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The MULTILINKS research project touches on several dimensions of social science, including 

sociology, demography, social policy and economics. At the same time, it requires use of large-

scale data analysis, both cross sectional and longitudinal. The key issue in the MULTILINKS 

project is to consider intergenerational linkages, measured in various ways, and relate them to 

certain outcomes of interest. As a result, appropriate use of statistical techniques becomes 

crucial. This short report, the first deliverable of Work Package 5, gives a summary of the issues 

involved and serves as a guideline for appropriate use of empirical methods.  

 

Data sources 

There are several relevant data sources available for this project. Three sources appear 

particularly useful for the purposes of MULTILINKS, and their design has an impact on the 

statistical modelling. The datasets are: Gender and Generations Surveys (GGP), Survey of Health 

and Retirement of Europe (SHARE), and the European Social Survey (ESS). They have features 

in common but also differ in important ways. All of them contain retrospective information on 

important family events, whereas only the first two have longitudinal elements. Moreover, they 

differ in terms of the age of respondents. The ESS has limited information on inter-generational 

relationships, whereas the first two have such information.  
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Endogeneity and selection.  

The chosen statistical technique depends obviously on the nature of the research question. 

However, in so far we are considering the effect of behaviours of a certain generation on another, 

the issue of endogeneity bias becomes relevant (Holland 1986). The problem lies in the fact that 

generations do not act independently of each other, whereas these interactions are not necessarily 

observed in the surveys. Moreover, they might have unobserved preferences which affect their 

behaviour and hence the outcomes of interest. Take grandparents’ efforts in childcare for their 

grandchildren as an example, and consider the effect it may have on labour supply of the middle 

generation (i.e. mothers’ employment decision). Most likely we find a positive relationship. That 

is, the more childcare grandparents provide, the more mothers work (i.e. the children of the 

grandparents). We might therefore conclude that having grandparents providing childcare 

increases labour supply and with simple regression techniques we get an estimate of this effect. 

If we are considering hours worked as the outcome we can do the estimation with Ordinary Least 

Squares (OLS), or a Tobit specification (if we want to take into account the left hand side 

truncation manifested by many women working zero hours), or a probit specification if 

estimating labour force participation (i.e. the dependent variable is binary and measures whether 

the respondent work or not). The problem of course, is that because the middle generation works, 

they also make an imposition on the grandparents – making them more likely to provide 

childcare. In this light, it is the work decision of the middle generation that drives childcare 

provision of grandparents. What is not observed in our surveys is how the generations may 

interact and negotiate in order to reach the labour supply / childcare outcomes (which are 

observed). Similarly, preferences for work (of the middle generation) and preferences for 

childcare (of the grandparents) are also unobserved. In so far such unobservables are important 

for the outcomes we are faced with a classic omitted variable bias, meaning that our parameter 

estimates do not reflect the true effect of grand parents’ childcare effort on labour supply of the 

middle generation. The endogeneity issue in this setting is not well studied, though techniques 

are available to deal with it.  

 

Before discussing the statistical techniques available, it is useful to compare this endogeneity 

problem with a very classic example, namely that of returns to education. That is, what is the 

effect of educational attainment on earnings? Here the issue is that unobserved ability drives both 

educational choice (i.e. years spent in education) and earnings. In a naïve regression we find a 

strong positive association. Once adjusting for the ability of the individual, which is positively 
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correlated with both earnings and education, the effect of education becomes smaller (but still 

positive). Thus, the naïve estimator (such as OLS) will overestimate the effect of education on 

earnings. In our setting the endogeneity issue becomes more complicated and there are two 

reasons for this. First, keeping in line with the example outlined above, the outcome is defined 

over the middle generation (e.g. the amount of work a woman provides to the market), whereas 

the endogenous variable (childcare) is defined over the grandparents (i.e. the parents of the 

middle generation). Thus, the unobserved component is not limited to the characteristics of one 

individual, but rather the unobserved interaction between two related individuals, as well as their 

unobserved characteristics, which may include preferences. There is clearly an important need 

based on theoretical considerations, to better understand how such interaction may impact the 

outcome of interest. The second issue is of course a need for having access to information about 

all generations involved. If the middle generation has high education, she is more likely to work, 

all else equal. If the child in receipt of childcare is demanding, and assuming the grandparents 

have a general supportive attitude, this may impose more childcare provision (they see a need to 

help out the middle generation). On the contrary, grandparents may be more reluctant to provide 

childcare if one is dealing with a difficult child. Similar arguments go for characteristics of the 

grandparents themselves. If they are in good health, they might be willing to provide more 

childcare – less if they are in poor health. Also, their age matters. If grandparents are relatively 

young, then they might still be in gainful employment, making it more difficult to provide 

childcare. If they are relatively old, they will be less able to provide childcare because of frailty. 

