasting effects on adulthood offending and drug use for both males and females.

Simulation results show that minor improvements in non-cognitive childhood skills (1 SD

positive shock) on average reduce serious offending per age-year between ages 17 and 32

by 4.6% (m) and 2.3% (f) and increase employment by 5.4% (m) and 5.2% (f). Minor

improvements of cognitive skills (1 SD positive shock) reduce serious offending by 2.6% (m)

and 0.1% (f) and increase employment by 4.1% (m) and -1.0% (f).

A limitation of our study is that we only have measures on the cognitive and non-cognitive

skills from one period. That is the period that the individuals were institutionalized. We

are thus not able to model the dynamics in the accumulation of childhood skills. When this

information would be available the model of Cunha et al. (2010) could be appended to our

model. While our research goals do not depend on these dynamics, they would strengthen

the validity of the latent cognitive and non-cognitive skill factors. Also, and common to most

studies that aim to quantify effects from childhood skills on adult outcomes our sample sizes

are relatively small (N = 116 males and N = 132 females), see also Heckman, Moon, Pinto,

Savelyev, and Yavitz (2010). In order to minimize the influence of the small sample sizes

we propose a one-step estimation method for the model parameters, thus circumventing

efficiency loss from two-step methods, such as those considered in for example Lochner

(2004).

The remainder of this paper is organized as follows. In Section 2 we discuss the statis-

tical model that decomposes the adult outcomes into childhood skills, signals and dynamic

contagion effects from adult outcomes. In Section 3 we discuss the origins of our sample

of disadvantaged youths and detail the construction of the variables. Section 4 presents

the parameter estimation results which are used in Section 5 to investigate the dynamic

implications of our model. Our conclusions are discussed in Section 6.
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2 The statistical model

The statistical model that we consider can be viewed as a factor augmented nonlinear dy-

namic panel data model. In contrast to the factor augmented vector autoregressive model

proposed in Bernanke, Boivin, and Eliasz (2005) we augment the factors in the cross-section

dimension instead of the time-series dimension and the observations are modeled by non-

Gaussian densities. In Sections 2.1 and 2.2 we summarize the model for the childhood from

which we obtain the skills and signals. In Section 2.3 we discuss the dynamic model for adult-

hood. The identification and estimation of the factors and model parameters is outlined in

Section 2.4.

2.1 Childhood skills

Following the theoretical model in Cunha and Heckman (2007) we assume that during child-

hood the individuals cumulatively acquire a vector of skills that can be separated into two

components that represent cognitive and non-cognitive skills. The inputs in this process

are parental investments and initial birth endowments which are possibly determined by

parental skills. The accumulation process is based on self-reinforcing mechanisms and the

dynamic complementarity of skills. We assume that for individual i the result of this cumu-

lative process at the end of the childhood can be summarized in a cognitive skill fi,C and a

non-cognitive skill fi,N .

We extract the latent skills fi,C and fi,N from a linear factor model based on measure-

ments from the treatment files of the individuals from the juvenile treatment facility. These

measurements include separate sets for cognitive and non-cognitive skills which are discussed

in detail in Section 3. At the time of constructing the measurements the individuals are in-

stitutionalized and there is slight variation in age and the pursued level of schooling. Since,

age and schooling level are important determinants for cognitive and non-cognitive skills, we

model the factor model coefficients as functions of age and the level of schooling, see also

Heckman et al. (2006).

Let Zi,C and Zi,N denote the vectors of measurements for individual i on cognitive and

non-cognitive skills. The vectors are of length Kj, with Kj ≥ 2, for j = C,N . Following

Heckman et al. (2006) the factor model for the childhood skills is given by

Zi,C = µC(Ei,0, τi,0) + αC(Ei,0, τi,0)fi,C + εi,C(Ei,0, τi,0) (1)

and

Zi,N = µN(Ei,0, τi,0) + αN(Ei,0, τi,0)fi,N + εi,N(Ei,0, τi,0), (2)

where µj is the Kj × 1 mean vector, αj is the Kj × 1 loading vector, fi,j is the factor score

and εi,j is the Kj × 1 mean zero disturbance vector, for j = C,N . The model parameters

are modeled as linear functions of the education level at the time of treatment Ei,0 and the

age at the time of treatment τi,0. For example, for individual i the mean is modeled as

µC(Ei,0, τ0,i) = κ0 + κ1Ei,0 + κ2τi,0, where the vectors κ are estimated along with the other
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parameters. We consider similar specifications for the loadings αj and the log-variances of

the disturbances εi,j. We note that the differences in education level and age in our empirical

application are small.

For identification purposes we fix the first elements of αC(Ei,0, τi,0) and αN(Ei,0, τi,0) to be

equal to one, see Cunha and Heckman (2008). These identification restrictions are sufficient

for the extraction of the latent factors. We model the latent skills Fi = (fi,C , fi,N)′ as random

variables for which we assume the following distribution

Fi ∼ NID(0,Σf ), i = 1, . . . , N, (3)

where NID(0,Σf ) denotes the independent normal distribution with mean zero and variance

matrix Σf . The means of the measurements in (1) and (2) are captured by µj, for j = C,N .

The variance matrix Σf is treated as fixed and its elements may be estimated along with

the other model parameters.

2.2 Childhood signals

Next to the cognitive and non-cognitive skills, the individuals also obtain additional signaling

characteristics during childhood. The signals may influence potential employers, potential

romantic partners and other entities, over and above the skills. We include two signals:

one for education and one for a criminal record. Since the signals are determined during

childhood they are associated with the childhood cognitive and non-cognitive skills, and

therefore we explicitly model them as a function of these skills (e.g., Reynolds, Temple,

Robertson, & Mann, 2001).

Given that education levels summarize information for potential employers they can

affect adulthood employment outcomes (Weiss, 1995; Clark & Mantorell, 2014). In addition,

Lochner (2004) and Lochner and Moretti (2004) have argued that higher education levels

increase the costs associated with crime. Similar mechanisms, over and above the effects of

cognitive and non-cognitive skills, can be hypothesized for the influence of education levels

on other adult outcomes such as intimate relationships, drug use and social welfare.

To incorporate the education signal, suppose that each individual chooses a level of

schooling Ei from the increasing set {1, . . . , S}. We notice that the level of schooling Ei
can be different from the level that is pursued at the time of treatment Ei,0. However, no

change in level is necessary. We model the schooling choice by a count data model, where

the cognitive and non-cognitive skill factors partially determine the log intensity of the count

distribution.

In particular, we specify

Ei ∼ Poisson Ii,s, log Ii,s = Xi,sβs + αs,Cfi,C + αs,Nfi,N , (4)

where Ii,s is the intensity of the Poisson distribution for individual i, Xi,s is a vector of

observed controls and αs,C and αs,N are the loadings for the cognitive and non-cognitive
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skills4.

Second, a large portion of disadvantaged youths carry over a criminal record from child-

hood which is likely to influence adult outcomes. Several channels have been documented for

a variety of adult outcomes. For example, experimental studies have shown that the prob-

ability of employment is lower for individuals with a criminal record (Pager, 2003; Pager,

Western, & Bonikowski, 2009). Also, a criminal record may influence contemporaneous of-

fending outcomes as it reduces constraints and strengthens incentives to offending (Nagin &

Paternoster, 2000).

To capture the signal from a criminal record let Oi denote the number of registered

offenses that are committed prior to adulthood by individual i5. A count data model for the

criminal record signal is given by

Oi ∼ Poisson Ii,o, log Ii,o = Xi,oβo + αo,Cfi,C + αo,Nfi,N , (5)

where Ii,o is the intensity of the criminal record for individual i, Xi,o captures additional

explanatory variables and αo,C and αo,N are the loadings for the cognitive and non-cognitive

skills.

It is possible to extend the model with additional signals from childhood. Given that in

our framework the childhood signals are considered time-invariant the econometric difficulties

for such extensions are minor. We summarize the childhood signals in the vector Gi =

(Ei, Oi)
′, for i = 1, . . . , N .

