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Abstract
In this paper we look at the childhood determinants of resilience in mental health, where we make a distinction between impacts resilience and general, or life, resilience. Impact resilience is measured as the accumulated mental health costs of a standard negative shock, whilst general resilience is the expected loss of all negative shocks, thus allowing for the possibility that some people are more likely to be affected by many shocks than others. Using longitudinal Australian data, we estimate a latent class model and find three almost equally large groups, where the low resilience individuals were about four times more affected by negative shocks as high resilience individuals, with the low resilience individuals also more likely to experience more shocks. We find that both impact and life resilience are strongly related to persistent personality traits: high internal locus of control and low levels of neuroticism. The probability of being highly resilient was positively related to being healthy, male, well-educated, and raised with an employed father and a stay-at-home mother.
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Introduction

Economists in recent years have become increasingly interested in how important psychological traits in later life are shaped in childhood, including the impact of early life on mental wellbeing in later life (Heckman ; Layard et al ; Lucas et al. 2003; Lucas et al. 2004; Clark et al. 2008; Frijters et al. 2011; Clark and Georgellis 2013; Frijters et al 2014). In this paper we will look at resilience in mental health, understood as the ability to overcome negative events in life, which has been studied extensively in psychology (Bonanno 2004; Bonanno et al. 2010).
    The main idea of resilience in the psychological literature is that resilience is an ability to cope with adverse shocks, in the sense that the disruption to functioning and mental health of a negative shock is minimal. This involves both the disposition to be relatively unaffected by life shocks and the ability to avoid life shocks through forward planning. One can name the ability to weather a shock `Impact Resilience' and the circumstance of being relatively unaffected in ones life by shocks, which then includes both the frequency of shocks and the reaction to them, `Life Resilience', or simply ‘resilience.
    In Figure 1a and 1b the basic idea of Impact Resilience is then displayed, with on the vertical axis the Mental health of an individual and on the horizontal axis the time elapsed since an adverse event, like unemployment or the death of a loved one.
[image: ]
Figure 1a: Impact Resilience
Our measure of Impact Resilience will then be the Net Loss of an adverse shock, in this Figure displayed as area C. It has two important components that we think will differ across individuals: the immediate reaction to an adverse event, ie the amplitude of the shock, which in the figure is the drop at t=0; and the profile of the return to a baseline level of mental health. Whilst the idea can in principle be used to allow for anticipation profiles and an absence of complete recovery (such as in Frijters, Johnston, and Shields, 2012), we in this paper follow the bulk of the literature on the effect of shocks on mental health and treat observed shocks as unanticipated. Since we find virtually universal complete adaptation to any shock, we then get truncated looking areas as in Figure 1a. 
Different profiles that vary in length of adaptation and the severity of the initial shock could look like those in Figure 1b which includes the stylised profiles of two additional types of individuals to the same adverse shock: one type is clearly much less Impact Resilient, with stronger experienced shocks and slower adaptation; whilst another has stronger shocks but adapts quicker and is thus on balance of a similar 'level of Impact Resilience' as the baseline individual, also showing that there need not be a single particular type of individual who is Impact Resilient with the rest necessarily 'Impact Unresilient'. Successful coping may happen in a variety of ways.
[image: ]
Figure 1b: Differing profiles of Resilience
Life-resilience, or just `resilience' is then simply the sum of all areas C that pertain to an individual, thus adding the various possible shocks together. From an economic point of view, Life Resilience is then the total negative mental health impact of all negative shocks befalling a particular type of individual, which is a measure of `total loss' from negative events. It is not at the outset given that Impact Resilient people will necessarily also be Life Resilient as Impact Resilient people might deliberately seek out situations with many shocks since they have a comparative advantage in dealing with them. On the other hand, the same traits driving impact resilience might also be involved in avoiding many shocks, as when more deliberate planning produces both fewer negative shocks and a greater preparedness for those that cannot be avoided, such as the death of ones parents.
In order to distinguish between different types of individuals, we will use latent class models popular in labour and health economics (…) on a long panel of Australian individuals for whom we have a rich amount of information on their childhood and whom we observe for at least 7 continuous years in their adulthood. 
 Our contribution is that we are the first to formally define both Impact and Life Resilience, and then employ a relatively sophisticated latent-class technique to identify different groups of people, allowing for both different baseline levels, differing levels of adaptation, and differing susceptibility to shocks. This methodology allows us to then relate resilience to both childhood characteristics and personality traits, a novelty in both the psychological and economic literatures.
The economic relevance is threefold. Resilience is a desirable trait for policy makers because resilient people are less likely to suffer from periods of extremely low mental wellbeing, which is costly to themselves as well as the public health system. The results in our paper give pointers as to how to identify more resilient people and how to make the next generation more resilient. Resilience is also of direct interest from a utilitarian point of view: since their emotional swings are less, the costs of them suffering from bad life-events is less, but it is likely that the same goes for the benefits from getting good life-events. Hence there is a potential public welfare gain in trying to tilt the likelihood of life-events such that the better ones are more likely to go to the less resilient people. Finally, it is of interest to the general public to have information on what is likely to make their children more or less resilient adults.
In Section 2 we set up our empirical models as well as the formal definitions of Impact and Life Resilience associated with our empirical models. Section 3 then explains the data, after which Section 4 presents and discusses the results, followed by conclusions in Section 5.

Empirical strategy and econometric methods
We implement a two-stage empirical strategy to examine the role of childhood circumstances in later-life reactions to life-events. In the first stage, we develop a latent class model to help identify different groups of individuals on the basis of their observed fluctuations in mental health following life shocks. The second stage then relates the derived Impact and Life Resilience of individuals to their childhood circumstances. 
Modelling the dynamics of mental health
As an introduction to our main model of mental health, it is useful to think first of a standard dynamic process in which the effects of life-events are presumed identical for all individuals:

		
where  is a vector of self-reported life events,  is a set of socio-economic variables controlling for current life circumstances,  is an individual effect and  is an error term. This dynamic model accounts for the long-term stability of psychological well-being and for non-immediate adaptation to major life events. Lagged mental health captures the lasting effect of past shocks on current mental health with a discounting of all life events at the same exponential rate . As such, the specification is consistent with previous empirical studies that have paid attention to the impact of lagged life events, and to the extent to which individuals adapt over time. Instead of including lags of the S variables in a static model, we include lagged mental health (Clark et al. 2008; Frijters et al. 2011). This model is also similar to the dynamic model employed by Pudney (2008), who interprets the presence of the lagged dependent variable in the right-hand side in terms of partial adjustment of perceptions to changes in current life circumstances.  
Our main model builds on the ideas in this standard model by adding heterogeneity to the reactions to life-events through the introduction of random coefficients and by letting the variance of the error-term to be individual specific:

		(1)
where the coefficients ,,and  are individual random effects. In the estimation we will allow for a finite number of groups defined by the same levels of {,,} where individuals are thus presumed to belong to only one group. 
This model allows individuals to differ along four dimensions. Differences in baseline level of mental health due to unobserved fixed factors are captured by the fixed effect. Whilst on can interpret this as an individual set-point to which individuals return in the long run, the focus on dynamics in this paper means we will essentially treat it as capturing any heterogeneity in levels that is constant over the data period, and we will refrain from interpreting its determinants causally. Differences in short-term reactions to life events are accounted for by. Individuals also differ in their adaptation trajectories, with higher  implying longer adaptation duration. Last, unobserved shocks may also vary in frequency and magnitude across individuals through , which captures unobserved volatility in mental health[footnoteRef:1].  [1:  An alternative strategy was to model mental health as a function of a set of variables for life events (S), a set of variables for childhood circumstances (C), and all of the interactions between both sets. However, given the high number of variables in both sets, this would require a sequential selection of the relevant interaction variables with a high probability of misspecification. In addition, preliminary regressions revealed that this approach is plagued by problems of near multi-collinearity. The more parsimonious model in equation (1) has the added advantage of having a more natural interpretation.] 

Identification and estimation of the dynamic model
Since the model is dynamic because of the lagged dependent variable, there is an initial conditions problem. We address this by including both the first observed level of mental health as a variable, and by specifying a Mundlak-relationship between the individual random effect and the initial conditions:

		(2)
where  is initial mental health,  and   are row vectors of all explanatory variables in all time periods,  is an individual error term and .
As mentioned before, we assume that the parameter vector is distributed according to a finite discrete distribution G. We thus let the density of  be represented by a finite number C of points  with associated mass probabilities . Hence:
	

		(3)
Our interpretation of this assumption is that the heterogeneity of the population results from the mixing of several populations (groups) that differ in their short-term and long-term reactions to life events. Each population forms a latent class, whose dynamics in mental health is assumed to be correctly represented by a dynamic model with non-random coefficients. Individuals are supposed to belong to a latent class c, and conditional on class membership, their mental health dynamics is described by the following model:

		(4)
Then, we predict  from the observation of indicators, and focus on the estimation of the dynamic model. We observe the empirical probabilities  and given our modeling assumptions, we have the following decomposition of the individual contribution to the sample likelihood:

		(5)
This decomposition results in particular from the assumption of no autocorrelation in the error term conditional on past mental health, the contemporaneous values of the covariates, and the individual random effect (i.e. class membership). Given independence between class membership and the error term , the probability in bracket follows a normal distribution. Denoting the standard normal p.d.f by , the parameters , ,  are obtained via maximization of the following log-likelihood:

