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Abstract

There is great interest in understanding who in the population is resilient in the face of major life
events, and who is not. In this paper we construct a revealed measure of adulthood psychological
resilience by modelling individuals’ responses to ten adverse life events using a dynamic finite
mixture regression applied to 17 years of panel data. Our methodology accounts for non-random
selection into events, and differences between individuals in anticipation, immediate response, and
speed of adaptation. We find considerable heterogeneity in individuals’ responses to events such as
major financial shocks, redundancy and bereavement. We also find that our measure of resilience is
correlated with clinical measures of mental health, and that it significantly predicts the psychological
response to out-of-sample events. The strongest predictor of our measure of resilience is internal locus

of control, which is an individual’s belief that life outcomes are under their control.
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1. Introduction

Talk about resilience is widespread nowadays. Internet web searches for "Resilience and
Government" provide countless examples of national and local governments highlighting the
importance of resilience in individuals, communities, and businesses. The COVID-19 crisis has
further raised the importance of increasing resilience (Habersaat et al., 2020). Many governments
have dedicated departments, units, advisory groups, forums and online portals aimed at providing
information and training to improve resilience. The idea of building resilient communities is now a
strategic goal of many national governments (see Longstaff et al., 2010; Cutter et al., 2013). Examples
include the UK Government's Community Resilience Framework!, and Public Health England's
(2014) focus on building the resilience of children at school.? Fletcher and Sarkar (2013) suggest that
governments should provide community-based opportunities that enable individuals to access
environmental and personal resources that develop resilience.

There are many definitions of psychological resilience, but a prominent one is provided by
Bonanno (2004), who defines it as the ability of individuals “who are exposed to an isolated and
potentially highly disruptive event.... to maintain relatively stable, healthy levels of psychological
and physical functioning.” For individuals, building resilience is important because nearly everyone
will experience at least one major adverse event at some point in their life, such as divorce,
redundancy, worsening finances, serious injury, being a victim of crime, or the death of a partner or
close friend. Individuals and communities may also be victims of natural disasters, civil conflict, or
such criminal acts as mass shootings and terrorism. The questions then arise: how well do individuals
cope with such events, and who are the most and least resilient individuals?

From an economics perspective, providing new evidence on these questions is a valuable
research task as resilience can be thought of as a form of self-insurance. Therefore, as noted by Clark
(2016), “The analysis of the distribution of resilience is of policy importance, as it would help to show
us who needs more help, and in what circumstances.” Cunha and Heckman (2009) stress the
importance of research that can identify the mechanisms that promote resilience and recovery from
disadvantage, noting a lack of systematic knowledge in this area. Similarly, Asheim et al. (2019) note
that, "There does not seem to be much of a literature within economics when it comes to the
measurement of individual resilience. This is somewhat surprising because there appears to be a clear

link between resilience and individual and social well-being—and the high economic costs associated

! See: https://www.gov.uk/government/publications/community-resilience-framework-for-practitioners.

2 Moreover, in recent decades, large-scale training programs for children, adults and teachers have emerged that aim to
increase ‘resilience’, including the Penn Resilience Program (https:/ppc.sas.upenn.edu/research/resilience-children), the
UK Grit Program (www.grit.org.uk), and Australia's Resilient Youth (www.resilientyouth.org.au). Similarly, there are
‘resilience courses’ for emergency service workers (e.g. www.mind.org.uk), and the Rockefeller Foundation 100 Resilient
Cities network (www.100resilientcities.org) is an example of a broad vision for resilient communities.
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with mental illness." Moreover, a recent high profile review by leading resilience researchers in
psychology explicitly calls for more, “research on the dynamic processes of successful adaption to
stressors in prospective longitudinal studies” (Kalisch et al., 2017).

Resilience can be measured in different ways, from scales derived from asking people about
their beliefs about their own resilience (stated-resilience), to measures based on observing the
response of individuals to particular types of events (revealed-resilience). The approach we take is
based on observing (thus revealed) how a large nationally-representative sample of adults respond to
the experience of many different types of adverse events.* To do this we develop a dynamic finite
mixture model applied to 17 waves of data. Rather than narrowly focussing on one type of event, we
establish the extent of individual heterogeneity in the response to ten major adverse events ranging
from a worsening financial event, bereavement and crime victimisation. This modelling approach
builds on the latent class and finite mixture approaches used by economists (e.g. Clark et al., 2005;
Etil¢, 2006; Bruhin et al., 2010; Conte et al., 2011; Brown et al., 2014; Etilé and Sharma, 2015;
Cuaresma et al., 2016; Eckardt et al., 2016; Bacci et al., 2019; Bruhin et al., 2019; Carrieri et al.,
2020), and on the latent growth mixture modelling approach used by psychology researchers (e.g.
Bonanno et al., 2010; Galatzer-Levy et al., 2010; Mancini et al., 2011; Galatzer-Levy and Bonanno,
2012; Baron et al., 2017; Phelps et al., 2018; McGiffin et al., 2019).>