2.3 Adult outcome model

When entering adulthood the individuals inherit two vectors that summarize the childhood

skills Fi and the childhood signals Gi. We are interested in the payoff from the childhood

factors on the M adult outcomes that are summarized in the vector Yi,t. The index t indicates

the age of the individuals during adulthood and is arbitrarily normalized to range from t = 1

until t = T . The observation model for adulthood variable Yi,t,k is given by

Yi,t,k ∼ pk(Yi,t,k|θi,t,k, ψ), i = 1, . . . , N, t = 1, . . . , T, k = 1, . . . ,M, (6)

where pk(Yi,t,k|θi,t,k, ψ) is a well defined conditional density function that depends on the

signal θi,t,k and a vector of fixed model parameters ψ. We assume that pk(Yi,t,k|θi,t,k, ψ) is

twice differentiable with respect to θi,t,k. Note that different outcomes k can be modeled by

different densities pk(), see also Koopman, Lucas, and Schwaab (2011), and that the signal

4A more advanced specification for the education signal would allow for a discrete choice structure with
different parameters for different education levels, see for example Heckman et al. (2006). However, since the
education levels of the sample members are generally low it is not feasible to empirically identify different
parameters for different education levels.

5The age of criminal responsibility in The Netherlands is 12. Until age 18 sentencing falls under juvenile
courts. In our empirical application the adulthood starts at age 16, or when the individuals leave the
treatment facility, and we include all registered offenses prior to this starting date.
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θi,t,k is outcome specific6.

Let θi,t = (θi,t,1, . . . , θi,t,M)′ summarize the vector of adult signals. Our analysis is based

on the following dynamic linear decomposition model for the adult signals:

θi,t+1 = δ + AtYi,t︸ ︷︷ ︸
Adult outcomes

+ BtFi︸︷︷︸
Childhood skills

+ CtGi︸︷︷︸
Childhood signals

+ DtXi,t︸ ︷︷ ︸
Control variables

+ ei,t, (7)

where δ is the mean vector, At captures level shifts from the adult outcomes Yi,t, Bt captures

the effects from the childhood cognitive and non-cognitive skills Fi, Ct captures the effects

from the childhood signals Gi, Dt captures the effects from observed controls Xi,t and ei,t is

the disturbance term. The coefficient matrices At, Bt, Ct and Dt are considered fixed. Since

we expect that the elements of the coefficient matrices vary smoothly with age we model

them using cubic spline functions. This gives a parsimonious model specification for which

we give the construction details in Appendix B.

The adult signal vector (7) captures persistent heterogeneity between the individuals

by including the skills and signals from childhood. Further, “true” or structural effects

from adult outcomes are captured by At, see also Heckman (1981). To include unobserved

persistence, or spurious correlation, we model the error term ei,t as a stationary vector

autoregressive process of order one. In particular, we specify

ei,t+1 = Γei,t + ηi,t, NID(0,Ση), (8)

where we restrict Ση = I − ΓΓ′ for identification purposes. The disturbance process is

initialized by ei,1 ∼ N(0, I). Similar models for capturing spurious correlation are considered

in Keane (1994), Hyslop (1999), Heiss (2008) and Keane (2013). The main difference here is

that the error term is multivariate instead of univariate. This allows the unobserved shocks

ηi,t,k to influence multiple future outcomes via the components of (7). Additionally, we follow

Wooldridge (2005) and adjust the mean δ to account for persistent effects from the initial

observations Yi,1. In particular, we specify δ = δ0 + δ1Yi,1, such that the effects from the

initial conditions are not incorrectly attributed to At.

2.4 Identification and estimation

Next, we discuss the estimation of the parameter vector ψ, which contains the unrestricted

elements of the fixed matrices in equations (1)-(8). Several estimation methods are available.

A two-step method first estimates the parameters that pertain to the childhood skills model

(1)-(2). Given these parameter estimates some estimate for the skills Fi, say the posterior

mean, can be obtained. In the second step the posterior mean estimate for Fi is plugged in

the model for the childhood signals and the adult outcomes. The parameters of these models

can then be estimated using regression methods and the simulation methods of Durbin and

6This is not a necessary restriction. In principle many signals can affect a single adult outcome. However
by linking the signals one-to-one to the adult outcomes the interpretation for the payoffs from childhood
skills and signals is simplified.
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Koopman (1997) and Shephard and Pitt (1997).

Despite the computationally attractive properties of the two-step method, Geweke and

Amisano (2011) have recently argued that such methods lead to incorrect inference for the

second stage model parameters and thus incorrect conclusions. Since our main interest

is in these parameters we propose to estimate ψ using a one-step Monte Carlo maximum

likelihood method. This requires the following additional identifying assumptions for the

disturbances and the distribution of the childhood skill factors. First, we assume that the

adult disturbance terms ηi,t are independent of the disturbances εj,C and εj,N , for all i, j =

1, . . . , N and t = 1, . . . , T . This seems a mild assumption since the disturbances εj,C and

εj,N capture measurement error from the cognitive and non-cognitive skill measures and the

adult outcome disturbances are anchored to specific adult outcomes, see also Cunha et al.

(2010). Second, we assume that the skill factors Fi are independent of εj,C , εj,N and ηl,t, for

all i, j, l = 1, . . . , N and t = 1, . . . , T . This is a standard assumption in random effects factor

models, see for example Pesaran (2006, Assumption 3) and Koopman and Mesters (2014,

Assumption 1b)7. Third and finally, in our empirical application we fix Σf = I. While this

is not a necessary restriction it facilitates the interpretation for the payoff coefficients.

We summarize all observations in Y = {Yi,t, Zi, Ei, Oi}i=1,...,N,t=1,...,T , where Zi = {Zi,j}j=C,N .

The loglikelihood for the observations is given by `(ψ;Y) = log p(Y ;ψ), where p(Y ;ψ) is the

joint density for the observations. For notational convenience we drop the dependence on

the parameter vector ψ. The joint density for the observations is given by

p(Y) =
N∏
i=1

p(Yi), p(Yi) =

∫
ei

∫
Fi

p(Yi|ei, Fi)p(ei, Fi) dFi dei, (9)

where Yi = {Yi,t, Zi, Ei, Oi}t=1,...,T and ei = (e′i,1, . . . , e
′
i,T )′. From our assumptions above it

follows that p(ei, Fi) = p(ei)p(Fi). To compute the likelihood contribution from individual

i we need to integrate ei and Fi from the joint density p(Yi, ei, Fi) = p(Yi|ei, Fi)p(ei)p(Fi),
where p(Yi|ei, Fi) is defined by the model (1)-(8). Several methods, such as particle filtering

and Markov Chain Monte Carlo methods, can be used. Here we follow Mesters and Koopman

(2014) and use importance sampling to facilitate the integration. Intuitively, we proceed by

integrating out ei while holding Fi fixed at its posterior modal value and we integrate out

Fi while holding ei fixed at its posterior modal value.

The joint posterior mode of p(ei, Fi|Yi) is defined by

{êi, F̂i} = arg max
ei,Fi

p(ei, Fi|Yi),

where we compute êi and F̂i using the Newton-Raphson algorithm for which we give the

details in Appendix A. Given the posterior modes we rewrite the likelihood contribution for

7We emphasize that these identifying assumptions are also made in two-step procedures. However, they
are generally not discussed.
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individual i as follows

p(Yi) =

∫
ei

∫
Fi

p(Yi|ei, Fi)p(ei)p(Fi)
g(Fi|Yi; êi)g(ei|Yi; F̂i)

g(Fi|Yi; êi)g(ei|Yi; F̂i) dFi dei, (10)

where g(Fi|Yi; êi) and g(ei|Yi; F̂i) are the importance densities. In practice we choose

g(Fi|Yi; êi) and g(ei|Yi; F̂i) to follow Gaussian distributions for which we discuss the de-

tails in Appendix A. We notice that g(Fi|Yi; êi) considers ei fixed and g(ei|Yi; F̂i) considers

Fi fixed. This separates the integration of Fi and ei.