		(6)
Individual class membership of individuals being unobserved, we have a standard problem of missing data. This is solved by using the iterative EM (Expected Maximisation) algorithm of Dempster et al. (Dempster and Laird 1977). For a better detection of the global maximum of the likelihood function, the algorithm was combined with a simulated annealing procedure (Celeux et al. 1996), and we conducted several replications of the maximization using different set of starting values. The matrix of variance-covariance of the coefficients is computed using Louis formula (Louis 1982).
 Identification of Impact Resilience and Life Resilience
Having estimated the model, we can derive for each individual specific values of the parameters of interest, and see how they correlate with variables that describe childhood circumstances. 
To see how it works, note that for each individual we can compute the set of posterior probabilities:

		(7)
These membership probabilities can then be used to construct expected individual values for any parameter of interest, conditional on the available information:

		(7)
[not quite right: wrong notation of the thing to be estimated as it is a double use of the symbol for the parameter space. Anyhow, it is easier to just use P_ic]
Using equation 1, we can define a measure of impact based solely on membership of class, ie by the µc  and the σc  (in the estimation we have zi=1):
[image: ]	(8)
[image: ]which describes Event Impact as the undiscounted lifetime impact to someone in class c of a standardised shock denoted as {s,u}, comprising of observed shocks S.t=s and unobserved negative shocks u.t=u. The notation   is used to denote an average individual whose life trajectory is only changed with respect to the shocks that happened in period t. Given the linear nature of our specification, the Event Impact of a member in class c is in fact independent of any other characteristics or history and collapses to a simple formula: 
[image: ]															(9)
In turn, this allows us to estimate the expected event impact of any individual simply from their posterior probabilities Pic and the entirety of the information available for individual i (=Ωi): 
[image: ] 																(10)
Moreover, we can then estimate the impact of childhood characteristics on this event impact by having an explicit second-step model that links this non-resilience to childhood characteristics, ie, we can model
[image: ]																	(11)
[image: ]where τ₁ now denotes the marginal effect of a childhood characteristic CHi on event impact, where we can label negative effects as denoting increases in event impact.[footnoteRef:2] A natural choice for the standardised negative shock {s,u} is the average in the sample, ie  and [image: ] u=E[u_{it}∗I(u_{.t}<0)]. This relates Event Impact to a standardised event [image: ]. [2:  One could of course estimate this second step as an integral part of the first one, but we then get convergence problems and hence have to opt for this two-step approach.] 

Impact resilience is about having low event impact relative to others in the population. Our definition of Impact resilience will thus relate Impact Resilience to the minimum and maximum observed Impact Resilience in the data:
[image: ]								(12)
which hence redefines resilience on a (0,1) scale, allowing us to interpret coefficients on childhood characteristics in terms of percentages of resilience. This entails a choice for what to use for EImax and EImin. In our study, we choose the most resilient and the least resilient types for this, ie EImax =NRc=3 and NRmin = NRc=1.[footnoteRef:3] We can then estimate its determinants: [3:  An alternative is to take a reference point outside of the data, or someone who is completely, ie  NRmin =0.] 

[image: ]								(13)
with a natural interpretation on τ₂.
[image: ]Life-resilience, or just `resilience' then depends on the frequency of negative shocks befalling an individual as well as impact resilience. In order to calculate Life-resilience we must then depart from the idea of a standardised shock and instead relate to the actual frequence of shocks in each class. What this means is that we have to allow for class-specific frequency of negative shocks. For the observed life-shocks, this means that we want to find sc}=E[Sit|c] and .

Life-resilience of a class of individuals can then be defined as
[image: ]						(14)
which also leads to a natural formula for the life-resilience, or `resilience' of an individual as depending on childhood circumstances:
[image: ]								(15)
with a natural interpretation on τ₃.
	Discussion
The above methodology has several salient characteristics:
1. It fits with how psychologists think of resilience, but also fits in with the focus of economists on discounted welfare calculations as these are important for policy.
2. The methodology is relatively robust to increasing the number of classes of individuals. By contrast, if one takes the line that only one class of individuals is resilient then by increasing the number of classes you arrive at the situation that almost no-one is resilient.
3. It takes a within-individual approach to adaptation, contrary to statistics like Var[H|Zi] which involve the cross-sectional variation and thus mixes the levels of mental health with the frequency and impact of shocks.
4. It focuses on the negative shocks, which is what one is mainly interested in from a health perspective. This also sets it apart from the within-individual variance that includes the variance from positive shocks. It allows us to remain agnostic as to whether adaptation to good shocks is a good or a bad thing (though we find that the resilient people have high levels of mental health so less reaction to shocks seems not to come at the expense of a lower base, at least not for mental health).
5. By relating the final measures to the spread in the sample, we get a fairly simple (0,1) metric for both Impact Resilience and Life Resilience that would be easy to compare across samples and time-periods, allowing for a systematic search for the main determinants of resilience across different populations.
   
Data

The HILDA: blabla.
We focus on the 25-64 years-old and retain only those individuals observed over seven consecutive periods or more, which is the time required for the within-individual variance in mental health to stabilize. We eventually obtain an estimation sample of 3,821 individual and 34,425 individual-period observations. A little less than 53% of the individuals are observed over the 11 periods covered by the original sample of HILDA data.
Mental Health
Mental health is a latent variable that is not observed directly. We use a continuous measure from the Short-Form General Health Survey (SF-36) available in all waves of HILDA.[footnoteRef:4] At a general level, we let denote the latent true mental health of individual i at time t=1,… T.  is related to a set of observable indicator variables   , k=1…K, by a measurement function  [4:  One such measure is the General Health Questionnaire score (GHQ-12), which is obtained by adding answers to 12 questions focusing in the ability to cope with everyday life, to function correctly or emotional well-being.] 


		
Which thus requires a mapping from survey responses to a continuous measure of mental health. We measure it using a factor analysis model of the 8 health dimensions of the SF-36, applying here the standard guidelines.[footnoteRef:5] These 8 dimensions are constructed by summing answers to items of the SF-36, and covers the main domains of health: physical functioning, physical role functioning, bodily pain, general health perception, vitality, social functioning, emotional role functioning, and mental health as measured by five “mood” items. The factor analysis uses the first observation of every individuals in our original sample of HILDA (whatever their age). It produces a two components representation, with one component summarizing physical health, and a second component summarizing mental health. Table A1 in the Appendix reports the factor loadings of each of the 8 dimensions on the mental health component. The second column of results in this table shows the coefficients of the linear equation used to predict the mental health component after factor rotation. The mental health component essentially reflects four dimensions of the SF-36: mood, emotional functioning, social functioning and vitality.  After the estimation of the model, the score of the mental health component is normalized to have a mean of 50 and a standard deviation of 10 in the whole HILDA sample. This measurement equation then yields the individual mental health observations used for equation (1).[footnoteRef:6] Figure 2 presents a histogram of its distribution in the estimation sample, with a kernel density estimate (the black line). It is slightly asymmetric and skewed to the left. While a majority of individuals (63%) is in very good health, with values over 50, the population variance is quite large with 10% of the observations reporting values lower than 37. [5:  See www.sf-36.org and Australian Bureau of Statistics: National Health Survey: SF-36 Population Norms, Australia. Canberra, Australian Bureau of Statistics; 1995.]  [6:  A simultaneous estimation of the measurement model and the latent class dynamic model for latent mental health is infeasible. Pudney (2008) applies a simulation method for estimating a dynamic model of subjective well-being similar to (1), wherein the measurement model is specified as in ordered probit models. This involves the simulation of integrals of dimension equal to the number of observation period plus one, so that he has to restrict the data to 6 periods of observations. In our case, the identification of individual heterogeneity in parameters requires that a maximum of periods be used. In addition, the estimation and the selection of latent class models rely on iterative algorithm, with maximization of likelihood functions at each step (see the technical appendix).   ] 

 Life Events
See Table 1.
Childhood Circumstances

Control variables

Results
Table 2 shows the results of a simple linear model in column 1 and the results for the three estimated classes of the model in equation (1) in column 2-4. 
Things to note:
1. The effect of the shocks nearly doubles from class 3 to class 2, and then doubles again from 2 to 1. So the groupings are relatively clear and display large differences.
2. No real difference in adaptation, with the effect of mental health in the previous period only differing between 0.195 for class 1 (the least resilient class) and 0.146 for class 3 (the most resilient class): whilst this difference is significant, it says that individuals already adapt 80.4% after one year even for the least resilient individuals, showing a very quick adaptation to shocks. The difference between individuals is then less the speed of adaptation but more about how badly shocks affects individuals.
3. Some effects on the shocks are the wrong signs for class 3, but insignificant: the worsening of finances has a positive coefficient. This could either be due to there truly being no effect of finances on this group of individuals or else that this group has already anticipated to these shocks and adapted to them, in which case the error-term includes anticipated shocks in the case of the more resilient group. 
4. Reasonable differences in the magnitudes of the different shocks. 
5. The intercept results of this equation cannot be easily interpreted as different individuals are more and less likely to be a member of the three different classes, implying that the intercepts shown here should not be read on their own. Table 3 of the appendix for instance shows that 32.48% of men fall in class 3 versus only 22.72% of women, and that those with more shocks are less likely to fall in class 3, making it hard to interpret the baseline coefficients separately. From the reduced-form results in Column 1 though, with standard intercepts, we see that this data displays familiar effects of control variables: males, younger individuals, higher income individuals, employed individuals, and couples with few children have higher mental health. 