Like Cunha and Heckman (2009) and Schurer (2017) for example, we take resilience to be a
non-cognitive skill largely developed in childhood (Cunha et al., 2010), where we expect the benefits
in later life to be (i) lower amplitude following negative life events and, (ii) faster adaptation.® The
model we use allows for heterogeneity in both anticipation and adaptation responses, while

accounting for the initial conditions problem and selection into events on fixed unobservable

3 There are many such proposed resilience scales, which are based on questions about beliefs asked to individuals about
whether, for example, they believe that they are self-disciplined, usually take things in their stride, are determined, can
adapt when changes occur, can deal with whatever comes their way, can find things to laugh about, or that their life has
meaning. Two such scales are the Wagnild Resilience Scale RS-14 (Phillips et al., 2016), and the Connor-Davidson
Resilience Scale (Connor and Davidson, 2003).

* We would suggest that it is unlikely that revealed resilience can be measured well in experimental laboratory settings,
as individuals need to experience major life events and be observed in the years before and after the event.

3> Most papers in the resilience literature tend to focus only on one event. Some examples are on: bereavement, divorce
(Mancini et al., 2011), chronic pain (Zhu et al., 2014), disability (McGiffin et al., 2019), injury (Bonanno et al., 2012),
the 9/11 New York attack (Bonano et al., 2006, 2007; Norris et al., 2009), mass shootings (Norris and Stevens, 2007;
Reifels et al., 2013), floods (Norris et al., 2009), oil spills (Lee et al., 2018), droughts (Arouri et al., 2015), earthquakes
(Hogg et al., 2016), and epidemics (Rao and Greve, 2017). Many studies have focused on the resilience of war veterans
(Pietraz et al., 2009; Tsai et al., 2015; Portnoy et al., 2018).

¢ Relatedly, Borghans et al. (2011) discuss the difficulty with identifying psychological constructs, where they are often
measured by observed behaviours including observer reports and test scores. They argue that behaviours are the result of
incentives, and various psychological constructs (traits, attitudes, etc.). Hence, in order to isolate a single psychological
construct, researchers need to control for the influence of all other constructs and incentives. In this paper, compared to
measures of resilience that would be based on purely hypothetical item questionnaires (such as the CD-RISC scale), we
innovate by using ecological data where people are "naturally incentivised" by major life events, and we control for
selection into such events.



characteristics. Resilience is measured as the total psychological loss (TPL) from an event, and we
also provide an overall measure based on the response to a weighted sum of all events. It is important
to include anticipation effects in our measure because many major life events such as being made
redundant, becoming separated or divorced, and death of a family member or close friend, are often
foreseeable. We think of resilience in this context as potentially being driven by two components.
Firstly, we will observe a smaller TPL (more resilient) for those who have little psychological
response to life events. Secondly, we will observe a lower TPL through behaviour: for those who
actively find ways to tackle the adversity. An example of the latter would be increased job search
following redundancy. Importantly, our model allows for substantial heterogeneity in TPL profiles.

We analyse data from the Household, Income and Labour Dynamics in Australia (HILDA)
survey, which tracks respondents from 2001 to 2017. This survey is well suited to the task because it
has followed a large sample over many years, and each wave it asks respondents about both their
psychological health and the major life events they have experienced in the past 12 months.” The ten
major life events we focus on are: a major worsening in financial situation; being fired or made
redundant; separating from spouse or long-term partner; death of a spouse or child; death of other
close relative or family member; death of a close friend; serious injury or illness to self; serious injury
or illness to a close relative; being a victim of physical violence; and being a victim of property crime.
Notably, some 96% of respondents report experiencing at least one of these adverse events within our
panel window.

Our resulting estimates enable us to: (1) document the distribution of resilience, (2) distinguish
the types of people who are the most and least resilient across the distribution, (3) test how strongly
resilience is related to clinical measures of mental health, and (4) explore the distinctiveness of
resilience from measures of cognitive and non-cognitive traits that have been the focus of a growing
economics literature in recent years. We also document how strongly our ‘revealed’ measure of
resilience is correlated with locus of control (a ‘stated’ belief), which has been the focus of economic
studies of behaviour (e.g. investment, saving, job search, health investments). We find a strong

correlation between resilience and locus of control across the entire resilience distribution.