Further, when we restrict p(ei) ≡ g(ei) and p(Fi) ≡ g(Fi), such that the marginal distri-

butions of the disturbances and the error terms of the original model p and the importance

sampling model g are identical, it follows from Bayes rule that

p(Yi) = g(Yi; êi)g(Yi; F̂i)
∫
ei

∫
Fi

p(Yi|ei, Fi)
g(Yi|Fi; êi)g(Yi|ei;Fi)

g(Fi|Yi; êi)g(ei|Yi;Fi) dFi dei, (11)

where g(Yi; êi) and g(Yi; F̂i) can be viewed as the likelihoods of the models implied by the

importance sampling densities, which are reweighed by the weights

wi =

∫
ei

∫
Fi

p(Yi|ei, Fi)
g(Yi|Fi; êi)g(Yi|ei;Fi)

g(Fi|Yi; êi)g(ei|Yi;Fi) dFi dei,

to correct for the fact that g(Yi; êi)g(Yi; F̂i) 6= p(Yi).
We approximate the weights by simulation methods since no analytical solution is avail-

able when p(Yi|ei, Fi) is non-Gaussian, see Durbin and Koopman (2012, Part 2) for a more

elaborate discussion. The Monte Carlo estimate for the weights is given by

ŵi = L−1
L∑
l=1

p(Yi|e(l)i , F
(l)
i )

g(Yi|F (l)
i ; êi)g(Yi|e(l)i ;Fi)

, (12)

where the samples e
(l)
i and F

(l)
i are drawn from g(ei|Yi; F̂i) and g(Fi|Yi; êi), for L = 1, . . . , L.

When replacing the weights by their Monte Carlo approximation it follows that the likelihood

contribution for individual i is given by

p̂(Yi) = g(Yi; êi)g(Yi; F̂i)ŵi, (13)

where it follows from Geweke (1989) that p̂(Yi) → p(Yi) as L → ∞ if the variance of ŵi is

finite.

The key insight for the importance sampling approach proposed here is that the likelihood

contribution of individual i can be approximated using Monte Carlo methods independent

from the likelihood contribution of individual j, for all i, j = 1, . . . , N . This implies that

per individual the number of random components that need to be integrate from the like-

lihood is small, i.e. only Fi and ei. The result is that we can construct highly accurate

importance densities such that the weights ŵi are very close to one. The technical details for
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implementation are given in Appendix A and on our website we provide the implementation

code.

3 Sample description and data origins

We use data from the NSCR 17up study8, a longitudinal study that follows disadvantaged

youths into adulthood. The individuals that we consider have all been institutionalized in a

juvenile treatment center in the early 1990’s in the Netherlands. We only include individuals

who stayed in the institution for more than two months, had a complete treatment file and

were not being treated for sexual offending behavior9. The original sample of 270 males

includes all males that were discharged from the treatment facility between January 1989

and June 1996. The original 270 females were discharged between January 1990 and March

1999.

In The Netherlands juveniles are sent to treatment institutions for a variety of reasons.

Examples include serious behavioral problems, criminal activity and disrupted family situa-

tions. Often a combination of these three aspects makes it impossible for the individuals to

remain at home. The ages in the institution range between 10 and 20, where the median is

just above 16. According to the prevailing time of treatment, from the age of 12 treatment

can be imposed as a criminal law measure. Before the age of 12 treatment can only be

imposed as a civil law measure. Eighty percent of our sample was sent to the treatment

institution under a civil law measure. The distinction between criminal and civil law says

little about the severity of behavioral problems or whether an individual has a conviction

prior to treatment in the institution (Wijkman, van der Geest, & Bijleveld, 2006). While in

the institution, behavioral problems are treated and low-level education is provided.

Face to face interviews were conducted with a subsample of the original 540 males and

females. At the start of the interview phase in 2010, 22 of the original individuals had died,

14 had emigrated, 5 were living in institutions and another 19 could not be traced. The

remaining 499 males and females were approached for interviews. Out of the 499 individuals

116 males and 132 females completed a full interview, after giving informed consent10. A

response analysis was conducted to verify the representativeness of the interviewed versus

the original sample. Besides individuals without a regular place of living the subsample can

be regarded as representative for the original sample. Further details for the interviews and

the response analysis are given in van der Geest, Bijleveld, and Verbruggen (2013). In the

next sections we detail the origins of the data used and the construction of the variables.

For all phases of this study formal consent was given by the Netherlands Ministry of

Justice.

8NSCR: The Netherlands Institute for the Study of Crime and Law Enforcement. Previous articles that
have been published based on this data include: van der Geest et al. (2009), van der Geest et al. (2011),
Zoutewelle-Terovan, van der Geest, Bijleveld, and Liefboer (2012) and Verbruggen et al. (2012).

9We excluded the sex offenders as there are reasons to believe that their behavioral problems and treat-
ment are different from non-sexual offenders, see for example the meta-analysis of Seto and Lalumière (2010).

10Permission for the follow up study was given by the Netherlands Ministry of Justice and the ethics
committee CEREO of the VU University Amsterdam.
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3.1 Treatment files

Measurements that are related to the cognitive and non-cognitive skills are obtained from the

individuals treatment files, which were obtained from the archive of the juvenile treatment

facility. These files generally contained the results from psychological and psychiatric tests,

advisory notes on extensions, and treatment evaluations. The reports in the files are in

most cases prepared by forensic psychologists and psychiatrists. However, also external

reports from the Dutch Child Protection Agency and other organizations responsible for

the supervision of juveniles were found. For all individuals progress reports regarding their

treatment were compiled by a multi-disciplinary team.

Although the contents of the files varied between individuals, we were able to extract a

large number of common items. A complete list of measurements is given in Table 1. These

measurements are included in the cognitive and non-cognitive skill vectors Zi,C and Zi,N .

For the cognitive skills the intelligence scores were measured using the Wechsler Intelligence

Scale for Children (revised for The Netherlands) and the Raven Progressive Matrices. These

were then turned into categories according to prevailing norm values that ranged between

retarded and highly gifted. In our sample almost 10% of the 116 males and 8% of the 132

females were considered retarded, whereas none were considered highly gifted. The females

score slightly higher on the intelligence scale, when compared to the males. In addition to the

intelligence score we also include measurements for cognitive improvement during treatment

and perspective for future education to extract the cognitive skill factor. The measurements

for cognitive improvements and future education were assessed by psychologists.

For the non-cognitive skills we have obtained measurements for a large number of person-

ality traits. The variables for neuroticism, impulsiveness, thrill seeking and extroversion were

derived from standard questionnaires used in the files and validated self reports. Relevant

guidelines, such as the ATL (Adolescent Temperament List) and the NPV-J (Netherlands

Personality Questionnaire - Youth) were used to construct the norm values. Unfortunately

only the norm values are available to us and we cannot use the original questions to recon-

struct the scores. Additionally, we included a large number of variables that were constructed

by the treating psychologists. Examples include measurements for aggressive behavior, anti-

social behavior, conscience development, authority problems, social skills, suicide attempts,

depression and some indications whether the treatment was successful. We emphasize that

all measurements are coded monotonically increasing, such that higher scores on the skills

imply more (non-)cognitive skills. We refer to van der Geest and Bijleveld (2008) for addi-

tional discussion of these measurements.

Additional variables that we obtained from the treatment files include general personal

characteristics, such as ethnicity, dates of admission and discharge, and the education level

that the individuals were pursuing while staying in the treatment facility. We coded the

education levels according to the ISCED classification (International Standard Classification

of Education), which was adjusted to differentiate between vocational and non-vocational

education in The Netherlands in the European Value Studies (2013). The classification is

summarized in Table 2. The childhood skills factor model in Section 2.1 corrects the model
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coefficients for this educational level and age at the time of intake. In the childhood signals

model (4)-(5) we also include control variables for ethnicity and the length of stay in the

institution.

3.2 Interview data and register data

Between 2010 and 2012 a subsample of the original sample were interviewed. The interview

consisted of two parts from which we obtained data. First, a structured questionnaire was

filled in which covered a wide array of topics. For the purpose of this study we only use the

questions that were related to education, from which we construct the education signal Ei.

In particular, the individuals were asked whether they completed a degree while staying in

the juvenile treatment facility and whether they had obtained any additional degrees after

leaving the facility. We coded the highest level of education for which a degree was obtained

using the ISCED classification given in Table 2.

In panels i.a and i.b of Figure 1 we show the frequencies for the education levels for the

males and females. We find that the majority of the females did not completed any education

above primary school level. For the males the majority obtained low level vocational educa-

tion. We point out that for males the treatment facility nearly always provided a low level

vocational degree, whereas for females very few left the treatment facility with any degree.