Figure 3 shows what the implied probability for membership in the most resilient class (class 3) looks like: there is a large peak very close to 0 meaning that 63% of the population are almost surely not in class 3, as evidenced from their mental health deviations over time; whilst about 17% are almost surely in class 3. The other 20% have probabilities inbetween 0 and 1, though clearly concentrated at the extremes, showing that class membership is fairly distinctly separable with this data. If we would have had more waves per individuals, we would probably have seen even more clearer class membership.
Figure 4 shows the calculated response profiles for these three different classes by types of shock: the death of a spouse or child, being a victim of violence, having an injury or illness, and a standard unobserved shock. This Figure mimics the results of Table2: adaptation is fairly rapid for all groups of individuals in that there is less than 10% of the initial shock left after 8 quarters (2 years) for any group and any shock. Moreover, the difference in the impact resilience for each group is robust over the type of shock: the class 3 individuals have lower impacts for any shock compared to class 2 individuals who in turn have lower impacts than class 3 individuals. The difference in the groups is furthermore quite large in that the most resilient group, the class 3 individuals, are hardly affected by violence or injury, and are affected no more than about a quarter as strongly by unobserved negative shocks and the death of a spouse/child as the most affected group (class 1). 
Table 3 thus uses the calculated Impact Resilience and Life Resilience of all individuals in the sample in a regression, and then reports the marginal effects of childhood circumstances. 
[bookmark: _GoBack]The effects of childhood characteristics on resilience in Table 3 are in line with what others find. Powdthavee (2014) also finds unemployed mums have more resilient kids in the sense of lower later-life effects of own unemployment. Yet we find clearer effects for gender, siblings, education, and fathers. Resilience is strongly related to low neuroticism and low openness in the Big 5, as well as a low external locus of control, and thus a high internal locus. Yet, even conditional on the personality traits, there is additional information in childhood circumstances, though no more than 5% of resilience is explained from childhood circumstances without psychological measures. 

Discussion
In this paper we looked at whether individuals differed in their reaction to negative shocks, termed resilience, and whether there were strong childhood predictors of this resilience. 
We found three groups of distinct individuals, ranging from low to high resilience. The difference between these groups is large, with the most volatile group being affected roughly 4 times as strongly by the same life event as the most resilient group. The factors that predict greater resilience are good childhood health, having few siblings, having an employed father and an unemployed mother, being well-educated, and being a male. Hence, on balance, the most resilient people are those who have had a ‘traditional family’.
The ability to explain resilience was somewhat low though and dominated by personality traits: we can explain no more than 17% of later-life resilience (both Impact Resilience and Life Resilience), and at least two thirds of this explanatory power is taken up by the Big 5 personality traits and locus of control: those with high locus of control and low neuroticism are markedly more likely to be resilient, making those personality traits key indicators of resilience. Still, we cannot explain more than 80% of the variance, though this might decrease with longer data and more observed life-shocks.
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Appendix: technical details
The measurement model
[Appendix Table 1]
Intercept heterogeneity vs. slope heterogeneity
From a purely statistical point of view, the latent class dynamic model is essentially a restricted version of a more general mixture of multivariate Gaussian normal distributions. Identification results for such mixture models are well-established (McLachlan and Peel 2000). However, in this paper, we are essentially interesting in individual heterogeneity in adaptation to life events:  are our main parameters of interest. They represent slope heterogeneity, in the sense that they capture variations in the marginal effect of observed or unobserved shocks. 
To pinpoint the identification of adaptation parameters, we model intercept heterogeneity (the distribution of ) in addition to slope heterogeneity. By doing this, we want to avoid “contaminating” the identification of heterogeneity in adaptation patterns by the individual heterogeneity in “set-points” levels of mental health. This departs somehow from the existing literature in health economics. For instance, when estimating latent class models of health care use, researchers have generally found that two class models (C=2) provide a good description of the data. There would be high users and low users of health care, with class membership being determined by some unobserved health production process (Deb and Trivedi 2002). High and low users would simultaneously differ in terms of level of health care utilisation (intercept heterogeneity) and in terms of marginal effects of the covariates (slope heterogeneity). In the context of the current paper, this would mean for instance that all healthy individuals would show little reaction to life events, while all unhealthy individuals would be very reactive to life shocks (or vice versa). To relax this constraining assumption, we increase the number of classes C, but we restrict the slope parameters to be similar across some classes. We therefore end with subsets of classes having similar slope coefficients, but different intercepts. Unrestricting the potential number of intercept classes gives eventually more flexibility in the modelling of the correlated random effect.
Model selection
As we introduce this distinction between slope and intercept heterogeneity, one can imagine to test a number of models, with varying numbers of slope classes, and of intercept classes within each slope class. We have restricted our attention to models with an equal number of intercept classes within each slope class, and to models with only two, three or four slope classes. For models with two slope classes, we have estimated variants with one to six intercept classes in each slope class: the total number of latent classes thus goes from two to 12. For models with three slope classes, we have tested variants with up to 5 intercept classes in each slope class, giving a model with 15 latent classes. For models with four slope classes, we have tested a variant with 4 intercept classes in each slope class (and thus 16 latent classes in total). 





We eventually chose a specification with three slopes and five intercept classes within each slope class according to three statistical criteria reported in Appendix Table 2 for the various models. The Bayesian Information Criterion (BIC) measures the fit of a model. It is computed as  where  is the likelihood of the model, k is its number of parameters and n is the number of observations. The lower the BIC, the better is the model. Increasing the number of parameters k will increase the fit of a model (the likelihood), but at some point it will also start to increase the BIC. The (BIC) of the three-slopes/five-intercepts model was much lower than the BIC of a two-slopes/six-intercepts model, implying that allowing for one more slope produces a much better statistical fit even if the number of parameters increase. Second, we have applied an entropy criterion to the classification of observations into the different slope classes. The entropy measure is , where is the posterior probability of membership in equation (9). It is comprised within the [0,1] interval. Here, the model with only two slopes automatically produces a more clear-cut classification of observations, with posterior probabilities of membership close to zero or one for most observations. Last, to sort out the dilemma between information (the BIC) and classification (the entropy), we have applied an Integrated Classification Criterion – BIC (ICL-BIC) that is defined as : it merely adds a “bad classification” penalty to the BIC criterion.  The model with three slopes is largely superior. We tried to estimate a model with four slope classes and four intercept classes in each class. But several latent classes had weights close to zero, which created problems with the information matrix. Allowing only for three intercept classes within each of the four slope class allows getting convergent estimations, with a BIC lower but an ICL-BIC higher than for the three-slopes/five-intercept classes model. 
[Appendix Table 2] 
   Appendix Figure 1 illustrates the fit of the model. The left panel presents in grey the estimated density functions of mental health in each of the 15 latent classes. The empirical density of mental health for the estimation sample is represented by the black line. The right panel presents the same estimated density functions, scaled by their weights in the population. They add up to adjust to the empirical density of mental health in black. 
[Appendix Figure 1]




TABLE 1 - DESCRIPTIVE STATISTICS - ESTIMATION SAMPLE AND LATENT CLASSES
		
	
	Estimation sample
	Class 1
	Class 2
	Class 3

	N / % in each class
	6,471 individuals
	27.48%
	43.64%
	28.88%

	Mental Health score
	50.91 (9.59)
	40.50 (11.48)
	50.99 (7.64)
	57.73 (3.71)

	Life events
	
	
	
	

	Major financial worsening
	2.8%
	4.9%
	2.5%
	1.2%

	Fired
	2.5%
	3.3%
	2.5%
	1.7%

	Separation from spouse
	2.6%
	4.3%
	2.3%
	1.4%

	Death of a spouse/child
	0.6%
	0.7%
	0.6%
	0.4%

	Death of a relative
	11.0%
	11.6%
	11.1%
	10.1%

	Death of a close friend
	10.7%
	10.7%
	10.9%
	10.4%

	Serious injury/illness - self
	7.8%
	11.7%
	7.5%
	4.2%

	Serious injury/illness –  family member
	16.6%
	18.4%
	16.7%
	14.4%

	Violence
	0.9%
	1.6%
	0.8%
	0.4%

	Property crime
	3.9%
	4.6%
	3.8%
	3.4%

	Control variables
	
	
	
	

	Log household income
	11.01 (0.67)
	10.92 (0.67)
	11.01 (0.67)
	11.10 (0.65)

	Age
	49.51 (12.06)
	48.15 (11.68)
	49.77 (11.96)
	50.56 (12.50)

	Male
	46.8%
		39.7%



	46.2%
	55.5%

	Employed: full-time
	47.7%
	43.2%
	47.8%
	52.6%

	Employed: part-time
	21.4%
	21.4%
	22.1%
	20.1%

	Unemployed
	1.8%
	2.6%
	1.7%
	1.0%

	Out of the labour force (reference)
	29.1%
	32.8%
	28.4%
	26.2%

	University degree
	26.9%
	27.1%
	25.7%
	28.8%

	Certif./Dip. degree
	31.9%
	31.4%
	32.1%
	32.0%

	12 years of schooling
	10.5%
	10.0%
	10.3%
	11.4%

	< Grade 12 (reference)
	30.7%
	31.5%
	31.9%
	27.9%

	Couple
	77.3%
	70.9%
	77.8%
	83.4%

	Divorced/Separated
	11.0%
	15.8%
	10.1%
	7.3%

	Single (reference)
	11.7%
	13.3%
	12.1%
	9.2%

	Number of children
	0.66 (1.03)
	0.69 (1.04)
	0.64 (1.00)
	0.66 (1.05)

	Childhood circumstances
	
	
	
	

