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1. Introduction 
Grossman (1972) said that most students of medical economics have long realized that what consumers demand when they purchase medical services are not these services per se but rather “good health”. If that is the case, then the establishment of a causal relation of education on health can be of great social value, since education is yet an undiscovered tool for creating health. The possible causal relationship of education on health can be of great importance for decisions in education and health policies.
	In the Netherlands the life expectancy of men and women with a college or university degree is 6 to 7 years higher compared with those who have finished just primary school (CBS, 2010). Although the correlation is clear, conclusive evidence about a causal relationship of education on health has yet to be established. This is mainly due to fact that the relationship between education and health could be dual. It could be stated that more education leads to better health, but it is also possible that better health leads to more education. This is what makes education and health endogenous variables. What further complicates the research for a causal relation is that most of the variables influencing both education and health are unobservable. For example parental resources like wealth, social network and knowledge are difficult to observe. The same applies for individual characteristics like time preference, risk aversion and cognitive ability.
Using exogenous variation could be a solution to work around the common unobserved factors. In the literature this has been done by making use of compulsory schooling reforms. Van Kippersluis et al. (2011) and Lleras- Muney (2005) using compulsory schooling reforms, found evidence for an effect of education on mortality in the Netherlands and United States. But comparable studies in the United Kingdom and France did not found a significant relationship (Clark and Royer, 2010; Albouy and Lequin, 2009). Although results point towards a causal relationship of education on health, the outcomes are still mixed. 
By using another method that takes the common unobserved factors into account, this paper wants to contribute to the discussion about education causally influencing health. The investigated research question is: Does education has a causal effect on health? Finding an answer for this question this paper examines how large the correlation between the unobservable determinants of education on the one hand and the unobservable determinants of health on the other has to be, for education to have no effect on health. For the conducted research a method presented by Altonji et al. (2005) is used. This method makes it possible to make assumptions about the level of correlation between the unobservable determinants of both education and health. Furthermore Altonji et al. (2005) presents a method that uses the correlation between the observable variables of education and health as a guide for the correlation between the unobservable variables of education and health. Altonji’s method will act as a lower bound estimation about the effect of education on health, because it takes the effect of unobservable variables into account. On the other hand simple ordinary least squares (OLS) methods do not take an effect of unobservable variables into account and are therefore considered as an upper bound estimate. If there is still found a substantial effect of education on health using the lower bound estimation, this will contribute to evidence that education has a causal relationship on health. 
	The aim of this paper is to disentangle the effect of education and all other variables on health by using the selection on the observable variables as a guide for the selection on unobservable variables. The data used for this research is the Cramer et al. Brabant 2010 dataset, consisting of a representative Dutch cohort born around 1940. De data set has detailed education and social background measures. What makes the Brabant 2010 an eminently suitable data set is that is has data on early life cognitive ability. This ability is often an unobserved variable and being able to control for cognitive ability gives more power to method of Altonji’s et al. (2005).
The contribution of this paper to the literature is threefold. First an upper bound effect of education on health is estimated through univariate probit analysis with both self-assessed health and mortality as health outcomes. Secondly, in contrast to existing studies, the lower bound estimate of the effect of education on health is researched using the model of Altonji et al (2005). In the process the sensitivity of the estimates to correlation between the unobserved factors that determine education and various outcomes of health will be explored.          
The results found an effect of education on mortality using the upper bound estimation method, but no significant effect is found using Altonji’s lower bound estimation method. Furthermore it is found that it only takes a relatively small amount of correlation between the error terms of education and health to explain the estimated effect under the null of no ‘true’ education effect.
This paper is organized in five sections. The second section gives the theoretical framework along with background and empirical evidence information. In the third section the methodological framework is given, explaining the method of Altonji et al. (2005). The results are presented in section four and in section five the conclusion and discussion is given. 