2. Empirical strategy and methods
We develop a dynamic finite mixture model to identify individual heterogeneity in the observed
fluctuations in psychological health that follow major life events. We also derive an individual-

specific measure of resilience based on total psychological loss (TPL) from a "standardised event"

" In providing an integrative framework for studying resilience, Bonanno et al. (2015) argue that studies must explicitly
reference four temporal elements: baseline or preadversity functioning, the actual aversive circumstances, postadversity
outcomes, and predicts of resilient outcomes. Data from HILDA allows for all of these.
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(SE). We then investigate the strength of the relationships between our measure of resilience and
clinical measures of mental health, as well as age, gender, educational attainment, cognitive ability,

Big-5 personality traits, and locus of control.

2.1 Modelling the dynamics of psychological health: A finite mixture dynamic approach
Before introducing our main model of psychological health (H;;), we discuss a standard dynamic

model in which the effects of adverse events are presumed to be identical for all individuals:

Hy = pHy 4 + ﬁ’xit + uSit +6; + &; (1)

where S;; is a vector of major adverse events, x;, is a set of socioeconomic variables that control for
current life circumstances, §; is an individual effect, and &;; is a serially uncorrelated error term.
Lagged psychological health captures the lasting effect of past events on current psychological health,
discounting all adverse events at the same exponential rate, p. In this model, psychological health
follows a first-order Markov process, whereby psychological health at ¢ is independent from
psychological health at #-2, and from past life events, past observed covariates and past time-varying
shocks, conditional on psychological health at #-/, life events and observed covariates at ¢, and
individual time-invariant heterogeneity. Our specification is consistent with previous empirical
studies that have focused on the impact of lagged adverse events and the extent to which individuals
adapt over time (e.g. Lucas et al., 2004, 2005; Clark et al., 2008; Oswald and Powdthavee, 2008;
Frijters et al., 2011; Kettlewell et al., 2020). A point of difference, however, is that instead of
including lags of the event variables (e.g. Si-i, Si-2, Si-3) in a static model, we include lagged
psychological health. This is similar to the approach taken by Pudney (2008), in which a dynamic
specification is used to model individuals’ subjective assessments of their financial wellbeing. Pudney
(2008) interprets the presence of the lagged dependent variable in terms of partial adjustment of
perceptions to changes in current life circumstances.

Our model builds on this approach by adding heterogeneity in the anticipation of, and response
to, major life events through the introduction of random coefficients, and by allowing the error-term

variance to be individual-specific:

Hit = piHie—1 + B Xt + Hio Sit + Hiz Sie41 + 6; + exp(0y) Tyt
i; ~ i.i.dnormal(0,1) )

where the coefficients p;, l;g, Ui1, 0; and g; are individual effects. The immediate impacts of events

on psychological health are represented by the parameter vector y;,, while the anticipation effects are



captured by p;;. This specification controls for selection into life events on fixed unobserved
heterogeneity, and we only assume that conditional on §;, life events randomly befall on individuals.
We thus control for non-random selection into life events, under the particular assumption that the
occurrence of life events after 7+/ is independent from psychological health at #, conditional on life
events occurring at ¢ and ¢+1, observed covariates at 7, and §;.%

The empirical literature documenting the impact of life events on wellbeing has largely
focused on adaptation (post-event) profiles, but Clark et al. (2008), Frijters et al. (2011) and
Kettlewell et al. (2020), and others, have shown that wellbeing measures also change prior to the
occurrence of events. They have found that the events with the strongest anticipation effects are those
that are understandably predictable, such as divorce. In our model, the individual-specific anticipation
parameter y;; measures the impact of all information relevant to future events that the respondent has
already received. Observed future events are thus included as proxy variables for this information.

Importantly, Equation (2) allows individuals to differ along four key dimensions: (1) baseline
level of psychological health due to unobserved time-invariant factors as accounted for by §;: this can
be interpreted as an individual set-point to which a person returns in the long run, but is included to
capture any heterogeneity in levels that is constant over the data period (we refrain from interpreting
its determinants causally); (2) anticipation and immediate (short-term) reactions to each life event, as
accounted for by the parameter vectors p;, and y;;; (3) average adaptation trajectories, as captured
by p;, with a higher p; implying slower adaptation; and (4) unobserved events that may vary in
frequency and magnitude across individuals, as accounted for by o;, which captures unobserved
volatility in psychological health.