	Both biological parents
	83.4%
	81.6%
	83.8%
	84.6%

	One parent deceased
	5.5%
	5.5%
	5.5%
	5.6%

	One parent away
	9.6%
	11.3%
	9.1%
	8.7%

	Other
	1.5%
	1.6%
	1.6%
	1.1%

	More than two siblings
	26.5%
	27.6%
	27.1%
	24.1%

	Oldest siblings
	33.1%
	32.9%
	32.1%
	35.2%

	Health in childhood excellent
	58.2%
	53.8%
	57.0%
	65.1%

	Health in childhood very good
	25.1%
	25.3%
	25.2%
	24.8%

	Health in childhood good
	11.0%
	12.5%
	12.0%
	7.5%

	Health in childhood fair
	4.2%
	5.8%
	4.4%
	2.1%

	Health in childhood poor
	1.6%
	2.7%
	1.4%
	0.6%

	Father employed
	91.9%
	91.2%
	91.4%
	93.7%

	Father unemployed
	10.3%
	12.2%
	10.5%
	8.1%

	Mother employed
	47.5%
	49.4%
	47.4%
	45.4%

	Personality traits (standardized on the full HILDA sample, mean = 0, standard deviation = 1)

	Locus of control
	-0.019
	0.290
	0.023
	-0.435

	Extraversion
	0.013
	-0.064
	-0.024
	0.159

	Agreeableness
	0.003
	0.039
	-0.047
	0.045

	Conscientiousness
	-0.012
	-0.120
	-0.053
	0.178

	Neuroticism
	0.006
	0.287
	0.055
	-0.391

	Openness
	0.008
	0.159
	-0.029
	-0.097








FIGURE 2 –DISTRIBUTION OF THE SF-36 MENTAL SCORE COMPONENT
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TABLE 2 - REGRESSION RESULTS

	
	Linear model
	
	Latent Class Model

	
	MLE
	
	Class 1
	Class 2
	Class 3

	
	
	
	29.51%
	44.15%
	26.33%

	Mental Health in t-1
	0.643***
	
	0.195***
	0.197***
	0.146***

	
	(0.006)
	
	(0.012)
	(0.011)
	(0.011)

	Life events in past year

	Major financial worsening
	-3.124***
	
	-3.418***
	-2.417***
	0.232

	
	(0.248)
	
	(0.524)
	(0.407)
	(0.288)

	Fired
	-0.181
	
	-1.265**
	0.061
	-0.015

	
	(0.233)
	
	(0.619)
	(0.329)
	(0.226)

	Separation from spouse
	-1.874***
	
	-3.716***
	-1.917***
	-0.673**

	
	(0.253)
	
	(0.569)
	(0.426)
	(0.278)

	Death of a spouse/child
	-2.532***
	
	-3.831***
	-3.238***
	-0.899**

	
	(0.521)
	
	(1.372)
	(0.939)
	(0.419)

	Death of a relative
	-0.317***
	
	-0.932***
	-0.227
	-0.128

	
	(0.095)
	
	(0.297)
	(0.141)
	(0.089)

	Death of a close friend
	-0.101
	
	-0.761**
	0.121
	-0.052

	
	(0.098)
	
	(0.312)
	(0.142)
	(0.090)

	Serious injury/illness - self
	-2.869***
	
	-3.628***
	-2.024***
	-0.459***

	
	(0.142)
	
	(0.345)
	(0.213)
	(0.166)

	Serious injury/illness – 
	-0.705***
	
	-1.196***
	-0.564***
	-0.262***

	family member
	(0.085)
	
	(0.267)
	(0.128)
	(0.082)

	Violence
	-2.604***
	
	-3.986***
	-0.742
	-0.031

	
	(0.410)
	
	(0.923)
	(0.760)
	(0.410)

	Property crime
	-0.432***
	
	-0.417
	-0.367
	-0.099

	
	(0.157)
	
	(0.449)
	(0.238)
	(0.144)

	 Standard Deviation 
	6.881***
	
	8.794***
	4.716***
	2.326***

	
	(0.047)
	
	(0.101)
	(0.043)
	(0.026)

	Control Variables
	
	
	

	Log Household Income 
	0.437***
	
	0.052

	
	(0.062)
	
	(0.069)

	Age/10
	-1.200***
	
	0.120

	
	(0.233)
	
	(0.208)

	(Age/10)2
	0.164***
	
	0.011

	
	(0.024)
	
	(0.018)

	Male
	0.184**
	
	-0.307***

	
	(0.077)
	
	(0.061)

	Employed: full-time
	1.000***
	
	-0.400***

	(Ref: not active)
	(0.116)
	
	(0.130)

	Employed: part-time
	1.045***
	
	0.018

	(Ref: not active)
	(0.111)
	
	(0.114)

	Unemployed
	0.376
	
	0.003

	(Ref: not active)
	(0.298)
	
	(0.256)

	University degree
	0.081
	
	0.009

	(Ref: education <Grade 12)
	(0.096)
	
	(0.074)

	Certif./Dip. Degree
	0.141
	
	0.205***

	(Ref: education <Grade 12)
	(0.092)
	
	(0.069)

	12 years of schooling
	0.220*
	
	0.208**

	(Ref: education <Grade 12)
	(0.126)
	
	(0.094)

	Couple
	0.204*
	
	0.207

	(Ref: never married)
	(0.124)
	
	(0.236)

	Divorced/separated
	-0.003
	
	0.441

	(Ref: never married)
	(0.158)
	
	(0.311)

	Number of children
	-0.096***
	
	-0.177***

	
	(0.037)
	
	(0.051)

	Control variables for initial conditions
	
	
	
	

	Mental Health in t= 0
	
	
	0.300***

	
	
	
	(0.006)

	Other variables for initial conditions
	
	
	Within-individual averages of life events and demographic variables (averaged from period 1 onward)

	Intercepts
	
	
	
	
	

	Constant
	14.694***
	
	34.252***
	18.226***
	27.613***

	
	(0.835)
	
	(1.363)
	(0.920)
	(0.939)

	
	
	
	20.332***
	21.382***
	29.329***

	
	
	
	(0.994)
	(0.968)
	(0.952)

	
	
	
	14.730***
	24.329***
	31.528***

	
	
	
	(0.962)
	(0.992)
	(0.964)

	
	
	
	24.966***
	13.209***
	25.321***

	
	
	
	(1.059)
	(0.892)
	(0.923)

	
	
	
	8.406***
	28.472***
	35.045***

	
	
	
	(1.012)
	(0.978)
	(0.970)


Note: This Table reports the results of OLS and Latent Class estimates of the dynamic model for mental health. N=6,471 individuals; 55,971 period-individual observations. Robust standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1



FIGURE 3 – DISTRIBUTION OF THE PROBABILITY OF MEMBERSHIP IN CLASS 3 / RESILIENCE
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FIGURE 4. DYNAMIC PATTERNS OF RESPONSES TO SHOCKS BY CLASS
	
	

	
	




TABLE 3 – CHILDHOOD PREDICTORS OF RESILIENCE 
	Type of shock
	Standardized observed + unobserved
(IR) 
	Standardized observed (IR) 
	Unstandardized
Observed
(LR)

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	0.006
	-0.012
	-0.010
	-0.011
	-0.018

	
	(0.025)
	(0.025)
	(0.024)
	(0.024)
	(0.024)

	One parent was away
	-0.025
	-0.010
	-0.007
	-0.007
	-0.010

	
	(0.017)
	(0.017)
	(0.016)
	(0.016)
	(0.017)

	Other 
	0.011
	0.006
	0.016
	0.016
	0.020

	
	(0.044)
	(0.043)
	(0.041)
	(0.041)
	(0.042)

	More than two siblings
	-0.016
	-0.017
	-0.011
	-0.011
	-0.010

	
	(0.011)
	(0.011)
	(0.010)
	(0.010)
	(0.010)

	Oldest sibling
	0.012
	0.007
	0.008
	0.008
	0.006

	
	(0.010)
	(0.010)
	(0.009)
	(0.009)
	(0.009)

	Health status in childhood (Ref: excellent)

	Very Good
	-0.032***
	-0.033***
	-0.012
	-0.012
	-0.012

	
	(0.011)
	(0.011)
	(0.010)
	(0.010)
	(0.010)

	Good
	-0.085***
	-0.085***
	-0.045***
	-0.045***
	-0.042***

	
	(0.015)
	(0.015)
	(0.014)
	(0.014)
	(0.015)

	Fair
	-0.149***
	-0.149***
	-0.105***
	-0.104***
	-0.102***

	
	(0.023)
	(0.023)
	(0.022)
	(0.022)
	(0.022)

	Poor
	-0.238***
	-0.234***
	-0.165***
	-0.166***
	-0.173***

	
	(0.038)
	(0.037)
	(0.035)
	(0.035)
	(0.036)

	Parental SES at age 14

	Father employed
	0.008
	-0.001
	-0.009
	-0.010
	-0.017

	
	(0.024)
	(0.024)
	(0.022)
	(0.022)
	(0.023)

	Father unemployed
	-0.060***
	-0.056***
	-0.048***
	-0.048***
	-0.049***

	
	(0.015)
	(0.015)
	(0.014)
	(0.014)
	(0.015)

	Mother employed
	-0.029***
	-0.016*
	-0.016*
	-0.016*
	-0.015*

	
	(0.009)
	(0.009)
	(0.009)
	(0.009)
	(0.009)

	Control variables

	(Age/10)
	
	-0.003
	0.002
	0.002
	0.003

	
	
	(0.003)
	(0.003)
	(0.003)
	(0.003)

	(Age/10)2
	
	0.000*
	0.000
	0.000
	-0.000

	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	Male
	
	0.084***
	0.092***
	0.092***
	0.089***

	
	
	(0.009)
	(0.009)
	(0.009)
	(0.009)

	Education<Grade 12
	
	Reference

	Grade 12
	
	0.040**
	0.047***
	0.046***
	0.045***

	
	