2. Theoretical framework 
Kitawaga and Hauser reported in their study in 1965 that mortality numbers decrease when education level rises in the United States. This was one of the first studies investigating the relation between education and health. From then onwards the topic of education and health has been researched in many ways and forms, but evidence of the causal relationship of education on health is still inconclusive.  
	There are three possible ways in which education and health can be related. At first it could be that education increases health, but it is also possible that better health in early life increases educational attainment. Furthermore there is the possibility that third factors increase both education and health. In short (i) health can affect education, (ii) education can affect health and (iii) common unobserved factors can affect both education and health, leading to three possible pathways of education and health influencing each other (Cutler and Lleras-Muney, 2012). 
	Firstly considering the pathway that leads from health to education. For all countries in the world there is a very strong correlation found between early life health and educational attainment. Correlations are strong in developing countries, but also in developed countries it is found that children with poorer health have lower educational attainment and become more unhealthy adults (Case, Fertig and Paxson, 2005; Black Deveraux and Salvanes, 2007). The other way  around it is hypothesized that today in developed countries like the Netherlands and the United States very few children are not able to attend education because of their health. Thus, most likely there is an effect of early life health on education, but it is not considered a strong effect (Conti et al. 2010). 
	Secondly the pathway that leads from education to health. Grossman (1972), using the human capital model of Becker (1964), was the first to establish a theoretical framework. From this framework follows that there are two mechanisms through which education can influence health. These are the “allocative efficiency” and “productive efficiency” mechanisms. The allocative efficiency mechanism means that people with higher education are able to choose better health inputs. The most direct way to illustrate this is that education level influences the type of job and income an individual will achieve. It is known that one year of education can increase income by about 7% (Card, 2001). So the higher one is educated the more one can spend on sports, healthy food and on more or better healthcare products. As a counter argument one could say that they can also spend more money on cigarettes, alcohol and other harmful products. When income increases, the opportunity cost of time also increases. Since most health inputs cost time this can lead to people with an high income using less health inputs for example not visiting a doctor. Another example of the allocative mechanism is that people with higher education tend to work in different and perhaps healthier industries compared with the lower educated. At the beginning of the 20th century the higher educated were more likely to be white collar workers, which is considered more safe than being a blue collar worker or working in agriculture for example. Whether this reasoning still holds is doubtful. More and more safety measures are set and having a job that obliges to sitting behind a desk or computer all day is not considered to healthy as well (Patel et al 2010). 
	As a contrast to allocative efficiency mechanism there is the productive efficiency mechanism. The productive efficiency mechanism means that a higher educated person produces better health outcomes compared with a lower educated person, with the same inputs. This could mean higher educated have a better interpretation of information and make better use of this information. A classical example is that both high and low educated people acknowledge that seatbelts should be worn when driving a car, but at the same time low educated people also agree on the statement that a seatbelt is just as likely to harm you in an accident. This illustrates that higher educated might have a deeper understanding about the risks prevented when wearing a seatbelt (Cutler an Lleras-Muney, 2010a).
Apart from the productive and allocative mechanisms there is another way education could influence health. Because being in school alone can already have a positive effect on health, since children have less exposure to poor role models and unhealthy behavior. This is called the “incarnation effect” (Cutler and Lleras-Muney, 2012). 
	Thirdly the pathway that states that education and health have some common unobserved determinants. For example parental resources influence both education and health. Parents are likely to devote part of their resources (i.e. wealth, social network, knowledge, etc.) in the health of their children, securing their children’s future. Which also will imply that they will invest in their children’s education (Cutler and Lleras-Muney, 2012). Furthermore important individual characteristics like risk aversion and time preference also determine both health and education. For example, people who are more patient are more likely to invest in education and health (Fuchs, 1982). Literature also found that smarter people (people with higher cognitive ability) tend to have higher education and better health (Cutler and Lleras-Muney, 2010a). But the evidence collected trying to control for third factor variables is also inconclusive, partly because of the difficulties trying to measure these unobservable variables.
	As can be concluded from all above, establishing that education has a causal effect on health is most difficult, since education and health are endogenous variables. There are lots of unobserved factors that cannot be controlled for. Finding exogenous variation that affects education but not health could be a solution. This has been done in the literature by making use of compulsory schooling reforms as a source of exogenous variation. In the Netherlands it is found that for men aged 81, it is estimated that one extra  year of schooling reduces the probability of not surviving to the age 89 with 3% points, relative to baseline of 50% (van Kippersluis et al. 2011). For the United States there is also evidence found for the relation of education on mortality using compulsory schooling reforms (Lleras- Muney 2005). But again evidence is not conclusive, studies using compulsory schooling reforms in the United Kingdom and France found no significant effect of education on mortality (Clark and Royer, 2010; Albouy and Lequin, 2009). The mixed evidence suggests that confounding factors may well play a role in relation between education and health. 
	As mentioned earlier cognitive ability is known to have an effect on both education and health. Conti et al. (2010) included cognitive and non-cognitive abilities in their research. They concluded that half of the association between education and health can be explained by cognitive, non-cognitive and social background factors. The remaining half is interpreted as the causal effect of education on health. Bijwaard et al. (2013) tried to extend the model of Conti et al. using the same “Brabant data” as this paper uses. While Conti et al. (2010) used health measures that are self-reported, Bijwaard et al (2013) used mortality as an objective health measure. Bijwaard et al. (2013) found that the effect of entering secondary school as opposed to leaving school after primary education results in a 4 year gain in average life expectancy, which is in line with the results of Conti et al (2010). 
	Although the papers of Conti et al. (2010) and Bijwaard et al. (2013) provided a significant contribution to the literature, their found effect of education on health cannot be called causal effects. This is because although they included cognitive ability in their models, there is the possibility to have other unobserved variables that are in absence of their models. Earlier in this section it is mentioned that risk aversion and time preference are examples of often unobserved variables. These unobserved variables might explain the found effect of education on health.
[bookmark: _GoBack]	This paper will focus on tackling the problem of unobserved factors using a method presented in Altonji et al. (2005) and explained in the following chapter. Using this method it is tried to give a decisive answer on the question: Does education has a causal effect on health?