As always, it would also be important to control for the characteristics of the partner, which 

undoubtedly will have an impact on women’s labour supply decisions and hence childcare 

outcomes of the grand parents. The key is to better understand the unobserved components that 

may have an impact on the bargaining process between generations and therefore impact on the 

intergenerational support. This can be derived from theoretical perspectives but also empirically. 

The fact that we have access to comparative data from different countries – with different 

institutional settings – will inform us about the direction of endogeneity bias. At this point it is 

useful to present a stylized example. Consider the following figure: 

 
Figure 1: Observed and unobserved effects on Labour supply 
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Here the solid line implies a positive effect, whereas the dotted lines represent negative effects. 

Hence, we have assumed here that access to childcare increases the labour supply of the middle 

generation. We also assume that grandparents have a negative preference for doing childcare, 

and again, we assume that their negative preference for doing childcare has a negative impact on 

labour supply on the middle generation. Bear in mind that these are assumptions imposed to ease 

the exposition of the endogeneity problem. There might certainly be contexts where these effects 

are not negative – or they may have very little impact on the outcome of interest (and the 

explanatory variable). Still let us assume for the time being that this is the relationship between 

labour supply, childcare provided by grandparents, and, their preferences for doing childcare. As 

already stated, a naïve estimator is most likely to give a positive relationship between labour 

supply and childcare. However, if the stated assumptions in Figure 1 hold, the naïve estimator 

will in fact underestimate the effect of childcare on labour supply. A correction of endogenity of 

grandparents’ preferences, will consequently increase the effect of childcare on labour supply. 

One important lesson one can gain from comparative work is that these preference will differ for 

different countries. For instance, grandparents may have a much stronger negative preference for 

doing childcare in Scandinavian countries where generally speaking, childcare is provided by the 

state and not by grandparents. This is in contrast to Mediterranean countries where it is much 

more common for grandparents to provide childcare. Due to the prevalent social norms, which 

may of course be driven by the institutional setting and structure of the society, their preference 

towards providing childcare may be much less negative than what would be observed in 

Scandinavian countries. If the assumptions hold, we should observe a stronger bias for the 

Scandinavian countries than in the Mediterranean ones. In fact, in some countries, the 

preferences towards doing childcare might be neutral or even positive, in which case an 

endogeneity correction would provide a smaller estimate of the effect of childcare on labour 

 4



supply.    

 

There are several statistical approaches to deal with these endogeneity issues. In general, it is 

important to bear in mind that the techniques discussed in the following section are concerned 

with controlling for endogeneity that arises from complex intergenerational links. That is, the 

methods are not suitable if the purpose is to model the various links, in which case one may want 

to consider social network analysis (Freeman, 2004). The underlying principle of the following 

methods, is that due to various complexities, omitted variable biases may arise, whereas the key 

statistical idea is to control for the bias. Thus, implementing these statistical techniques cannot 

tell us directly which linkages that may drive the bias.  

 

The first statistical tool to use Instrumental Variable (IV) techniques (Wooldridge 2004). In 

simple terms, the technique makes a correction for the bias induced by the unobserved and 

omitted variable. The key requirement for implementing the IV estimator is to have access to 

variables that are correlated with the endogenous variable of interest (in our example 

grandparents childcare provision), but uncorrelated with the error term (again in this example – 

the error term in the regression for women’s labour supply). If this requirement is met, this 

approach provides unbiased estimates and the technique is easily implemented in available 

statistical software packages. As always, the key problem lies in finding valid and relevant 

variables that serves as instruments.  

To demonstrate the technique in more detail, assume that we are interested in an outcome 

that can be defined over a binary state. This could for instance whether a person works or not, a 

highly relevant example when consider to what extent mothers’ employment depends on 

intergenerational linkages. Keeping line with the example outlined above, assume the 

intergenerational linkages is measured in terms of how much childcare grandparents provide to 

working mothers. A simple, but naïve, econometric approach consists in specifying a probit 

model where labour market participation is the dependent variable. The outcome is a binary 

variable, which indicates the participation in the labour market: 

 

⎩
⎨
⎧

=
>=

=
otherwise

Wif
W

    " workno"0
0          work""  1 *

 

 