	(0.016)
	(0.015)
	(0.015)
	(0.016)

	Certif./Dip. Degree
	
	-0.002
	-0.011
	-0.010
	-0.010

	
	
	(0.012)
	(0.011)
	(0.011)
	(0.012)

	University degree
	
	0.019
	0.016
	0.016
	0.014

	
	
	(0.012)
	(0.012)
	(0.012)
	(0.012)

	Personality traits

	Locus of Control
	
	
	-0.083***
	-0.083***
	-0.082***

	
	
	
	(0.005)
	(0.005)
	(0.005)

	
	Big-5

	Extraversion
	
	
	0.004
	0.004
	0.004

	
	
	
	(0.004)
	(0.004)
	(0.005)

	Agreeableness
	
	
	-0.005
	-0.005
	-0.007

	
	
	
	(0.005)
	(0.005)
	(0.005)

	Conscientiousness
	
	
	0.007
	0.007
	0.006

	
	
	
	(0.005)
	(0.005)
	(0.005)

	Neuroticism
	
	
	-0.058***
	-0.057***
	-0.056***

	
	
	
	(0.005)
	(0.005)
	(0.005)

	Openness
	
	
	-0.034***
	-0.034***
	-0.035***

	
	
	
	(0.005)
	(0.005)
	(0.005)

	Constant
	0.587***
	0.558***
	0.445***
	0.450***
	0.489***

	
	(0.026)
	(0.075)
	(0.070)
	(0.070)
	(0.072)

	
	
	
	
	
	

	Observations
	5,450
	5,450
	5,444
	5,444
	5,444

	R2
	0.025
	0.047
	0.173
	0.172
	0.160


Note: This Table reports the results of OLS regressions of individual resilience on childhood circumstances, some fixed adult characteristics and some personality traits. Resilience is defined either as impact resilience (IR) or life resilience (LR) following the formula in ###  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1. 



 
APPENDIX TABLE 1 – MEASUREMENT OF THE MENTAL HEALTH COMPONENT OF THE SF-36 
	Domain-specific scales of the SF-36
	Factor loadings
	Scoring coefficients

	Physical functioning
	0.179
	-0.090

	Physical role functioning
	0.283
	-0.106

	Bodily pain
	0.326
	-0.067

	General health perceptions
	0.488
	0.059

	Vitality
	0.702
	0.279

	Social functioning
	0.662
	0.236

	Emotional role functioning
	0.579
	0.155

	Mental health
	0.804
	0.431

	Correlation of the MHC with life satisfaction
	0.485***

	Observations
	55,971




APPENDIX TABLE 2 (TO BE UPDATED)
	Number of slope classes ↓
	Number of intercept classes →
	1
	2
	3
	4
	5
	6

	2
	Log-likelihood
	-111126.89
	-110360.49
	-110082.02
	-109908.91
	-109869.04
	-109849.66

	
	BIC
	222740.44
	221240.62
	220716.67
	220403.45
	220356.71
	220350.94

	
	Slope entropy
	0.84
	0.84
	0.84
	0.83
	0.83
	0.83

	
	ICL-BIC
	222324.85
	220052.47
	218887.79
	218764.99
	218046.41
	218005.17

	
	
	
	
	
	
	
	

	3
	Log-likelihood
	-110203.09
	-109553.39
	-109294.40
	-109230.88
	-109180.28
	

	
	BIC
	221008.31
	219758.39
	219289.91
	219212.35
	219160.65
	

	
	Slope entropy
	0.78
	0.76
	0.75
	0.73
	0.73
	

	
	ICL-BIC
	220067.61
	217836.62
	217077.11
	216775.64
	216348.47
	

	
	
	
	
	
	
	
	

	4
	Log-likelihood
	-109792.00
	-109261.32
	-109135.62
	Non convergent
	
	

	
	BIC
	220301.60
	219306.22
	219120.81
	
	
	

	
	Slope entropy
	0.76
	0.72
	0.66
	
	
	

	
	ICL-BIC
	219043.95
	217119.36
	216394.83
	
	
	

	
	
	
	
	
	
	
	



APPENDIX TABLE 3 – EIC, IRC AND LRC VALUES
	
	Class 1
	Class 2
	Class 3

	EI observed shock – class average 
	1.633
	0.496
	0.111

	EI observed shock – sample average
	1.202
	0.523
	0.149

	EI – unobserved shock
	8.716
	4.674
	2.305

	EI – standardized observed + unobserved shocks
	9.918
	5.197
	2.454

	LR observed shock – class average 
	0
	74.7%
	1

	IR observed shock – sample average
	0
	64.5%
	1

	IR – unobserved shock
	0
	63.0%
	1

	IR – standardized observed + unobserved shocks
	0
	63.2%
	1




APPENDIX FIGURE 1
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APPENDIX TABLE 2A – REGRESSION RESULTS – PROBABILITY OF MEMBERSHIP IN CLASS 3 > 50%
	Sample
	All
	
	Women
	Men

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	0.200**
	0.156
	0.214*
	0.177
	0.162
	0.187

	
	(0.101)
	(0.102)
	(0.118)
	(0.108)
	(0.165)
	(0.145)

	One parent was away
	-0.017
	0.026
	0.079
	0.043
	-0.028
	0.115

	
	(0.071)
	(0.072)
	(0.082)
	(0.076)
	(0.105)
	(0.110)

	Other 
	-0.169
	-0.188
	-0.244
	-0.174
	-0.612
	0.055

	
	(0.188)
	(0.191)
	(0.223)
	(0.201)
	(0.376)
	(0.251)

	More than two siblings
	-0.055
	-0.045
	-0.008
	-0.033
	-0.028
	-0.040

	
	(0.043)
	(0.044)
	(0.050)
	(0.046)
	(0.066)
	(0.065)

	Oldest sibling
	0.097**
	0.082**
	0.066
	0.075*
	0.130**
	0.023

	
	(0.039)
	(0.040)
	(0.045)
	(0.042)
	(0.060)
	(0.059)

	Health status in childhood (Ref: excellent)

	Very Good
	-0.110**
	-0.117***
	0.007
	-0.033
	-0.074
	0.006

	
	(0.043)
	(0.044)
	(0.050)
	(0.046)
	(0.067)
	(0.064)

	Good
	-0.396***
	-0.399***
	-0.228***
	-0.261***
	-0.265***
	-0.252**

	
	(0.065)
	(0.066)
	(0.077)
	(0.070)
	(0.099)
	(0.099)

	Fair
	-0.652***
	-0.651***
	-0.431***
	-0.540***
	-0.618***
	-0.462***

	
	(0.110)
	(0.111)
	(0.130)
	(0.118)
	(0.165)
	(0.171)

	Poor
	-0.839***
	-0.817***
	-0.785***
	-0.709***
	-0.867***
	-0.542*

	
	(0.199)
	(0.200)
	(0.236)
	(0.217)
	(0.318)
	(0.305)

	Parental SES at age 14

	Father employed
	0.190*
	0.171*
	0.189
	0.142
	0.232
	0.071

	
	(0.102)
	(0.103)
	(0.119)
	(0.109)
	(0.158)
	(0.153)

	Father unemployed
	-0.206***
	-0.202***
	-0.149*
	-0.198***
	-0.262***
	-0.134

	
	(0.065)
	(0.066)
	(0.076)
	(0.070)
	(0.101)
	(0.098)

	Mother employed
	-0.096***
	-0.063
	-0.063
	-0.076*
	-0.074
	-0.078

	
	(0.037)
	(0.038)
	(0.044)
	(0.041)
	(0.058)
	(0.057)

	Control variables

	(Age/10)
	
	-0.028**
	-0.008
	-0.014
	-0.030
	0.004

	
	
	(0.012)
	(0.014)
	(0.013)
	(0.018)
	(0.019)

	(Age/10)2
	
	0.000***
	0.000
	0.000
	0.000*
	0.000

	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	Male
	
	0.300***
	0.266***
	0.400***
	
	

	
	
	(0.038)
	(0.043)
	(0.042)
	
	

	Education<Grade 12
	
	
	
	Reference
	
	

	Grade 12
	
	0.192***
	0.161**
	0.240***
	0.245***
	0.241**

	
	
	(0.065)
	(0.074)
	(0.069)
	(0.092)
	(0.105)

	Certif./Dip. degree
	
	0.002
	-0.089
	-0.047
	0.019
	-0.076

	
	
	(0.049)
	(0.056)
	(0.052)
	(0.077)
	(0.073)

	University degree
	
	0.129**
	0.118**
	0.109**
	0.033
	0.189**

	
	
	(0.050)
	(0.057)
	(0.055)
	(0.078)
	(0.081)

	Personality traits

	Locus of Control
	
	
	
	-0.348***
	-0.367***
	-0.336***

	
	
	
	
	(0.024)
	(0.034)
	(0.033)

	
	Big-5

	Extraversion
	
	
	
	0.028
	0.016
	0.050

	
	
	
	
	(0.021)
	(0.028)
	(0.031)

	Agreeableness
	
	
	
	0.017
	0.013
	0.017

	
	
	
	
	(0.023)
	(0.035)
	(0.030)

	Conscientiousness
	
	
	
	0.047**
	0.065**
	0.028

	
	
	
	
	(0.021)
	(0.030)
	(0.031)

	Neuroticism
	
	
	
	-0.262***
	-0.273***
	-0.255***

	
	
	
	
	(0.024)
	(0.035)
	(0.033)

	Openness
	
	
	
	-0.106***
	-0.116***
	-0.094***

	
	
	
	