3. Methodological framework 
Simple multivariate regressions of education on health show that education has a protective effect on health (Cutler and Lleras-Muney, 2012). However, it is argued that this effect could be due to the unobserved variables affecting both education and health, which is a kind of selection bias. Examples of these unobserved variables are variables like parental resources and personal characteristics like time preference and risk aversion as mentioned in the previous chapter. Using a bivariate model this paper examines the sensitivity of the estimates to the correlation between the unobserved factors that determine education level on the one hand and the various outcomes of health on the other. Furthermore this paper uses the method of Altonji et al. (2005) that states that the part of the outcome health that is related to the observables has the same relationship with education as the part related to the unobservables. 
 	First using univariate probit models the coefficient on education for health is estimated, both with and without control variables. Subsequently following Altonji et al. (2005), the possibility that a small amount of selection on unobservable variables could explain the whole effect of education on health is explored. This will be done by examining the sensitivity of the estimates to the correlation of the unobserved factors that determine education and outcomes of health. 
Consider the bivariate probit model, where ED is education and Y stands for health, α is the coefficient of education and gives the estimated effect of education on health and for that reason is the coefficient of main interest, X are the observed control variables for example age and gender, u and ϵ are the error components which include unobserved factors,  
ED = 1(Xβ + u > 0),					(1)
Y = 1(Xɣ + αED + ϵ > 0), 				(2)	
					(3)
Rho (ρ) is the correlation between the error components in the equations for ED and Y. Setting ρ = 0 corresponds to treating education as exogenous, which resembles the same as if equation (1) and (2) where two separate univariate probit models. Treating education as endogenous, assumptions can be made about ρ to see how this influences α. Making assumptions about ρ, means assigning values to ρ up to a maximum of 1. This analysis will act as a sensitivity analysis, since it will test how large the correlation between the error components u and ϵ has to be in order to explain the whole effect of education. However what would be a realistic magnitude of ρ is hard to judge. Altonji et al. (2005) solves this problem using the degree of selection on observables as guide for the degree of selection on unobservables.
	Again Y is the outcome variable health and is a function of Y* , which is determined as
Y* = αED + WT
	     = αED + Xɣ + ϵ,				(4)
where ED indicates whether the person is high educated, the parameter α is the causal effect of ED on Y*, W is the full set of variables both observed and unobserved that determine Y*, and T is the causal effect of W on Y*. In the second line of (4) X is a vector of observable variables of W,  ɣ is the corresponding subvector of T, and the error term ϵ is an index of the unobserved variables. The vectors ɣ and ϵ are defined so that Cov (ϵ,X) = 0. 
Let’s look at the linear projection of ED* onto Xɣ and ϵ. Now ED* is the latent variable that determines ED such that ED = 1(ED*>0),
	Proj(ED*| Xɣ, ϵ) = Ф0 + ФXɣXɣ + Фϵ ϵ.	(5) 
The idea of Altonji et al. (2005) that “selection on the unobservables is the same as selection on the observables” is formalized in the following condition.
Condition 1. 
	Фϵ  = ФXɣ
While in comparison with OLS the following condition is used. 
Condition 2.
	Фϵ  = 0
To interpret these to conditions one can say that in the first condition the part of Y* that is related to the observables and the part related to the unobservables have the same relationship with ED*. For example let say gender and cognitive ability are two observable variables and risk aversion and time preference are unobservable variables, then the effect of gender and cognitive ability on health and the effect of risk aversion and time preference on health have the same relationship with education. While condition 2 says that there is no relationship of the unobservables with ED*, which is the case in OLS implying that there are no omitted variables. 

