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Chapter |1| 

 

1. Introduction 

1.1 Economics of Youth Mental Health 

The World Health Organization (WHO) has categorised mental health problems as among 

the most disabling clinical diagnoses in the world (WHO, 2019). Mental health in ten facts: 

1. Mental, neurological and substance use disorders make up 10% of the global 

burden of disease and 30% of non-fatal disease burden. 

2. Around 1 in 5 of the world’s children and adolescents have a mental disorder. 

3. Depression is one of the leading causes of disability, affecting 264 million 

people. 

4. About half of mental disorders begin before the age of 14. 

5. About 800,000 people die by suicide every year; 1 person dies from suicide 

every 40 seconds. Suicide is the second leading cause of death in individuals 

aged 15-29 years. 

6. Around 1 in 9 people in settings affected by conflict have a moderate or severe 

mental disorder. 

7. People with severe mental disorders die 10 to 20 years earlier than the general 

population. 

8. Rates of mental health workers vary from below 2 per 100,000 population in 

low-income countries to over 70 per 100,000 in high-income countries. 

9. Less than half of the 139 countries that have mental health policies and plans 

report having these aligned with human rights conventions. 

10. The global economy loses about US$ 1 trillion per year in productivity due to 

depression and anxiety.  

 Figure 1 illustrates the latest estimates of mental health disorder prevalence and the 

associated disease burden, produced by the Institute for Health Metrics and Evaluation 

(IHME) and reported in their Global Burden of Disease (GBD) study (2017) in accordance 

with WHO’s International Classification of Diseases (ICD-10). Worldwide, one in ten people 

(10.7%) in 2017 lived with a mental disorder. Using whole-population health insurance data 

Vektis Intelligence (2017) has demonstrated that 1.1 million people are registered in mental 

healthcare in the Netherlands – more than one in seven (15.4%).  
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Figure 1  Share of population with mental health and substance use disorders 

 

 The corresponding disease burden results in significant societal costs (OECD, 2014). 

The direct and indirect costs of mental health problems can exceed 4% of Gross Domestic 

Product (GDP) (OECD, 2014). The direct costs include healthcare expenditures caused by 

utilisation of hospital and long-term care. Figure 2 illustrates that mental healthcare 

expenditures in the Netherlands has increased since 1998 and accounted in 2018 for 1.2% of 

GDP, which equalled 6.8% of total healthcare expenditures (CBS, 2019, 2020). However, the 

 

Figure 2  Trend in mental healthcare expenditures in the Netherlands (1998-2018)  
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true share of healthcare expenditures associated with mental health problems is larger, as 

poor mental health also drives up the cost of treating other physical health problems. For 

example, it is more expensive to treat diabetes when the patient is also suffering from 

depression (Ducat et al., 2014), and people with mental disorders are more likely to also 

suffer from cancer and cardiovascular diseases (Nakash et al., 2014; Fenton & Stover, 2006). 

 Mental health problems have their origin in youth (Kessler  et al., 2007). Life events 

often act as trigger of the onset, such as moving home or school or the birth of a new sibling. 

This manifests itself in the primary school age period in deviant externalizing behaviour, 

which cause impairment or interference in life functioning (Bayer et al., 2011).  

Norm-deviated externalizing behaviour frequently leads to the diagnosis Attention-

Deficit/Hyperactivity Disorder (ADHD) (Faraone et al., 2015). Adolescents experience 

emotional turmoil as their minds and bodies develop. These feelings frequently internalize, 

potentially leading to mental disorders such as depression (Bayer et al., 2011). Despite the 

relevance of mental health as a leading cause of health-related disability in youth, 70% of 

children and adolescents who experience a mental health problem have not had appropriate 

interventions at the time they needed it (Kieling et al., 2011; Aydin et al., 2020). 

 The burden of mental health problems in youth yields substantial indirect costs, as 

mental health is a pivotal element of human capital formation (Becker, 1964).   

 

“Human capital is the stock of habits, knowledge, social and personality attributes 

embodied in the ability to perform labour so as to produce economic value”.  

  Becker (1964)  

 

For example, Currie and Stabile (2006) examined US and Canadian children with symptoms 

of ADHD and they found large negative effects on test scores and schooling attainment. De 

Zeeuw et al. (2017) found a similar pattern between ADHD and educational achievement 

using data from the Dutch Twin Register. Furthermore, OECD data suggest that mental ill-

health reduces employment prospects, productivity and wages (OECD, 2014). Previous 

research demonstrated that a one‐standard‐deviation decline in mental health score reduces 

employment by 30 percentage points (Frijters et al., 2014). People with mental health 

problems are also absent from work more often, and suffer more from reduced productivity 

at work. Additionally, indirect costs also include informal care provided by family members, 

the cost of increased homelessness and juvenile delinquency (OECD, 2014). Consequently, 
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the gains over the life-cycle of efficient youth policies and investments in mental health are 

substantial, especially from the perspective of the Heckman Equation1: 

+ Invest – investment in educational and developmental resources for children with 

youth mental health problems provides equal access to successful early human 

development 

+ Develop – nurture early development of cognitive and social skills in children 

from birth to age five 

+ Sustain – sustain early development with effective education through to adulthood 

= Gain – gain a more capable, productive and valuable workforce that pays tax and 

dividends for generations to come. 

Hence, early identification and treatment reduce societal costs and optimise the Economics 

of Youth Mental Health, boosting children’s human capital development. 

1.2 Youth Policy Evaluation in Observational Settings 

The (former) gold standard for drawing inferences about the effect of interventions in youth 

mental health is conducting a Randomized Controlled Trial (RCT). Participants in RCTs are 

randomly assigned to a treatment or control group. That is, treatment allocation is 

unconditional on (un)observed heterogeneity, enabling differences in efficacy found by 

statistical comparisons to be attributed to the intervention. Besides the argument that the 

unobservability of effort compromises external validity of treatment effects in RCTs 

(Chassang et al., 2012), in many cases RCTs in youth mental health remain difficult or 

impossible to implement, for financial, political, or ethical reasons, or because the population 

of interest is too small. For example, it would be unethical to prevent pupils from attending 

school in order to study the causal effect of education on child development, and politically 

unthinkable to study the effect of youth care by randomly withholding financial budgets to 

selected municipalities. Moreover, governmental policies affecting youth mental health are 

often implemented nationally, challenging the identification of the so-called counterfactual – 

the course of the outcome variable of interest in the treatment group if the policy had not 

been implemented. Consequently, a large share of research about interventions and policy 

questions relies on observational data – data where treatment allocation was determined in a 

way other than through controlled random assignment.  

                                                        
1 Founded in 2007, the Heckman Equation project is a strategic communications programme designed to support 

dissemination and amplification of Professor James Heckman’s research in early childhood development. The 

project offers online resources to understand the great gains to be had by investing in the early and equal 

development of human potential. Learn more about the Heckman Equation at heckmanequation.org. 
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 In economics, researchers use a wide variety of strategies for attempting to draw 

inference from observational data (Athey & Imbens, 2017). These strategies are often referred 

to as identification strategies or empirical strategies (Angrist & Krueger, 1999). The goal is to 

use statistical techniques to create a natural experiment that resembles an experiment in an 

observational setting. For example, Ravesteijn et al. (2017) examined the effect of higher 

patient cost sharing on mental healthcare use and downstream effects, a policy question that 

is unethical to assess in a RCT. They compared changes in mental healthcare use by adults, 

who experienced an increase in cost sharing, with changes in youths, who did not experience 

the increase and thus formed the control group. The findings suggested that though the cost-

sharing reform created overall net savings, for seriously ill patients it may lead to substantial 

downstream costs in involuntary admissions and acute mental healthcare. 

 In this thesis we used different strategies to draw inference from both experimental and 

observational data. Specifically, in Chapter 2 we used registry data to estimate the 

persistence in youth mental health trajectories. In Chapter 3 we employed experimental 

data to examine the effect of the leading forms of ADHD treatment on adolescent’s juvenile 

delinquency. In Chapter 4 administrative data were used to assess the effect of a 

compulsory schooling reform on pupil’s test scores, and, finally, in Chapter 5 we used 

survey data to disentangle the effect of government expenditures in special needs education 

on children’s mental health. 
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Chapter |2| 

 

2. The Persistence of Child and Adolescent Mental 

Healthcare: Results from Registry Data1 

 

Abstract 

Previous studies on the persistence of child and adolescent mental healthcare do not consider the 

role of time-invariant individual characteristics. Estimating persistence of healthcare using 

standard linear models yields biased estimates due to unobserved heterogeneity and the 

autoregressive structure of the model. This study provides estimates of the persistence of child and 

adolescent mental healthcare taking these statistical issues into account. We use registry data of 

more than 80,000 Dutch children and adolescents between 2000 and 2012 from the Psychiatric 

Case Registry Northern Netherlands (PCR-NN). In order to account for autocorrelation due to the 

presence of a lagged dependent variable and to distinguish between persistence caused by time-

invariant individual characteristics and a direct care effect we use GMM-IV estimation. All 

estimation results for the direct care effect (true state-dependence) showed a positive coefficient 

smaller than unity with a main effect of 0.215 (𝑝 < 0.01), which indicates that the process is stable. 

Persistence of care is found to be 0.065 (𝑝 < 0.05) higher for females. The results indicated that a 

substantial part of persistence is due to time-invariant individual characteristics. Additionally, we 

found that in the absence of further shocks a sudden increase of 10 care contacts in the present 

year is associated with approximately 3 additional care contacts at some point in the future. This 

result provides essential information about the necessity of budget increases for future years in the 

case of exogenous increases in healthcare use. 

Keywords: Mental Healthcare, Register Data, Panel Data Models 

JEL Codes: I11, C23, C26 

 

2.1 Background 

Around 20% of the working age population in OECD countries are currently suffering from a 

mental disorder and the lifetime prevalence is even twice as high (OECD, 2012). These 

disorders often originate from childhood (Knapp et al., 2016; Kessler et al., 2007) and have 

                                                        
1 Joint work with Rob Alessie, Hermien Dijk, and Jochen Mierau. The data were retrieved from the Psychiatric 

Case Registry-Northern Netherlands (PCR-NN), which is maintained by the Rob Giel Onderzoekscentrum 

(RGOc). I thank Ellen Visser for managing and providing the data.  

 

This study benefitted from comments received at the Boston 2017 Congress of the international Health Economics 

Association (iHEA), the 2017 European Network for Mental Health Service Evaluation (ENMESH), the 20th 

Annual European Congress of the International Society For Pharmacoeconomics and Outcomes Research 

(ISPOR), and at the CPB Netherlands Bureau for Economic Policy Analysis. I want to thank everyone present for 

their comments and feedback. I thank Erik Buskens, Maarten Postma, Minke Remmerswaal, Talitha Veenstra and 

Tom Wansbeek for helpful comments. 
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long-lasting effects throughout the lifespan due to worse health and educational outcomes 

(Currie & Stabile, 2006; Currie, 2009; Johnston et al., 2014). 

 Since mental health problems appear to be highly persistent (Knapp et al., 2016), it is 

important to understand whether child and adolescent mental healthcare is also persistent. 

If, in a certain year, there is an increase in the amount of mental healthcare required, 

knowledge on the persistence of that care provides information about the necessity of budget 

increases for future years. Consequently, understanding the persistence of care is also an 

important component of cost-effectiveness research, as it allows for a more accurate 

prediction of child and adolescent mental healthcare costs. 

 In addition, knowledge on the nature of the persistence of care in children and 

adolescents provides insights about the effectiveness of budget increases to reduce future 

healthcare use. If the persistence of care is largely the result of children’s time-invariant 

underlying characteristics (spurious state-dependence), such as genetic predisposition (Lee 

et al., 2013), children currently in care are likely to receive care for many years to come, 

which, assuming the reception of care is strongly related to mental health states, suggests 

that care is mostly targeted at alleviating and managing symptoms but that it does not lead to 

full remission (Heckman, 1991). In that case, broad budget increases in mental healthcare are 

unlikely to yield future reductions in required care, unless they alter the nature of the care 

provided. If the role of individual time-invariant characteristics is small, either mental health 

problems in themselves dissipate over time, care appears to have long-term effects, or the 

mechanism at work consists of a combination of both. We will refer to persistence that is not 

caused by time-invariant individual characteristics as the direct care effect of persistence 

(true state-dependence). 

 Only few studies have focused on the persistence of child and adolescent mental 

healthcare. Farmer et al. (1999) and Shenkman et al. (2007) find presence of persistence in 

child (mental) healthcare in the US, but do not consider the role of time-invariant individual 

characteristics in this persistence. Several studies on the persistence of child and adolescent 

mental health problems found that most of the persistence in childhood and adolescence is 

likely to be due to time-invariant individual characteristics (Contoyannis & Li, 2007; Roy & 

Schurer, 2013; Wichstrøm et al., 2017). 

 One might assume that this time-invariant persistence in mental health translates to 

time-invariant persistence of mental healthcare. However, not all individuals with mental 

health problems will automatically receive mental healthcare (Kieling et al., 2011). 

Additionally, studies on the persistence of all healthcare expenditures of elderly US citizens 

generally find that for these individuals, time-invariant individual characteristics appear to 
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play a relatively small role in overall persistence of care (Feenberg & Skinner, 1994; French & 

Jones, 2004). Hence, the mechanism underlying the persistence of child and adolescent 

mental healthcare remains unclear. 

 Therefore, this study investigates the nature of the persistence of child and adolescent 

mental healthcare by distinguishing between persistence due to time-invariant individual 

characteristics and the direct care effect. We do so using Dutch registry data of psychiatric 

care of more than 80,000 children and adolescents in the Northern Netherlands, who 

received care between 2000 and 2012. The use of such a unique registry dataset results in a 

large representative sample of individuals in care in the Northern Netherlands. Furthermore, 

it circumvents reporting bias that might be present in survey self-reports of healthcare use 

(Drapeau et al., 2011). Hence, this allows us to obtain estimates of persistence in daily 

practice, which enhances the generalizability of the results. Additionally, during the period of 

observation, three major reforms took place of which we analyse the effects. 

2.2 Data 

We used a unique registry dataset from the Psychiatric Case Registry Northern Netherlands 

(PCR-NN), which is a large longitudinal record of care contacts at the largest psychiatric 

institutions in the Northern Netherlands between 2000 and 2012. The PCR-NN contains year 

of birth, sex and diagnoses of the individuals in care, as well as entries denoting each care 

contact an individual received, which contained information on the date of the care contacts 

and the type of care. 

 As soon as individuals had their first appointment, or received their first diagnosis, at 

one of the institutions they entered the PCR-NN. Each separate appointment or diagnosis is a 

new entry in the dataset. An individual might not be observed in the original sample at a 

particular point of time for several reasons: (1) the individual did not receive secondary 

psychiatric care; (2) the individual did receive secondary psychiatric care, but not at a 

reporting institution; (3) the individual is deceased. This third possibility can be ruled out if 

at a later point that individual reappears in the set. Additionally, mortality in the Netherlands 

for the age group 5-25 was continuously below 0.03% for all years 2000-2012 (CBS, 2017). 

While the mortality rates for the individuals in our sample may be higher than those of the 

general population, they are unlikely to be so to a problematic degree as the direct mortality 

for mental illnesses is generally low (OECD, 2014; WHO, 2018). Furthermore, as previously 

mentioned, the institutions in the dataset accounted for most of the secondary psychiatric 

care provided in the Northern Netherlands. Consequently, it was assumed that individuals 

receive no secondary psychiatric care when they are not observed. With these assumptions 

we transformed the PCR-NN into a panel dataset with time intervals of one year. 



9 
 

 The original sample of individuals aged 4 to 23 contains 5,975,096 observations of care 

contacts and diagnoses corresponding to 106,523 individuals. This sample was restricted to 

5,083,812 care contacts and diagnoses from 93,786 individuals for Ordinary Least Squares 

(OLS) estimation, as a few of these care contacts were logged before January 2000 and 

estimation of persistence automatically excludes individuals with only one available time 

period. This data was transformed so that observations represented care contacts per year, 

leading to 485,072 observations from 93,786 individuals. Furthermore, identification of the 

direct care effect required the availability of at least three consecutive time periods per 

individual. Consequently, the final sample for estimation of the direct care effect contained a 

total of 391,286 care contacts per year from 81,525 individuals. 

 Descriptive statistics of both samples are provided in Table 1. T-tests on the mean 

differences revealed that the two samples do not differ on the included baseline 

characteristics (𝑝 > 0.05), which indicates that the results in this study are not biased due to 

choices made regarding the sample selection. 

 

Table 1  Summary statistics 

 Mean Standard 

Deviation 

Minimum Maximum 

OLS sample (N = 93,786) 

 

Year of birth 1992.30 5.39 1978 2007 

Age 15.74 4.75 5 23 

Female 0.41    

Care contacts per year per individual 8.36 36.57 0 764 

 

Selected sample (N = 81,525) 

 

Year of birth 1992.27 5.08 1979 2006 

Age 16.14 4.50 6 23 

Female 0.40    

Care contacts per year per individual 7.09 34.55 0 764 
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2.3 Empirical Strategy 

We assumed that the persistence of care can be described as 

Carei,t = β ·  Carei,t−1 + 𝛀 ·  𝐗i,t + ci + εi,t,         (𝟏) 

where Carei,t and Carei,t−1 denote the number of care contacts individual i receives in year t 

and t − 1, respectively, ci captures time-invariant individual characteristics and 𝐗i,t is a vector 

of strictly exogenous control variables containing age and year dummies, εi,t denotes the 

error term and β is the parameter of interest, aimed to capture the direct care effect.  