	(0.022)
	(0.031)
	(0.031)

	Mental Health at t=0
	
	
	0.124***
	
	
	

	
	
	
	(0.004)
	
	
	

	Constant
	-0.646***
	-0.370
	-7.380***
	-0.769**
	-0.490
	-0.702

	
	(0.107)
	(0.304)
	(0.427)
	(0.323)
	(0.457)
	(0.462)

	
	
	
	
	
	
	

	Observations
	5,450
	5,450
	5,450
	5,444
	2,907
	2,537


Note: This Table reports the results of probit regressions of having an ex-post probability to be in Class 3 higher than 50% on childhood circumstances, some fixed adult characteristics and some personality traits.  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1


APPENDIX TABLE 2B – REGRESSION RESULTS – PROBABILITY OF MEMBERSHIP IN CLASS 3 > 5%
	Sample
	All
	
	Women
	Men

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	0.112
	0.064
	0.096
	0.087
	0.020
	0.146

	
	(0.097)
	(0.098)
	(0.113)
	(0.104)
	(0.154)
	(0.142)

	One parent was away
	-0.035
	0.004
	0.043
	0.010
	-0.084
	0.129

	
	(0.067)
	(0.069)
	(0.078)
	(0.072)
	(0.098)
	(0.108)

	Other 
	0.026
	0.015
	0.048
	0.081
	-0.009
	0.191

	
	(0.169)
	(0.170)
	(0.197)
	(0.176)
	(0.269)
	(0.236)

	More than two siblings
	-0.070*
	-0.063
	-0.029
	-0.051
	0.001
	-0.113*

	
	(0.041)
	(0.041)
	(0.047)
	(0.044)
	(0.060)
	(0.063)

	Oldest sibling
	0.063*
	0.050
	0.037
	0.046
	0.061
	0.035

	
	(0.038)
	(0.038)
	(0.043)
	(0.040)
	(0.056)
	(0.058)

	Health status in childhood (Ref: excellent)

	Very Good
	-0.147***
	-0.153***
	-0.048
	-0.070
	-0.083
	-0.052

	
	(0.042)
	(0.042)
	(0.047)
	(0.044)
	(0.063)
	(0.063)

	Good
	-0.395***
	-0.396***
	-0.227***
	-0.260***
	-0.254***
	-0.265***

	
	(0.061)
	(0.061)
	(0.070)
	(0.064)
	(0.089)
	(0.093)

	Fair
	-0.637***
	-0.635***
	-0.405***
	-0.524***
	-0.563***
	-0.479***

	
	(0.098)
	(0.099)
	(0.113)
	(0.105)
	(0.141)
	(0.156)

	Poor
	-0.750***
	-0.729***
	-0.560***
	-0.580***
	-0.663***
	-0.452*

	
	(0.168)
	(0.169)
	(0.196)
	(0.181)
	(0.246)
	(0.270)

	Parental SES at age 14

	Father employed
	0.169*
	0.144
	0.139
	0.122
	0.113
	0.132

	
	(0.095)
	(0.096)
	(0.109)
	(0.101)
	(0.138)
	(0.149)

	Father unemployed
	-0.178***
	-0.171***
	-0.101
	-0.164**
	-0.152*
	-0.188**

	
	(0.061)
	(0.061)
	(0.070)
	(0.064)
	(0.088)
	(0.094)

	Mother employed
	-0.096***
	-0.065*
	-0.068
	-0.082**
	-0.013
	-0.152***

	
	(0.036)
	(0.037)
	(0.041)
	(0.038)
	(0.053)
	(0.056)

	Control variables

	(Age/10)
	
	-0.024**
	-0.001
	-0.008
	-0.021
	0.009

	
	
	(0.012)
	(0.013)
	(0.012)
	(0.017)
	(0.018)

	(Age/10)2
	
	0.000**
	-0.000
	0.000
	0.000
	-0.000

	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	Male
	
	0.296***
	0.255***
	0.403***
	
	

	
	
	(0.036)
	(0.041)
	(0.040)
	
	

	Education<Grade 12
	
	
	
	Reference
	
	

	Grade 12
	
	0.088
	0.011
	0.122*
	0.133
	0.117

	
	
	(0.062)
	(0.070)
	(0.066)
	(0.087)
	(0.103)

	Certif./Dip. degree
	
	0.003
	-0.082
	-0.045
	-0.068
	-0.014

	
	
	(0.046)
	(0.053)
	(0.049)
	(0.072)
	(0.070)

	University degree
	
	0.098**
	0.062
	0.074
	0.044
	0.123

	
	
	(0.048)
	(0.054)
	(0.053)
	(0.072)
	(0.079)

	Personality traits

	Locus of Control
	
	
	
	-0.340***
	-0.337***
	-0.345***

	
	
	
	
	(0.022)
	(0.031)
	(0.031)

	
	Big-5

	Extraversion
	
	
	
	0.042**
	0.021
	0.075**

	
	
	
	
	(0.019)
	(0.026)
	(0.030)

	Agreeableness
	
	
	
	0.030
	0.021
	0.038

	
	
	
	
	(0.021)
	(0.032)
	(0.029)

	Conscientiousness
	
	
	
	0.044**
	0.054**
	0.030

	
	
	
	
	(0.020)
	(0.028)
	(0.030)

	Neuroticism
	
	
	
	-0.259***
	-0.256***
	-0.265***

	
	
	
	
	(0.022)
	(0.031)
	(0.031)

	Openness
	
	
	
	-0.107***
	-0.123***
	-0.086***

	
	
	
	
	(0.021)
	(0.029)
	(0.030)

	Mental Health at t=0 
	
	
	0.112***
	
	
	

	
	
	
	(0.004)
	
	
	

	Constant
	-0.330***
	-0.095
	-6.367***
	-0.507*
	-0.225
	-0.471

	
	(0.101)
	(0.290)
	(0.384)
	(0.307)
	(0.423)
	(0.450)

	
	
	
	
	
	
	

	Observations
	5,450
	5,450
	5,450
	5,444
	2,907
	2,537


Note: This Table reports the results of probit regressions of having an ex-post probability to be in Class 3 higher than 5% on childhood circumstances, some fixed adult characteristics and some personality traits.  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1


APPENDIX TABLE 2C – REGRESSION RESULTS – PROBABILITY OF MEMBERSHIP IN CLASS 3 > 95%
	Sample
	All
	
	Women
	Men

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	0.035
	-0.027
	-0.049
	-0.039
	-0.254
	0.128

	
	(0.123)
	(0.125)
	(0.144)
	(0.134)
	(0.230)
	(0.170)

	One parent was away
	-0.140
	-0.086
	-0.077
	-0.083
	-0.173
	-0.018

	
	(0.088)
	(0.090)
	(0.103)
	(0.095)
	(0.141)
	(0.132)

	Other 
	-0.026
	-0.060
	-0.074
	-0.046
	Always
	0.357

	
	(0.217)
	(0.222)
	(0.255)
	(0.235)
	Fail
	(0.269)

	More than two siblings
	-0.041
	-0.047
	-0.032
	-0.049
	-0.035
	-0.067

	
	(0.051)
	(0.052)
	(0.059)
	(0.055)
	(0.082)
	(0.075)

	Oldest sibling
	0.047
	0.037
	-0.001
	0.014
	0.024
	0.011

	
	(0.046)
	(0.047)
	(0.053)
	(0.050)
	(0.074)
	(0.068)

	Health status in childhood (Ref: excellent)

	Very Good
	-0.123**
	-0.125**
	-0.007
	-0.043
	-0.092
	-0.008

	
	(0.051)
	(0.052)
	(0.059)
	(0.056)
	(0.085)
	(0.075)

	Good
	-0.368***
	-0.367***
	-0.195**
	-0.219**
	-0.177
	-0.261**

	
	(0.080)
	(0.081)
	(0.094)
	(0.086)
	(0.126)
	(0.120)

	Fair
	-0.633***
	-0.638***
	-0.411**
	-0.537***
	-0.732***
	-0.383*

	
	(0.144)
	(0.146)
	(0.171)
	(0.158)
	(0.251)
	(0.211)

	Poor
	-0.746***
	-0.740***
	-0.701**
	-0.642**
	-0.961**
	-0.397

	
	(0.260)
	(0.264)
	(0.305)
	(0.289)
	(0.489)
	(0.375)

	Parental SES at age 14

	Father employed
	0.240*
	0.210
	0.234
	0.180
	0.056
	0.338*

	
	(0.129)
	(0.131)
	(0.150)
	(0.139)
	(0.198)
	(0.199)

	Father unemployed
	-0.184**
	-0.166**
	-0.112
	-0.166*
	-0.120
	-0.226*

	
	(0.080)
	(0.081)
	(0.093)
	(0.086)
	(0.127)
	(0.119)

	Mother employed
	-0.082*
	-0.038
	-0.022
	-0.055
	-0.029
	-0.068

	
	(0.044)
	(0.046)
	(0.052)
	(0.048)
	(0.072)
	(0.066)

	Control variables

	(Age/10)
	
	0.015
	0.042**
	0.031**
	0.018
	0.044**

	
	
	(0.015)
	(0.017)
	(0.016)
	(0.024)
	(0.022)

	(Age/10)2
	
	-0.000
	-0.000**
	-0.000*
	-0.000
	-0.000*

	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	Male
	
	0.307***
	0.285***
	0.398***
	
	

	
	
	(0.045)
	(0.051)
	(0.050)
	
	

	Education<Grade 12
	
	
	
	Reference
	
	

	Grade 12
	
	0.166**
	0.133
	0.188**
	0.258**
	0.117

	
	