There are three types of assumptions for this model:
1. the variables of X are chosen at random from the full set of elements W that determine Y;
2. there is a large number of elements in X and W, and none of the elements dominates the distribution of ED or Y;
3. the relationship between the observable elements X and the unobservable elements in ε obeys an assumption that is very strong, but weaker than the standard assumption Cov (ϵ,X) = 0. 
These are strong assumptions and it is unlikely that they will hold exactly, but it is thought that they are no more objectionable than the assumptions that underline the OLS model. In general large data sets are designed and collected to serve multiple purposes, as a result the explanatory variables in the data set are not specifically collected for one specific question and variables used can be considered more or less randomly chosen. Furthermore many elements of W are left out of the data set, since there are limits on the number of variables we know how to collect and can afford to collect. Additionally health and education are known to be endogenous variables, but the OLS assumptions require them to be exogenous.
Condition 1 can be replaced by condition 3. 
Condition 3. 
	0 ≤ Фϵ ≤ ФXɣ
The elements of condition 3 can be rewritten as:
  	ФXɣ 			(7)
	Фϵ  .[footnoteRef:1]	(8) [1:  Because (i) Cov(u,X) =Cov(ϵ,X) = 0 since X is observed and included in the model, and (ii) Var(ϵ) = 1 in the probit model. ] 

So that in turn condition 3 can be rewritten as
	.								(9)
Thus, the found estimates of α can be viewed as a lower bound imposing ρ = Cov/ , and as an upper bound imposing ρ = 0 (OLS). 

4. Data
In this section the data set is described and descriptive statistics are given. In section 4.1 background information of the data set is given and variables are described.  Correlation between education and health are tested in section 4.2, to justify further exploration of one’s effects on the other. 
4.1 Data set 
This paper uses the Cramer et al. Brabant 2010 dataset. In 1952 a survey of educational performance among 5800 school children who were in the sixth form of primary schools was performed. In 1983 and 1993 the records of the 1952 survey were used to perform a postal survey of education and labour market careers. Because not all of the original participants could be traced or responded to the 1983 and 1993 postal surveys the combined data set consists out of 2998 individuals. All these individuals have participated in the 1952 survey and at least in one of the later surveys. Using the national archive deaths that occurred between October 1994 and February 2009 were retrieved. 
The dataset contains an extensive range of employment and occupation variables. Most variables that where collected in the 1983 and 1993 surveys are deleted. They are deleted because they can be influenced by both health and education, making them endogenous variables. For example as illustrated in section 3: Income can influence health, but is more an outcome of both education and health.   
Of the individuals in the dataset 40% are female and 60% are men. They are born between 1937 and 1941. About 84% percent of the individuals responded in the 1983 survey, 65% responded in 1993 and 50% of the individuals responded in both surveys. In this paper health is the dependent variable for which there are two proxies in this dataset: mortality and self-assessed health. For analysis purposes both the mortality and self-assessed health variable need to be dichotomous. For the mortality variable this is already the case. Of the 2998 individuals in the dataset 348 have died, which is 12% as can be seen in table 1. The dichotomous variable ‘goodhealth’ needs to be derived from the variable ‘health93’, which reports self-assessed health measured in five categories – ‘very good’, ‘good’, ‘not good not poor’, ‘poor’ and ‘very poor’. These categories are recoded so that the variable ‘goodhealth’ takes value 1 if the respondent indicated very good or good as their health state and 0 if the responded indicated one of the other three health states. Table 1 shows that of the 1923 observation 68% reported a good or very good health state. 
Table 1 ‘descriptive statistics death and good health’
	