 Equation (𝟏) could be estimated using OLS if time-invariant individual characteristics, 

ci, are left out of the model. However, this estimation would yield inconsistent estimates β 

and 𝛀 because Carei,t−1 is correlated with ci. To account for these time-invariant individual 

characteristic, we could estimate equation (𝟏) using first differencing: 

ΔCarei,t = β1 ·  ΔCarei,t−1 + 𝛃2 · Δ𝐗i,t + Δεi,t,            (𝟐) 

where ΔCarei,t = Carei,t - Carei,t−1, ΔCarei,t−1 = Carei,t−1 - Carei,t−2, Δ𝐗i,t = 𝐗i,t - 𝐗i,t−1, and 

Δεi,t = εi,t - εi,t−1. 

 Note that the right-hand side variable ΔCarei,t−1 is correlated with the error term Δεi,t 

so that OLS estimation of equation (𝟐) will yield inconsistent estimates. Additionally, first 

differencing introduces another source of autocorrelation since Δεi,t and Δεi,t−1 both depend 

on εi,t−1 (Nickell, 1981). To address these problems, we followed the suggestion of Arellano 

and Bond (1991) and estimation equation (𝟐) with Generalized Method of Moments with 

Instrumental Variables (GMM-IV) using past levels of care as instruments for ΔCarei,t−1. As 

excluded instrument, we used the first available lag of Carei,t that does not cause Δεi,t to be 

correlated with εi,t at a 10-percent significance level.2 We only used a single lag to prevent 

problems due to too many, or weak, instruments (Roodman, 2009b). 

 Since prevalence rates for certain disorders can differ strongly by sex (Merikangas et 

al., 2009), persistence might also differ by sex. To test this, we performed the estimation 

                                                        
2 Carei,t−2 will be a valid instrument as long as the error term εi,t (cf. equation (𝟏)) is serially uncorrelated. It then 

holds that E[Carei,t−2 |Δεi,t] = 0. Note also that Δεi,t follows an AR(1) process (cov(Δεi,t, Δεi,t−1) < 0 and 

(cov(Δεi,t, Δεi,t−k) < 0, 𝑘 ≥ 2) if εi,t is serially uncorrelated. We initially ran a difference GMM-IV regression with 

Carei,t−2 as excluded instrument for ΔCarei,t−1. We then carried out a Cumby-Huizinga test (Cumby and Huizinga, 

1992) to check for the validity of the following hypothesis: Δεi,t follows an AR(1) process. If the test results 

indicated that there was a higher order process AR(𝑘), we used Carei,t−(k+1) as excluded instrument for ΔCarei,t−1. 

We again performed the Cumby-Huizinga test to assess whether Δεi,t follows an AR(𝑘) process. In case the 

Cumby-Huizinga test indicated another autocorrelation process AR(𝑙), 𝑙 ≠ 𝑘, at a 10-percent significance level, the 

excluded instrument for ΔCarei,t−1 was updated following the same procedure. 
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separately for males and females. Additionally, we performed a number of sensitivity and 

robustness analyses. Firstly, we analysed how three different healthcare reforms might have 

changed the persistence of care over the period of observation. Specifically, we looked at 

differences after the Dutch healthcare reform in 2006, the introduction of Diagnostic 

Treatment Combinations (DTCs) in 2008, and the introduction of co-payments for 

individuals aged 18 plus in 2012. 

 We also tested whether our estimations are robust to different definitions of care. First, 

we re-estimated the model using cost estimates of care instead care contacts, after which we 

did the same using number of days per year an individual received care instead of care 

contacts. Additionally, we varied the time unit of measurement. Lastly, we performed 

separate estimations for individuals with a diagnosis of Attention-Deficit/Hyperactivity 

Disorders (ADHD), Pervasive Developmental Disorders (PDD), anxiety, and Episodic Mood 

Disorders (EMD) and any of their subtypes. All estimations were performed using STATA/SE 

15.0 (STATA; https://www.stata.com/), the difference GMM-IV estimations were performed 

using the command xtabond2 (Roodman, 2009a). 

2.4 Results 

Table 2 shows the estimates for β of equation (𝟏).3 The difference GMM-IV estimate only 

captured the direct care effect and has a value of 0.215, which is smaller than unity, 

indicating a stable process. Hence, if children or adolescents experience a sudden increase in 

mental healthcare above a certain individual-specific base level of care in a certain year, they 

will receive an increased number of care contacts for the following years, but this effect will 

weaken over time so that eventually they will receive a base level of care again, as long as 

there are no further shocks. Hence, in the absence of further shocks, a sudden increase of 10 

care contacts in the present year is associated with approximately a total of less than 3 

additional care contacts in the future above an individual’s long-term base-level. 

 According to the Cumby-Huizinga autocorrelation test (1992), the model in equation 

(𝟐) does not suffer from a MA(𝑘) process (𝑝 < 0.01), however we found a second-order 

autocorrelation process (𝑝 > 0.10) (i.e., Δεi,t is correlated to Δεi,t−1 and Δεi,t−2), suggesting 

that the model from equation (𝟏) suffers from a first-order autocorrelation process (𝑝 < 

0.01). In other words, εi,t appeared to be correlated with εi,t−1, but not with εi,t−2. This 

autocorrelation process is likely the result of the inclusion of a lagged dependent variable. As 

a result, Carei,t−3 is the first valid instrument. 

                                                        
3 The FE estimate, β1 in equation (𝟐), functioned as a first check, as the difference GMM-IV estimate should lie 

between the OLS and FE estimate (Bond, 2002). The results demonstrate that this is the case and, consequently, 

that the difference GMM-IV estimate is likely consistent. 
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Table 2  Estimates of persistence of care 

Care contacts OLS FE d.GMM-IV 

Care contacts (-1) 0.539*** 0.189*** 0.215*** 

 (0.0064) (0.0016) (0.0156) 

  

Age dummies YES YES YES 

Year dummies YES YES YES 

  

Observations 485,072 485,072 391,286 

R-squared 0.268 0.211  

Number of ID 93,786 93,786 81,525 

d.GMM-IV = difference Generalized Methods of Moments with Instrumental Variables; Robust standard errors in 

parentheses. Inference: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.10. Cumby-Huizinga autocorrelation test results yielded 

p-values of 0.000 {AR(1)}; 0.000 {AR(2)}; 0.215 {AR(3)}; 0.977 {AR(4)}. 

 

 To prevent large reductions in sample size due to required availability of lags of 

Carei,t−1, missing values for Carei,t−3 in the first stage equation were replaced by the zeros. 

This will not bias the results (Holtz-Eakin et al., 1988). Since weak instruments might 

become a problem, we performed an F-test to determine the join significance of the 

instruments for ΔCarei,t−1 We found an F-statistic of 1,746.95 (𝑝 > 0.10) using cluster robust 

standard errors which indicates that Carei,t−3.is a relevant instrument for ΔCarei,t−1.4 

 In addition, the OLS estimate of equation (𝟏) of 0.539 differs substantially from the 

difference GMM-IV estimate, suggesting that the majority of observed persistence is 

associated with time-invariant individuals characteristics. In other words, to a large extent, 

children currently in care appear to receive care for years.5 If we assume that the reception of 

care is strongly related to children’s mental health states, this finding of the large role of 

time-invariant individual characteristics suggests that a substantial amount of care might be 

targeted at alleviating and managing symptoms, but not lead to full remission.  

 Results of the difference GMM-IV estimation on sex differences can be found in Table 

3. For 23 individuals, gender was unknown, hence these individuals were excluded from the 

estimation. Females have a higher persistence of care than males (0.247 and 0.181, 

respectively). Both the interaction between the gender dummy and the lagged dependent 

                                                        
4 We also extended the set of instruments by including interactions between year dummies and Carei,t−1. The 

estimation results are barely affected by the inclusion of those extra instruments. Additionally, when we also 

include Carei,t−4 up to Carei,t−10 as excluded instruments, results do not change substantially: the direct care effect 

ranges between 0.218 (𝑝 < 0.01) and 0.230 (𝑝 < 0.01), depending on the number of lags as excluded instruments. 
5 Since OLS estimation requires less available lags of Carei,t, the sample differs slightly from the sample used for 

difference GMM-IV estimation. Consequently, we have also performed the same OLS estimation using the sample 

used for difference GMM-IV. This estimation resulted in a very similar coefficient of 0.522 (𝑝 < 0.01). 
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variable and the F-test for the joint significance of all other interactions with the gender 

dummies are statistically significant (𝑝 < 0.05). This suggests that both the level and 

persistence of care is statistically significantly higher for females than for males. This 

difference in persistence might be the result of difference prevalence rates across different 

diagnoses between males and females (Kerig et al., 2012).   

 

Table 3  GMM-IV estimation on sex differences 

Care contacts Full sample Males Females 

Care contacts (-1) 0.181*** 0.181*** 0.247*** 

 (0.0207) (0.0207) (0.0236) 

Care contacts (-1) × female 0.065**   

 (0.0314)   

 

Age dummies YES YES YES 

Year dummies YES YES YES 

Interaction terms females YES NO NO 

 

Observations 391,177 235,835 155,342 

Number of ID 81,502 46,149 35,353 

Robust standard errors in parentheses. Inference: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.10.  

 

2.5 Supplementary Analyses 

In the supplementary analyses we demonstrate that the identification strategy is robust to 

policy reforms and different definitions of care. Furthermore, we show that although results 

differ across the distribution, conclusions remain similar. Finally, we focus on decomposition 

by diagnosis. 

2.5.1 Policy Reforms 

We first assessed the effects on the persistence of care of several healthcare reforms that took 

place in the period 2000-2012, using structural breaks. We found that the Dutch healthcare 

reform of 2006 did not statistically significantly affect persistence of care (𝑝 > 0.10), whereas 

the introduction of Diagnosis Treatment Combinations (DTCs) in 2008 appeared to be 

associated with a weakly statistically significant increase in the persistence of care (𝑝 > 

0.10).6 This increase in the persistence of care might be the result of the upcoding of DTCs: 

by placing patients in higher DTCs than medically required providers can obtain higher 

                                                        
6 A combined F-test for both structural breaks rejected the null hypothesis of no structural breaks with 𝑝 < 0.01. 
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reimbursements (van Herwaarden et al., 2020). The introduction of co-payments for 

individuals aged 18 plus in 2012 does not affect our results: when we performed the 

estimation with and without the observations from 2012, the estimates for the direct care 

effect did not differ (𝑝 > 0.10). Results can be found in Table A4 in the Appendix. 

2.5.2 Definitions of Care 

Second, we tested whether our estimations are robust to different definitions of care. First, 

we re-estimated the model using cost estimates of care instead care contacts, after which we 

did the same using number of days per year an individual received care instead of care 

contacts. Both results were very similar to our initial estimate, indicating that our initial 

results are robust to different definitions of care. We also varied the time unit of 

measurement by re-estimating the model again with number of care contacts per quarter - 

instead of number of care contacts per year - as our variable of interest. The results of this 

estimation showed a substantially larger coefficient for the direct care effect of persistence (𝑝 

< 0.01). This difference might arise when the reception of care is largely episodic within a 

year (i.e., individuals receive care for a short number of weeks, or months, and no care 

outside this period), but individuals receive repeated ‘care episodes’ over multiple years. 

Results can be found in Table A5 in the Appendix. 

2.5.3 Decomposition by Diagnoses and Distribution 

We also performd separate estimations for individuals with a diagnosis of Attention-

Deficit/Hyperactivity Disorder (ADHD), Pervasive Developmental Disorders (PDD), anxiety, 

and Episodic Mood Disorders (EMD) and any of their subtypes. We found no statistically 

significant differences in the direct care effect between the different diagnosis groups. When 

we estimated the direct care effect of persistence for the highest care users in 2000 (𝑝 < 

0.01), we found a significantly higher estimate of the direct care effect for these individuals. 

This suggests that the persistence of care might depend on individuals’ initial place in the 

distribution of care use. Results can be found in Table A6 in the Appendix. 

2.6 Concluding Remarks 

In this chapter we estimated a coefficient of the year-to-year direct care effect of persistence 

of Dutch psychiatric care of 0.215. In the different sensitivity analyses, this coefficient varied 

depending on gender, the introduction of DTCs, the duration over which care was measured. 

Comparison of the OLS and difference GMM-IV results indicated that a substantial part of 

persistence is due to time-invariant individuals characteristics. These results seem to be in 

line with previous studies on the persistence of child and adolescent mental health problems 

(Contoyannis & Li, 2007; Roy & Schurer, 2013; Wichstrøm et al., 2017). For example, 
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Wichstrøm et al. (2017) found coefficients of 2-year homotypic persistence that, depending 

on the disorder, lie between 24% and 56% of estimates of persistence that also include 

persistence due to time-invariant characteristics. This study is the first that considers the 

distinction between persistence of mental healthcare due to time-invariant characteristics 

and the direct care effect, which provides important information about the nature of care for 

policy makers and future research.  

 Nevertheless, this study has some limitations, which we will discuss here. First, the 

PCR-NN tracks individuals across institutions in the Northern Netherlands. However, not all 

institutions are included in the set, and individuals might obtain care at institutions outside 

the Northern Netherlands or in primary care. Consequently, at some point individuals in the 

set might have received secondary psychiatric care at institutions outside the set. Since we 

assume that individuals that are not observed receive no care, the persistence of care might 

be underestimated. However, as previously mentioned, the PCR-NN covers most psychiatric 

care in the Northern-Netherlands. Consequently, this bias is likely to be small. 

 Additionally, while the PCR-NN contains observations on a large number of individuals 

between 2000-2012, it lacks information on individual characteristics aside from gender, age 

and diagnoses. As such, the current study is unable to investigate which time-invariant 

characteristics in particular are responsible for the persistence of care not explained by the 

direct care effect. Hence, this is a topic for further research. Literature showing a strong 

correlation between socioeconomic status and certain mental health problems (Goodman et 

al., 2003), as well as the probability of receiving mental healthcare (Daley, 2004; Mandell et 

al., 2009), suggests that there might be a link between socioeconomic status and time-

invariant persistence of care. 

 Furthermore, in this study we performed a number of robustness and sensitivity 

analyses. It should be noted that the multiplicity problem might arise: the more analyses 

there are performed, the higher the probability that one or more of the results are generated 

by random chance. Additionally, our estimates on the persistence of care should not be 

conflated with the necessity for care. There might be large groups of individuals with mental 

health problems who have never been in care and thus not represented in our sample 

(Kieling et al., 2011). Hence, budgeting decisions based on our estimates should take factors 

in the accessibility of care into account, especially since individuals who might require care 

but are somehow unable to access it might be among the most vulnerable among society. 

 Concerning the identification strategy, instead of using the levels in the first-stage and 

first differences in the second-stage equation, we could have used lagged changes in Carei,t as 

additional moment conditions in the first-stage equation and levels in the second stage to 
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increase efficiency, as suggested by Arellano and Bover (1995) and Blundell and Bond (1998). 

This estimator is only consistent if persistence of care follows a random walk, i.e. if 

individuals are at, or close to a steady state (Roodman, 2009a). However, since we focus on 

young individuals it seems unlikely that this stationarity assumption holds, since the median 

age of onset of mental disorders is around the age of 14 (Kessler et al., 2007). Hence, most 

individuals in our sample will not have reached a steady state yet. As a result, system GMM-

IV would not be sensible as one of its main assumptions is violated in our sample. 

 Furthermore, Hsiao et al., (2002) introduced a Maximum Likelihood (ML) approach 

which appears to dominate the GMM-IV approach in terms of efficiency of the estimator 

(Hsiao et al., 2002; Moral-Benito et al., 2019). Wichstrøm et al. (2017) were the first to apply 

this estimator in child and adolescent psychiatry. However, this ML estimator is only more 

efficient if there are few time-series observations per individual (i.e. small T), the cross-

section dimension of the data is small (i.e. small N) or when time-invariant explanatory 

variables should be included in the second stage (Moral-Benito et al., 2019). Hence, applying 

current ML estimators would only result in very minor efficiency gains due to our large 

dataset and statistically significant results. 