Further, for both males and females secondary vocational level training of less than 2 years

is the most commonly attained level. This category includes degrees for hairdressing and

nail styling, which are frequently obtained by the females in our sample. Also included are

cooking school degrees and construction degrees which are popular among the males. De-

grees higher than level 4 are typically obtained after leaving the juvenile treatment facility.

The vast majority of these are part time degrees, which typically include only one weekday

of actual schooling and where the remaining four days are spent working in a relevant job.

The second part of the interview included filling in a life-history calender. This tool aims

to retrospectively reconstruct the life of the individual for a variety of adult life domains

(Caspi, Moffitt, Thornton, & Freedman, 1996). In Figure 2 we provide an example of the

calender used. For the purpose of this study we used the information related to drug use

and intimate relationships. The adulthood drug use variable was coded as a binary variable

which was set equal to one whenever the individual indicated the use of hard drugs (cocaine,

heroine, speed, amphetamine and methadon) in a specific age-period. Similarly, intimate

relationships were coded as binary variables being equal to one whenever the individual

indicated to be in an intimate relationship in a specific age-period. In the next section we

present the descriptive statistics for all adult outcome variables.

In addition to the self-reported data from the interviews we collected official register

information. Two sources of register data were used: judicial documentation and centralized

employment records. The judicial documentation contains abstracts of The Netherlands

Ministry of Justice. These are comparable to rap sheets in the US. The abstracts contain

information on every case that is sent to the Public Prosecutor’s Office and the verdict that

follows from it. We select only those cases that do not end in an acquittal or dismissal for

13



MALES FEMALES
(N = 116) (N = 132)

Measurement # Mean SD Mean SD
Cognitive
Intelligence 0 2.710 0.862 2.820 0.939
Perspective for future schooling 1 3.304 0.790 3.021 0.829
Cognitive improvements after treatment 2 3.044 0.710 2.875 1.053
Non-Cognitive
Neurotic behavior 0 1.740 0.783 1.696 0.847
Impulsive behavior 1 1.832 0.878 1.844 0.729
Thrill seeking 2 2.365 0.795 1.640 0.714
Conscience development 3 2.255 0.675 1.753 0.682
Self image 4 1.939 0.708 1.748 0.611
Aggressive behavior 5 2.105 0.985 2.118 0.944
Anti-social behavior 6 2.765 0.818 2.202 0.829
Authority problems 7 2.440 1.134 2.315 0.874
Social skills 8 2.139 0.856 1.746 0.758
Depression 9 3.248 1.085 2.600 0.863
Self-destruction 10 2.861 0.423 2.305 0.863
Suicide attempt 11 2.911 0.318 2.674 0.640
Relationship with peers 12 2.248 0.883 1.793 0.691
Individual psychotherapy 13 1.867 0.340 1.621 0.485
Motivation to be treated 14 3.088 1.013 3.226 0.905
Acknowledgment crimes 15 3.149 0.558 3.828 0.833
Understanding of risks 16 3.013 0.733 3.243 0.917
Understanding of consequences of actions 17 3.033 0.814 3.275 0.987
Impulsive behavior AT 18 3.120 0.805 3.167 0.799
Change impulsive behavior T 19 1.707 0.543 1.297 0.457
Change aggressive behavior T 20 1.663 0.537 1.382 0.551
Change social skills T 21 1.692 0.485 1.299 0.458
Emphatic behavior AT 22 2.769 0.681 3.019 0.739
Relationship staff AT 23 3.207 0.801 2.984 0.830
Relationship Peers AT 24 3.228 0.644 2.849 0.656
Success treatment 25 3.196 0.924 3.539 0.759
Probability recidivism 26 2.978 1.033 2.814 1.062

Table 1: Summary statistics for measurements for the extraction of cognitive and non-
cognitive skill factors. AT refers to after treatment and T refers to treatment. All variables
are measured on a 4 or 5 points scale.
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Level Description
0 primary education not completed
1 primary education (special)
2 primary education
3 secondary vocational low (LTS/VBO)
4 basic secondary school (MAVO/MULU)
5 secondary vocational (MBO/MTS/leerwezen < 2 years)
6 secondary vocational (MBO/MTS/leerwezen 2<5 years
7 medium secondary school (HAVO)
8 higher secondary school (VWO)
10 tertiary education (HBO)
11 tertiary education (WO, bachelor)

Table 2: Education levels for classifying education in The Netherlands. We added the
category for special primary education to distinguish between regular and special primary
school, where special education is provided for those with mental or physical disabilities. We
further omitted higher categories for master level university education and PhD programs
as these are not attained within our sample.

a lack of evidence. The abstracts also contain information on the date and the type of the

offense. The abstracts are available for each individual from age 12 and onwards, 12 being

the age of criminal responsibility.

We use the rap sheets for three purposes. First, we counted for each individual all offenses

that were committed before age 1611. This count was used to construct the criminal records

signal Oi. In panels ii.a and ii.b of Figure 1 we show the distributions of the number of prior

registered offenses for both males and females. The number of prior offenses is often larger

for males when compared to females. The maximum number of prior offenses that we find

is 25 for males and 24 for females. Second, we use the rap sheets to code the adulthood

crime variable. For this we consider all serious offenses following the definition given in

Loeber, Farrington, and Washbush (1998)12. A binary outcome variable was constructed to

be equal to one whenever at least one serious offense was committed in a specific age period.

Third, we use the rap sheets to construct an incarceration variable. Since, sentences in The

Netherlands are often short we code the incarceration variable as the percentage of days in

a year that an individual was not incarcerated. This “exposure” variable is used as a control

variable in the adult outcome model (7), i.e. included in Xi,t.

Employment and social welfare data is obtained from the Ministry of Social Affairs and

Employment (SZW). The information consists of individual-level employment and social

welfare histories. For each employment spell we know the exact start and ending date

11In our empirical application 16 is the age of entering adulthood. If the individuals were still in the
treatment facility after this age we also included the offenses that were committed during the remainder of
their stay in the facility. There were few registered offenses obtained while institutionalized.

12This classification includes all violent offenses, felony larceny, auto theft, burglary, breaking and entering,
carjacking, forgery and counterfeiting, fraud, dealing in stolen property, embezzlement, drug trafficking,
arson, weapons violation and firearms relations

15



of the contract. Whether a position was full-time or part-time remains unknown to us

as we have no information on the exact number of hours spent working. We construct

the employment variable to include all spells that pertain to regular employment, hereby

excluding employment spells that pertain to employment via a temporary job agency. The

latter distinction is shown relevant in van der Geest et al. (2011) and Mesters et al. (2014)

since employment through a temporary job agency in the Netherlands often is seasonal

or project based, and generally lasts for short spells of a few weeks providing little long-

term prospects compared with regular jobs. We code the employment variable as a binary

indicator, which we set equal to one whenever more than 3 months of regular employment

were found within one age year. Some additional experiments have shown that the three

months indicator is not sensitive for the results, see also van den Berg, Mesters, Bijleveld,

and Hendriks (2014) where this is investigated in more detail.

Next to the employment outcomes, three types of social welfare are recovered from the

SZW database: unemployment insurance, disability insurance and public assistance. The

majority of the social welfare benefits are public assistance benefits. These are unconditional

cash transfers for which only financial need needs to be proven. Typically these spells last for

long periods often consisting of multiple years. A small part of the welfare benefits consists

of unemployment and disability insurance. For these the requirements include a substantial

period (at least 6 months) of previous employment, and for disability insurance proof of

illness from a doctor. Since all form of welfare provide financial gains for the recipients we

take all together and define the total social welfare outcome as equal to one whenever the

any form of social welfare was claimed during a particular year.

3.3 Summary statistics adulthood

Next, we discuss the descriptive statistics for the adult outcomes variables (N = 116 males

and N = 132 females), which include binary indicators for serious offending, employment,

social welfare, drug use and intimate relationships. Figure 3 shows the average rates of all

outcome variables for different age-periods.

For 116 males we have 1746 observational periods between ages 16 and 32 and in 24.1%

of these periods a serious offense was committed. The majority of the offenses are committed

between ages 16 and 20, after which the average rate declines consistently. This “age-crime”

curve has its familiar shape, but the average rate is much higher when compared to the

general population (Farrington, 1986; van der Geest et al., 2009). For females a similar

declining pattern in the serious offending rate is observed, but the average rate of offending

is much lower at 8.2% out of 1912 observational periods for the 132 females13.