	Obs 
	Mean
	Std. Dev. 

	death
	2998
	0,116077
	0,320371

	goodhealth
	1923
	0,683307
	0,465307



The factor of main interest is education level. In the binary variable ‘education’ the highest educational level attained in either survey (both 1983 and 1993) is reported. If education takes value 1 it means that at least general secondary school was attended. Value 0 means that primary school is attended or at most lower vocational education, such as the lower agricultural school or lower polytechnic schools.[footnoteRef:2] Table 2 shows the distribution of the variable education. Where 33% attained at least secondary school, 67% did not and attained solely primary school or at most lower vocational education.  [2:  At least general secondary school includes those who attended at least lower general secondary school (“(M)ULO” or “MAVO”), higher general secondary school (“HBS”, “HAVO”, “VWO”, “Atheneum” or “Gymnasium”), and higher vocational education or University. 
At most lower vocational education includes those who attended at most lower vocational education (“LBO”).   ] 

Table 2 'descriptive statistics highest educational attainment'
	education
	Freq. 
	Percent

	0
	1764
	66,69

	1
	881
	33,31

	Total
	2645
	100



As mentioned earlier cognitive ability is an important variable, because it is often an unobserved variable and cognitive ability is known to raise both education level and health (Cutler and Lleras-Muney, 2010a). However, in the ‘Brabant’ dataset there are three potential measures of cognitive ability. First the so-called LO-IV test which consists out of six sub tests. This test will not be used in the analysis because the quality of the test has been questioned (Hartog et al. 2002). Furthermore there are the Raven Progressive Matrices Test and the Vocabulary Test. The Raven test is designed to measure cognitive abilities and therefore a more pure measurement of cognitive ability compared with the Vocabulary Test (Lont and Dronkers, 2002). Hence, the Raven test will be used to control for cognitive ability. Being able to control for cognitive ability adds power to the control variables. 


In table 3 the sample is divided into two groups, high educated and low educated. For these two groups table 3 shows the means of the dependent variables and the control variables. It shows that there are on average less people deceased in the high educated group compared with the low educated. Also on average there are more people in good health in the high educated group compared with the low educated.
Looking at the control variables we see that the Raven test is higher for the high educated. Furthermore it shows that the high educated group consists out of 35% females and the low educated group out of 42% females. The average of rank of birth is higher in the low educated group. The binary variable Child Works defines if the child had to work in the parent’s farm or company. This average is higher in the low educated group. Lower Social Class is also a binary variable and is based on the status of the father’s job. Lower administration workers, agricultural workers, industrial workers, other lower workers and disabled are classified as lower social class. In the low educated group 56% belongs to this group, while in the high educated 31% is classified as lower social class. 
Teacher’s Advice is the recommended grade of further schooling and is divided into four categories: (i) continue primary school, (ii) lower vocational education, (iii) lower secondary education and (iv) higher secondary education. Table 3 shows that the means of the first two categories are higher for the low educated and that the means of the last two are higher for the high educated. 
The last variable Repeat defines the number of classes that had to be repeated by the children. There are three categories: (i) no repetition of classes, (ii) repeated once and (iii) repeated twice or more. The class of no repetition has a higher mean for the high educated and both other categories have a higher mean in the low educated group. 