 The contribution of the results with respect to the purchasing process in Dutch 

psychiatric care is twofold. First, we show that an sudden increase in youth mental healthcare 

leads to a diminishing increase in care for the subsequent years. This information leads to 

more accurate budget allocation decisions in mental healthcare purchasing. Second, 

persistence in youth mental healthcare trajectories is partially unalterable with broad budget 

increases, as a substantial part of the persistence is associated with individual time-invariant 

characteristics. Hence, this finding suggests that personalised investments in youth mental 

health are required to ensure maximum care efficiency.  
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Appendix 

A2.1 Figures & Tables 

 

Table A4  The 2006, 2008 and 2012 healthcare reforms 

Care contacts 2006 2008 2012 

Care contacts (-1) 0.183*** 0.186*** 0.201*** 

 (0.0280) (0.0215) (0.0170) 

Care contacts (-1) × reform 0.047 0.064*  

 (0.0366) (0.0374)  

 

Age dummies YES YES YES 

Year dummies YES YES YES 

Structural breaks YES YES NO 

 

Observations 391,286 391,286 332,907 

Number of ID 81,525 81,525 74,259 

Robust standard errors in parentheses. Inference: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.10.  

 

 

Table A5  Different definitions of care 

Care Number of  

care days 

Cost analysis Care contacts  

per quarter 

Care (-1) 0.224*** 0.231*** 0.627*** 

 (0.0147) (0.0180) (0.006) 

 

Age dummies YES YES YES 

Year dummies YES YES YES 

 

Observations 391,286 391,286 2,009,510 

Number of ID 81,525 81,525 100,515 

Robust standard errors in parentheses. Inference: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.10.  
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Table A6  Diagnosis groups and highest care-users 

Care ADHD Anxiety EMD PDD Upper tail 

Care (-1) 0.181*** 0.183*** 0.220*** 0.182*** 0.364*** 

 (0.0282) (0.0334) (0.0438) (0.0255) (0.0966) 

   

Age dummies YES YES YES YES YES 

Year dummies YES YES YES YES YES 

   

Observations 100,609 43,919 17,951 82,783 2,113 

Number of ID 19,666 10,175 4,311 14,870 354 

Robust standard errors in parentheses. Inference: *** 𝑝 < 0.01, ** 𝑝 < 0.05, * 𝑝 < 0.1.  

 

 

A2.2 List of Abbreviations 

 

AR  = Autoregressive 

ADHD  = Attention-Deficit/Hyperactivity Disorder 

DTC  = Diagnosis Treatment Combination 

EMD  = Episodic Mood Disorders 

GMM-IV = Generalized Method of Moments with Instrumental Variables 

PCR-NN  = Psychiatric Case Registry Northern Netherlands 

PDD  = Pervasive Developmental Disorders 

OLS  = Ordinary Least Squares 
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Chapter |3| 

 

3. Cost-Effectiveness of Treatments in Children with 

Attention-Deficit/Hyperactivity Disorder: A 

Continuous-Time Markov Modelling Approach1 

 

Abstract 

This study aimed to assess the cost-effectiveness of treatments for Attention-Deficit/Hyperactivity 

Disorder (ADHD) in children through prevention of serious delinquent behaviour. Cost-

effectiveness was assessed in Net-Monetary Benefit (NMB). To evaluate the three major forms of 

ADHD treatment (medication management, behavioural treatment, and the combination thereof) 

relative to community-delivered treatment (control condition), we used data from 448 children, 

aged 7 to 10, who participated in the NIMH’s Multimodal Treatment Study of Children with ADHD 

(MTA study). We developed a three-state continuous-time Markov model (no delinquency, minor 

to moderate delinquency, serious delinquency) to extrapolate the results ten years beyond the 14-

month trial period at a 3% discount rate. Serious delinquency was considered an absorbing state to 

enable assessment in Life-Years (LYs) of serious delinquent behaviour prevented. The 

Willingness-To-Pay (WTP) threshold was set equal to the annual cost associated with serious 

delinquency in children with ADHD of $12,370. The economic evaluation revealed a NMB of 

$95,449, €88,553, $90,536 and $98,660 for medication management, behavioural treatment, 

combined treatment, and routine community care, respectively. Estimates remained stable after 

linearly increasing the WTP threshold between $0 and $50,000 in the deterministic sensitivity 

analyses. Treatment evaluation in broader societal outcomes is essential for policy makers, as the 

controlled treatments turned out to be inferior in cost-effectiveness to the control condition. 

Keywords: Mental Healthcare, Statistical Simulation, Cost-Benefit Analysis 

JEL Codes: I11, C15, D61 

 

3.1 Background 

Attention-Deficit/Hyperactivity Disorder (ADHD) is a neurodevelopmental disorder 

characterised by developmentally inappropriate and impairing inattention, hyperactivity, and 

impulsivity, mostly seen and diagnosed in children and adolescents (Faraone et al., 2015; 

Feldman & Reiff, 2014). According to the meta-analysis of Polanczyk et al. (2015) of 41 

                                                        
1 Joint work with Jochen Mierau, Jurjen van der Schans, Annabeth Groenman, Pieter Hoekstra, Maarten Postma, 

Erik Buskens and Qi Cao. Data was retrieved from the Multimodal Treatment of Attention-Deficit/Hyperactivity 

Disorder (MTA) study, regulated by the National Institute of Mental Health (NIMH) in the United States. 

 

This chapter is based on Freriks, R.D., Mierau, J.O., van der Schans, J., Groenman, A.P., Hoekstra, P.J., Postma, 

M.J., Buskens, E., & Cao, Q. (2019). Cost-Effectiveness of Treatments in Children with Attention-

Deficit/Hyperactivity Disorder: A Continuous-Time Markov Modelling Approach. MDM Policy & Practice, 4(2), 

2381468319867629. doi:10.1177/2381468319867629 
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studies in 27 countries from every world region, the prevalence of ADHD in children and 

adolescents is estimated around 3.4% (Polanczyk et al., 2015). Academic failure, poor self-

esteem, troublesome peer and family relationships, substance abuse and delinquent 

behaviour are associated with ADHD and patients are often diagnosed with one or more co-

occurring psychiatric disorders (Faraone et al., 2015; Feldman & Reiff, 2014; Currie & 

Stabile, 2006; Currie et al., 2010). The majority of children and adolescents diagnosed 

continue to have impairing symptoms into adulthood (Faraone et al., 2015; Feldman & Reiff, 

2014; Currie et al., 2010). The negative impact of ADHD within and beyond the health 

system during childhood and the long-lasting impact into adulthood result in significant 

long-term personal and societal costs (Matza et al., 2005; Hakkaart-van Roijen et al., 2007; 

Doshi et al., 2012; Le et al., 2014). 

 The major treatments to mitigate the related (economic) burden of ADHD are 

medication management and behavioural treatment, alone or in combination (MTA 

Cooperative Group, 1999). Jensen et al. (2005) evaluated the cost-effectiveness of these 

treatments using data from the NIMH’s Multimodal Treatment Study of Children with 

ADHD (MTA study) (Tambour et al., 1998), in which 579 children with ADHD were assigned 

to 14 months of controlled medication management, behavioural treatment, the combination 

of medication management and behavioural treatment (also referred to as combined 

treatment), or routine community care (control condition) (MTA Cooperative Group, 1999, 

2004). The cost-effectiveness of medication management proved superior to behavioural 

treatment at the end of 14-month trial (Jensen et al., 2005). The combined treatment is less 

superior than medication management due to the considerable increase in costs associated 

with behavioural treatment (Jensen et al., 2005). We build on this study by focusing on the 

cost-effectiveness beyond the trial period of the MTA study. Hence, a decision model was 

developed to evaluate the ten-year cost-effectiveness of the treatments of the MTA study. 

 Contrary to previous Markov models for ADHD treatment evaluation (Faber et al., 

2008; Wu et al., 2012; Schawo et al., 2015; van der Schans  et al., 2015), we proposed a 

different model structure.  First, ADHD is a chronic condition which makes a full remission 

state unlikely. Second, the level of ADHD symptoms tends to be highly persistent over time 

(Asherson et al., 2016; van Lieshout et al., 2016). Thus, decision models with diseases states 

based on ADHD symptoms end up with extremely low or high transition probabilities, which 

limits the applicability of the model. Third, treatments for ADHD are mostly evaluated in 

terms of symptomatic outcomes, while the (economic) burden of ADHD often extends to 

society at large (Matza et al., 2005; Hakkaart-van Roijen et al., 2007; Doshi et al., 2012; Le et 

al., 2016). For example, anti-social behaviours and delinquency associated with ADHD result 

in significant costs for society (Swensen et al., 2003, 2004; Jones & Foster, 2009). 
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Specifically, D’Amico et al. (2014) demonstrated that conduct disorders in childhood are 

associated with a two- to threefold increase in early adulthood costs, mainly driven by 

criminal acts and judicial contacts (D’Amico et al., 2014). Therefore, we defined delinquency 

states for our decision model. Importantly, delinquency is a distinct indicator for children’s 

behaviour and participation in society. Also,  robust correlations between delinquency and 

the level of ADHD symptoms are found in the literature (Barkley et al., 2004; Jensen et al., 

2007; Satterfield et al., 2007). Fourth, we followed common practice and based the 

extrapolation on data within the trial period of the MTA study. Subsequently, contrarily to 

previous studies, we used follow-up data to assess the accuracy of the model’s long-term 

prediction to ensure reliability of modelling estimates in future economic evaluation. Finally, 

previous Markov models for ADHD treatment evaluation consider discrete time periods 

(Faber et al., 2008; Wu et al., 2012; Schawo et al., 2015; van der Schans  et al., 2015). 

Consequently, changes in states occur only at the beginning or end of predefined time 

intervals (van Rosmalen et al., 2013). We have relaxed this assumption to build our model in 

continuous time. This relaxation was previously shown to result in more accurate estimates 

(Soares et al., 2013). 

3.2 Data 

3.2.1 MTA Study 

For this study we used data from the MTA study, a multi-site randomised controlled trial that 

was conducted in the United States (US) and was designed to evaluate the major forms of 

ADHD treatment (MTA Cooperative Group, 1999, 2004). Children had been randomly 

assigned to one of the three active treatments – medication management, behavioural 

treatment or the combination thereof (hereafter combined treatment) – or routine 

community care. Routine community care is the control condition and reflects the nature of 

less intensive (and less costly) community-delivered treatment. The MTA study involved 14-

months of controlled treatment in 579 children with ADHD, aged 7 to 10 years, with 

naturalistic follow-ups for up to 16 years after the end of the trial period. Follow-up 

assessments were carried out during childhood (2 and 3 years after baseline), (late-

)adolescence (6, 8, and 10 years after baseline), and adulthood (12, 14, and 16 years after 

baseline). We used the follow-up data of childhood and late-adolescence periods, since our 

modelled outcome variable (delinquency) was not assessed in adulthood. Summary statistics 

of the baseline characteristics age, gender, comorbidity, intelligence, ethnic background and 

occupation-based socioeconomic family status are presented in Table 7.  
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Table 7  Summary statistics 

 Mean Standard Deviation 

Dropped sample (N = 131) 

   

Age 7.90 0.84 

Female 0.168  

Comorbidity 0.260  

Intelligence, WISC-III IQ 102.06 13.08 

Non-Caucasian background 0.374  

High occupation-based  

socioeconomic family status 

0.298  

   

Selected sample (N = 448) 

   

Age 7.74 0.80 

Female 0.205  

Comorbidity 0.252  

Intelligence, WISC-III IQ 100.16 15.22 

Non-Caucasian background 0.392  

High occupation-based  

socioeconomic family status 

0.317  

   

WISC = Wechsler Intelligence Scale for Children; IQ = Intelligence Quotient. 

 

 Comorbidity is a dummy variable that equals 1 for the presence of anxiety and/or 

depression. Intelligence is the child’s total Intelligence Quotient (IQ) measured with the 

Wechsler Intelligence Scale for Children-III (WISC-III). Ethnic background is a dummy 

variable that equals 1 for children from a non-Caucasian background. Finally, occupation-

based socioeconomic family status is a dummy variable that equals 1 for children from a 

high-socioeconomic family status. Further details on the four treatment modes of the MTA 

study and other baseline characteristics are available in previous publications (MTA 

Cooperative Group, 1999, 2004; Molina et al., 2007, 2009). All study procedures had been 

approved by institutional review boards and were carried out in accordance with the 

Declaration of Helsinki. Participants and parents were informed of the procedures and 

provided written informed consent (MTA Cooperative Group, 1999).  



23 
 

3.2.2 Delinquency Outcome 

In this study, a six-point scale on delinquency was used as primary outcome variable (Molina 

et al., 2009), coded ordinally from two parent-report measures, the DISC-IV-CD Module and 

the Parent DSM-IV Aggression and Conduct Disorder Rating Scale (American Psychiatric 

Association, 1994), and two self-report measures. Specifically, the Self-Reported Antisocial 

Behavior questionnaire (SRA) (Loeber et al., 1989) at the 2-year assessment and the Self-

Reported Delinquency questionnaire (SRD) (Elliott et al., 1985) at the 3-year assessment. By 

using all available procedures participants were assigned (retrospectively) a delinquency 

classification code at each assessment point (Wolfgang  et al., 1985; Lee et al., 2004; Loeber 

et al., 1991, 1998). The coding scheme of the Pittsburgh Youth Study was used to contribute 

items to each code (Loeber et al., 1991, 1998).  

 The delinquency scale was then categorised as: 0 = no delinquency; 1 = minor 

delinquency only at home (e.g., theft of less than $5 or vandalism); 2 = minor delinquency 

outside of the home (e.g., vandalism, cheating someone, shoplifting less than $5); 3 = 

moderately serious delinquency (e.g., vandalism, theft of $5 or more, carrying a weapon); 4 = 

serious delinquency (e.g., breaking and entering, drug selling, attacking someone with the 

intent to seriously hurt or kill, rape); 5 = engagement in two or more different level 4 

offences. This variable was assessed at baseline, after the 14-month trial period, and at the 

follow-up assessments after 2, 3, 6, and 8 years. 

3.3 Empirical Strategy 

3.3.1 Simulation Model 

To predict the trajectories of delinquent behaviour during adolescence in relation to the four 

treatment modes of the MTA study, we developed a continuous-time Markov model based on 

three delinquency states (Figure 3): no delinquency (state 1); minor to moderate 

delinquency (state 2); and serious delinquency (state 3). The states were discerned based on 

the delinquency scale mentioned above, in which a 0 score was considered no delinquency, 1 

to 3 scores minor to moderate delinquency, and scores 4 and 5 serious delinquency. 

 The specification, parameter estimation, and evaluation of this model were conducted 

using vertical modelling formulation (Nicolaie et al., 2010; Cao et al., 2016). Briefly, this 

includes the specification of the Markov process by means of two main parameters: (i) 

sojourn time distributions and (ii) the probabilities of the next state visited (hereafter future 

state probabilities). The treatment indicator was incorporated in the corresponding 

parametric survival and multinomial regression models. Finally, the modelled outcomes were 

evaluated using Monte-Carlo simulation of the whole procedure.  
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Figure 3  Schematic representation of the Markov model 

 To assess the cost-effectiveness of the treatments through prevention of serious 

delinquent behaviour, we considered serious delinquency to be an absorbing state. This 

assumption does not allow participants to either make transition out of this state (i.e., 

decrease the delinquency level after entering the serious delinquency state) or start in this 

state (i.e., enrolling in this study with delinquency levels 4 or 5). Consequently, within the 

total sample size of 579 children, our Markov model was built based on the delinquency data 

from 448 children. The reason for exclusion of these 131 children was that they either already 

had a 4 or 5 delinquency score when enrolling in the study or follow-up data was missing. 

 Exponential survival models were subsequently used to estimate the cumulative 

distribution functions of the sojourn time in both states 1 and 2 (Fi(u), i = 1,2). The future 

state probabilities (πij, i = 1,2; j = 1,2,3; i ≠ j) were estimated by fitting logistic regression 

models to the event indicator of entering the serious delinquency state from the no 

delinquency state π13 and from the minor to moderate delinquency state π23. The transition 

probabilities between the no delinquency state and minor to moderate delinquency state can 

then be calculated using one minus the two previously mentioned two probabilities. The 

treatment indicator was incorporated as the covariate in both exponential survival and 

logistic regression models.   
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 We developed our model based on the individual trajectory of delinquency seriousness 

within the trial period, as we use the ten-year follow-up data to validate accuracy of long-

term prediction. The outcome of our model is the average time of not reaching the serious 

delinquency state, defined as the Life-Years (LYs) of serious delinquent behaviour prevented. 

Model performance was internally validated by comparing the predicted probability (average 

across 100,000 simulation runs) of serious delinquent behaviour prevented (based on a 

Kaplan-Meier estimate) to the observed empirical survival curves with the same outcome 

variable. The simulated results reflected a ten-year time horizon. The available follow-up data 

in the MTA study enabled the unique opportunity to internally validate the modelling 

prediction at ten-year follow-up for the four different treatments. 

3.3.2 Net-Monetary Benefit Framework 

We included treatment costs in which the following three components were taken into 

account: medication cost, visit cost for teachers and aides, and cost of psychiatrist, 

psychologist and paediatrician. Per treatment group, we converted the longitudinal costs into 

daily costs. The respective resulting daily costs were $0.52 for routine community care, $0.62 

for medication management, $3.18 for behavioural treatment and $3.53 for the combined 

treatment (Jensen et al., 2005). Total treatment costs were calculated by multiplying the LYs 

of serious delinquent behaviour prevented with the daily costs. The annual rate of 

discounting was set at 3% for both cost and effectiveness outcomes (Gold et al., 1996). 