The dynamic nature of equation (2) means that we face an initial condition problem, because
the first observed level of psychological health could be correlated with the individual effects. We
overcome this issue by conditioning on initial psychological health H;,, specifying a Mundlak-type

relationship between the individual effect §; and the covariates:

E[6i|H 0, Si, xi] = a; + Aw; (3)

where S; and x; are row vectors of all explanatory variables in all time periods, «; is an individual
individual random effect, and w; = (H;o, Sit, X;¢). We also assume that (p;, u;, 0;) are independent of

the covariates. Therefore, our measure of individual heterogeneity in adaptation to life events will not

8 This then excludes specific sequences, for instance the case where a depression at ¢ increases the probability of divorce
at t+2, even after controlling for other life events occurring at 7 and 7+/. As we chose to work with a large set of life
events, it is not practically possible to model and identify the probabilities of occurrence of all the life events. This would
have required the identification of 2!°-1 probabilities of transition, and therefore the availability of many unrelated
exclusion restrictions to identify these probabilities.



reflect individual ability to affect the occurrence of events (self-selection).” The parameter vector
0, = (p;, i, @i, 07) is distributed according to a joint density function f(®;) that can be factored into
a conditional distribution g(a;, o;, p;|1;) and a marginal distribution h(u;).

We assume that g and h are finite discrete distributions.! We therefore let the marginal
density h be represented by a finite number C of points {4, i, ..., e} with associated mass

probabilities {p4, v, ..., p.}. Hence:
Pr(u; = pe) = De» Zgzl pe=1 “4)

Letting 8; = (a;, g;), the conditional distribution g(8;, p;|i;) is represented by a bivariate discrete
distribution with K, X L. support points {(6y., pic); k =1, ...,K;; 1 =1, ..., L.} and associated mass
probabilities {my;.; k = 1,...,K;; 1 =1, ..., L.}:

Pr(6; = Oxc, pi = Prcliti = the) = Tries 211?:1 ZlLil Tge =1 ®)

The literature often takes a ‘latent class’ interpretation of these distributional assumptions'!,
whereby the heterogeneity of the population results from the mixing of several populations (classes)
that may differ in their short-term (u.) and long-term (p;c) responses to life events, and in the baseline
level and volatility of psychological health (6k.). With individual class membership unobserved, these
population classes are latent. We view this ‘latent class’ interpretation of the model as a convenient
way to discuss the estimation results. Notably however, the latent classes only capture ‘ideal’ types
of psychological response profiles, with all individuals lying somewhere between these ideal classes.
Our ultimate aim is to identify individual profiles of responses to adverse events through a mixture
of these types. Conditional on time-invariant membership in a latent class indexed by {c,k,/}, the
dynamics of psychological health are assumed to be represented correctly by the following model

with non-random and fixed coefficients:

Hi = picHic—1 + B'Xit + toc Sit + Mac Sitr1 + AW; + e + exp(oxe )iy
l;; ~ i.i.dnormal(0,1) (6)

° The assumption of independence between (p;, i;, 0;) and (Hyy, S;, x;) could be relaxed. But this would come at the price
of introducing many interaction terms between the covariates, and therefore losing all the benefits of mixture models.

10" We have chosen discrete distributions for the parameters instead of continuous multivariate distributions to gain in
flexibility, to minimize specification biases — discrete distributions can approximate any continuous distribution - and to
avoid having to use simulated maximum likelihood techniques with high-dimensional integrals.

' For instance, Clark et al. (2005) present their model in terms of latent classes, rather than using the more general term
“finite mixture”. A similar presentation has often been used in the empirical literature on health care use (Deb and Trivedi,
2002) or consumption (Wedel et al., 1993; Etilé, 2006).



Importantly, this finite mixture dynamic model allows individuals with similar short-term
responses to adverse events to have different speeds of adaptation: the correlation between the
distribution of p; and the distribution of y; is not restricted a priori. In addition, the dependence
between heterogeneity in response profiles, and the heterogeneity in levels and unobserved volatility
of psychological health, is left unrestricted. This would not have been the case if we had restricted
the distribution of 6; = (a;, g;) to have only one support point (i.e. we do not impose K.=1 for all
¢).!? As such, we will identify resilience heterogeneity from individual patterns of reactions to the

adverse events specified in Sy, not from the size of unobserved shocks captured by ;.