 
Table 3 descriptive statistics Brabant Data sample
	 
	 
	 
	 
	 
	 

	Variable
	
	High educated
	Low educated

	 
	 
	 
	Mean
	 
	Mean

	Dependent Variables
	
	
	
	

	Death
	
	0,0908
	
	0,1236

	Goodhealth
	 
	0,7626
	 
	0,6486

	Control Variables
	
	
	
	

	Raven Test
	
	108,6451
	
	100,5051

	Female
	
	0,3485
	
	0,4246

	Birth Rank
	
	3,2752
	
	3,5318

	Child Works
	
	0,0606
	
	0,1277

	Lower Social Class
	
	0,3095
	
	0,5612

	Teacher's Advice
	
	
	
	

	
	Continue Primary School
	
	0,0841
	
	0,2598

	
	Lower Vocational Education
	
	0,1743
	
	0,4648

	
	Lower Secondary Education
	
	0,3498
	
	0,2271

	
	Higher Secondary Education
	0,3918
	
	0,0483

	Repeat
	
	
	
	

	
	No Repetition
	
	0,8258
	
	0,5993

	
	Repeated Once
	
	0,1384
	
	0,3137

	 
	Repeated Twice or More
	 
	0,0358
	 
	0,0870



4.2 Correlations
To justify further exploration of the causal effect of education on health, positive association between health and education must be found. Associations can be found by looking at the correlations between health and education. Table 4 shows that death negatively correlates with education and that the correlation is significant at the 5% significance level. The table also shows the positive correlation between education and good health, which is significant at the 1% significance level. Both results confirm the findings discussed previously that higher education is associated with better health. 
Table 4 'Correlations between education and health variables'
	 
	Death
	Goodhealth

	Education
	-0,049
	0,117

	sig. 
	0,012
	0,000




The results from table 5 confirm the expectation that cognitive ability is related with better health, since cognitive ability is negatively correlated with death and positively with good health. Both correlations are significant at the 1% significance level.    
Table 5 'Correlations between intelligence and health variables'
	 
	Death
	Goodhealth

	Raven Test
	-0,073
	0,117

	sig. 
	0,000
	0,000






















5. Results
In this section the results regarding the effect of education on health are shown. For health two outcomes types are used, a binary variable of self-assessed goodhealth and a binary mortality variable death. The independent variable education is also a binary variable indicating whether the person has followed at least secondary education. In section 5.1 the univariate probit models are reported. By making assumptions about ρ in a bivariate probit model a sensitivity analysis is done, results are reported in 5.2. Finally in section 5.3 the results are shown for the model that uses the selection on the observables as a guide for the selection on the unobservables. 
5.1 Univariate probit analysis 
Table 6 shows the estimates of the coefficient on education in an univariate probit analysis for health, where in panel A death and in panel B goodhealth are the health measures.  In column 1 there are no control variables present, a small set of general control variables are added in column 2  and in column 3 additional intelligence, school and work control variables are added. 
Looking at panel A of table 6 it can be seen that the average marginal effect of education on death when no control variables are added is -,033. When the general background controls are added the average marginal effect falls to -0,26. At the same time the pseudo R2 rises from 0,004 to 0,775, indicating that the added control variables are powerful. When the intelligence, school and work related control variables are added the average marginal effects drops to -0,014. This indicates that on average, at age around 69 years old, the effect of being high educated is an increase in survival probability of 1.4 % points, ceteris paribus. As mentioned in chapter 3, this is considered as an upper bound estimate.  
In panel B the same type of information is reported as in panel A, with the difference that the health outcome goodhealth instead of death is used. It shows that the average marginal effect of education on health is 0,114 when no controls are added. Adding the first set of control variables (col. 2) the average marginal effect rises to 0,116. However, when the intelligence, school and work related control variables are added the point estimate of the marginal effects sharply decreases to 0,024 and is no longer significant at the 10% significance level. Meaning that even using the upper bound model, no significant effect of education on self-assessed health is found.      
Table 6 'Univariate probit'
	 
	 
	 
	A. Death as Health outcome

	 
	None
	 
	General Backgrounda
	Col. 2 + intelligence, school and work measuresb

	
	(1).
	 
	(2).
	 
	(3).