 We compared the cost-effectiveness outcomes among the treatments in terms of the 

Net-Monetary Benefit (NMB) framework (Tambour et al., 1998). The Willingness-To-Pay 

(WTP) threshold was set equal to the annual cost associated with serious juvenile 

delinquency in children with ADHD retrieved from previous research in the US (Matza et al., 

2005). They assessed the individual’s criminal history through self-report, including crimes, 

juvenile detention, probation, and jail based on information from the Bureau of Justice 

Statistics, the Federal Bureau of Investigation, and the Criminal Justice Institute. The mean 

total criminal costs were $12,868 and $498 for children with and without ADHD, 

respectively. Hence, we incorporated the adjusted difference of $12,370 as WTP threshold – 

the cost avoided in the serious delinquency state. The cost-effectiveness can then easily be 

calculated within this framework as  

    NMB = mean prevented LYs × WTP − mean total treatment cost.      (𝟑) 

 

3.3.3 Robustness Checks 

First, the WTP threshold is a key parameter, hence determining the conclusions drawn from 

the NMB analysis. Therefore, we re-evaluated equation (𝟑) with linearly increasing WTP 
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thresholds between $0 and $50,000. Second, we used logistic regression models to control 

for sample selection and the likelihood of absorbance. In the first model we controlled for the 

effect of sample selection by estimating Odds Ratios (ORs) of model exclusion conditional on 

the relevant covariates age, gender, comorbidity, intelligence, ethnic background and 

occupation-based socioeconomic family status. We established whether the covariates 

mentioned above were independent predictors for model exclusion at a five-percent 

significance level. Third, we focused on the likelihood of the absorbance in the serious 

delinquency state. We compared the adjusted OR of absorbance in the serious delinquency 

state with moving out of this state at a five-percent significance level for both the included 

and excluded children.  All of above statistical analyses were performed with R 3.2.4 

(R Foundation; https://www.r-project.org/foundation/) and STATA/SE 15.0 (STATA; 

https://www.stata.com/). 

3.4 Results 

3.4.1 Model Validation 

The model parameters estimation results are presented in Table 8. As is shown in Figure 4, 

the predicted survival curves obtained from our Markov model closely resembled the 

observed survival curves. The only exception was the curve for children who were assigned to 

medication management, in which a clear overestimation of the probability of preventing 

serious delinquent behaviour was detected. Our model provided excellent predictions for 

children assigned to routine community care and the combined strategy of medication 

management and behavioural treatment. Specifically, the mean difference in percentage of 

LYs of serious delinquent behaviour prevented between the modelled and observed 

trajectories is 8.5% for medication management, 7.8% for behavioural treatment, 5.8% for 

the combined treatment and 5.7% for routine community care. 

3.4.2 Economic Evaluation 

32 of the 448 children (7%), who started at baseline in the no delinquency or mild to 

moderate delinquency state, reached the serious delinquency state within ten years’ time. For 

policy makers this is a substantial percentage, looking at the description of the delinquency 

levels associated with this state and taking into account the annual cost associated with 

serious juvenile delinquency in children with ADHD of $12,370 (Matza et al., 2005). Table 9 

presents the cost-effectiveness results stratified by the four treatment modes considered in 

the MTA study. We performed both undiscounted and discounted analysis.   



27 
 

 

 

 

 

Table 8  Specification and parameter estimation of the Markov model 

Markov model α βTT 

F1(u)   

T1 6.89 (0.22)  

T2 6.89 (0.22) 0.08 (0.32) 

T3 6.89 (0.22) 0.13 (0.32) 

T4 6.89 (0.22) -0.10 (0.30) 

F2(u) 

T1 7.02 (0.17)  

T2 7.02 (0.17) -0.16 (0.22) 

T3 7.02 (0.17) -0.02 (0.24) 

T4 7.02 (0.17) -0.15 (0.22) 

π13   

T1 -3.13 (1.10)  

T2 -3.13 (1.10) 0.61 (1.25) 

T3 -3.13 (1.10) 0.64 (1.25) 

T4 -3.13 (1.10) 0.07 (1.44) 

π23   

T1 -3.13 (0.67)  

T2 -3.13 (0.67) 0.20 (0.49) 

T3 -3.13 (0.67) 0.23 (0.50) 

T4 -3.13 (0.67) -0.33 (0.54) 

�
  F1(u; λ) = F2(u; λ) = 1 − exp(−λu)

 λ = exp(−α − βTT)                            
 

                                                           

�
  θ(π13) = α + βTT + βG G

  θ(π23) = α + βTT + βG G
 

 
Standard errors are presented in parentheses; T2, T3, T4 respectively represent routine community care, medication 

management, behavioral treatment and combined treatment, with routine community care as the reference category 

for βTT;  θ(π) = log (π(1 − π))  is the logit function. 
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Figure 4  Results of the model validation for the four treatment modes: (a) routine community care, 
(b) medication management, (c) behavioural treatment, (d) combined treatment; straight (dashed) 
lines represent observed data (model prediction). 
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Table 9  Results economic evaluation stratified by treatment mode 

Treatment mode Meant total  

cost ($) 

Mean LYs 

prevented (years) 

Mean NMB ($) 

Undiscounted 

    

a. Routine community care 1,769 9.32 113,519 

b. Medication management 2,043 9.03 109,658 

c. Behavioural treatment 10,539 9.08 101,781 

d. Combined treatment 12,111 9.40 104,167 

    

Discounted    

    

a. Routine community care 1,537 8.10 98,660 

b. Medication management 1,779 7.86 95,449 

c. Behavioural treatment 9,170 7.90 88,553 

d. Combined treatment 10,527 8.17 90,536 

    

LY = Life-Year; NMB = Net-Monetary Benefit.  

 

 In ten years’ time, the discounted average LYs of serious delinquent behaviour 

prevented were 7.86 for medication management, 7.90 for behavioural treatment, 8.17 for 

the combined treatment, and 8.10 for routine community care. Although the combined 

treatment had the highest LYs prevented, routine community care turned out to be the 

optimal strategy in terms of cost-effectiveness with the highest mean NMB due to the 

substantial difference in treatment cost. 

3.5 Supplementary Analyses 

In the supplementary analyses we demonstrate that the modelling strategy is robust to the 

choice of WTP threshold. Furthermore, we show that the sample selection is not associated 

with the observed individual characteristics. Finally, we focused on the likelihood of 

absorbance in the serious delinquency state. 

3.5.1 WTP Threshold 

Figure 5 illustrates that the difference in NMB between  routine community care and the 

two active treatments medication management and behavioural treatment increases as the 

WTP increases, while the difference in NMB between routine community care and the 

combined treatment reduces. The latter is due to the fact that the difference in treatments 

cost becomes, relatively, less determinative for the NMB results.  
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Figure 5  NMB plot with linearly increasing WTP thresholds between $ 0 and $50,000 
 

3.5.2 Sampling Assumptions 

Table A10 demonstrates that the results are not driven by sample selection, as none of the 

ORs of model exclusion conditional on the relevant covariates age, gender, comorbidity, 

intelligence, ethnic background or occupation-based socioeconomic family status were 

significant at a five-percent level.  

 Furthermore, we determined the likelihood of absorbance in the serious delinquency 

state once a child entered this state. We found for the 448 included children an adjusted OR 

of continuation in the serious delinquency state of 1.47 (𝑝 < 0.01), against an adjusted OR of 

moving out of -1.42 (𝑝 < 0.01). Similarly, we found for the 131 excluded children an adjusted 

OR of continuation in the serious delinquency state of 0.927 (𝑝 < 0.01), against an adjusted 

OR of moving out of -0.953 (𝑝 < 0.01). Hence, the serious delinquency state is more likely 

absorbent than transient for both groups. 

3.6 Concluding Remarks 

In this study we assessed the long-term cost-effectiveness of the three major forms of ADHD 

treatment and routine community care beyond the 14-month trial period of the MTA study 

(MTA Cooperative Group, 2004). For this we developed a Markov model with an innovative 

model structure. We considered the high-cost serious delinquency state to be absorbing to 

predict the LYs of serious delinquent behaviour prevented over a time period of ten years. 

The availability of long-term follow-up data in the MTA study enabled to assess accuracy of 

modelling prediction. Modelled and observed outcomes matched closely with a mean 
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difference of 6.9%. Hence, the model delivered reliable estimates when used in future 

economic evaluations. By setting the WTP equal to the cost avoided in the serious 

delinquency state, we calculated cost-effectiveness in terms of NMB (Tambour et al., 1998). 

Results of the economic evaluation revealed that the combined treatment was the only active 

treatment mode that further decreases serious delinquent behaviour compared with routine 

community care. However, the substantial difference in treatment cost rendered the routine 

community care to be the optimal treatment strategy in terms of NMB. Moreover, results 

were robust to manipulating the WTP threshold in deterministic sensitivity analyses. 

 These findings are in line with previous research with the MTA study (Molina et al., 

2007, 2009). Molina et al. (2007, 2009) demonstrated that while after three years the active 

ADHD treatments had improved symptomatic symptoms, no differences were found with 

respect to delinquent behaviour (Molina et al., 2007, 2009). Although the MTA study was not 

originally designed to examine delinquency, we argue that it is interesting for policy makers 

to see whether the pursued medical effects of the treatments translate in positive effects with 

respect to behaviour of these children in society. Clearly, the economic impact of ADHD often 

extends to society beyond the health system (Matza et al., 2005; Hakkaart-van Roijen et al., 

2007; Doshi et al., 2012; Le et al., 2016) and treatment effects on ADHD symptoms and 

broader societal aspects of the disorder differ substantially (Molina et al., 2007, 2009). 

Additionally, Schawo et al. (2015) plead for model-based studies in ADHD using empirical 

data for model validation and broader societal outcomes as the modelled outcome. As such, 

the evaluation form in this study has its potential to be extended to a broader perspective. 

 One of the innovative structures of the Markov model in this study is the use of a more 

or less transient state in real-life as absorbing state in the model. As such, it enables model 

validation according to the guidelines for simulating a continuous-time Markov model (van 

Rosmalen et al., 2013). Without including an absorbing state, the simulation along with our 

vertical modelling approach reaches an endless process. The only reason for a process to end 

is when the processing time is beyond our study time horizon of ten years. Furthermore, with 

this model structure we were able to evaluate the treatments of the MTA study through 

prevention of serious delinquent behaviour. The latter is highly relevant for policy makers as 

serious delinquency is associated with substantial societal cost (Swensen et al., 2003, 2004; 

Jones & Foster, 2009). A limitation of this assumption is that we had to delete 22.6% of the 

original sample. However, we demonstrated that this assumption did not affect the modelled 

outcomes, as model exclusion was not predicted by the relevant child and family 

characteristics age, gender, comorbidity, intelligence, ethnic background and occupation-

based socioeconomic family status. Moreover, results revealed that the serious delinquency 

state is more likely absorbent than transient for both included and excluded children.  
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Appendix 

A3.1 Figures & Tables 

 

Table A10  Logistic regression results on model exclusion 

Model exclusion indicator Odds ratios Marginal effects 

Age -0.232 -0.041 

 (0.1237) (0.0214) 

Female 0.266 0.046 

 (0.2607) (0.0454) 

Comorbidity -0.083 -0.014 

 (0.2301) (0.0401) 

Intelligence, WISC-III IQ -0.007 0.0012 

 (0.0076) (0.0013) 

Non-Caucasian background 0.090 0.016 

 (0.2109) (0.0368) 

High occupation-based  0.094 0.016 

socioeconomic family status (0.2224) (0.0388) 

WISC = Wechsler Intelligence Scale for Children; IQ = Intelligence Quotient; Clustered standard errors in 

parentheses. Inference: */** indicate significance level of 5%/1%. 

 

 

A3.2 List of Abbreviations 

 

ADHD  = Attention/Deficit-Hyperactivity Disorder 

IQ  = Intelligence Quotient 

LY  = Life-Year 

MTA study = Multimodal Treatment Study of Children with ADHD 

NMB  = Net-Monetary Benefit 

OR  = Odds Ratio 

WISC  = Wechsler Intelligence Scale for Children 

WTP  = Willingness-To-Pay 
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Chapter |4| 

 

4. The Effect of Monitoring Compliance with 

Compulsory Education on Test Scores: A  

Non-Parametric Bounds Analysis1 

 

Abstract 

This study investigated the effect of a law reform that tightened the monitoring compliance with 

the compulsory education act in Dutch regular primary schools. Schools are from 1 January 2012 

directly responsible for pupil’s relative absenteeism and receive a penalty of €100,000 if they do 

not comply. We used longitudinal data from 41,049 pupils in the first and last class of primary 

school between 2007 and 2014 to analyse differences in test scores cross cohorts. We used a non-

parametric bounds analysis to estimate the effect of the law reform on pupil’s math and language 

test scores in the presence of non-random sample selection due to selective attrition. The lower 

and upper bound correspond to extreme assumptions about the missing information that are 

consistent with the observed data. The bounds suggested that the law reform improved children’s 

test scores in both classes on average with 0.85 and 0.73 standard deviation, respectively. 

Estimates were robust to tightening the bounds on selected covariates using ℓ1-regularized 

regression. Heterogeneity analyses revealed that care pupils and children from an ethnic minority 

or low socio-economic environment benefited more from the policy. 

Keywords: Achievement Gap, Education Policy, Non-Parametric Selection 

JEL Codes: C14, C52, I24 

 

4.1 Background 

4.1.1 Compulsory Education & Child Development 

Previous studies have shown that education is an important determinant of child 

development, as education relates to a variety of outcomes in adulthood. The literature 

demonstrates that more education leads to a higher probability of work (Oreopoulos, 2006a, 

2006b, 2007), a higher income  (Bhuller et al., 2017; Devereux & Hart, 2010; Leigh & Ryan, 

2008), better health (Brunello et al., 2016; Galama et al., 2018; Grimard & Parent, 2007; 

Jürges et al., 2011), a smaller chance of becoming ill (Kemptner et al., 2011), fewer teenage 

pregnancies (Cygan-Rehm & Maeder, 2013; Silles, 2011) and less crime (Cullen et al., 2006; 

                                                        
1 The data were retrieved from the Cohort Onderzoek OnderwijsLoopbanen (COOL5-18), publicly available at 

https://easy.dans.knaw.nl. 

 

This study benefitted from comments received at the RES Annual Conference 2020 (digital edition due to the 

COVID-19 outbreak). I am grateful to RES for selecting this study for a young economists' travel grant for the 2021 

edition. Furthermore, I thank Jos Lubberman, Jochen Mierau and Sándor Sóvágó for helpful comments. 
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Deming, 2011; Amin et al., 2016). Indeed, differences in child educational performance have 

persistent impact throughout the life-cycle. Consequently, policies to reduce educational 

disparities are on the top of the political agenda worldwide. 

 One of the most discussed educational policy measures in the economic literature has 

been the impact of years of schooling in the form of compulsory education. Previous research 

conclude that there is a positive consistent relationship between compulsory schooling and 

labour market outcomes (Angrist & Krueger, 1991; Harmon & Walker, 1995; Oreopoulos, 

2006a, 2006b, 2007), health (Kemptner et al., 2011; Fischer et al., 2013; Crespo et al., 2014; 

Avandano et al., 2020), and criminal behaviour (Lochner & Moretti, 2004). However, these 

studies focused mainly on the impact of additional years of compulsory schooling without 

taking into account the compliance after implementation in terms of absenteeism. 

 In this study we estimated the effect of a law reform that tightened the monitoring 

compliance with the compulsory education act in Dutch regular primary schools. From 1 

January 2012 onward schools were directly responsible for pupil’s absenteeism and received 

a fine of €100,000 if they did not comply with the absence rules. We employed longitudinal 

data from 41,049 pupils in the first and last class of primary school between 2007 and 2014 

to analyse differences in test scores across cohorts. Using non-parametric bounds we showed 

that the law reform improved the test scores in both classes on average with 0.85 and 0.73 

Standard Deviation (SD), respectively. In the heterogeneity analyses we demonstrated that 

the average effect is 0.18, 0.09 and 0.05 SD higher for pupils with special needs, children 

from an ethnic minority, and a low socio-economic environment, respectively. 

4.1.2 Dutch Education System 

A flowchart of the Dutch education system is presented in Figure 6. Most children start 

primary school at the age of four, although they are not required by law to attend school until 

the age of five. After eight years primary education pupils receive an advice which type of 

secondary education would be the most appropriate. The advice is based on the judgment of 

the primary school teachers and on objective test scores. About 95% of the schools use the 

national test provided by Cito, the Dutch Testing and Assessment Company.2 Based on this 

combined advice parents and pupils can apply for the secondary school they prefer and that 

provides the appropriate educational programme. 