	(0.077)
	(0.087)
	(0.082)
	(0.113)
	(0.121)

	Certif./Dip. degree
	
	-0.015
	-0.110*
	-0.081
	-0.030
	-0.101

	
	
	(0.058)
	(0.066)
	(0.062)
	(0.096)
	(0.085)

	University degree
	
	0.099*
	0.090
	0.052
	-0.049
	0.146

	
	
	(0.060)
	(0.068)
	(0.066)
	(0.098)
	(0.093)

	Personality traits

	Locus of Control
	
	
	
	-0.323***
	-0.307***
	-0.352***

	
	
	
	
	(0.030)
	(0.044)
	(0.041)

	
	Big-5

	Extraversion
	
	
	
	0.002
	-0.017
	0.025

	
	
	
	
	(0.024)
	(0.035)
	(0.035)

	Agreeableness
	
	
	
	0.002
	-0.063
	0.041

	
	
	
	
	(0.027)
	(0.043)
	(0.035)

	Conscientiousness
	
	
	
	0.040
	0.076**
	0.007

	
	
	
	
	(0.026)
	(0.038)
	(0.036)

	Neuroticism
	
	
	
	-0.310***
	-0.413***
	-0.246***

	
	
	
	
	(0.030)
	(0.048)
	(0.039)

	Openness
	
	
	
	-0.056**
	-0.059
	-0.046

	
	
	
	
	(0.026)
	(0.039)
	(0.035)

	Mental Health at t=0
	
	
	0.126***
	
	
	

	
	
	
	(0.006)
	
	
	

	Constant
	-1.197***
	-1.913***
	-9.301***
	-2.353***
	-1.905***
	-2.414***

	
	(0.135)
	(0.372)
	(0.554)
	(0.400)
	(0.594)
	(0.550)

	
	
	
	
	
	
	

	Observations
	5,450
	5,450
	5,450
	5,444
	2,907
	2,537


Note: This Table reports the results of probit regressions of having an ex-post probability to be in Class 3 higher than 95% on childhood circumstances, some fixed adult characteristics and some personality traits.  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1


APPENDIX TABLE 3 - CHILDHOOD PREDICTORS OF MEMBERSHIP IN CLASS 3 / RESILIENCE
	Specification 
	1
	2
	3
	4
	5
	6

	Sample
	All
	
	Women
	Men

	Mean probability
	27.15%
	
	22.72%
	32.48%

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	6.859*
	5.202
	5.393*
	5.272
	4.408
	6.093

	
	(3.591)
	(3.509)
	(3.051)
	(3.325)
	(4.648)
	(4.851)

	One parent was away
	-0.557
	0.850
	1.945
	1.240
	-0.710
	3.697

	
	(2.280)
	(2.333)
	(2.057)
	(2.198)
	(2.679)
	(3.607)

	Other 
	-5.190
	-5.664
	-5.663
	-4.732
	-12.612**
	1.760

	
	(5.458)
	(5.378)
	(4.894)
	(5.210)
	(5.782)
	(8.090)

	More than two siblings
	-1.780
	-1.442
	-0.197
	-0.947
	-0.733
	-1.255

	
	(1.373)
	(1.384)
	(1.221)
	(1.309)
	(1.689)
	(2.042)

	Oldest sibling
	3.187**
	2.667**
	1.633
	2.161*
	3.398**
	0.736

	
	(1.305)
	(1.295)
	(1.120)
	(1.217)
	(1.585)
	(1.889)

	Health status in childhood (Ref: excellent)

	Very Good
	-3.740***
	-3.887***
	0.187
	-0.971
	-1.985
	0.182

	
	(1.449)
	(1.439)
	(1.255)
	(1.368)
	(1.786)
	(2.096)

	Good
	-12.242***
	-12.123***
	-5.466***
	-7.264***
	-6.657***
	-7.789***

	
	(1.807)
	(1.802)
	(1.772)
	(1.837)
	(2.333)
	(2.918)

	Fair
	-18.229***
	-17.968***
	-9.854***
	-13.744***
	-13.587***
	-13.503***

	
	(2.334)
	(2.345)
	(2.689)
	(2.501)
	(2.819)
	(4.419)

	Poor
	-21.640***
	-21.046***
	-16.257***
	-16.976***
	-17.170***
	-15.461**

	
	-3.740***
	-3.887***
	0.187
	-0.971
	-1.985
	0.182

	Parental SES at age 14

	Father employed
	5.868**
	5.240*
	4.474*
	3.940
	5.604
	2.237

	
	(2.955)
	(2.981)
	(2.719)
	(2.902)
	(3.514)
	(4.742)

	Father unemployed
	-6.374***
	-6.176***
	-3.575**
	-5.448***
	-6.334***
	-4.161

	
	(1.906)
	(1.905)
	(1.784)
	(1.825)
	(2.256)
	(2.959)

	Mother employed
	-3.132***
	-2.028*
	-1.531
	-2.190*
	-1.903
	-2.464

	
	(1.210)
	(1.232)
	(1.073)
	(1.160)
	(1.493)
	(1.813)

	Control variables

	Education<Grade 12
	Reference

	Grade 12
	
	6.412***
	4.009**
	7.169***
	6.688**
	7.897**

	
	
	(2.237)
	(1.882)
	(2.129)
	(2.633)
	(3.513)

	Certif./Dip. degree
	
	0.074
	-2.159
	-1.347
	0.496
	-2.396

	
	
	(1.568)
	(1.354)
	(1.481)
	(2.011)
	(2.297)

	University degree
	
	4.210**
	2.915**
	3.157*
	0.866
	6.095**

	
	
	(1.671)
	(1.428)
	(1.628)
	(2.028)
	(2.658)

	Other control variables
	age, age squared, gender
	age, age squared

	Personality traits

	Locus of Control
	
	
	
	-9.989***
	-9.485***
	-10.654***

	
	
	
	
	(0.646)
	(0.842)
	(1.001)

	
	Big-5

	Extraversion
	
	
	
	0.803
	0.404
	1.579

	
	
	
	
	(0.588)
	(0.721)
	(0.971)

	Agreeableness
	
	
	
	0.475
	0.348
	0.547

	
	
	
	
	(0.649)
	(0.898)
	(0.955)

	Conscientiousness
	
	
	
	1.352**
	1.681**
	0.903

	
	
	
	
	(0.615)
	(0.774)
	(0.990)

	Neuroticism
	
	
	
	-7.520***
	-7.061***
	-8.080***

	
	
	
	
	(0.662)
	(0.881)
	(1.010)

	Openness
	
	
	
	-3.044***
	-3.002***
	-2.978***

	
	
	
	
	(0.620)
	(0.804)
	(0.968)

	MSC at initial period
	
	
	3.041***
	
	
	

	
	
	
	(0.077)
	
	
	

	Observations
	5,450
	5,450
	5,450
	5,444
	2,907
	2,537


Note: This Table reports the marginal effect of childhood circumstances, education and personality traits on the probability of being classified as resilient, in percentage points. An individual is classified as resilient if her ex-post probability to be in Class 3 is higher than 50%.  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1




APPENDIX TABLE 4 – AGE AND POSTERIOR MEMBERSHIP IN CLASS 3 / RESILIENCE
	Specification
	2
	4
	5
	6

	Sample
	All
	Women
	Men

	Impact of one year more…

	… at age 30
	-0.200
	-0.073
	-0.224
	0.117

	
	(0.154)
	(0.144)
	(0.192)
	(0.223)

	… at age 40
	0.026
	0.033
	-0.039
	0.121

	
	(0.079)
	(0.077)
	(0.097)
	(0.122)

	… at age 50
	0.257***
	0.140**
	0.141**
	0.124

	
	(0.056)
	(0.055)
	(0.070)
	(0.086)

	… at age 60
	0.518***
	0.256**
	0.340**
	0.128

	
	(0.125)
	(0.114)
	(0.148)
	(0.178)


	
APPENDIX TABLE 5 – CHILDHOOD PREDICTORS OF THE (LOG) VARIANCE IN UNOBSERVED SHOCKS 
	Sample
	All
	
	Women
	Men

	Childhood circumstances

	Family situation at age 14

	One parent deceased
	-0.021
	0.003
	-0.000
	0.000
	0.011
	-0.011

	
	(0.033)
	(0.033)
	(0.028)
	(0.031)
	(0.044)
	(0.043)

	One parent was away
	0.028
	0.007
	-0.010
	0.004
	0.034
	-0.037

	
	(0.023)
	(0.023)
	(0.020)
	(0.021)
	(0.028)
	(0.033)

	Other 
	-0.002
	0.003
	-0.048
	-0.009
	0.033
	-0.055

	
	(0.058)
	(0.057)
	(0.049)
	(0.053)
	(0.076)
	(0.074)

	More than two siblings
	0.022
	0.023*
	0.006
	0.014
	0.007
	0.026

	
	(0.014)
	(0.014)
	(0.012)
	(0.013)
	(0.017)
	(0.019)

	Oldest sibling
	-0.021
	-0.015
	-0.010
	-0.015
	-0.024
	-0.006

	
	(0.013)
	(0.013)
	(0.011)
	(0.012)
	(0.016)
	(0.018)

	Health status in childhood (Ref: excellent)

	Very Good
	0.044***
	0.045***
	0.006
	0.015
	0.029
	-0.000

	
	(0.014)
	(0.014)
	(0.012)
	(0.013)
	(0.018)
	(0.019)

	Good
	0.123***
	0.122***
	0.046***
	0.067***
	0.070***
	0.061**

	
	(0.020)
	(0.020)
	(0.017)
	(0.019)
	(0.025)
	(0.028)