The employment rate increases steadily for both males and females from around zero at

age 16 to about 35% around age 25. After age 25 the rates for both the males and females

13The differences in the number of observed periods between males and females are partially due to
differences in the ages that they left the treatment facility. Males left the institution on average around age
17.376 (sd 1.384) and females at age 16.576 (sd 1.279). And there are more females when compared to males
in the samples.
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Figure 1: Frequencies and distributions for the childhood signals: i.a education levels males,
1.b education levels females, ii.a number of prior offenses males, ii.b number of prior offenses
females.
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Figure 2: Example of a life-history calender. The categories on the left indicate the life
domains.

remain stable. Further inspection shows that there is a small subsample of individuals who

have steady employment from around age 22 onwards. The majority of individuals have

infrequent employment spells and for another small subsample no registered employment

spells were found. Similar employment participation rates are found for other samples of

disadvantaged youths in Grogger (1995) and Levitt and Venkatesh (2001).

The social welfare rate start to increase from age 22 onwards. For females the rate reaches

its maximum by age 28 at around 40%. The difference between males and females is quite

substantial as the female rate exceeds the male rate for the entire observational period. We

note that welfare participation rates are much higher for our sample as compared to the

general population (e.g., Mesters et al., 2014).

Drug use in our sample is high. For males the rate is 0.266 in the observed per individual

per age-periods. Recall that we only included hard drugs, such as cocaine and heroine, in the

outcome variable. The distribution over the ages is steady, showing only a modest decline

with maturation. Around age 16 the rate is approximately the same for males and females.

For females however, the rate declines steadily from age 16 onwards. At age 32 the rate is

below 0.1.

The self-reported relationship indicator shows that on average approximately 50% of the

males and 70% of the females were in an intimate relationship during the observational

period. Often several partners were reported between ages 16 and 32. Approximately 30%

of the females was in a relationship at age 16, whereas only 10% of the males was in a
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Males
SO EM SW DR IR

Serious offending SO - -0.207 -0.024 0.159 -0.050
Regular employment EM -0.207 - -0.001 -0.022 0.146
Social welfare SW -0.024 -0.001 - -0.004 0.087
Drug use DR 0.159 -0.022 -0.004 - -0.055
Intimate relationships IR -0.050 0.146 0.087 -0.055 -

Females
SO EM SW DR IR

Serious offending SO - -0.116 -0.042 0.181 -0.015
Regular employment EM -0.116 - 0.028 -0.096 0.112
Social welfare SW -0.042 0.028 - -0.073 0.038
Drug use DR 0.181 -0.096 -0.073 - -0.110
Intimate relationships IR -0.015 0.112 0.038 -0.110 -

Table 3: Overall correlations between the adulthood outcome variables for males and females.

relationship at this age. The female rate increases rapidly to 70% at age 18 after which it

remains stable. For males a more gradual increase in the rate is found, which almost matches

the female rate at the end of the observational period.

The overall correlations between the outcome variables are given in Table 3. We find that

for both males and females serious offending is negatively correlated with employment, social

welfare and intimate relationships and positively correlated with drug use. Both employment

and social welfare are positively associated with intimate relationships and negatively with

drug use. Finally, drug use and intimate relationships are negatively related. Overall the

influence of drug use seems more important for females, whereas employment seems more

influential for males.

From a statistical point of view these correlations can be structural, in the sense that

for example employment leads to lower offending, or spurious in the sense that underlying

skills or signals (or other variables) generate the correlations. In the next section we formally

decompose these aspects using our statistical model given in Section 2.

4 Empirical estimation results

In this section we discuss our empirical results for the samples of disadvantaged males and

females discussed in Section 3. We consider the statistical model given in Section 2. We

estimate the model parameters separately for the samples of N = 116 males and N = 132

females. We use L = 100 draws from the importance sampling densities to evaluate the

Monte Carlo likelihood in (13), which is optimized with respect to the parameters using

numerical methods (Nocedal & Wright, 1999). Section 4.1 present the parameter estimates

for the case where the payoffs from the childhood skills, signals and contagion in adult

outcomes are considered age-invariant, i.e. At = A, Bt = B, Ct = C and Dt = D, for
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Figure 3: Average rates per age period for adult outcomes: i. serious offending, ii. regular
employment, iii. social welfare, iv. drug use, v. intimate relationships.
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all t = 1, . . . , T . This gives the overall importance and significance for the different model

components. In Section 4.2 we study the age-varying effects of the childhood skills and

signals on the adult outcomes and compare these to the payoffs from dynamic influences

from adulthood outcomes.

4.1 Age-invariant effects

The main parameter estimation results are presented in Tables 4-6. In Table 4 we show the

parameter estimates for dynamic contagion in the adult outcomes (matrix A) and in Table

5 we show the parameter estimates for the effects of the cognitive and non-cognitive skills.

We include the estimates for the adult outcomes (matrix B) and the childhood signals (αs,C ,

αs,N , αo,C and αo,N). In Table 6 we show the effects of the childhood signals on the adult

outcomes (matrix C),

We discuss the results for males and females separately. For males we find that cogni-

tive skills reduce the probability of serious offending during adulthood (-0.209). Also, they

increase the adulthood employment probability (0.267). For the other adulthood outcome

variables and childhood signals we find no significant effects of the cognitive skills. Non-

cognitive skills are overall more important for the males when compared to cognitive skills.

In particular, non-cognitive skills significantly reduce the intensity of the criminal record be-

fore age 16 and increase the education level. Additionally, non-cognitive skills have lasting

effects on adulthood serious offending (-0.336) and regular employment (0.349).

Additional effects from the childhood signals indicate that education levels reduce seri-

ous offending during adulthood over and above the effects of the childhood skills (-0.113).

This points to increasing costs associated with crime for higher education levels (Lochner,

2004). The criminal record signal increases the serious offending probability (0.034), the

social welfare probability (0.044) and, perhaps surprisingly, the probability for intimate re-

lationships (0.030). The substantial lasting effects from the criminal record suggest that this

“mark”, that is obtained before age 16, impacts adulthood outcomes, see also the discussion

in Lemert (1967).

The effects from dynamic contagion in adulthood outcomes (Table 4) indicate that all

outcomes are dependent on their own previous outcomes in a structural way. This form of

state dependence implies that for example serious offending significantly increases the prob-

ability for serious offending in the next period. We find large state dependence coefficients

for employment, drug use and intimate relationships.

In addition, there are multiple significant cross-dependencies. Serious offending is signif-

icantly reduced by employment and social welfare, whereas drug use significantly increases

the serious offending probability. Employment probabilities are significantly decreased by

previous offending and drug use and increased by intimate relationships. Finally, the prob-

ability for social welfare participation is significantly decreased by serious offending and

employment. Drug use and intimate relationships are less influenced by the other adulthood

outcomes.

Summarizing, for males we find a mixture of influences from childhood skills and signals,
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and dynamic contagion in adult outcomes. Employment and social welfare are negatively

linked with serious offending during adulthood, and employment and serious offending are

predictable by the cognitive and non-cognitive skills. The adulthood outcomes for drug

use and intimate relationships are harder to predict using childhood factors but influence

employment and serious offending during adulthood.

For females cognitive skills have no significant effects on the childhood signals, nor on

the adult outcomes. The non-cognitive skills significantly explain the education level and

criminal record signals. In particular, the intensity of the education signal is significantly

increased by the non-cognitive skills (0.105). This effect is much stronger when compared to

the males. The intensity of the criminal record signal is reduced when non-cognitive skills

are higher (-0.373). For the adulthood outcome variables we find no significant effects for

non-cognitive skills.

Childhood signals have lasting impacts on the adulthood outcomes for females. In partic-

ular, education level increases the probability of regular employment (0.168) and decreases

the probability of drug use (-0.308). This indicates that females can gain much from increas-

ing their education level. Even more so than males. The criminal records signal increases

the probability of adulthood serious offending (0.098) and reduces the probability of regular

employment (-0.080). Thus, as well as for males, having a criminal record before age 16 has

severe consequences.

When compared to the males we find similar patterns for the adulthood contagion effects

for females. The probability of serious offending is reduced by employment and social welfare,

whereas drug use increases the probability of serious offending. The employment probability

decreases with serious offending and social welfare participation decreases with drug use and

intimate relationships. Interestingly, for females there is strong negative interaction between

drug use and intimate relationships, different when compared to males. Drug use is reduced

by social welfare participation.