                                                        
2 We refer the reader to https://www.cito.com/ for more information about Cito. 
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Figure 6  Flowchart of the Dutch education system 

 

 Secondary education consists of pre-vocational secondary education (Dutch: 

Voorbereidend Middelbaar BeroepsOnderwijs (VMBO)), general secondary education 

(Dutch: Hoger Algemeen Voortgezet Onderwijs (HAVO)) and pre-university education 

(Dutch: Voorbereidend Wetenschappelijk Onderwijs (VWO)). Schools are free in the 

composition of the classroom (homo- or heterogeneous) and in the manner they design 

education towards the attainment standards. Some schools in secondary education are 

combined schools, which makes it possible to make the first year of secondary education as 

common as possible in so called bridge classes. This makes it easier to switch from one type 

of secondary education. Combined schools also give better opportunities for switches in the 

upper levels of secondary education. Students continue though largely at the starting level of 

their lower class. 

 VMBO (four years) is meant as a preparation for senior secondary vocational education 

(Dutch: Middelbaar BeroepsOnderwijs (MBO)). HAVO is designed to prepare students for 

higher professional education (Dutch: Hoger BeroepsOnderwijs (HBO)). In practice, 

however, HAVO-leavers also go on to the upper years of VWO or MBO. Finally, VWO(six 

years) is designed to prepare students for university (Dutch: Wetenschappelijk Onderwijs 

(WO)) and in most cases pre-university education certificate-holders go on to university. 

Some of them though opt for HBO. 
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 For children with disabilities, or such special needs that it is difficult to attend regular 

education, special education is provided. There exist special primary schools for children of 

primary education age (Dutch: Speciaal Onderwijs (SO)) and special secondary schools for 

children from the age of twelve onwards (Dutch: Voorgezet Speciaal Onderwijs (VSO)). For 

students in special secondary schools the so-called on the job training schools are developed. 

These students are stimulated to combine school with work from age sixteen on. This 

provision is aimed for an adequate labour market perspective of these students. 

4.1.3 Monitoring Compulsory Education 

School absenteeism occurs when a pupil is not present at school when presence is obligatory. 

Absence may be permitted after the school has given permission. If that is not the case, this is 

called truancy. Legally speaking, truancy at the age of compulsory education is a violation of 

the Dutch compulsory education act (Wettenbank, 2012). 

 The law distinguishes between absolute and relative absenteeism. In the case of 

absolute absenteeism, a child is not enrolled in a school at the age of compulsory education. 

Relative absenteeism means that a pupil is enrolled in a school but is not present during class 

or practice time. In the case of relative absenteeism, a distinction is made between ‘luxury’ 

absenteeism and ‘signal’ absenteeism. Luxury absenteeism means that a student goes on 

holiday without permission during the school period. Signal absenteeism is a result of 

problems in the environment of the pupil. In practice, if a pupil is absent for more than 16 

hours for a period of four weeks without a valid reason, the school must report this directly to 

the Education Implementation Agency (Dutch: Dienst Uitvoering Onderwijs (DUO)) of the 

Ministry of Education, Culture and Science. DUO then reports the truant student to the 

municipality of the pupil’s place of residence. 

 As of 1 January 2012 primary schools are directly responsible for relative absenteeism, 

as the monitoring of compliance with the compulsory education act was legally transferred 

from the municipality to the Dutch Inspectorate of Education (Wettenbank, 2012). Until 

2012, the municipality’s compulsory education officer was responsible for monitoring 

compliance by the school board. The pre-reform situation encountered obstacles, such as a 

lack of monitoring capacity and disruption of ambiguous relationships between compulsory 

education officers and school boards, with a potentially opposing effect on absenteeism. The 

law reform should lead to better compliance with the compulsory education act by the school 

boards. If school boards do not comply, the law reform might cause the school to incur a fine 

by the Inspectorate of Education up to €100,000. As a result, the law reform ostensibly 

caused a drop in relative absenteeism, as illustrated by Figure 7.  
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Figure 7  Relative absenteeism between 2005 and 2016 (Source: Statistics Netherlands) 

 

4.2 Data 

4.2.1 COOL5-18 

This chapter used data from the Cohort Onderzoek OnderwijsLoopbanen (COOL5-18)3, a 

cohort study in which pupils from 5 to 18 years were followed in their cognitive, social and 

emotional development. Additionally, the cohort was linked on individual level to 

administrative data of Statistics Netherlands to better understand the pupil’s socio-economic 

and demographic living situation. The study consisted of three waves of data corresponding 

to the academic years 2007/2008, 2010/2011 and 2013/2014. The pupils in wave 3 were 

automatically allocated to the treatment group, as the law reform has been introduced on 1 

January 2012. Consequently, the pupils in waves 1 and 2 were allocated to the control group. 

We used data of 41,049 pupils in the first and last class in primary school. 

4.2.2 Demographic Characteristics 

We controlled for observed heterogeneity in demographic characteristics using information 

on pupil’s age, gender, ethnicity, family situation, parental educational attainment, care level, 

urbanicity and school performance. We used a dummy variable for ethnicity with non-

Caucasian background as reference category for at least one foreign-born parent. To define 

                                                        
3 The COOL5-18 is publicly available at https://easy.dans.knaw.nl and subsidised by Nationaal Regieorgaan 
Onderwijsonderzoek/Programmaraad voor het Onderwijsonderzoek (NRO/PROO). 
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the family situation, we distinguished between two- and one-parent families. Educational 

attainment of the parents was categorised according to three levels: score 1 - low (primary 

education, lower tracks of secondary education); score 2 - middle (higher tracks of secondary 

education, senior secondary vocational education); and score 3 - high (higher professional 

education, university). Using a dummy variable, we distinguished between regular and 

special needs pupils. Furthermore, we used a categorical variable (1-5) for urbanicity to 

separate children living in lower and higher urban areas. Finally, we used the official scores 

of the education inspectorate’s annual reports to control for the overall school performance 

(1-7). These reports were based on the quality of education and teaching, financial 

administration, quality assurance and the school board ambitions. 

4.2.3 Sample Selection 

Children’s cognitive development was measured with test scores on official Cito exams in 

language and arithmetic. To control for non-random sample selection in the empirical 

strategy, we distinguished between pupils with missing and registered test scores. We 

observed attrition rates of 51.0 and 26.3 percent on average for the control and treatment 

group, respectively. Corresponding summary statistics of pupils in the first and last class of 

primary school are provided in Table 11 and Table 12, respectively.  

 

Table 11  Summary statistics of control and treatment group in the first class 

 Control Treatment 

 Missing 

test scores 

N = 16,315 

Registered 

test scores 

N = 12,641 

Missing 

test scores 

N = 690 

Registered 

test scores 

N = 8,305 

Pupil     

Age (5-8) 6.25 6.26 6.21 6.16*** 

Females 0.48 0.48 0.47 0.48 

Non-Caucasian background 0.48 0.38*** 0.51 0.35*** 

Care pupil 0.24 0.23 0.28 0.23*** 

Family background     

One-parent family 0.35 0.14*** 0.24 0.10*** 

Educational attainment mother (1-3) 1.72 1.69*** 1.94 1.89 

Educational attainment father (1-3) 1.80 1.81 2.05 2.05 

Demographic     

Urbanicity (1-5) 2.85 2.83 2.76 2.68 

School performance (1-7) 2.56 2.58 2.88 2.68*** 

Inference: */**/*** indicate significant differences at the 10%/5%/1% level based on the mean differences of the 

dropped and selected samples, assessed with a t-test. 
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 The samples with registered test scores consisted of less children from an ethnic 

minority, less special needs students and children grow up more frequently in a two-parent 

family in both classes compared to the samples with missing test scores. Furthermore, we 

observed in the first class that the maternal educational attainment is lower in the control 

group of the sample with registered test scores and the school score is higher in the treatment 

group. Additionally, in the last class we found mixed differences in parental educational 

attainment between the both sample. Similar pattern for school scores. Finally, children in 

the sample with registered test scores of the last class consisted of more children living in 

higher urban areas compared to the samples with missings.  

 

Table 12  Summary statistics of control and treatment group in the last class 

 Control Treatment 

 Missing 

test scores 

N = 11,850 

Registered 

test scores 

N = 14,374 

Missing 

test scores 

N = 4,330 

Registered 

test scores 

N = 5,729 

Pupil     

Age (10-14) 12.48 12.48 12.36 12.35 

Females 0.50 0.50 0.50 0.51 

Non-Caucasian background 0.45 0.34*** 0.35 0.31*** 

Care pupil 0.27 0.24*** 0.28 0.25*** 

Family background     

One-parent family 0.40 0.14*** 0.11 0.09*** 

Educational attainment mother (1-3) 1.76 1.47*** 1.39 1.55*** 

Educational attainment father (1-3) 1.86 1.58*** 1.51 1.63*** 

Demographic     

Urbanicity (1-5) 2.82 2.97*** 2.52 3.03*** 

School performance (1-7) 2.39 2.62*** 2.26 2.23 

Inference: */**/*** indicate significant differences at the 10%/5%/1% level based on the mean differences of the 

dropped and selected samples, assessed with a t-test. 

 

4.3 Empirical Strategy 

4.3.1 Ordinary Least Squares 

The linear approximation can be described as 

Yi,c = α + β · Li + 𝛀 · 𝐗i + εi,c ,                 (𝟒) 

where Yi,c is the test score of each individual i in class c, Li is the binary treatment indicator 

for the law reform in 2012, 𝐗i are the control variables and εi,c denotes the error term. The 
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coefficient β represents the effect of the law reform on test scores. We used equation (𝟒) to 

estimate two coefficients, i.e. the effect of the law reform in 2012 on average test scores in 

both the first and last class of primary school. All estimations were performed using 

STATA/SE 15.0 (STATA; https://www.stata.com/). 

4.3.2 Non-Parametric Bounds 

We observed an average difference in attrition of 24.7 percent before and after the law reform 

in 2012, i.e. between control and treatment group (51.0 vs 26.3 percent, respectively). We 

assumed that this difference in attrition is associated with the policy indicator, Li, as Figure 

7 illustrates a decline in absenteeism after the law reform in 2012, which leads to more 

registered test scores and hence lower attrition. Previous research has shown that 

absenteeism clusters in low-ability pupils (Arulampalam et al., 2012; Aucejo & Romano, 

2016). Consequently, we expected that the non-random selection caused downward biased 

estimates of β in equation (𝟒), E(Liεi,c) < 0, as the composition of the treatment group 

consists of more low-ability pupils compared to the control group. 

 To control for selective attrition, we used a bounds estimator that estimates an interval 

for the true value of the treatment effect in the presence of non-random sample selection 

(Lee, 2009). The estimator rested on two assumptions: random assignment of treatment and 

monotonicity. Monotonicity implies that assignment to the treatment group affects attrition 

in one direction, which corresponds to the observed pattern of lower absenteeism, and thus 

more registered test scores, after the law reform (Figure 7). As such, observations for which 

the outcome variable is observed irrespective of the assigned treatment status were included. 

Additionally, the actual estimation sample included either observations where the outcome is 

observed because of receiving the treatment or observations where the outcome is observed 

because of not receiving the treatment, but not both simultaneously. The bounds estimator 

trimmed either the treated or non-treated observations so that the share of observations with 

the observed outcome was equal for both groups. Trimming is either from above or from 

below. This corresponds to two extreme assumptions about missing information that were 

consistent with the observed data and a one-sided selection mechanism. That is, in the group 

that suffers less from attrition, the treatment group, either the largest or the smallest values 

of the outcome were excluded. As such, the bounds represented the effect of the law reform 

on test scores in the presence of non-random sample selection due to selective attrition (Lee, 

2009). 

 Estimating treatment-effect bounds requires calculation of a raw group mean and two 

trimmed group means of the test scores, Yi,c,. Furthermore, Li is the binary treatment 

indicator, Si the binary selection indicator with Si = 1 indicating attriters for which Yi,c is 
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observed. The shares of observations with Yi,c in the treatment and control group, qT and qC, 

can then be written as 

qT =  
� 1(Li = 1, Si = 1)i

� 1(Li = 1)i
                                                                                               (𝟓) 

qC =  
� 1(L = 0, Si = 1)i

� 1(Li = 0)i
                                                                                               (𝟔) 

where 1(·) denotes the indicator function. The notation can be simplified, as the treatment 

group suffered less from attrition, qT > qC, resulting in 

q =
qT − qC

qT
                                                                                                                     (𝟕) 

and 1 − q determines then the quantiles at which the distribution of Y in the treatment group 

are trimmed to exclude extreme values from the analysis, which can be written as 

yq
T = GY|T=1,S=1

−1 (q)                                                                                                          (𝟖) 

y1−q
T = GY|T=1,S=1

−1 (1 − q)                                                                                                  (𝟗) 

determine the marginal values yq
T and y1−q

T of the outcome that enter the trimmed means, 

with GY
−1 denoting the inverse empirical distribution of Yi,c. Using this notation, we calculated 

estimates for the lower and upper bounds as 

θ� lower =
� 1(Ti = 1, Si = 1, Yi,c  ⩽ y1−q

T
i )Yi,c  

� 1(Ti = 1, Si = 1, Yi,c  ⩽ y1−q
T

i )
−
� 1(Ti = 0, Si = 1)Yi,ci

� 1(Ti = 0, Si = 1)i
              (𝟏𝟎) 

 

θ�upper =
� 1(Ti = 1, Si = 1, Yi,c  ⪖ yq

T
i )Yi,c  

� 1(Ti = 1, Si = 1, Yi,c  ⪖  yq
T

i )
−
� 1(Ti = 0, Si = 1)Yi,ci

� 1(Ti = 0, Si = 1)i
.                 (𝟏𝟏) 

 

 

4.4 Results 

Table 13 displays the standardised estimates of β in equation (𝟒) with additional control 

variables age, gender, ethnicity, care level, family situation, parental educational attainment, 

urbanicity and school performance, respectively. The results suggest that the law reform 

increased the average test scores of pupils in the first and last class of primary school with 

0.81 and 0.69 SD, respectively.  
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Table 13  OLS estimates of standardised test scores 

 First class Last class 

Reform 0.814*** 0.693*** 

 (0.013) (0.011) 

   

Covariates YES YES 

   

R-squared 0.36 0.64 

Number of ID 20,946 20,103 

Robust standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 Table 14 and Table 15 display the estimates of the lower and upper bounds, �̂�lower 

and �̂�upper in equations (𝟕) and (𝟖), of pupils in the first and last class of primary school, 

respectively. The bounds in Table 14 (Table 15) suggest an average effect, θ̅, of the law 

reform on pupil’s test scores in the first (last) class of primary school of 0.851 (0.734) SD. In 

both classes is θ̅ higher than the OLS point estimates, which confirms our hypothesis that the 

law reform decreased in particular the absenteeism of low-ability pupils, causing a downward 

bias of β in equation (𝟒). 

 

Table 14  Lower and upper bound in the first class 

 Lower Upper 

Reform 0.122*** 1.58*** 

 (0.015) (0.017) 

 

Number of ID 20,946 20,946 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  

 

 

Table 15  Lower and upper bound in the last class 

 Lower Upper 

Reform 0.287*** 1.18*** 

 (0.017) (0.015) 

 

Number of ID 20,103 20,103 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  
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4.5 Supplementary Analyses 

4.5.1 Tightening Bounds 

We extended the original estimator by tightening the bounds on selected (interaction 

between) covariates using ℓ1-regularized regression based on an iterative algorithm for 

estimating the optimal lambda (Belloni et al., 2012). That is, we assumed assignment of 

treatment under which the differences in conditional and unconditional expectations of Y do 

not coincide. Covariates that have some explanatory power for attrition were used to split the 

sample into cells, and bounds are separately calculated for each cell. Finally, a weighted 

average of cells’ bounds was computed. The appropriate weights, the probabilities of cell 

membership for those that never suffer from attrition, are unknown. However, because of 

random assignment of treatment and monotonicity, they can consistently be estimated by  

F =  
� 1(Ji = 1, Si = 1, Ti = 0)i

� 1(Si = 1, Ti = 0)i
                                                                              (𝟏𝟐) 

for each cell J, where Ji = 1 indicates membership in J. As such, we controlled for selective 

attrition and demographic composition. 

 The results in Table A16 and Table A17 in the Appendix show that tightening the 

bounds yields similar conclusions with an average increase in test scores for both classes of 

0.84 and 0.73, respectively. Hence, this suggests that the main estimates are robust to the 

observed heterogeneity between control and treatment group. 

4.5.2 Effect Heterogeneity 

In this section we determined the effect heterogeneity, as the main results only provide the 

bounds for the entire sample, and previous research has shown that school attendance 

clusters in societal subgroups (Sacerdote, 2002; Banerjee & Dulfo, 2006). Furthermore, 

pupils from a more advantaged background capitalize on education policies to a larger extent 

(Chetty et al., 2014). Chapter 5 below confirmed this for the Dutch setting, as pupils from a 

more vulnerable background benefitted substantially less from special needs funding 

compared to their more privileged peers. We therefore estimate the lower and upper bounds 

stratified by pupil’s care level, ethnicity, and socio-economic environment. Socio-economic 

environment is classified as low Socio-Economic Status (SES) for low parental educational 

attainment and high SES for middle and high parental educational attainment. 