2.2. Measuring resilience as psychological loss
After estimating the finite mixture dynamic model, we derive individual-specific values of the
parameters that govern individual differences in psychological responses to life events. We then
construct individual measures of resilience, and examine how they correlate with clinical measures
of mental health, as well as pre-determined age, gender, educational attainment, and measures of
cognition and personality.

To formalise resilience, we first define a measure of ‘Total Psychological Loss’ (TPL) for a

set of standardised events S;=s occurring at time 7. A natural choice for the standardised events is the

average in the sample, i.e.s = S;,. For any individual, TPL then equals:

TPLL(S) = _Z;:Ot—l(H.s("S.t =S, ﬁ.t = O;pi' #L) - H.S("S.t = 01 ﬁ.t = 0;pi' /'ll)) (7)

where H (.,S; = s,%; = 0; p;, ;) denotes the psychological health of an individual whose life
trajectory is only changed with respect to the events that happened in period ¢.!* TPL measures inter-
individual differences in the undiscounted lifetime impact of adverse events, holding constant the
probability of experiencing adverse events. Given the linear nature of our model, 7PL is independent

of any other characteristics or history and collapses to a simple formula:

12 This constraint, which is almost always imposed in empirical applications of latent class models, would imply that all
healthy individuals show little reaction to adverse events, while all unhealthy individuals are very reactive (or vice versa).
To relax this constraint, we increase the number of classes, but restrict the slope parameters to be similar across some
classes. We then have subsets of classes with similar slope coefficients, but different intercepts. Also, unrestricting the
potential number of intercept classes gives us more flexibility in modelling the correlated random effect 6;.

13 Appendix B provides additional details regarding the likelihood function, the identification, the inference procedure
and the selection of the optimal number of classes. Eventually we retained a specification with C=3 and L;=L>=Ls=1, and
Ki=K>=K3=9.

14 In this paper we focus on resilience in terms of the reactions to negative life events. The minus sign is set to yield a
scale taking positive values, as the psychological impact of negative life events is negative a priori. The unobserved
shocks are set to 0, because we want to avoid any influence of the variance o;, which captures volatility due to both
positive and negative shocks.



TPLy(s) = — Yokl i‘;t’;f)s (8)

Individual values for 7PL can be obtained by using the estimated model coefficients. To see how it
works, note that for each individual i we can compute the set of posterior probabilities from the model

estimates:

Pict=Pr(p; = pic, i = Ue|Hix, - Hir, Si, X3, Hyg, Wi, B, A)

Ke
= Z Pr(Pi = Pic, Ui = ,LLC,G = BkclHilr ---HiT;Si;xi:HiO:Wi; ﬂ'/l)
k=1

— ZKC PcTkicPr(Hiy,--Hir|SiXiHioWi.Pi=Pichi=kc,0=0kc,B,4) 9)
k=1 Pr(Hiy,...Hir|Sixi,HioWi,B,A)

These membership probabilities then can be used to construct expected individual values for TPL,

conditional on the available information:

TPL;(s) = E(TPL;(s)|H1, ... Hir, Si, %1, Hig, wi, B, 1) = X6y ZlLil PictTPLic(S; pres pe) (10)

where TPL;.(S; pic, Uc)is a measure of TPL for resilience class {c,/}:

(eother)
TPLic(S; Prcs fe) = 5 €= (1)

In a second step, we can estimate the extent to which adulthood fixed characteristics (e.g.

gender, educational attainment, cognition) predict resilience. !’

3. Data

3.1. The Household, Income and Labour Dynamics in Australia (HILDA) Survey

We use data from the HILDA Survey, a nationally representative longitudinal study of Australian
households that began in 2001. Wave 1 began with a sample of 19,914 panel members from 7,682

15 We do not estimate this second step as an integral part of the latent class modeling of the dynamics of psychological
health, because we want to avoid imposing strong priors on the nature of the correlates of resilience. In this second-step
regression, the dependent variable is a complex and non-linear functional form of the first-stage estimates. This introduces
heteroskedasticity in the regressions. We therefore apply a White correction in all of our second-stage regressions (White,
1980). More efficient techniques that are advocated in the context of linear transformations of first-stage estimates cannot
be used here (Hanushek, 1974; Saxonhouse, 1976). Consequently, our second-step results will tend to yield over-
estimated standard errors.



households. In each year since, members of these households have been followed-up, along with new
household members that result from changes in the composition of the original households, and new
households from the Wave 11 top-up sample. Our data are from 2001 to 2017, with each wave
providing detailed information on a wide-range of economic, demographic, social and health
measures.