Assume that W* is a continuous latent variable representing the propensity to participate in the 

labour market. If this propensity is sufficiently high to overcome a given threshold, which in 
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probit models is usually set to 0, the woman decides to work (W = 1); otherwise, the woman 

decides not to participate to the labour market (W = 0). The propensity to participate, W*, is 

modelled as a linear function of a set of covariates Xw and the childcare help received by 

grandparents, H (a dummy variable taking value 1 if woman receives childcare help and 0 

otherwise): 

 

(1) WWW HXW εδβ ++=  *

 

The usual assumption in probit models is that the error term follows a standard normal 

distribution: εw  ~ N (0,1). The appropriateness of the simple probit approach described above 

relies on the assumption of selection on observables; namely, in order to guarantee that δ 

consistently estimate the effect of grandparents childcare help (H), we have to rule out the 

possibility of unobservable characteristics that influence both H and W. However, there are 

several reasons to believe that the assumption of non-existence of selection over observable is 

not satisfied, i.e. childcare help received from grandparents is endogenous to the woman’s labour 

supply decision. This implies a correlation between the error term εw and the variable of interest 

H, and ultimately that the estimate of δ is biased. With the method of Instrumental Variables, 

instruments, Z, are variables associated with the endogenous covariate (H) and are supposed to 

influence the outcome (W) only through the effect on the grandparents help; that is, they should 

not have a direct effect on the outcome. The IV approach is usually implemented in a two-step 

procedure (two stages least square, 2SLS). At the first stage H is regressed on Z together with 

other exogenous variables, whereas at the second stage W is regressed on the exogenous 

variables and on the predicted value of the endogenous variable, grandparents’ childcare help 

obtained from the previous stage. When dealing with a dichotomous outcome, the 2SLS 

estimator has been proved to be inconsistent (Foster, 1997). An alternative approach is to specify 

a joint model combining treatment and outcome and estimate this structural model by Full 

Information Maximum Likelihood (FIML). Since in our case both the outcome W and the 

endogenous H variables are binary, we can use a bivariate probit model (see e.g.; Maddala, 1983; 

Hardin, 1996; Greene, 1997). Other models are necessary in case the outcome measures are not 

binary. 

Model (1) will be therefore estimated together with a second probit where the outcome is 

the help received by grandparents. Again we can think of this model in terms of the underlying 

latent variable. We observe the decision to receive (H = 1) or not help (H = 0) as the result of an 

underlying unobservable propensity to receive grandparents help, H*: 
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The propensity to receive help depends on a set of covariate XH, which may (or may not) 

coincide with those affecting the decision to work. Since we want to identify the impact of 

actually receiving grandparents’ childcare help on women labour supply, rather than the impact 

of the propensity to receive grandchild care, we adopt the type II specification in the terminology 

of Blundell and Smith (1993). That is, we adopt a recursive model in which grandparents’ 

childcare is assumed to influence the probability that a woman works:  

 

 

⎩
⎨
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*

*

(2) 

 

The error terms of the two equations are allowed to be freely correlated in order to account for 

the possibility that some unobserved factors influence both decisions to work and receive 

grandparents help. More precisely, in the bivariate probit model the error terms in the two 

equations follow a bivariate normal distribution, with zero averages and a variance–covariance 

matrix which has values of 1 on the leading diagonal while the off-diagonal elements are to be 

estimated.  
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We estimate the bivariate probit models using the command biprobit in Stata. As proved by 

Wilde (2000), it is only necessary to have variation in the set of exogenous regressors to avoid 

identification problems in this recursive bivariate probit model and exclusion restriction are not 

required: this is known as “identification by functional form”. However, this identification could 

nevertheless be weak because it relies on the bivariate normality of the error terms and it is 

common practice to impose some exclusion restriction to improve identification. Therefore, the 

two sets of covariates XW and XH generally speaking differ. In the example pursued here, two 

possible instruments to estimate the probability that the mother received care for the grandchild 

appear promising. The first (Z1) is a dummy variable taking value 1 if the woman’s mother is 

alive at the time of the interview, 0 otherwise and (Z2) the number of siblings the woman has. 

Both variables can be a priori considered good instruments since they are expected to be 

associated with the childcare received but not with the labour supply decision (after help and 
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other covariates are controlled for). In particular, Z1 is expected to be positively (and strongly) 

correlated with “Help”.  

 

Another strategy is to use propensity score matching techniques (Rosenbaum and Rubin 1983). 