	Probit
	-0,179
	 
	-0,655
	 
	-0,600

	
	[-0,033]
	
	[-0,026]
	
	[-0,014]

	Sig. 
	0,011
	
	0,000
	
	 0,056

	Pseudo R2
	0,004
	
	0,775
	
	 0,851

	
	
	
	
	
	

	 
	 
	 
	B. Goodhealth as Health outcome

	
	(1).
	
	(2).
	
	(3).

	Probit
	0,333
	 
	0,340
	 
	0,071

	
	[0,114]
	
	[0,116]
	
	[0,024]

	Sig. 
	0,000
	
	0,000
	
	0,471

	Pseudo R2
	0,011
	
	0,019
	
	0,041

	
	 
	 
	 
	 
	 

	
	 
	 
	 
	 
	 


Note- Average marginal effects are in brackets.
a Control set 2 includes age, gender and birth rank.
b Control set 3 includes set 2 and cognitive ability, teacher’s advice (four categories) and school repetition (three categories). 


5.2 Bivariate probit sensitivity analysis
Consider the model (1)-(3), from chapter 3. In this section assumptions are made about ρ, the correlation between the error components in the equations for ED and Y. For Y is death this will answer the question how much selection on unobservables is needed to explain the whole effect of education on Y. While when the self-assessed health variable goodhealth is the outcome Y, the results in previous section already tell that no positive statistically significant estimate will be found. However it is still interesting to see at what level of rho the sign of the coefficient will swap. For this model same control variables are used as in column 3 of the previous section. 
First panel A of table 7 shows the coefficients of education corresponding with various assumptions about ρ. Because death is a kind of negative health variable, since death= 1 corresponds with death, the correlation between the unobservables of education and the unobservables of death is expected to be negative. For example risk aversion is thought to have a positive correlation with higher education, while it is negatively correlated with the chances of being dead. This illustrates the negative correlation and that is why negative specified values of ρ are used. The specified values of ρ vary from zero to -0,5 , where ρ is zero corresponds with univariate probit case that is covered in the previous section. When ρ = 0 the estimate of education is -0,600 and statistically significant at the 10% significance level and coincides with the univariate results from table 6. The estimate declines to -0,425 when ρ = -0,1 and is no longer statistically significant. Furthermore while at ρ = -0,3 the estimate is still negative (-0,076), at ρ = -0,4 the sign of the estimate has swapped and has become positive (0,092). This indicates that the results are highly sensitive to ρ.    
Looking at panel B the question is when the sign of the estimate will swap. When ρ = 0 the estimate is 0,071, which corresponds with the results from table 6. Setting ρ = 0,1 the estimate becomes negative, namely -0,102. 
So in both cases it only takes a relatively small correlation between the error terms for education and health to render the effect insignificant. Question is what is the appropriate level of ρ?
Table 7 'Bivariate probit
	 
	 
	 
	A. Death as Health outcome
	 

	
	ρ=0
	ρ=-0,1
	ρ=-0,2
	ρ=-0,3
	ρ=-0,4
	ρ=-0,5

	Probit
	-0,600
	-0,425
	-0,250
	-0,076
	0,092
	0,253

	Sig. 
	0,056
	0,176
	0,425
	0,806
	0,765
	0,405

	
	 
	 
	 
	 
	 
	 

	 
	 
	 
	B. Goodhealth as Health outcome
	 

	
	ρ=0
	ρ=0,1
	ρ=0,2
	ρ=0,3
	ρ=0,4
	ρ=0,5

	Probit
	0,071
	-0,102
	-0,272
	-0,436
	-0,590
	-0,733

	Sig. 
	0,471
	0,297
	0,005
	0,000
	0,000
	0,000

	 
	 
	 
	 
	 
	 
	 

	
	
	
	
	
	
	