 Results are provided in Table A18 – Table A23 in the Appendix. The bounds suggest 

that the average effect is 0.18, 0.09 and 0.05 SD higher for pupils with special needs, children 

from an ethnic minority, and from a low socio-economic environment, respectively. 
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4.6 Concluding Remarks 

This study contributes to the discussion on the impact of compulsory education. We show 

besides duration of compulsory school a law reform that tightens the monitoring compliance 

with the compulsory education act enhances pupil’s test scores substantially. Specifically, 

after the Dutch government introduced a penalty if primary schools did not comply to the law 

on relative absenteeism, pupil’s test scores in the first and last class of primary school 

increased with 0.85 and 0.73 SD, respectively.  

 Education is a pivotal element of human capital in child development, as academic 

performance is positively associated with various labour market outcomes (Bhuller et al., 

2017; Devereux & Hart, 2010; Leigh & Ryan, 2008; Oreopoulos, 2006a, 2006b, 2007), late-

life health (Brunello et al., 2016; Galama et al., 2018; Grimard & Parent, 2007; Jürges et al., 

2011; Kemptner et al., 2011), and criminal behaviour (Cullen et al., 2006; Deming, 2011; 

Amin et al., 2016). Hence, monitoring compliance to relative absenteeism in primary schools 

has long-lasting impact on the development of children. 

 Previous research has shown that absenteeism clusters in low-ability pupils 

(Arulampalam et al., 2012; Aucejo & Romano, 2016). Consequently, a compulsory education 

act that attempts to reduce absenteeism will likely lead to more registered test scores of low-

ability pupils in the treatment group, hence causing bias estimates. In this study we tackled 

the potential issue of selective attrition by taking non-parametric bounds corresponding to 

extreme assumptions about the missing information that are consistent with the observed 

data. Moreover, we showed that the estimates are robust to observed heterogeneity by 

tightening the bounds on selected covariates using ℓ1-regularized regression (Belloni et al., 

2012). Specifically, we showed that the bounds are not affected by differences in age, gender, 

ethnicity, care level, family situation, parental educational attainment, urbanicity and school 

performance between the control and treatment group.   

 Education can for disadvantaged pupils be an excellent opportunity to rise above their 

position. Previous research in the Netherlands demonstrates, however, that investing 

additional money in care pupils affects pupils from a more advantaged background to a larger 

extent than their disadvantaged peers (Chapter 5). The findings of this study are 

contradictory, as the average effect is higher for care pupils and children from an ethnic 

minority or a low socio-economic environment. These findings suggest that a law reform on 

pupil’s absenteeism better reaches the more vulnerable groups compared to increasing school 

resources. However, further research is needed to find out if  ffect heterogeneity across 

different type of policy instruments is spurious or follows a consistent pattern.  
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Appendix 

A4.1 Figures & Tables 

 

Table A16  Tightened bounds in the first class 

 Lower Upper 

Reform 0.271*** 1.41*** 

 (0.051) (0.056) 

 

Number of ID 20,946 20,946 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  

 

 

 

Table A17  Tightened bounds in the last class 

 Lower Upper 

Reform 0.348*** 1.12*** 

 (0.053) (0.045) 

 

Number of ID 20,103 20,103 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  

 

 

 

Table A18  Bounds in the first class stratified by care level 

 Regular pupils Special needs pupils 

 Lower Upper Lower Upper 

Reform 0.169*** 1.60*** 0.141*** 1.59*** 

 (0.017) (0.020) (0.029) (0.039) 

     

Number of ID 16,128 16,128 4,818 4,818 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table A19  Bounds in the first class stratified by care level 

 Regular students Special needs students 

 Lower Upper Lower Upper 

Reform 0.287*** 1.23*** 0.103*** 1.26*** 

 (0.018) (0.015) (0.034) (0.033) 

     

Number of ID 15,278 15,278 4,825 4,825 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

Table A20  Bounds in the first class stratified by ethnic background 

 Caucasian Non-Caucasian 

 Lower Upper Lower Upper 

Reform 0.192*** 1.44*** 0.052** 1.68*** 

 (0.018) (0.020) (0.025) (0.029) 

     

Number of ID 13,221 13,221 7,725 7,725 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

Table A21  Bounds in the last class stratified by ethnic background 

 Caucasian Non-Caucasian 

 Lower Upper Lower Upper 

Reform 0.315*** 1.07*** 0.280*** 1.33*** 

 (0.021) (0.018) (0.031) (0.026) 

     

Number of ID 12,665 12,665 7,348 7,348 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table A22  Bounds in the first class stratified by socio-economic environment 

 Low SES High SES 

 Lower Upper Lower Upper 

Reform 0.264*** 1.62*** 0.06*** 1.62*** 

 (0.026) (0.027) (0.018) (0.022) 

     

Number of ID 7,474 7,474 13,472 13,472 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

Table A23  Bounds in the last class stratified by socio-economic environment 

 Low SES High SES 

 Lower Upper Lower Upper 

Reform 0.390*** 1.08*** 0.21*** 1.28*** 

 (0.023) (0.021) (0.027) (0.022) 

     

Number of ID 9,655 9,655 10,448 10,448 

Bootstrapped standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

A4.2 List of Abbreviations 

COOL  = Cohort Onderzoek OnderwijsLoopbanen 

OLS  = Ordinary Least Squares 

SD  = Standard Deviation 

SES  = Socio-Economic Status 
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Chapter |5| 

 

5. Long-run Returns to Government Expenditures in 

Special Needs Education: Evidence from the 

Netherlands1 

 

Abstract 

This study investigated the long-run returns to government expenditures in special needs 

education. From the 1st of August 2003 the Dutch government provided regular primary and 

secondary schools with additional funding for the inclusion of special needs students. Schools were 

responsible in deciding how to allocate this special needs funding (~ 14,400 euros per eligible 

student). We used a unique cohort study tracking 1,072 regular and 146 special needs students 

from the end of primary school to adulthood between 2000 and 2012. We used a differences-in-

differences design to estimate the causal effect of special needs funding on the mental health of 

eligible students. The results suggest that special needs funding improved their mental health by 

0.41 standard deviation. Moreover, we demonstrated a cost/benefit-ratio of 0.69 when we 

extrapolate the found mental health effect to life-cycle returns in mental healthcare use, 

educational attainment and labour market participation. Heterogeneity analyses present a 

cautionary note, as girls and children from an ethnic minority or a low socio-economic 

environment benefited less from the policy. 

Keywords: Government Expenditures, Health and Inequality, Returns to Education 

JEL Codes: H52, I14, I21, I26 

 

5.1 Background 

5.1.1 Government Expenditures & Education 

Students disadvantaged by low-ability or worse health have a lower opportunity profile 

through educational setbacks early in life (Galama et al., 2018; Grossman, 2015). Topic of 

discussion on the worldwide political agenda have been the impact of government 

expenditures in education on disparities in student outcomes. Previous research conclude 

that there hardly is a consistent relationship between additional funding and student 

achievement (Hanushek, 2003, 2006). Ignoring endogeneity problems could explain the lack 

                                                        
1 Joint work with Jochen Mierau. The data were retrieved from the TRacking Adolescents’ Individual Lives Survey 
(TRAILS). I thank the TRAILS Data Group for managing and providing the data. 
 
This study benefitted from comments received at the Tinbergen Institute Seminar 2019, the Royal Economic 
Society (RES) Annual Conference 2019 and the International Association of Applied Econometrics (IAAE) Annual 
Conference 2019. I am grateful to RES and IAAE for selecting this study for a young economists’ travel grant. 
Furthermore, I thank Gabriella Conti, Owen O'Donnell, Beatriz Eugster, Martin Salm, Sarah See, Hans van 
Kippersluis and Bram Wouterse for helpful comments. 
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of a consistent relationship, as variation to evaluate policy measures is commonly correlated 

with (un)observed school and student characteristics. There are several recent studies that 

use a quasi-experimental design to tackle the problem of endogeneity. These studies obtain 

contradictory findings of the causal impact of additional funding on student outcomes. 

Leuven et al. (2007} and van der Klauw (2008) find negative effects on students’ 

achievement, while Papke (2005), Holmlund et al. (2010), Machin et al. (2010), de Haan 

(2015) and Gibbons et al. (2017) all find positive effects. Bénabou et al. (2009) find 

ambiguous effects of additional funding. Moreover, there is a lack of studies investigating the 

cost/benefit-ratio of government expenditures in education. 

 These studies focus mainly on policy measures that are implemented nationwide for 

each student and are evaluated in achievement outcomes only. By contrast, this study 

investigated the impact of government expenditures in special needs education on students’ 

mental health. We exploited a natural experiment in special needs funding that provided 

additional funding to regular primary and secondary schools for the inclusion of special 

needs students from 1st of August 2003 onwards (Wettenbank, 2003). Unlike most studied 

resource policies, special needs funding was implemented conditionally on eligibility terms 

set by the Dutch Ministry of Education, Culture and Science. This exogenous variation 

allowed us to identify the counterfactual change over time in mental health of special needs 

student if the policy had not been implemented. To do so, we used a rich cohort study 

tracking both regular and special needs students from the end of primary school to adulthood 

between 2000 and 2012.  

 We show that additional government expenditures in special needs education increases 

the mental health of the eligible students by 0.41 Standard Deviation (SD). The special needs 

funding scheme has been abolished on 1st of August 2014, with the purpose to reduce the 

budget by 300 million euros per year (Wettenbank, 2014). We feel this simplistic budget 

reduction may been taken without proper evaluation and shed new light on this decision. We 

demonstrate a cost/benefit-ratio of 0.69 within working age by extrapolating the found 

mental health effect to life-cycle returns in mental healthcare use, educational attainment 

and labour market participation, turning the decision in ‘penny wise, pound foolish’. 

5.1.2 Special Needs Funding 

In the Netherlands Regional Expertise Centra (REC) are aimed at the indication of special 

needs students. Each school for special education participates in one of these 34 RECs. Until 

the academic year 2003/2004 special needs students were largely assigned to special schools. 

To stimulate the development of special needs students, the Dutch Ministry of Education, 

Culture and Science introduced a policy measure on the 1st of August 2003 that provided 
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additional funding to regular primary and secondary schools for inclusion of special needs 

students in regular education (Wettenbank, 2003). This special needs funding was 

implemented conditionally on eligibility terms set by the Dutch Ministry of Education, 

Culture and Science. The Committee of Indication of Assessment became responsible for the 

assignment and assessment of referred students. Once a student was assigned to the policy 

measure a budget was allocated to the corresponding school. Schools were responsible in 

deciding how to allocate the additional money of 14,400 euro per eligible student.2 The 

money was mainly used for additional school materials or teaching assistance to support the 

assigned students to catch up with their regular peers. Figure 8 illustrates the expected 

pattern with a significant inflow of special needs students in regular education after the 

policy introduction in 2003. 

 

 

Figure 8  Special needs students in regular education between 2000 and 2018 
 

 The policy for special needs students was heavily criticised, because the additional 

budget required to support the funding was exploding and credible estimates on the effect 

were lacking. The special needs funding scheme was therefore abolished on 1st of August 

2014. From this date appointed regional partnerships, consisting of delegates from regular 

and special schools and the corresponding municipality, became responsible for the 

                                                        
2 The direct educational costs differ substantially between students. Special needs students cost on average 18,400 
euros per year if the student is assigned to special needs funding and about 8,900 euros per year if the student is 
still in special education. The costs of a regular student are on average 4,000 euros per year (Minne et al., 2009). 
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indication of special needs students. As such, the government aimed at a more effective and 

efficient allocation of money. In practice it was no more than a blunt budget cut in special 

needs funding of 300 million euros per year with an outflow of special needs students from 

regular to special schools as a result (Figure 8). 

5.2 Data 

5.2.1 TRAILS 

We used data of the TRacking Adolescents’ Individual Lives Survey (TRAILS). TRAILS 

sampled participants born between 1 October 1989 and 30 September 1991, who lived in one 

of the three provinces in the North of the Netherlands at the time of the baseline assessment 

in 2000 (Huisman et al., 2008). Children from both urban and rural areas were included to 

construct a representative sample. In total 2,230 children were included, corresponding to a 

response rate of 76%. The mean age was 11.1 and 51% of the sample were girls (Huisman et 

al., 2008). Subsequent data collection took place every two to three years with 1,584 

individuals of the original cohort participating in all five waves (Oldehinkel et al., 2015). The 

final sample comprised 1,218 individuals due to missings in mental health scores. We discuss 

the impact of the observed attrition on treatment allocation in Section 5.5.1. 

5.2.2 Mental Health 

Scores on the Youth Self Report (YSR) for the years 2000, 2003 and 2006 and on the Adult 

Self Report (ASR) for the years 2009 and 2012 were used to measure mental health. YSR and 

ASR are questionnaires of 113 items, validated by the Achenbach System of Empirically Based 

Assessment (ASEBA) (Achenbach & Rescorla, 2013). All items were scored by the participant 

with a 0 (not applicable at all), 1 (a little or sometimes applicable) or 2 (clear or often 

applicable). We convert the scores into average scores between 0 and 100 in which (0) 100 

represents (bad) good mental health. The questions about behaviour consist of the problem 

scales depressed, anxious, social problems, attention problems, norm-deviant behaviour and 

aggressive behaviour. The first three problem scales together form the broad-band syndrome 

“internalizing problems” and the latter three the broad-band syndrome “externalizing 

problems”. All problem scales together form the scale “total problems” (Achenbach & 

Rescorla, 2013), which we used as mental health outcome in the main analysis. We split the 

broad-band syndromes in Section 5.5.3. 
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5.2.3 Demographic Characteristics 

We controlled for observed heterogeneity in demographic characteristics. We used a dummy 

variable for ethnicity with non-Caucasian background as reference category for at least one 

foreign-born parent.  To define the family composition, we use the number of children in the 

family. Educational attainment of the parents and individual was categorised according to 

three levels: score 1 - low (primary education, lower tracks of secondary education); score 2 - 

middle (higher tracks of secondary education, senior secondary vocational education); and 

score 3 - high (higher professional education, university). Furthermore, family income is a 

categorical variable with nine monthly household income classes, ranging from less than 

€680.67 (score 1), between €680.67 and €1,134.45 (score 2), ..., between €3,403.35 and 

€3,857.13 (score 8), to more than €3,857.13 per month (score 9). Finally, we used a dummy 

variable for urbanicity to separate children living in a larger city (Groningen, Leeuwarden, 

Assen) or in a village (Winschoten, Dantumadeel, Grijpskerk). 

5.2.4 Indication Process 

Eligibility for special needs funding was assessed by the Committee of Indication of 

Assessment of the Dutch Ministry of Education, Culture and Science. We identified special 

needs students accordingly. Baseline mental health scores were discerned into normal-

borderline-clinical cutoffs based on the validated Dutch norms of the ASEBA (Achenbach & 

Rescorla, 2013).3 Students with a score above the clinical cutoff were assumed eligible, 

resulting in 146 students assigned to special needs funding (12%), which is representative for 

national averages (Minne et al., 2009). The other 1,072 students were categorised as regular 

students, non-eligible for special needs funding.  

 Baseline characteristics for both groups are provided in Table 24. The sample of 

special needs students consists of less boys and children live more frequently in a high-urban 

area (𝑝 < 0.05). Furthermore, we observe that both groups are from a comparable in age, 

ethnic background, family composition, parental educational attainment and family income. 

  

                                                        
3 We multiplied the original baseline scores (0-2) with 119. Subsequently, we followed the validated cut-offs for 
boys younger than twelve years old of scores below 39 (normal), between 39 and 48 (borderline) and above 48 
(clinical). The validated cut-offs for boys of twelve years or older are scores below 40 (normal), between 40 and 52 
(borderline) and above 52 (clinical). Similarly, we followed the validated cut-offs for girls younger than twelve 
years old of scores below 36 (normal), between 36 and 48 (borderline) and above 48 (clinical). Finally, the 
validated cut-offs for girls of twelve years or older are scores below 36 (normal), between 36 and 44 (borderline) 
and above 44 (clinical). 
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Table 24  Summary statistics of regular and special needs students 

 Regular students 

N = 1,072 

Special needs students 

N = 146 

Student   

Mental health (0-100) 88.41 77.95*** 

Age (10-12) 11.08 11.09 

Males 0.48 0.39*** 

Non-Caucasian background 0.07 0.06 

Family background   

Number of children (0-8) 2.53 2.61 

Educational attainment mother (1-3) 1.82 1.82 

Educational attainment father (1-3) 1.93 1.93 

Family income (1-9) 4.85 4.80 

Demographic 

High urbanicity 

 

0.82 

 

0.87** 

Inference: */**/*** indicate significant differences at the 10%/5%/1% level based on the mean differences of the 

two samples, assessed with a t-test. 

  

5.3 Empirical Strategy 

We used a Differences-In-Differences (DID) design to control for time-invariant unobserved 

heterogeneity, enabling direct identification of special needs funding on the mental health of 

special needs students. The official time cut-off was 1 August 2003 (Wettenbank, 2003). 

Hence, we defined waves 1 and 2 of TRAILS as the pre-policy period (t = 0) and waves 3 to 5 

as the follow-up period (t = 1). Furthermore, only special needs students were eligible for 

indication to special needs funding. Hence, special needs students were allocated to the 

treated group (Zi = 0) and regular students to the control group (Zi = 1). 