In sum, for females cognitive skills have less impact on the observed adulthood outcomes.

Instead, non-cognitive skills and childhood signals, which are driven by the childhood non-

cognitive skills, and dynamic influences between adult outcomes have more explanatory

power.

4.2 Age-varying effects

In this section we discuss the age-varying estimates At, Bt and Ct. These estimates allow us

to study how the payoffs from childhood skills, signals and adulthood vary with age during

adulthood. For males the estimates are summarized in Figures 4, 6 and 8, whereas for

females the estimates are summarized in Figures 5, 7 and 9.

We first discuss the estimates for the males. Figure 6 shows two significant age-varying

effects for the cognitive skills. First, cognitive skills become important predictors for em-

ployment from age 23 onwards. This is understandable as employment before age 23 is likely

to be rather unskilled, whereas with maturation cognitive skills become more important for

employment. Second, cognitive skills become important for increasing the probability of inti-
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Males (N = 116)
SOt−1 EMt−1 SWt−1 DRt−1 IRt−1

SOt 0.759∗∗ 0.172 -1.393∗∗ 0.253 -0.394∗ 0.240 0.913∗∗ 0.218 -0.297 0.169

EMt -0.588∗∗ 0.283 3.284∗∗ 0.240 -0.016 0.274 -0.652∗∗ 0.272 0.597∗∗ 0.194

SWt -0.474∗ 0.274 -0.687∗∗ 0.269 2.774∗∗ 0.257 -0.148 0.286 0.299 0.220

DRt 0.221 0.313 0.269 0.309 -0.291 0.376 5.818∗∗ 0.324 -0.145 0.261

IRt -0.354 0.216 0.198 0.203 0.293 0.250 -0.294 0.228 3.972∗∗ 0.268

Females (N = 132)
SOt−1 EMt−1 SWt−1 DRt−1 IRt−1

SOt 1.141∗∗ 0.257 -1.302∗∗ 0.412 -0.433∗ 0.260 0.713∗∗ 0.274 0.150 0.226

EMt -2.088∗∗ 0.658 2.716∗∗ 0.191 0.221 0.197 -0.194 0.284 0.299 0.194

SWt -0.665∗ 0.380 -0.421∗ 0.226 3.819∗∗ 0.218 -0.918∗∗ 0.289 -0.831∗∗ 0.196

DRt -0.026 0.392 -0.443 0.315 -0.689∗∗ 0.285 4.743∗∗ 0.369 -0.514∗∗ 0.238

IRt -0.343 0.285 0.164 0.200 0.089 0.186 -0.972∗∗ 0.224 2.684∗∗ 0.163

Table 4: Structural effects from dynamic contagion in adulthood outcomes (matrix A). The
labels refer to: SO serious offending, EM employment, SW social welfare, DR drugs use
and IR intimate relationships. The indication ∗ implies significance at the α = 0.1 level and
∗∗ implies significance at the α = 0.05 level.

Males (N = 116) Females (N = 132)

Cognitive Non-Cognitive Cognitive Non-Cognitive
Childhood signal
Education level 0.015 0.067 0.021 0.079 0.063 0.046 0.105∗ 0.059

Criminal record 0.105 0.072 -0.330∗∗ 0.068 0.013 0.080 -0.373∗∗ 0.095

Adulthood
Serious offending -0.209∗∗ 0.104 -0.336∗∗ 0.151 -0.119 0.137 -0.314 ∗ 0.172

Regular employment 0.267∗ 0.152 0.349∗ 0.181 -0.132 0.111 0.235∗ 0.136

Social welfare -0.024 0.163 -0.009 0.180 -0.003 0.107 0.093 0.129

Drug use -0.144 0.178 -0.083 0.205 0.084 0.133 0.048 0.163

Intimate relationships 0.146 0.122 0.144 0.136 0.049 0.110 -0.171 0.133

Table 5: Age-invariant effects from cognitive and non-cognitive skills on childhood signals
and adulthood socioeconomic outcomes (loadings αs,C , αs,N , αo,C and αo,N and matrix B).
The indication ∗ implies significance at the α = 0.1 level and ∗∗ implies significance at the
α = 0.05 level.
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Males (N = 116) Females (N = 132)

Education Criminal Education Criminal
level record level record

Adulthood
Serious offending -0.113∗ 0.068 0.034∗∗ 0.015 -0.119 0.071 0.125∗∗ 0.042

Regular employment 0.086 0.066 0.012 0.023 0.154∗∗ 0.044 0.019 0.042

Social welfare -0.129 0.090 0.044∗∗ 0.022 -0.083∗ 0.049 0.064∗ 0.037

Drug use -0.034 0.085 0.015 0.027 -0.289∗∗ 0.078 0.084∗ 0.044

Intimate relationships -0.015 0.055 0.030∗ 0.018 -0.050 0.047 0.011 0.038

Table 6: Age-invariant effects from childhood signals on adulthood socioeconomic outcomes
(matrix C). The indication ∗ implies significance at the α = 0.1 level and ∗∗ implies signifi-
cance at the α = 0.05 level.

mate relationships after age 28. The non-cognitive skills are equally important in increasing

the employment probability from age 22-23 onwards. Thus, for employment both cognitive

and non-cognitive skills are important at later stages in life. Non-cognitive skills further

significantly reduce the offending probability between ages 16 and 18. While the estimate

remains negative after age 18 it is no longer significant. For drug use we find a reverse

pattern. Non-cognitive skills significantly increase the probability of drug use during ado-

lescence after which the estimate decreases towards zero. When combining this finding with

the high state dependence in drug use (Table 4) it is likely that increases in non-cognitive

skills before age 16 can have lasting effects that lower drug use. Finally, the non-cognitive

skills also increase the probability of intimate relationships after age 24.

In Figure 8 we show the age-varying payoffs from childhood signals for males. The

education level signal significantly reduces serious offending from age 23 onwards. For em-

ployment we find mixed effects from the education signal. Until age 22 the education level

significantly reduces the employment probability, while after age 24 it significantly increases

the employment probability. Further, the education signal significantly reduces the prob-

ability for social welfare. Thus, education provides a barrier over and above the skills to

reduce social welfare participation. The criminal records signal has lasting effects on serious

offending. This can be due to identity transformations in the sense that the criminal records

makes individuals see themselves as a criminal (e.g., Lemert, 1967). The criminal records

signal further significantly increases the probability of social welfare from age 23 onwards.

In Figure 4 we show the age-varying effects from dynamic contagion in the adult out-

comes. We only discuss a few findings. First, employment significantly reduces serious

offending from age 22 onwards. This is consistent with a large literature in criminology that

documents that employment during adolescence increases offending and only employment

during adulthood reduces offending (e.g., Shover, 1996; Uggen, 2000; Paternoster, Bushway,

Brame, & Apel, 2003). Second, intimate relationships significantly increase the employment

probability after age 26. This finding is likely to be confounded with family formation. Third

and finally, employment reduces social welfare participation at later ages.
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Next, we discuss the estimates for the females. In Figure 7 we show the age-varying effects

for cognitive and non-cognitive skills on adulthood outcomes. We find no significant effects

for the cognitive skills for the entire observational period. Non-cognitive skills significantly

increase the employment probability until age 24 after which the estimate converges to zero.

This pattern is reversed when compared to the males, for whom the non-cognitive skills

increased employment after age 23. Non-cognitive skills further significantly reduce the

probability for intimate relationships between ages 16 and 19.

Figure 9 shows the age-varying estimates for childhood signals. The education level

significantly reduces serious offending after age 23. Around the same age it significantly

increases the employment probability. Additionally, the education signal reduces the proba-

bility of social welfare participation. This estimate is large and significant until age 27 after

which it converges to zero. The criminal records signal also has persistent effects for several

adulthood outcomes. In particular, it increases the serious offending probability. This esti-

mate it consistently positive and nearly always significant for the observational period. The

criminal record signal further reduces the probability of social welfare between ages 16 and

19 and increases the probability of drug use from age 22 onwards.