5.3 Estimates using selection on the observables as guide for ρ
In section 5.1 the upper bound estimates imposing ρ = 0 where presented and in section 5.2 a sensitivity analysis around various values of ρ was conducted. In this section results are presented imposing ρ = Cov(Xβ,Xɣ)/ Var (Xɣ), which will act as the lower bound estimate of the education effect. 
In table 8 the results imposing ρ = Cov(Xβ,Xɣ)/ Var (Xɣ) are presented. For comparison the results imposing ρ = 0 are also showed. In panel A with death as health outcome the estimate of ρ is -0,016. This results in estimate of α that is -0,572, which is not statistically significant. The found results using ρ = Cov(Xβ,Xɣ)/ Var (Xɣ) are similar to the results using ρ = 0 since the estimated ρ is close to zero.    
While in panel A ρ is close to zero, in panel B ρ is very close to 1. Using ρ = Cov(Xβ,Xɣ)/ Var (Xɣ) the estimated ρ is 0,996. As can be expected based on the sensitivity analysis of section 5.2 such a big ρ gives a statistically significant and negative estimate of α. The found estimate of α is -1.250 suggesting that education has a negative effect on health. Given all that we know about the relationship between education and health, this is highly unlikely and therefore it is more likely that the appropriate level of ρ is lower than 0,996. As said the 0,996 is a lower bound estimate.  
Table 8 Estimates imposing ρ = Cov(Xβ,Xɣ)/ Var (Xɣ)
	 
	A. Death as Health outcome
	 

	 
	 
	 
	ρ
	α

	ρ = Cov(Xβ,Xɣ)/ Var (Xɣ)
	-0,016
	-0,571

	sig. 
	
	
	
	0,192

	
	
	
	
	

	ρ = 0
	
	
	0
	-0,600

	sig. 
	
	
	
	0,056

	 
	B. Goodhealth as Health outcome

	 
	 
	 
	ρ
	α

	ρ = Cov(Xβ,Xɣ)/ Var (Xɣ)
	0,996
	-1,250

	sig. 
	
	
	
	0,000

	
	
	
	
	

	ρ = 0
	
	
	0
	0,071

	sig. 
	 
	 
	 
	0,471

	 
	 
	 
	 
	 












6. Conclusion 
This paper researched the effect of education on health, with the idea that the amount of selection on the observed explanatory variables provides a guide to the amount of selection on the unobserved variables. This is done by applying the model of Altonji et al. (2005) on the ‘Brabant 2010’ dataset, a Dutch cohort born around 1940. No statistical significant evidence is found for a causal relationship of education on health. 
	However, the estimation method by Altonji et al. (2005) acted as a lower bound estimate. With univariate probit method as the upper bound there is a significant effect found on the relationship between education and health. The upper bound result obtained is that on average being being high educated increases the survival probability with 1.4 % points compared to being low educated, ceteris paribus. Furthermore it is found that both with mortality and self-reported health as health measures, it takes a relatively small correlation between the error terms for education and health to render the effect insignificant. So the question remains: Lies the true effect of education on health closer to the upper bound or to lower bound estimation?
	This research controlled for cognitive ability, family social class and a range of other background variables. This is a wide range of control variables, and especially cognitive ability is often an unobserved variable. Given that such a wide range and strong control variables are included one could say that the upper bound is already quite low and our lower bound method is a real strong lower bound method. So it could be stated that the real effect of education lies closer to the upper bound estimate then to the lower bound estimate. 
	On first sight the results found by this research are not in line with the results found by Conti et al. (2010) and Bijwaard et al. (2013), who did found a statistically significant effect of education on health. However Bijwaard et al. (2013) referred to their results as being an upper bound to the causal effect of education on mortality and since the Altonji (2005) can be seen as lower bound this can explain the difference in findings. 
	A limitation of this papers research is the relatively small data set. Initially the number of observation was sufficient, but for the bivariate models the number of observations significantly dropped. This drop in observations is due to sample restrictions. Because of the low number of observations, the models have less explanatory power and this could have contributed to finding no significant effects. 
	The results of this paper are inconclusive and do not give ground to accept or reject a possible causal relationship of education on health. Since the upper bound estimation method gives significant results and Altonji’s et al. (2005) lower bound method does not, overall results point toward an effect of education that is on the edge of being significant. Applying Altonji’s method on a larger data set is needed to research the robustness of the found results. Therefore, the literature could benefit from the research done in this paper, which acts a template for further appliance of the Altonji et al. (2005) method in this field of research. 
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