	Fair
	0.204***
	0.204***
	0.104***
	0.144***
	0.162***
	0.117***

	
	(0.030)
	(0.030)
	(0.026)
	(0.028)
	(0.036)
	(0.045)

	Poor
	0.299***
	0.293***
	0.160***
	0.201***
	0.218***
	0.169**

	
	(0.050)
	(0.049)
	(0.042)
	(0.046)
	(0.056)
	(0.079)

	Parental SES at age 14

	Father employed
	-0.028
	-0.016
	-0.006
	-0.005
	-0.000
	-0.011

	
	(0.032)
	(0.031)
	(0.027)
	(0.029)
	(0.038)
	(0.046)

	Father unemployed
	0.079***
	0.074***
	0.039**
	0.063***
	0.073***
	0.052*

	
	(0.020)
	(0.020)
	(0.017)
	(0.019)
	(0.025)
	(0.029)

	Mother employed
	0.039***
	0.022*
	0.018*
	0.022*
	0.003
	0.044**

	
	(0.012)
	(0.012)
	(0.011)
	(0.011)
	(0.015)
	(0.017)

	Control variables

	(Age/10)
	
	0.005
	-0.003
	-0.002
	0.003
	-0.008

	
	
	(0.004)
	(0.003)
	(0.004)
	(0.005)
	(0.006)

	(Age/10)2
	
	-0.000**
	0.000
	-0.000
	-0.000
	0.000

	
	
	(0.000)
	(0.000)
	(0.000)
	(0.000)
	(0.000)

	Male
	
	-0.113***
	-0.077***
	-0.127***
	
	

	
	
	(0.012)
	(0.010)
	(0.012)
	
	

	Education<Grade 12
	
	
	
	Reference
	
	

	Grade 12
	
	-0.057***
	-0.031*
	-0.065***
	-0.060**
	-0.069**

	
	
	(0.021)
	(0.018)
	(0.020)
	(0.025)
	(0.032)

	Certif./Dip. degree
	
	0.000
	0.017
	0.014
	0.028
	-0.005

	
	
	(0.016)
	(0.013)
	(0.015)
	(0.021)
	(0.021)

	University degree
	
	-0.033**
	-0.015
	-0.024
	-0.001
	-0.057**

	
	
	(0.016)
	(0.014)
	(0.016)
	(0.021)
	(0.024)

	Personality traits

	Locus of Control
	
	
	
	0.111***
	0.104***
	0.120***

	
	
	
	
	(0.006)
	(0.008)
	(0.009)

	
	Big-5

	Extraversion
	
	
	
	-0.006
	-0.002
	-0.015*

	
	
	
	
	(0.006)
	(0.008)
	(0.009)

	Agreeableness
	
	
	
	0.003
	0.007
	-0.002

	
	
	
	
	(0.006)
	(0.009)
	(0.009)

	Conscientiousness
	
	
	
	-0.012**
	-0.017**
	-0.003

	
	
	
	
	(0.006)
	(0.008)
	(0.009)

	Neuroticism
	
	
	
	0.080***
	0.077***
	0.086***

	
	
	
	
	(0.006)
	(0.009)
	(0.009)

	Openness
	
	
	
	0.042***
	0.043***
	0.039***

	
	
	
	
	(0.006)
	(0.008)
	(0.009)

	Mental health in t=0
	
	
	-0.024***
	
	
	

	
	
	
	(0.001)
	
	
	

	Constant
	1.529***
	1.559***
	2.900***
	1.705***
	1.594***
	1.725***

	
	(0.034)
	(0.098)
	(0.089)
	(0.091)
	(0.122)
	(0.139)

	
	
	
	
	
	
	

	Observations
	5,450
	5,450
	5,450
	5,444
	2,907
	2,537

	R2
	0.026
	0.050
	0.306
	0.186
	0.170
	0.176


Note: This Table reports the results of OLS regressions of the logarithm of individual specific variance in unobserved shocks on childhood circumstances, some fixed adult characteristics and some personality traits.  Standard errors in parentheses: *** p<0.01, ** p<0.05, * p<0.1


Death of a spouse or a child
Class 1	0	-0.39947862356621483	-0.26546189950652899	-0.17640498372733046	-0.1172248007781409	-7.7898331595411874E-2	-5.1765070403773136E-2	-3.4398971826829425E-2	-2.2858836151737467E-2	-1.519017466110531E-2	Class 2 	0	-0.33764337851929094	-0.22494419692588147	-0.1498619399928163	-9.9840766578257301E-2	-6.6515745568300325E-2	-4.4314006794398654E-2	-2.9522802178584814E-2	-1.966863101591669E-2	-1.3103601876955166E-2	Class 3	-8.5635036496350361E-2	-5.2934607973068981E-2	-3.2721101501275336E-2	-2.022628530660844E-2	-1.2502715328467147E-2	-7.7284527640680677E-3	-4.7772808191861972E-3	-2.9530376547648313E-3	-1.8253964379562027E-3	-8.5635036496350361E-2	-5.2934607973068981E-2	-3.2721101501275336E-2	-2.022628530660844E-2	-1.2502715328467147E-2	-7.7284527640680677E-3	-4.7772808191861972E-3	-2.9530376547648313E-3	-1.8253964379562027E-3	0	-9.3743482794577684E-2	-5.7946778734339559E-2	-3.5819334481572415E-2	-2.2141433065414485E-2	-1.3686548488008337E-2	-8.4602296952135721E-3	-5.2296228343095708E-3	-3.2326492275505134E-3	-1.9982360792492162E-3	Time (quarters)
Variation in Mental Health 
(one unit = one std)
Victim of violence
Class 1	0	-0.41564129301355579	-0.27620233135813743	-0.18354222530335138	-0.12196764706386573	-8.1050052137643366E-2	-5.3859454614836787E-2	-3.579073393415351E-2	-2.3783691177453811E-2	-1.5804760166840452E-2	Class 2 	0	-7.7372262773722625E-2	-5.1546817207845597E-2	-3.4341432821083907E-2	-2.2878890920650683E-2	-1.524233576642336E-2	-1.0154722989945584E-2	-6.7652622657535305E-3	-4.5071415113681849E-3	-3.002740145985402E-3	Class 3	0	6.3357664233576645E-3	3.9164029765277773E-3	2.4208929511683429E-3	1.496455476145255E-3	9.2502189781021879E-4	5.7179483457305534E-4	3.5345037087057795E-4	2.1848249951720715E-4	1.3505319708029189E-4	0	6.3357664233576645E-3	3.9164029765277773E-3	2.4208929511683429E-3	1.496455476145255E-3	9.2502189781021879E-4	5.7179483457305534E-4	3.5345037087057795E-4	2.1848249951720715E-4	1.3505319708029189E-4	0	-3.2325338894681963E-3	-1.9981647839427434E-3	-1.2351494648818076E-3	-7.634976919108444E-4	-4.7194994786235652E-4	-2.9173205845564045E-4	-1.8033182187274384E-4	-1.1147066301898324E-4	-6.8904692387904026E-5	Time (quarters)
Variation in Mental Health
 (one unit = one std)
Self-injury/illness
Class 1	0	-0.37831074035453599	-0.25139539843635789	-0.16705749959873525	-0.11101320209425609	-7.3770594369134482E-2	-4.9022102695089768E-2	-3.2576212421753362E-2	-2.164757440837993E-2	-1.438526590198122E-2	Class 2 	0	-0.2110531803962461	-0.14060749060468936	-9.3675283059129158E-2	-6.2408187632610496E-2	-4.1577476538060487E-2	-2.7699675649123803E-2	-1.8454030762648444E-2	-1.2294412963624268E-2	-8.1907628779979164E-3	Class 3	0	-3.3927007299270076E-2	-2.0971706261406809E-2	-1.2963491286901449E-2	-8.0132777109713661E-3	-4.9533430656934297E-3	-3.0618691141653929E-3	-1.8926697278876109E-3	-1.1699385458018188E-3	-7.231880875912404E-4	0	-3.3927007299270076E-2	-2.0971706261406809E-2	-1.2963491286901449E-2	-8.0132777109713661E-3	-4.9533430656934297E-3	-3.0618691141653929E-3	-1.8926697278876109E-3	-1.1699385458018188E-3	-7.231880875912404E-4	0	-4.7862356621480709E-2	-2.9585730188055458E-2	-1.8288180786475795E-2	-1.1304691631841212E-2	-6.9879040667361813E-3	-4.3195166074560956E-3	-2.6700743948254654E-3	-1.6504849782488164E-3	-1.0202339937434822E-3	Time (quarters)
Variation in Mental Health 
(one unit = one std)
Standard unobserved shock
Class 1	0	-0.91699687174139732	-0.60936359808415974	-0.40493485431953641	-0.2690876789462206	-0.17881438998957244	-0.11882590162641112	-7.8962296592309578E-2	-5.2472097394513001E-2	-3.4868806047966619E-2	Class 2 	0	-0.49176225234619397	-0.32762101071725047	-0.21826711210812902	-0.14541354391076636	-9.6877163712200232E-2	-6.4541339111298349E-2	-4.2998621085301419E-2	-2.8646468150420976E-2	-1.9084801251303449E-2	Class 3	0	-0.24254431699687176	-0.14992681572422004	-9.2676053397260788E-2	-5.72869558511169E-2	-3.5411470281543261E-2	-2.1889315095736116E-2	-1.353070379600007E-2	-8.3638955542630639E-3	-5.1700746611053139E-3	Time (quarters)
Variation in Mental Health
 (one unit = one std)
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