 Furthermore, we assumed absence of policy changes in the baseline for either group 

(Di,t=0 = 0, Zi = 0) and the policy to have a positive effect on the mental health of students in 

the treated group (Di,t=1 = 1, Zi = 1). For the outcome variable (Yi,t) the population DID effect 

is then given by the mean difference in mental health between special needs students and 

regular students before and after the policy. The corresponding DID setting is given by 

DID = �E(Yi,t=1|Di,t=1 = 1, Zi = 1) − E(Yi,t=1|Di,t=1 = 0, Zi = 0)}  

          − {E(Yi,t=0|Di,t=0 = 1, Zi = 1) − E(Yi,t=0|Di,t=0 = 0, Zi = 0)}         (𝟏𝟑) 
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 In the DID extended model we added the individual-level control variables (Xi) age, 

gender, ethnicity, family composition, parental educational attainment, family income, and 

urbanicity.4 The corresponding extended DID setting is given by 

DID = �E(Yi,t=1|Di,t=1 = 1, Zi = 1, Xi) − E(Yi,t=1|Di,t=1 = 0, Zi = 0, Xi)}     

          − {E(Yi,t=0|Di,t=0 = 1, Zi = 1, Xi) − E(Yi,t=0|Di,t=0 = 0, Zi = 0, Xi)}     (𝟏𝟒) 

 The linear approximation of the population DID in (𝟏𝟒) is given by 

Yi,t = α + β · Fi,t + γi + δt + 𝛀 · 𝐗i + εi,t ,              (𝟏𝟓) 

where Yi,t is the mental health for each individual i in wave t, Fi,t is the indicator for allocation 

to special needs funding, γi captures the baseline difference in mental health, δt captures the 

time trend, 𝐗i are the individual-level control variables and εi,t denotes the error term. The 

coefficient β represents the DID estimand of interest – the effect of special needs funding on 

the mental health of special needs students. All estimations were performed using STATA/SE 

15.0 (STATA; https://www.stata.com/). 

5.4 Results 

5.4.1 Mental Health 

Figure 9 shows the average mental health of regular students and special needs students 

with the introduction of special needs funding illustrated by the vertical dotted line. We 

observe both parallel paths before the policy introduction in 2003 and from 2006 onwards  

(𝑝 > 0.10). Moreover, previous research demonstrated that regular students were not affected 

by the inclusion of special needs students (Ruijs & Peetsma, 2009; Ruijs, 2017). Hence, we 

were able to identify the counterfactual change in mental health over time for special needs 

students as if the policy had not been implemented.  

 Table 25 displays the standardised estimates of β in equation (𝟏𝟓) with and without 

additional control variables, respectively. The results suggest that special needs funding 

increased the mental health of special needs students with 0.41 SD (~ 38.0 percent). 

                                                        
4 Note that adding individual-level control variables only reduces the within-group variance. The within-group 
variation does not affect the identification of the policy effect but may reduce standard errors. Between-group 
variance becomes important when observed heterogeneity may confound the identification strategy. Given the 
features of our DID setting, observed heterogeneity may confound the identification of the policy effect. Therefore, 
in Section 5.5.2 of the supplementary analyses we added non-experimental methods to the original DID setting 
to reduce the between-group variance. Specifically, we followed Heckman et al. (1997, 1998) and matched the 
special needs students with their regular peers at baseline on the propensity of eligibility for the policy conditional 
on the control variables in (𝟏𝟓), (Xi). In the second stage we added the kernel weights obtained in the first stage to 
the DID setting to estimate the exempt policy effect. 
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Figure 9  Average mental health between 2000 and 2012 

 

 

Table 25  DID estimates for mental health 

 (1) (2) 

DID 0.414*** 0.414*** 

 (0.041) (0.028) 

 

Covariates NO YES 

 

R-squared 1,218 1,218 

Number of ID 0.20 0.22 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  

  

 In Figure 10 we show the standardised estimates of β in equation (𝟏𝟓) across the 

distribution of students’ baseline mental health with the main result of Table 25 as 

horizontal dashed line. The corresponding ten-percent quantile DID estimates are presented 

in Table 26. The policy yields an effect at the median of 0.42 SD. Furthermore, the policy 

was the most (least) effective at the sixth (third) quantile with an effect of 0.44 (0.32) SD. 
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Figure 10  Ten-percent quantile DID estimates 

 

 

Table 26  Quantile DID estimates for mental health 

Quantile 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 

 

DID 0.418* 0.327* 0.316* 0.335* 0.420* 0.443* 0.440* 0.438* 0.340* 

 (0.087) (0.072) (0.066) (0.063) (0.060) (0.062) (0.055) (0.056) (0.047) 

          

Covariates YES YES YES YES YES YES YES YES YES 

          

Number of ID 1,218 1,218 1,218 1,218 1,218 1,218 1,218 1,218 1,218 

R-squared 0.16 0.16 0.16 0.15 0.13 0.12 0.10 0.06 0.06 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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5.4.2 School Indicators 

We used two indicators to measure the standardised difference in school performance 

between 2003 (before policy) and 2006 (after policy). First, we measured the performance in 

language and math with a validated questionnaire, which consisted of three items: 1. work 

pace; 2. effort; and 3. test scores. The teacher assessed all items with a score ranging from 1 

(`strongly disagree’) to 5 (`strongly agree’). We used the average score between 0 and 5 with 

higher values for better academic performance. Second, we used apprenticeship scores, 

which are combined scores of a student’s relative level and progression in education (Bosker 

et al., 1985). Table 27 suggest that the educational gap between regular and special needs 

students reduced after the introduction of special needs funding. 

 

Table 27  School indicators of regular and special needs students 

 Difference (SD) 

Before policy 

Language performance 0.20*** 

Math performance 0.20*** 

Apprenticeship score 0.16*** 

After policy 

Language performance 0.09 

Math performance 0.01 

Apprenticeship score 0.11* 

Inference: */**/*** indicate significant differences at the 10%/5%/1% level based on the mean differences of the 

two samples, assessed with a t-test. 

 

 Finally, we show in Figure 11 for both groups the distribution of educational 

attainment nine years later in 2015. The Wilcoxon rank-sum test revealed that the median of 

special needs students only differs statistically significantly from their regular peers at a ten-

percent level. We were not able to identify the counterfactual distribution if the policy was 

not implemented, but the descriptives in Table 27 suggest a partial shift of special needs 

students towards lower educational attainment. 

5.4.3 Cost/Benefit-ratio 

Mental health is a pivotal element of human capital formation (WHO, 2013). The Dutch 

Ministry decided to abolish special needs funding in 2014 solely based on seemingly high  

expenditures, while the potential benefits had not been discussed (Wettenbank, 2014). 
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Figure 11  Educational attainment at labour market entry 
 

 In this section we estimate the cost/benefit-ratio of special needs funding by 

extrapolating the mental health impact estimated to benefits in mental healthcare use, 

educational attainment and labour market participation. Four assumptions were key for our 

cost/benefit-analysis. First, the average annual cost of special needs funding equals €14,400 

(Minne et al., 2009). Second, 35.3 percent of the adolescents with special needs in our 

sample are registered in mental healthcare (Jörg et al., 2016). The average annual cost of 

patients in mental healthcare equals €5,909, as in 2016 total mental healthcare cost counted 

€6.5 billion for 1.1 million registered patients (CBS, 2017a; Vektis Intelligence, 2017). Hence, 

a 38 percent improvement in mental health would be associated with annual benefits in 

mental healthcare use of 0.38 × 0.353 × €5,909 = €793. Third, a 0.41 SD increase in mental 

health would be associated with a 12.3 percent increased probability in labour market 

participation (Frijters et al., 2014). The average annual difference in labour income between 

employed and non-employed individuals between 2012 and 2018 amounts to €20,583 (CBS, 

2017b). Hence, the policy associated with increased in labour market participation would 

result in 0.123 × €20,583 = €2,532 annually. Fourth, the difference in apprenticeship scores 

between regular and special needs students decreased by 31.3 percent after the policy. We 

link this with Figure 11 by assuming a counterfactual shift of 31.3 percent in special needs 

students’ distribution from high to middle educational attainment. The annual labour income 

of individuals with middle and high educational attainment is estimated at €32,400 and 
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€53,300, respectively (CBS, 2017c). Hence, the policy effect would have resulted in benefits 

in labour income of 0.313 × 0.442 × €20,900 = €2,891 annually. 

 Subsequently, we assumed that (1) special needs students received funding from the 

age of twelve to eighteen, (2) benefits in mental healthcare use sustained from the age of 

eighteen onward, (3) benefits in labour market participation occur from the age of twenty-

one, (4) indirect benefits on labour income start from the age of twenty-four, and (5) the 

discount rate r in education equals three percent. These assumptions enabled us to estimate 

the breakeven point in time t of the government’s investment by solving equation (𝟏𝟔). 

�
€14,400

(1 + 0.03)t
= 

6

t=1

�
€793

(1 + 0.03)t
+

t

t=6

�
€2,532

(1 + 0.03)t
+ �

€2,891

(1 + 0.03)t

t

t=12

t

t=9

                                  (𝟏𝟔) 

 Equalizing returns to investment yields a reimbursement time t∗ of 33 years and 275 

days from the starting point of investment. When we extrapolated benefits beyond t∗ until 

retirement age T, we found a cost/benefit-ratio of 0.69 – horizontal dashed line in Figure 

12. However, this ratio will be largely determined by how much the government values future 

benefits (CPB, 2017). Therefore, we performed a sensitivity analysis for the discount rate r. 

Hence, the benefits of special needs funding would outweigh the cost up to a discount rate of 

4.7 percent (Figure 12). 

                   

Figure 12  Cost/benefit-ratios for discount rates between 1 and 5 percent  
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5.5 Supplementary Analyses 

In the supplementary analyses we demonstrate that the identification strategy is robust to 

attrition and propensity reweighting. Furthermore, we show that although results differ cross 

broad-band syndromes, conclusions remain similar. Finally, we focused on the effect 

heterogeneity for different classes in society. 

5.5.1 Attrition Bias 

Consistent estimation of the DID estimate requires availability of mental health scores in all 

five waves. As a result, we dropped 366 individuals of the original sample of which 350 (16) 

would have been allocated to the control (treatment) group (Table 28).  

 

Table 28  Attrition matrix 

 Treated 0 1 

Selected    

0  350 16 

1  1,072 146 

 

To control for the robustness to attrition we regressed the selection indicator on the 

treatment indicator in a logit model given by 

p(Zi = 1) = β0 + β1 · Si + εi ,               (𝟏𝟕) 

where Si is a binary variable taking the value 0 for the 366 dropped individuals and 1 for the 

1,218 included individuals, and εi denotes the error term. Estimation of equation (𝟏𝟕) yields 

an odds ratio β of -0.222 (𝑝 > 0.10). Hence, the treatment allocation is not affected by 

attrition in the sample selection. 

5.5.2 Propensity Reweighting 

In the third specification we followed Heckman et al. (1997, 1998) to reduce the between-

group variance. We used the observed covariates 𝐗i of (𝟏𝟓) to estimate the propensity score 

(the likelihood of indication to special needs funding) and to calculate kernel weights. Instead 

of only accounting for the within-group variance, this method matches the special needs 

students and regular students according to their propensity score. First, we obtained the 

propensity score (pi) for both groups using probit estimation, 

pi = E(Zi = 1 Xi).               (𝟏𝟖) 
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Then according to Heckman et al. (1997), the kernel matching is given by the propensity 

score conditional on the covariates 𝐗i, which leads to the calculation of the kernel weights, 

wi =
K �p i−pk

hn
 

�K �p i−pk
hn

 
                                                                                                               (𝟏𝟗) 

in which K · is the kernel function and hn is the selected bandwidth, set equal to 0.05. Then 

we introduced the kernel weights into (𝟏𝟑) to obtain a kernel propensity-score matching DID 

effect. The corresponding DID setting is given by 

            DID = �E(Yi,t=1|Di,t=1 = 1, Zi = 1) − wi · E(Yi,t=1|Di,t=1 = 0, Zi = 0)}                       

      − {E(Yi,t=0|Di,t=0 = 1, Zi = 1) − wi · E(Yi,t=0|Di,t=0 = 0, Zi = 0)}   (𝟐𝟎) 

 To increase the internal validity of the DID estimand, we restricted (𝟐𝟎) to the common 

support of the propensity score for special needs students and regular students, following 

Rosenbaum & Rubin (1985). The common support is the overlap region of the propensity for 

both groups. This sample of i individuals is then restricted to the region defined as 

(i: pi ∈  max min(pi Zi = 1) , min(pi Zi = 0) , min max(pi Zi = 1) , min(pi Zi = 0) ]).      (𝟐𝟏) 

Then, we showed that in absence of the policy, the outcome variable is orthogonal to the 

policy indicator given the set of covariates 𝐗i. The balancing property at baseline is given by 

Yi,t=0 ⊥ Zi|Xi .      (𝟐𝟐) 

 The kernel propensity-score matching DID estimate is given in column (3) in Table 

A29 in the Appendix. According to the matching strategy, special needs funding increased 

the mental health of special needs students with 0.39 SD. Although this estimate is slightly 

lower than the estimate of our main result of 0.41 SD, estimates are not statistically 

significantly different (𝑝 > 0.10). In Table A30 in the Appendix we show that in absence of 

the policy, the outcome variable is, indeed, orthogonal to the policy indicator, as on all 

included covariates the difference between the treated and control group is statistically 

insignificant (𝑝 > 0.10). 

5.5.3 Broad-band Syndromes 

The scores for mental health can be split in the broad-band syndromes internalizing and 

externalizing socio-emotional skills (Achenbach & Rescorla, 2013; Attanasio et al., 2020). 

The former (latter) is more present in mental health problems such as mood disorders 

(conduct disorders). Results in Table A31 in the Appendix suggest a larger policy effect for 

special needs students’ internalizing socio-emotional skills with a difference of 0.15 SD with 

their externalizing socio-emotional skills. 
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5.5.4 Effect Heterogeneity 

In this section we determined the effect heterogeneity, as the main result in Table 25 only 

provides the mean DID effect for the entire sample. Results are provided in Table A32 – 

Table A34 in the Appendix for stratification by gender, socio-economic class and ethnicity, 

respectively. We show DID estimates for both nested models and decomposed samples 

(Abadie et al., 2018). 

 The estimates in Table A32 suggest that males benefited more from the policy with a 

relative difference with females of 0.076 SD. In Table A33 we use a binary variable to define 

the student’s Socio-Economic Status (SES). The SES variable is derived with a factor analysis 

on the control variables educational attainment mother, occupation mother, educational 

attainment father, occupation father, and family income. The DID estimates demonstrate 

that students from a high SES class capitalized to a greater extent from the policy than their 

low SES peers. Specifically, the relative difference between high and low SES students is 

0.007 SD. Finally, the estimates in Table A34 suggest that students with at least one 

foreign-born parent benefited less from the policy with a relative difference of 0.096 SD with 

their peers with both parents born in the Netherlands. 

5.6 Concluding Remarks 

This study contributes to the discussion on the impact of government expenditures in 

education. We estimated the causal effect of special needs funding on the mental health of 

special needs students. The results reveal that the policy measure improved their mental 

health by 0.41 SD with a potential cost/benefit ratio of 0.69. Importantly, this indicates that 

the decision to abolish the policy may have been premature and ill-informed 

 This study distinguishes from other policy evaluations in education by focusing on 

students’ mental health instead of test scores. However, individual longitudinal data on child 

and adolescent mental health on a large scale is scarce. Therefore, we used data from a 

unique cohort following children from the end of primary school to adulthood with an 

excellent retention rate of 71 percent over a time span of twelve years. A balanced panel for 

estimation required availability of mental health scores in all five waves and, therefore, we 

dropped 366 of the 1,584 individuals. However, this did not bias the identification, as the 

attrition appeared not to be associated with the probability of indication to funding. 

 Within the sample 146 of the 1,218 students were selected into the treatment group 

based on eligibility terms. However, to a certain extent this selection could be associated with 

student’s background characteristics. For example, Chetty et al. (2016) found that student’s 

socio-economic environment affects college attendance and school performance. To test for 
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selection bias, we extended our DID specification by estimating the propensity of indication 

to special needs funding based on background characteristics in the first stage. We showed 

that in absence of the policy, the outcome variable mental health is orthogonal in the second 

stage to the policy indicator given the student’s socio-economic environment. The extended 

specification yields a reduction compared to the original DID estimate of only 0.02 SD, which 

indicates that the main analysis is robust to selection bias. 

 Chetty et al. (2014) suggest that advantaged students capitalize on the effect of 

education policies to a larger extent relative to their disadvantaged peers. Our heterogeneity 

analyses confirm this, as we found a significant difference between the lowest and highest 

SES class, as well as between students with Dutch-born parents with peers with a foreign-

born parent. Future research could focus on the mechanism behind reaching the more 

vulnerable students within the treatment group. 