For our analysis, HILDA has the advantage of including: questions asked in every wave about
whether respondents’ experienced a wide range of major life events in the last twelve months;
respondents are followed over a long enough period of time for us to be able to capture anticipation
and adaptation; a detailed and consistent health survey is conducted in every wave (i.e. the SF-36
questionnaire); we know whether individuals have a diagnosed mental health condition, and whether
they are taking medication; respondents have been tested on their cognitive ability (Wave 12);
personality traits have been collected through the Big-5 Personality Inventory (Waves 5, 9, 13 and
17) and a locus of control questionnaire (Waves 3, 4, 7, 11 and 15). All demographic and
socioeconomic information are collected through face-to-face interviews, while information on life
events, health, and personality, are collected through a confidential self-completion questionnaire.
We are unaware of any other panel survey that contains all of this required information.

We focus on respondents who were aged 25 to 69 in their first survey. Importantly, we exclude
those respondents who are observed for less than eight consecutive periods, which we take to be a
sufficient time period to observe the full adaptation profile of most life events, and the time we find
is required for the within-individual variance in psychological health to stabilise (results available
upon request). Finally, we exclude observations with missing information on the life event variables.
Given that the life event questions were not included in Wave 1 of HILDA, this restriction means that
equation (1) is estimated using information from Waves 2-17. However, Wave 1 psychological health
is used to address the initial conditions problem (as noted in Section 2.2). These combined restrictions
leave us with the main estimation sample of 6,294 individuals and 69,460 individual-period

observations.

3.2. Measuring psychological health

Psychological health is a latent variable that we measure using information from the Short-Form
General Health Survey (SF-36), which is incorporated in many surveys and asks respondents a wide-
range of questions about their health. Let H;; denote the true latent psychological health of individual
i at time ¢, and assume H;, is related to a set of K survey indicator variables I}, ..., IX by a

measurement function M':

(I I) = Hyp = M1y, IE).
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Following international guidelines (Ware, 2000), the measurement function M is a factor analysis
model of the eight health dimensions of the SF-36. These eight dimensions are constructed by a
weighted summation of answers to items on the SF-36 and cover the main domains of health: physical
functioning, physical role functioning, bodily pain, general health perception, vitality, social
functioning, emotional role functioning and mental health. The factor analysis uses only the first
observation of each individual in the full sample of HILDA, and produces a two-component
representation: the first component summarises psychological health (eigenvalue equals 2.394) and
the second component summarises physical health (eigenvalue equals 2.060). Column 1 of Table A1
in Appendix A reports the factor loadings of each of the eight dimensions on the psychological health
component. The second column reports the coefficients of the linear equation used to predict the
psychological health component after orthogonal Varimax factor rotation. These coefficients show
that psychological health primarily reflects four dimensions of the SF-36: mental health, emotional
functioning, social functioning, and vitality. The psychological health component is normalised to
have a mean of 50 and a standard deviation of 10 in the full HILDA sample, yielding the
psychological health observations used to estimate equation (1).'®

Figure 1 shows a histogram of psychological health for the estimation sample. The distribution
has a mean of 51.2 and a standard deviation of 9.48. It is negatively skewed (skewness equals -1.2)
and leptokurtic (kurtosis equals 4.4). While the vast majority of individuals are in good psychological
health, 10% of the observations have scores lower than 38, and 5% of the observations have scores

lower than 32.

3.3. Major life events

A key advantage of the HILDA survey is that in every wave (starting in wave 2) respondents are
asked about the occurrence of major life events (in a section of the confidential self-completion
questionnaire). This section is completed after the SF-36 health questionnaire, so respondents’
recollection of life events should not bias their evaluation of their psychological health. Respondents
are told, “We now would like you to think about major events that have happened in your life over

the past 12 months”, and then are asked to indicate whether each of the listed events happened and

16 Note that simultaneously estimating the measurement model and the finite mixture dynamic model for latent
psychological health is not feasible. Pudney (2008) applies a simulation method for estimating a dynamic model of
subjective wellbeing similar to (1), wherein the measurement model is specified with ordered probit models. This involves
simulating integrals of dimension equal to the number of observation periods plus one, so the data is restricted to six
periods. In our case, the identification of individual heterogeneity in parameters requires that a maximum number of
periods be used. In addition, the estimation and the selection of latent class models rely on an iterative EM algorithm,
with the maximisation of likelihood functions at each step (see Appendix B).
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how long ago.!” The list has been expanded over the waves to 21 life events, but we focus in this
paper on the following ten more commonly experienced adverse events: (1) “major worsening in
financial situation (e.g. went bankrupt)”; (2) “fired or made redundant by an employer”; (3)
“separation from spouse or long-term partner”; (4) “death of spouse or child”; (5) “death of other
close relative / family member (e.g. parent or sibling)”; (6) “death of a close friend”; (7) “serious
personal injury or illness to self”; (8) “serious personal injury or illness to a close relative / family
member”’; (9) “victim of physical violence (e.g. assault)”; and (10) “victim of a property crime (e.g.
theft, housebreaking)”.