In Figure 5 we show the age-varying estimates for dynamic contagion in the adult out-

comes. When compared to the males we find less variation during adulthood. An interesting

finding is that intimate relationships reduce participation in social welfare programs during

adolescence. This shows that social welfare rates for females can be reduced by both intimate

relationships and, as shown in Figure 9, education. A second noticable finding is that drug

use reduces the probability of intimate relationships from age 20 onwards, whereas social

welfare increases the probability of intimate relationships until age 20. This again highlights

the important and complicated role that relationships play in the lives of the females, much

more so than for males.

5 Policy implications

While the parameter estimates in Section 4 provide information for the marginal importance

of the various components of the model from Section 2, it is hard to see how the components

simultaneously interact in their determination of the adult outcomes. In particular, the

payoffs from investments in childhood skills are hard to quantify as effects from signals and

dynamic contagion in adult outcomes may increase or decrease subsequent payoffs. To be

able to understand these dynamics we present some counter-factual analyses that quantify

effects from shocks to the childhood skills on adult outcomes. We emphasize that the skills

can have direct effects on the adult outcomes, via the improvement of the childhood signals

and via multiplier effects from dynamic contagion during adulthood.

To study shocks to the cognitive and non-cognitive skills we proceed as follows. Given

the estimated parameters we extract the posterior mean of the childhood skills Fi, for i =

1, . . . , N . Given this estimate F̃i we compute baseline predictions for the outcome variables
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Figure 4: Age-varying estimates At for males, which capture the dynamic contagion in the
adult outcomes. The dotted lines indicate the 90% confidence regions.

for each age-period. In particular, we compute

Ŷi = E(Yi|F̃i) =

∫
ei

E(Yi|ei; F̃i)p(ei) dei, (14)

where E(Yi,t|ei,t; F̃i) follows from the mean of the binary distribution and the integral is

computed by simulation methods. We emphasize that we regard the observed variables as

a particular realization of the model and that we do not condition on the paths of these

outcome variables. Such analyses are interesting when we would shock adult outcomes, via

ei,t, at some point during adulthood. Then the observations that were observed prior to

shocking the model at time t would be important.

Further, since we are not interested in predictions for a particular individual we average

the predictions over the individuals. The resulting estimates are shown for males in Figure

10 and for females in Figure 11 for all outcome variables. We also show the 90% confidence

bounds for these model implied rates. Next, we impose a positive shock to either the cognitive

skills or the non-cognitive skills of one standard deviation. This increased skill vector is then

inserted in (14) and the expectations for the outcome variables are recomputed. In Figures

10 and 11 we show the resulting average estimates for the adult outcomes for males and

females.

We find that for males non-cognitive skills significantly reduce the probability of serious
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Figure 5: Age-varying estimates At for females, which capture the dynamic contagion in the
adult outcomes. The dotted lines indicate the 90% confidence regions.

offending for the entire observational period. We notice that the reductions are much larger

when compared to the marginal effects shown in Figure 6. A channel that explains the

additional drop in the serious offending rate is the following. Non-cognitive skills significantly

reduce the intensity of the criminal record (Table 5). The reduced criminal record than

further lowers adulthood serious offending according to Figure 8. Many other paths for the

effects from non-cognitive skills can be found by combining the marginal estimates from the

previous sections. The main finding is that the combination of the marginal estimates implies

that on average small improvements in non-cognitive skills can reduce serious offending by

4.6% per age-year between ages 17 and 32. Cognitive skills also reduce serious offending,

but the estimates are only significant between ages 17-20 and 29-32.

Both shocks to cognitive and non-cognitive skills significantly increase the employment

probability from age 23-24 onwards. On average per age-period the one standard deviation

shocks imply gains of 4.1% and 5.4% for the cognitive and non-cognitive skills, respectively.

We emphasize that these estimates are for the entire observational period. At age 32 the

employment participation rate is increased on average by 8.3% (cognitive) and 8.7% (non-

cognitive). For social welfare participation, drug use and intimate relationships the gain are

smaller and generally not-significant.

For females we find only significant results from the non-cognitive shock. In particular,

until age 28 a one standard deviation positive shock to the non-cognitive skills significantly

reduces the serious offending rate. The reduction are on average between 1.3% and 4.1%.

27



16 18 20 22 24 26 28 30
-1

0

Cognitive

(i)

16 18 20 22 24 26 28 30

-1

0

Non-Cognitive

16 18 20 22 24 26 28 30

-2

0
(ii)

16 18 20 22 24 26 28 30

-1

1

16 18 20 22 24 26 28 30

-1

1

(iii)

16 18 20 22 24 26 28 30
0

4

16 18 20 22 24 26 28 30
-1

1

(iv)

16 18 20 22 24 26 28 30
-1

1

16 18 20 22 24 26 28 30

0

2

(v)

16 18 20 22 24 26 28 30
-1

1

Figure 6: Age-varying estimates Bt for males, which capture the persistent effects from the
cognitive and non-cognitive skills. The dotted lines indicate the 90% confidence regions.

The employment participation rate is significantly increased over the entire observational

period. The average increase is 5.2% per age-year between ages 17 and 32. Finally, a

positive shock to the non-cognitive skills significantly reduce the intimate relationships rate

until age 21. Especially, for ages 16 and 17 higher non-cognitive skills imply large reductions

in the relationship rate (13.4% and 13.9% respectively).

Finally, we consider one additional policy experiment. Suppose that we could impose

employment at age 22 for all individuals. More specifically, we assume that we can facilitate

employment for more than three months for all individuals at age 22. With this intervention

imposed we simulation true our model again to see the differences from the baseline model

rates for males and females. The results are shown in Figures 12 and 13.

We find that, consistent with the findings in Figures 4 and 5, the serious offending

probabilities are initially reduced for ages 23 to 25. The initial drop at age 23 is also larger

when compared to the drop created by the non-cognitive skills improvement (Figures 10 and

11). However, the reduction in offending is rather short lived and by age 26 the predicted

offending rates are back to the model implied levels.

Similar results are found for the predicted employment probabilities. After an initial

increase in the employment probability between ages 23 and 25, the rates drop back to

the model implied rates. This highlights the difficulties for disadvantaged youths to remain

continuously employed. The results for the other adult outcomes, social welfare, drug use

and intimate relationships, are not significant for both males and females. We may conclude
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Figure 7: Age-varying estimates Bt for females, which capture the persistent effects from
the cognitive and non-cognitive skills. The dotted lines indicate the 90% confidence regions.

that increasing non-cognitive skills prior to age 16 has larger effects for disadvantaged youths

on multiple adult outcomes when compared to creating employment at age 22.

6 Conclusion

In this paper we have proposed a reduced form nonlinear dynamic panel data model that

decomposes multiple socioeconomic adult outcomes into payoffs from childhood skills and

signals, and dynamic contagion in adult outcomes. The model included a factor structure to

estimate cognitive and non-cognitive skills, which we allowed to affect the childhood signals

as well as the adult outcomes. The childhood signals were also allowed to affect the adult

outcomes according to an age-varying payoff vector. The model was estimated using novel

Monte Carlo maximum likelihood methods which enabled the simultaneous estimation of all

parameters that pertained to the childhood and adulthood models.

We illustrated the model for samples of disadvantaged youths, who were institutionalized

in their teenage years. For these troubled youths we found significant lasting effects from

childhood skills on predominantly serious offending and employment. These marginal payoffs

were initially small, but their eventual payoff at the end of adulthood was found large due to

multiplier effects from adulthood life transitions. The results clearly illustrate the interaction

between early investments and later life outcomes for both males and females.
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Figure 10: Simulation results from increasing cognitive, or non-cognitive, skills by one stan-
dard deviation for males. The baseline rate is based on the posterior mean for the childhood
skills. The standard deviation increase in considered from this average. The panels repre-
sent: i. serious offending, ii. regular employment, iii. social welfare, iv. drug use, v. intimate
relationships.
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Figure 11: Simulation results from increasing cognitive, or non-cognitive, skills by one stan-
dard deviation for females. The baseline rate is based on the posterior mean for the childhood
skills. The standard deviation increase in considered from this average. The panels repre-
sent: i. serious offending, ii. regular employment, iii. social welfare, iv. drug use, v. intimate
relationships.
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Figure 12: Simulation results from imposing employment at age 22 for males. The baseline
rate is based on the posterior mean for the childhood skills. The panels represent: i. serious
offending, ii. regular employment, iii. social welfare, iv. drug use, v. intimate relationships.
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Figure 13: Simulation results from imposing employment at age 22 for females. The baseline
rate is based on the posterior mean for the childhood skills. The panels represent: i. serious
offending, ii. regular employment, iii. social welfare, iv. drug use, v. intimate relationships.
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Appendix A: details for the parameter estimation method

In this appendix we provide the details for the parameter estimation method that is outlined

in Section 2.4. In particular, we consider the estimation of the posterior modes êi and F̂i
and detail the construction of the importance densities g(ei|Yi, F̂i) and g(Fi|Yi; êi).