 The Dutch Ministry of Education, Culture and Science in 2014 decided to cut 

expenditures on special needs funding by 300 million euros. Notably, the potential benefits 

of the policy were ignored. We shed a new light on this decision by taking into account the 

long-run returns to mental health. By linking the found increase in mental health to benefits 

in mental healthcare use, educational attainment and labour market participation, we 

showed that the investment required to sustain special needs funding would be earned back 

within 34 years. Moreover, extrapolating the benefits to retirement age yields a cost/benefit-

ratio of 0.69. We controlled for how much the government values future benefits and show 

that the benefits of special needs funding would outweigh the cost up to a discount rate of 4.7 

percent. Hence, the budget cut in special needs funding has been a ‘penny wise, pound 

foolish’ decision. 
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Appendix 

A5.1 Figures & Tables 

 

Table A29  Kernel propensity DID estimates 

 (1) (2) (3) 

DID 0.414*** 0.414*** 0.394*** 

 (0.041) (0.028) (0.043) 

 

Covariates NO YES YES 

Kernel weights NO NO YES 

 

Number of ID 1,218 1,218 1,218 

R-squared 0.20 0.22 0.22 

Standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

 

Table A30  Results balancing test with weighted covariates at baseline 

Weighted variable Pr( T >  t ) Mean control Mean treated Diff  t  

Mental health 0.0000*** 88.778 78/369 -10.409 30.20 

Age 0.8042 10.582 10.572 -0.010 0.25 

Males 0.6041 0.406 0.391 -0.015 0.52 

Non-Caucasian background 0.8270 0.062 0.059 -0.003 0.22 

Number of children 0.8467 2.597 2.608 0.012 0.19 

Educational attainment mother 0.6914 1.823 1.819 -0.004 0.40 

Educational attainment father 0.9134 1.929 1.934 0.005 0.11 

Family income 0.7934 4.854 4.802 -0.052 0.20 

High urbanicity 0.6721 0.821 0.873 -0.052 0.42 

Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table A31  DID estimates for broad-band syndromes 

 Internalizing Externalizing 

DID 0.405*** 0.253*** 

 (0.047) (0.048) 

 

Covariates YES YES 

 

R-squared 1,218 1,218 

Number of ID 0.22 0.12 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1.  

 

 

 

 

 

 

Table A32  DID estimates stratified by gender 

 Full Females Males 

DID 0.391*** 0.391*** 0.466*** 

 (0.060) (0.060) (0.069) 

 

DID × Males 0.075***   

 (0.011)   

    

Covariates YES YES YES 

 

Number of ID 1,218 693 525 

R-squared 0.22 0.22 0.19 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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Table A33  DID estimates stratified by socio-economic class 

 Full Low SES High SES 

DID 0.410*** 0.410*** 0.417*** 

 (0.104) (0.104) (0.045) 

 

DID × High SES 0.007***   

 (0.003)   

    

Covariates YES YES YES 

 

Number of ID 1,218 202 1,016 

R-squared 0.21 0.21 0.20 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 

 

 

 

Table A34  DID estimates stratified by ethnicity 

 Full Caucasian Non-Caucasian 

DID 0.419*** 0.419*** 0.323* 

 (0.047) (0.047) (0.182) 

 

DID × Non-Caucasian -0.096*   

 (0.072)   

    

Covariates YES YES YES 

 

Number of ID 1,218 1,142 76 

R-squared 0.22 0.21 0.31 

Clustered standard errors in parentheses. Inference: *** p < 0.01, ** p < 0.05, * p < 0.1. 
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A5.2 List of Abbreviations 

 

ASEBA   = Achenbach System of Empirically Based Assessment 

ASR  = Adult Self Report  

DID  = Differences-In-Differences 

OLS  = Ordinary Least Squares 

REC  = Regional Expertise Centra 

SD  = Standard Deviation 

SES  = Socio-Economic Status 

TRAILS  = TRacking Adolescents’ Individual Lives Survey 

YSR  = Youth Self Report 

 

A5.3 TRAILS Data Statement 
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Chapter |6| 

 

6. Policy Notes 

We know that mental health problems originate from youth, but what is the persistence of 

mental health issues and healthcare during adolescence after youth enters psychiatric care? 

Are mental health trajectories largely determined by underlying individual characteristics? 

And how do these trajectories change or respond to health policy reforms? In Chapter 2 we 

used registry data of more than 80,000 Dutch children and adolescents to answer these 

questions. Previous studies on the persistence of child and adolescent mental healthcare do 

not consider the role of underlying individual characteristics. Moreover, estimating 

persistence of healthcare using standard linear models yields biased estimates due to 

unobserved heterogeneity and the autoregressive structure of the model. We provide 

estimates of the persistence of care while taking these statistical issues into account. All 

estimation results showed a positive coefficient smaller than unity, which indicates that 

young patients return to their base level of mental healthcare after an exogenous shock. 

Additionally, persistence of care is found not to be affected by large healthcare reforms in the 

last decade. Indeed, a substantial part of persistence is due to individual characteristics and 

thus partially unavoidable. 

Policy Note I – Tracking mental healthcare trajectories using observational data enables 

policy makers to make more informative budget allocation decisions. 

 

 

After early identification of mental health trajectories, effective treatments could mitigate the 

norm-deviated pattern of mental health problems in youth. In Chapter 3 we used 

experimental data of the largest RCT in youth mental health, the NIMH’s Multimodal 

Treatment Study of Children with ADHD (MTA study). The MTA study has been designed to 

evaluate the clinical effectiveness of the leading treatments for ADHD (medication, 

behavioural therapy, combination thereof) relative to community-delivered treatment 

(control condition) and has defined guidelines for ADHD treatment globally. We re-used the 

experimental data to understand the cost-effectiveness of these treatments beyond the 

clinical setting, and therefore used juvenile delinquency as societal outcome. To do so, we 

developed a three-state continuous-time Markov model (no delinquency, minor to moderate 
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delinquency, serious delinquency) to extrapolate the data ten years beyond the trial period. 

This innovative model structure in youth mental health enabled to calculate the number of 

years that children do not enter the worst societal state, in our case serious delinquent 

behaviour, stratified by treatment mode. The economic evaluation revealed that the 

controlled treatments turned out to be inferior in terms of cost-effectiveness to the control 

condition, as the extra costs did not outweigh the impact on juvenile delinquency. 

Policy Note II – It is crucial to take broader societal outcomes into account evaluating 

youth mental health policies, as the burden often extends beyond the health system. 

 

 

Education is one the most critical predictors of youth development and contributes to the 

cumulative human capital of society, hence increasing its international position. Previous 

research has shown that increasing compulsory schooling benefits youth development. Yet 

we do not know how to monitor the implementation of these compulsory schooling reforms 

with regard to their effects on the academic performance of youth. Using administrative data 

we exploited a Dutch law reform in Chapter 4 to determine the effect of tightening the 

monitoring of compulsory education on pupil’s test scores. The law reform legally transferred 

monitoring from the municipality to the Dutch Inspectorate of Education with the purpose to 

get more pupils to attend class. As a result, we observe more registered test scores of low-

ability pupils in the treatment group, causing selective attrition. We corrected for this non-

random sample selection in our study and conclude that such a monitoring reform 

significantly increases the test scores of children, both in the first and last class of primary 

school. Moreover, the heterogeneity analyses reveal that care pupils and children from an 

ethnic minority or low socio-economic environment benefited more from the policy.  

Policy Note III – Understanding the effect of youth policies for different subgroups is 

crucial, as it informs policy makers on the accessibility of the policy. 

 

 

We know from Chapters 2 and 4 that mental health is persistent during adolescence, and 

that education is a crucial aspect of youth development. In Chapter 5 we combined these 

aspects and investigated the long-run returns to government expenditures in special needs 

education. The Dutch government provided regular primary and secondary schools from the 

1st of August 2003 with additional funding for the inclusion of special needs students. In the 
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first part of the study we focused on the impact of these government expenditures on special 

needs student’s mental health. The regular students form the reference group, and so we used 

their mental health trajectory as counterfactual for the course of mental health of special 

needs students if the policy had not been implemented. From this part we concluded that the 

additional funding substantially improved the mental health of special needs students. 

Heterogeneity analyses present a cautionary note, as girls and children from an ethnic 

minority or a low socio-economic environment benefited less from the policy. In the second 

part we responded to the commonly asked policy question in youth mental health: “Did the 

investment pay off?”. The answer is “Yes”, as we demonstrate a cost/benefit-ratio of 0.69 

when extrapolating the found mental health effect to life-cycle returns in mental healthcare 

use, educational attainment and labour market participation. 

Policy Note IV – Investments in youth mental health should be seen from a life-cycle 

perspective in order not to underestimate the benefits. 
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Dutch Summary 

Mentale gezondheid is een essentieel onderdeel van het algemeen welzijn en functioneren 

binnen de maatschappij en daarmee bepalend voor de samenleving. Mentale 

gezondheidsproblemen nemen een steeds groter aandeel in van de ziektelast en -kosten 

wereldwijd (GBD, 2017). In Nederland zijn in totaal 1,1 miljoen mensen geregistreerd als 

patiënt in de geestelijke gezondheidszorg (GGZ) (Vektis Intelligence, 2017). De ziektekosten 

geassocieerd met de GGZ zijn gelijk aan 1,2% van het bruto binnenlands product en 6,8% van 

de totale ziektekosten in Nederland (CBS, 2019, 2020). Dit is echter nog maar een 

onderschatting van de daadwerkelijke kosten, aangezien de daadwerkelijke impact op de 

economie verborgen zit in de indirecte kosten. Mentale gezondheidsproblemen ontstaan 

veelal in de kindertijd en adolescentie (Kessler et al., 2007) en leiden in veel gevallen tot een 

afwijkende levensloop. Enkele voorbeelden zijn slechtere schoolresultaten (Currie, 2006; De 

Zeeuw et al., 2017), lagere arbeidsparticipatie (Frijters et al., 2014) en een lager inkomen 

(OECD, 2012). Mentale gezondheidsproblemen raakt niet alleen het individu, maar ook de 

omgeving en maatschappij, zoals een toenemende druk op mantelzorg van omringende 

verzorgers en jeugdhulp (OECD, 2014). 

We weten dat veel psychische problemen hun oorsprong vinden in de jeugd. We 

weten echter veel minder in hoeverre  zorgtrajecten en problemen persisteren tijdens de 

adolescentie nadat de kinderen en jongeren zijn verwezen naar de GGZ? Wordt de 

persistentie in de jeugd GGZ grotendeels beïnvloed door onderliggende individuele 

patiëntkenmerken? En wat is de gevoeligheid van deze zorgtrajecten met betrekking tot 

hervormingen van het Nederlandse gezondheidsstelsel? In Hoofdstuk 2 gebruikten we 

routinematig verzamelde gegevens van meer dan 80.000 Nederlandse kinderen en jongeren 

uit het Psychiatrisch Casus Register Noord-Nederland (PCR-NN) om deze vragen te 

beantwoorden. Eerdere onderzoeken naar de persistentie van jeugd GGZ hielden geen 

rekening met de rol van onderliggende individuele patiëntkenmerken. Het schatten van de 

persistentie van zorg met behulp van standaard lineaire modellen leverde vertekende 

resultaten op vanwege de niet-waargenomen heterogeniteit en de dynamische structuur van 

het onderliggende model. Wij hebben de persistentie van jeugd GGZ geschat, rekening 

houdend met deze statistische aspecten. Alle resultaten lieten een positieve coëfficiënt zien 

tussen 0 en 1, wat aangeeft dat jongeren na een plotselinge toename van zorg zouden 

terugkeren naar hun basisniveau van GGZ-zorggebruik. Bovendien bleek de persistentie van 

jeugd GGZ niet te worden beïnvloed door grote hervormingen van het gezondheidsstelsel in 

het afgelopen decennium en is een substantieel deel van de persistentie te wijten aan 

individuele patiëntkenmerken en is dus gedeeltelijk onvermijdelijk. 
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Na vroege identificatie van jeugd-GGZ-trajecten zouden effectieve behandelingen het 

normafwijkende patroon van psychische problemen bij jongeren kunnen verzachten. In 

Hoofdstuk 3 gebruikten we experimentele gegevens van een vooraanstaande klinische trial in 

mentale gezondheid bij jeugd, de Multimodal Treatment Study of Children with ADHD (MTA 

studie). De MTA studie is gebruikt om de klinische effectiviteit van reguliere behandelingen 

voor ADHD (medicatie, gedragstherapie, combinatie daarvan) te evalueren ten opzichte van 

door de gemeenschap geleverde behandeling (controleconditie) en heeft de wereldwijde 

richtlijnen voor ADHD-behandeling beïnvloed. We hergebruikten de experimentele gegevens 

om de kosteneffectiviteit van deze behandelingen buiten de klinische setting te onderzoeken 

met delinquentie als maatschappelijke uitkomst. Hiervoor hebben we een transitiemodel met 

drie maatschappelijke toestanden ontwikkeld (geen delinquentie, lichte tot matige 

delinquentie, ernstige delinquentie) om voorbij het tijdsinterval van de klinische trial te 

extrapoleren. Deze innovatieve modelstructuur maakte het mogelijk het aantal jaren te 

berekenen dat kinderen niet in de slechtste maatschappelijke toestand terechtkomen, in ons 

geval ernstige delinquentie, na verschillende behandelingen. Uit de economische evaluatie 

bleek dat de reguliere behandelingen ondergeschikt zijn aan de controleconditie, aangezien 

de hogere kosten niet opwegen tegen de impact op jeugdcriminaliteit. Het is van cruciaal 

belang rekening te houden met bredere maatschappelijke uitkomsten bij effectmetingen in de 

jeugd GGZ, aangezien de invloed verder reikt dan alleen de klinische setting. 

Onderwijsprestatie is een van de meest kritische voorspellers van de ontwikkeling van 

jongeren en draagt het bij aan het cumulatieve menselijke kapitaal van de samenleving. 

Eerder onderzoek heeft aangetoond dat het verlengen van de leerplicht de ontwikkeling van 

jongeren ten goede komt. Toch weten we niet hoe het verscherpt monitoren van de 

Leerplichtwet de onderwijsprestaties van jongeren beïnvloedt. In Hoofdstuk 4 maakten we 

gebruik van een Nederlandse wijziging in het monitoringssysteem van de Leerplichtwet om 

met behulp van administratieve gegevens de associatie te bepalen tussen de verwachte 

afname van het relatieve verzuim van leerlingen op hun testscores. Het beleid streeft naar 

meer leerlingen in de klas door een lager verzuim, en dus meer geregistreerde testscores, na 

invoering van de wetswijziging op 1 augustus 2007. Deze onnatuurlijke selectie zorgt voor een 

vertekend beeld, aangezien uit eerder onderzoek is gebleken dat verzuim vaker voorkomt bij 

leerlingen met lagere schoolprestaties. We hielden rekening met deze statistische kwestie in 

onze studie en concludeerden dat een aanscherping van het toezicht op de Leerplichtwet de 

testscores van kinderen aanzienlijk heeft verhoogd, zowel in de eerste als in de laatste klas 

van de basisschool. Bovendien lieten de aanvullende analyses zien dat zorgleerlingen en 

kinderen afkomstig van een etnische minderheid of een lager sociaaleconomische omgeving 

meer baat hadden bij de hervorming. 
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We weten uit Hoofdstukken 2 en 4 dat mentale gezondheidsproblemen persistent zijn 

tijdens adolescentie en dat onderwijs een cruciaal aspect is van de ontwikkeling van jongeren. 

In Hoofdstuk 5 combineerden we deze aspecten en onderzochten we de lange-termijn 

rendementen op overheidsuitgaven in het speciaal onderwijs. De Nederlandse regering heeft 

vanaf 1 augustus 2003 basis- en middelbare scholen voorzien van aanvullende financiering 

voor de opname van zorgleerlingen uit het speciaal onderwijs, bekend als het Rugzakbeleid. 

In het eerste deel van dit hoofdstuk richtten we ons op de impact van het Rugzakbeleid op de 

mentale gezondheid van zorgleerlingen. De reguliere leerlingen vormden de controlegroep en 

daarom gebruikten we hun ontwikkeling van mentale gezondheid voor het verloop van de 

mentale gezondheid van zorgleerlingen als het Rugzakbeleid niet was geïmplementeerd. Uit 

dit deel concludeerden we dat het Rugzakbeleid de mentale gezondheid van zorgleerlingen 

flink heeft verbeterd. Heterogeniteitsanalyses lieten wel zien dat meisjes en kinderen 

afkomstig van een etnische minderheid of een lagere sociaaleconomische omgeving minder 

baat hadden bij het beleid. In het tweede deel gingen we in op de veel voorkomende 

beleidsvraag in het jeugddomein: “Wat is de monetaire waarde van de investering?”. We 

hebben aangetoond dat het Rugzakbeleid een kosten/baten-ratio van 0,69 heeft als we het 

gevonden effect in mentale gezondheid extrapoleerden naar de te verwachte rendementen in 

GGZ-zorggebruik, opleidingsniveau en arbeidsmarktparticipatie over de levensloop. 
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