In contrast to the two approaches listed above, this estimation technique is non-parametric and 

does not impose any assumptions about functional forms. The matching approach involves 

comparing pairs of observational units that are similar in all possible respects apart from the 

“treatment”, which may in our case be a change in demographic status. In line with our exemple 

above, treatment would be defined over grandparents providing childcare and the outcome of 

interest is the labour supply decision of the mother. Having performed the matching, the 

difference in outcome is then attributed to the treatment (Dehejia and Wahba 1999, 2002). The 

matching approach is, however, based on observed variables, whereas selection might be driven 

by unobserved factors, as discussed above when presenting the IV approach. One solution to this 

problem is to ensure that both the explanatory and the outcome variable are measured in 

differences. That is, rather than using variables measured in levels, one constructs variables that 

represents the change in these variables. The idea is that in so far unobserved heterogeneity, 

which in regression models would be represented by the error term, remains fixed over time, 

they (the error term) will be cancelled from the regression function. The requirement is however, 

that the variables are observed at different points in time, either through longitudinal or 

retrospective information. As a result, these techniques are more relevant once the longitudinal 

elements of the GGS and SHARE are available (Aassve et al 2007; Heckman et al 1998), and it 

is not particularly relevant for the ESS, which is cross-sectional1. With two waves the 

Difference-in-Difference estimator is essentially a fixed effect estimator where treatment 

(explanatory variables) and outcomes represent a change over two time periods. In general, it is 

desirable to use more than one approach to assess the sensitivity and consistency of our results. It 

is well known that IV estimation is sensitive to the choice of instruments and in the case of weak 

instruments (i.e. exogenous variables are only weakly correlated with the endogenous variable) 

estimation results may become misleading. For further details on the Propensity Score Matching 

approach and how it compares with the Instrumental Variable approach, see Arpino and Aassve 

(2008).  

                                                 
1 Of course, the ESS does include retrospective information, which can be used to device variables that measures 
changes over time.  
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Retrospective versus longitudinal data.  

It is clear that the structure of the data influence the extent to which we can establish causal 

effects for potentially complex inter-linkages. Clearly longitudinal data is desirable as a means to 

establish these causal effects, especially when the outcomes are not well suited to retrospective 

questions (Heckman et al 1999). The retrospective information in the GGS and SHARE involves 

recordings of several trajectories of demographic and labour market behaviour. The longitudinal 

dimension of GGS (with the introduction of the second and third waves) facilitates panel data 

regression techniques – as does the SHARE data. Both will improve the causality analysis. The 

key here is that the panel provides repeated observations for variables that normally cannot be 

easily measured respectively, or at least not in a reliable way. Typical examples include income 

and other measures of wellbeing such as happiness or loneliness. In the SHARE data we can 

assess changes in grandparents’ support to the middle generation and hence assess changes in the 

responses of the middle generation. As already mentioned, the key benefit lies in the possibility 

of excluding the error term from the regression functions, which, if correlated with explanatory 

variables, produce biased estimates.  

 

Modelling life course trajectories.  

The methods listed above are relevant for analysing the effects and relationships between 

generations, when there is a need to control for endogeneity issues arising from unobserved 

complexities. It may also be of interest to consider how certain life course trajectories are related 

across generations. The idea is to better understand if those individuals who undertake an 

“orderly” transition to adulthood (i.e. completion of education – obtaining stable employment – 

marriage – childbearing) is related to the support grandparents provide. Alternatively, if data is 

available, one can compare life course trajectories for the different generations. The analysis of 

life course trajectories as conceptual units represents a considerable challenge, even when 

focussing on a specific section of the life course such as the young adult years (Giele and Elder 

1998). This happens because one needs to simultaneously take into account the timing, 

sequencing, and quantum of life course events. However, a promising approach is to use 

sequence analysis (Abbott and Tsay 2000; Elsinga 2003). The benefit of this approach is that it 

enables us to study a complex set of life course trajectories as they actually take place, providing 

ideal-types of trajectories that can be interpreted and analysed in a meaningful way both in terms 

of theoretical perspectives and policy implications (Aassve et al 2007; Billari and Piccarreta 

2006). Given a sequence representation of individuals’ life trajectories, one can apply standard 
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clustering algorithms to identify groups with similar life course trajectories (Abbott and Tsay 

2000), and importantly, hold it up against the characteristics of the older generation and their life 

course behaviour. The comparative aspect brings further insight to this issue. It might for 

instance be the case that some transition patterns appear disadvantageous in some countries, but 

not in others. Using information on country specific policies and regulations, we can make 

inference on why such differences arise. 