To maximize log p(Fi, ei|Yi) with respect to Fi and ei we make the following observations.

When Fi is fixed at some value, the conditional posterior mode of ei can be located based

solely on Yi, the adulthood observations. When ei is fixed at some value, the conditional

posterior mode of Fi depends on Zi,C , Zi,N , Ei, Oi and Yi. The vectors Zi,C , Zi,N and Yi
have larger dimensions when compared to Fi. This suggests that the dimension reduction

techniques outlined in Jungbacker and Koopman (2014) and Mesters and Koopman (2014)

can be used to obtain low-dimensions vectors that summarize sufficient information for the

computationally efficient integration of Fi.

In particular, let Zi = (Z ′i,C , Z
′
i,N)′, µ = (µ′C , µ

′
N)′ and εi = (ε′i,C , ε

′
i,N)′, the factor model

for the skills can now be written as

Zi = µ+ ΛFi + εi εi ∼ IID(0,Ω), (15)

where

Λ =

[
αC 0

0 αN

]
,

and Ω is the diagonal variance matrix. Since Zi is of length KC +KN > 2 we can construct

a transformed lower-dimensional vector Z l
i such that E(Fi|Zi) = E(Fi|Z l

i). A convenient

transformation that preserves this property is given by

Z l
i = CzΛ

′Ω−1(Zi − µ), Cz = choleski
[
(Λ′Ω−1Λ)−1

]
, (16)

where Cz is lower triangular. The resulting model for Z l
i is given by

Z l
i = C−1z Fi + ui, εli ∼ IID(0, I), (17)

where Z l
i now has dimension 2. The proof for E(Fi|Zi) = E(Fi|Z l

i) is given in Jungbacker

and Koopman (2014).

We proceed by making a similar transformation for the model implied by p(Yi,t|Fi, ei)
First, we linearize log p(Yi,t|Fi, ei)

Yi,t = ci,t +BtFi + ei,t + ui,t, ui,t ∼ N(0, Di,t), (18)

where Di,t is diagonal by construction and the construction of the coefficients ci,t and Di,t is

discussed below. The conditional density for model (18) is given by

g(Yi,t|Fi, ei,t) ≡ NID(ci,t +BtFi + ei,t, Di,t) (19)

Given the linearized model (18) and a particular value for ei, say e∗i , we can obtain a lower
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dimensional vector Y l
i such that E(Fi|Yi; e∗i ) = E(Fi|Y l

i ; e∗i ). Similar as in (16) we define

Y l
i = CyB

′D−1i (Yi − ci − e∗i ), Cy = choleski
[
(B′D−1i B)−1

]
, (20)

where B = (B′1, . . . , B
′
T )′, Di = diag(Di,1, . . . , Di,T ) and ci = (c′i,1, . . . , c

′
i,T )′. The resulting

model for Y l
i is given by

Y l
i = C−1y Fi + ξli, uli ∼ N(0, I), (21)

where the dimension of Y l
i is M × 1, M being the number of adult outcomes considered.

Finally, we still need to obtain a linear model for the childhood signals Gi = (Ei, Oi)
′.

The linearized models for p(Ei|Fi) and p(Oi|Fi) are given by

Gi = cG,i + Fi + uG,i, uG,i ∼ N(0, DG,i), (22)

where the construction of the coefficients cG,i and DG,i follows below. The density for the

approximating model (22) is given by

h(Gi|Fi) ≡ N(cG,i + Fi, DG,i). (23)

Summarizing, given ei = e∗i we can base our inference for E(Fi|Yi; e∗i ) on

Y li =

 C−1z
C−1y
I2

Fi + ξi, ξi ∼ N(0,Γi), (24)

where Y li = (Z l′
i , Y

l′
i , Gi − cG,i)′ and Γi = diag(IM , I2, DG,i).

With these approximating models in place, we are now ready to detail the computation

of the posterior modes. This is done using the following Gauss-Newthon algorithm.

Algorithm A

(i) Initialize the algorithm by choosing F ∗i and e∗i as starting values;

(ii) Given the set of two equations

∂ log p(Yi,t|Fi, ei,t)
∂(BtFi + ei,t)

=
∂ log g(Yi,t|Fi, ei,t)
∂(BtFi + ei,t)

,

∂2 log p(Yi,t|Fi, ei,t)
∂(BtFi + ei,t)∂(BtFi + ei,t)′

=
∂2 log g(Yi,t|Fi, ei,t)

∂(BtFi + ei,t)∂(BtFi + ei,t)′
,

for i = 1, . . . , N and t = 1, . . . , T , where p(Yi,t|Fi, ei,t) is the observation model and

g(Yi,t|Fi, εi,t) is given by (19), we can deduct expressions for ci,t and Di,t as functions

of Fi and ei,t, and compute ci,t = c∗i,t and Di,t = D∗i,t for ei,t = e∗i,t and Fi = F ∗i ;

(iii) Given ci,t and Di,t we can compute the lower dimensional model (21);
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(iv) Next, given the set of two equations

∂ log p(Gi|Fi)
∂Fi

=
∂ log h(Gi|Fi)

∂Fi
,

∂2 log p(Gi|Fi)
∂Fi∂F ′i

=
∂2 log h(Gi|Fi)

∂Fi∂F ′i
,

for i = 1, . . . , N , where p(Gi|Fi) is the observation model and h(Gi|Fi) is given by (23),

we can deduct expressions for cG,i and DG,i as functions of Fi, and compute cG,i = c∗G,i
and DG,i = D∗G,i for Fi = F ∗i ;

(v) Compute F̃i = E(Fi|Y li ; e∗i ) from model (24);

(vi) Replace F ∗i by F ∗i = F̃i;

(vii) Compute ẽi = E(ei|Yi;F ∗i ) from model (18)

(viii) Replace e∗i by e∗i = ẽi

(ix) Iterate from (2) to (9) until convergence.

Since the mode and the mean of the approximating linear Gaussian model are set equal

to the mode of the original model, it holds that F̃i = F̂i = argmaxµ p(Fi|Yi; êi) and ẽi = êi =

argmaxµ p(ei|Yi; F̂i). Further, it holds that {F̂i, êi} = argmaxFi,ei
p(Fi, ei|Yi).

Now that we have obtained the posterior modes the importance densities follow from the

approximating models (24) and (18). In particular, given êi and the final coefficients for this

model from Algorithm A we can use multivariate regression methods to draw conditional

samples from the model (24). Also, given F̂i we can use the simulation smoother methods of

Durbin and Koopman (2002) to sample from the model (18). More details for the outlined

estimation method can be found in Mesters and Koopman (2014).

Appendix B: construction of the cubic spline functions

In this appendix we provide the details for the construction of the cubic splines that we use

to model the age-varying payoff matrices At, Bt, Ct and Dt. More details for methods using

splines can be found in Poirier (1976). In principal, it is possible to treat all the individual

parameters in At, Bt, Ct and Dt as deterministic parameters and estimate them along with

the other parameters. However, since the time series dimension is T = 16 this would imply

16 × (25 + 10 + 10) = 720 deterministic model parameters only from the payoff matrices.

Optimizing the Monte Carlo likelihood using numerical methods over such a large parameter

space is practically infeasible.

To avoid this problem, we make the assumption that the payoffs vary smoothly with age.

This allows us to fit cubic splines between the subsequent elements of the payoff matrices.

These rely on a smaller number of parameters. In particular, we seek a subset of K < T

knots from the set {1, . . . , T} between which we fit cubic spline functions. The number of

knots and the location of the knots can be determined in a variety of ways (Jungbacker,
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Koopman, & van der Wel, 2014). In this paper we set the locations equal to ages 16, 24 and

32. Experiments with more knots have led to similar results.
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