Table 1 provides descriptive characteristics for each of these events, with 96.3% of
respondents in the estimation sample reporting at least one of them in the panel window, a median of
four events and 34.1% having six events or more. Moreover, we have a non-trivial number of
occurrences for each of these events, with ‘serious injury/illness to family member’ being the most
common, occurring in 16.4 percent of the year-person observations, or once every 6 years for the
average individual. This is followed in frequency by ‘death of a relative / family member’ and then
‘death of a close friend’, which are reported in around 11 percent of the year-person observations. A
major worsening of finances, being fired or made redundant, being a victim of property crime, and
becoming separated from spouse or partner are all reported by around 2 to 4 percent of cases. As
expected, the least common events are ‘death of spouse/child” and ‘victim of physical violence’, with

less than one percent of the sample reporting such an event.

3.4. Sample characteristics

Table 1 also shows the average of the contemporary covariates used in our analyses. The average age
of the sample is 51; 47 percent of observations are male; and 47 percent are employed full-time, with
around 2 percent being unemployed. Just under one-third (28 percent) have a university degree-level
education, the log of annual household income is 11.08; 78 percent are married or cohabitating; and
the average number of dependent children is 0.60. Additionally, we present descriptive statistics for
the cognitive and non-cognitive (personality) traits, as well as alternative clinical-related indictors of
psychological health, which we use later to inform the resilience measure. Importantly, one-in-ten of
the observations in our sample report a current diagnosis of depression and/or anxiety; around 5
percent are taking prescription medication(s) for these conditions; and just under 6 percent report

having seen a psychiatrist or psychologist in the past year.

17 While respondents are asked about the timing of these adverse events in terms of 3-month periods (0-3 months ago, 4-
6 months ago etc.), we focus only on annual data in this paper as the time profiles we find are clear. See Frijters et al.
(2011) for an application using this data.
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4. Results
4.1. Resilience: Psychological response to major adverse events
Our main results are presented in Table 2. Column 1 shows the estimates from a dynamic random
effects (DRE) model that controls for initial conditions but only provides information about the
average response to events, because there is no heterogeneity in coefficients (see Equation 1 with the
same parameters for all individuals). The results from this initial model are informative and appear
reasonably intuitive. First, the coefficient on lagged psychological health (0.219) tells us that, for the
sample as a whole, there is a fairly low level of persistence over time. Second, all of these major
adverse events are associated with a significant immediate decline in psychological health. As
expected, the effects are large for death of a spouse or child (-2.678), separation from spouse or
partner (-2.150), injury or illness to self (-2.412), and being a victim of violent crime (-1.995).
Interestingly, the second largest immediate decline in psychological health, after the death of a spouse
or child, arises from a major worsening of financial situation, such as a bankruptcy (-2.780). In
contrast, there is only a relatively small immediate response from having been fired or made
redundant (-0.331). The model also reveals that many of these adverse events are anticipated before
their actual occurrence. The largest anticipation effects occur for separation from spouse or partner (-
1.417) and death of spouse or child (-1.229). The economic events major financial worsening (-0.749)
and being fired or made redundant (-0.509) are also anticipated. In contrast, the only events for which
we find no significant evidence of anticipation effects are death of a close relative, or death of a close
friend.

Results from our preferred specification (Equation 2) are shown in Columns 2-4 in Table 2.'3
This model captures heterogeneity in psychological response by identifying three distinct slope
‘classes’ of individuals, each describing about one-third of our sample (the split is 37.5%, 28.7% and
33.6%). It is clear from the estimates that this model allows for greater insight into how individuals
differ in their responses to commonly experienced adverse events. The event variables were all
significant in the DRE linear model, but these estimates reflect average effects and hide considerable
heterogeneity in the population. In particular, it is clear that the coefficients on the event variables are
much larger for Class 3 than for Class 2, and to a lesser extent (but not in all cases) are higher for
Class 2 than for Class 1. For instance, the immediate effect of a separation from spouse or partner
equals -4.766 for Class 3, -0.311 for Class 2, and —0.288 for Class 1. We also find large differences
in the speed of adaptation between the three classes. The effect of previous psychological health is

markedly higher for Class 2 (0.465) than for Classes 1 (0.115) and 3 (0.136). These estimates imply