 

 The need for multi-level modelling  

The comparative perspective is important for our understanding of why intergenerational 

relationships differ across different socio-economic and socio-political landscapes. Typically 

comparative analysis is undertaken by comparing regression coefficients across countries 

(Aassve et al 2007). In other cases, countries are pooled together in one sample and country 

differences are estimated through a set of binary variables (Uunk 2004), thereby creating country 

level fixed effects. Observed differences are then often explained in light of welfare regime 

theory (Esping-Andersen 1990; Trifiletti 1999). Whereas this is informative, it is nevertheless a 

crude approach to comparative analysis. There are two main objections to this tradition of 

comparative analysis. First, controlling for country differences through binary variables, possibly 

supplemented by some interactions, produces estimates that have little direct meaning. That is, 

apart from indicating that countries differ in the intercept of a regression line, we cannot say 

much about what lies behind these differences. Second, behaviour is heterogeneous within 

countries (Testa and Grilli 2007). For instance, demographic behaviour and hence their linkages 

between generations, might be very different in South of Europe than what is the case in North 

Europe. Moreover, observed behaviour in certain regions in one country might be very similar to 

what is observed in some regions in other countries, whereas at the same time overall country 

differences remain significant. In essence, this means that behaviour may not only be clustered 

by countries, but also by regions within countries. Such features of the surveys call for 

appropriate multilevel modelling (Skrondal and Rabe-Hesketh 2004). In general, these models 

facilitate a much more rigorous analysis of the underlying causes for the outcomes of interest. A 

multilevel can be expressed in the following way: 

 

ircrcccrcircirc uDSXY εηγμβα ++++++= 000  

 

Here  represents the outcome of interest measured for individual i in region r of country c, 

 is a vector of individual characteristics, represents covariates measured at the regional 

ircY

ircX rcS
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level and are variables measured at the country level. Importantly, the error term is 

decomposed into three different components, the first at the individual-level

cD

ircε , regional-level 

rc0η  and country-level . The country specific error term represent unobserved country 

characteristics that determine the differences in the outcome across countries. Similarly, 

cu0

rc0η  

represents unobserved difference across regions within countries. One important issue here is 

that the decomposition will capture the fact that observations within countries and regions may 

not be independent of each other. Thus, in case of hierarchical data structure, failing to 

decompose the error term in the proper way, will produce biased estimates of the standard errors, 

generally leading to an overestimate of the statistical significance (Goldstein, 2003).  

The multilevel structure also enables us to distinguish the variance of the response 

variable at country level, i.e. the variance across countries, the variance across regions and 

variability within countries and regions. Through the intra-class correlation coefficient ρ one can 

compute which is the proportion of total variance accounted for between-country variation. The 

coefficient is given by: 

 

)()()(
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where  is the variance across countries, )( 0cuVar )( 0rcVar η  across regions in country c 

and )( ircVar ε  among individuals in region r and country c. The typical approach in applied 

analysis, is to start by estimating a model where no explanatory variables are included (also 

called a null model). From this one get estimates of variance of the error terms. Thus, one can 

assess to what extent the total variance in the outcome is factored into country, region and 

individual levels. Importantly, one can now include country and region level variables to 

understand how country and region characteristics determine the outcome of interest. Moreover, 

given the decomposition of the error term we can be sure to have correct estimates of the 

standard errors, thus providing correct significance levels for the estimated coefficients. As 

variables are included at country, region and individual levels, one can assess to what extent the 

observed variables can explain variations of the error term – all along comparing them when 

estimated in the null model (when no explanatory variables were included).  

There are however, some practical limitations to the use of multilevel models. For 

instance, with the GGS, information from seven countries is available. In general, this is a too 

small sample to estimate country effects safely. The situation is much better for the ESS where 
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one might have access to 25 countries (depending on which round one is using). The SHARE 

surveys include 10 countries, which is also a small number if considering country effects in a 

multilevel setting. However, sample size is generally large enough at the region level. Thus, in so 

far one has information measured at the regional level this can be easily embedded in the 

analysis. However, so far our empirical analysis seem to suggest that for many phenomena of 

interest, variation appear to take place predominantly at the country and individual levels. 

Another issue concerns interdependencies at the family level. Given the multilevel approach, and 

the interest in intergenerational links, one might argue to introduce a fourth level – the family. 

This would be important given the previous discussion about endogeneity of grandparents’ 

behaviour and actions with regard to other family members (e.g. the mother’s employment 

decision). However, in this case the multilevel model does not solve the endogeneity problem. 

Whereas grandparents’ behaviour is not independent of the mother’s employment and vice versa, 

only one of these family members are actually recorded as respondents in the survey. Moreover, 

the outcome of interest is only defined over one of the family members – in our example the 

mother. In other words, the endogeneity problem needs to taken seriously also in the multilevel 

setting.  
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