18 The control variable coefficients from our finite mixture model are shown in Appendix Table A2. However, they are
difficult to interpret because they are related to the probability of belonging to each of the three classes and the initial
conditions variables.
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that adaptation is nearly complete within one year for Class 1 and 3, with events having a half-life of
around one year. The return to a baseline level of psychological health takes considerably longer for
Class 2, with the reduction in psychological health after one and two years equalling 46.5% and 21.6%
of the immediate drop, respectively. Notably, the small coefficients on the lag of psychological health
for two out of the three classes relative to the DRE linear model estimate of 0.225, suggests that we
have adequately controlled for individual heterogeneity in this model. Important unobserved
heterogeneity would be reflected by large coefficients on the lagged psychological health variable.

The relative sizes of the estimated adverse event coefficients are in line with expectations. For
Class 3, the death of a spouse or child is the worst event that we measure, with an immediate
substantive drop (-9.687) in psychological health. Furthermore, experiencing a major financial
worsening, separation from a spouse or partner, and own serious illness or injury, are all estimated to
reduce psychological health by about a half-standard deviation in the short term (-4.910, -4.766, -
5.161). For Class 3 the coefficients on the lead event variables (S;+;) are largest for events that
conceivably could be anticipated: the effect is significant for separation from spouse or partner (-
2.288), death of spouse or child (-1.574), and injury or illness to self (-1.032).

In contrast to these results, the estimates for Classes 1 and 2 are generally smaller and more
often statistically insignificant. Importantly though, these two Classes of individuals do react
differently to life events. For Class 1, a major financial worsening (-0.528), death of a spouse or child
(-0.552), death of a close relative (-0.149), injury or illness to self (-0.254) and being a victim of
property crime (-0.428), are linked to a significant decline in psychological health. In fact, it is only
for this class where we see a negative effect of property crime. Similarly, only for Class 1 do we see
a small positive increase in response to being fired or made redundant (0.377), in complete contrast
to the decline experienced (-1.119) by those in Class 3. Interestingly, for Class 1 we see a drop in
psychological health in anticipation (-0.756) from a death of a spouse or child, but this effect is
smaller (-0.552) on impact. In contrast, individuals in Class 2 experience a larger reaction to a major
financing worsening (-0.942), death of spouse or child (-1.282), death of a close friend (-0.449), own
injury to illness (-1.167), injury or illness of a relative (-0.496), and being a victim of physical
violence (-1.411) than those in Class 1. It is only for being a victim of property crime that the
psychological loss is larger at impact for individuals in Class 1 (-0.428) than Class 2 (0.265, not

significant). Class 2 also experience larger anticipation effects for own injury or illness than Class 1.
19

1 We note that lagged effects in our model work through lagged psychological health. We have explored whether this is
overly restrictive by estimating a model that includes lag variables of all events, in addition to lagged psychological health
(see Appendix D). The estimates of Total Psychological Loss (TPL) by event using this approach are not significantly
different from those derived using our main approach.
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In the second half of Table 2 we present the estimation results for the intercept a;. and error
variance parameters gy, that are specific to each of the 27 latent classes {c,k}. These parameters
account for individual heterogeneity in the baseline level of psychological health from unobserved
fixed factors, as well as for unobserved shocks that may vary in size and impact across individuals.
These estimates and the estimated autoregressive parameter p;. fully characterise the unobserved
heterogeneity in the process governing the dynamics of psychological health. Intuitively, the
dynamics will depend on the importance of state-dependence on the one hand and on the frequency

and impact of observed and unobserved shocks on the other hand.

We interpret these results by comparing the three slope classes indexed by ¢ with a focus on
the intercept-variance classes {kc} that weigh more than 1% in the finite mixture distribution
(probability weight 7x>1%). Class 1 (c=1, first column) generally has higher values for the intercept
parameters, and the estimated variance parameters are much lower than the raw variance of
psychological health, which is normalised to equal 10. Since Class 1 individuals also have a low
estimated autoregressive parameter, which represents dynamics of psychological health that are
characterised by little state dependence and small fluctuations around high baseline levels. In contrast,
Class 2 (c=2) has the lowest estimated intercept parameters, and its variance parameters vary from
1.85 for ¢=2 and k=8 to 8.80 for c=2, k=2. The autoregressive parameter p is close to 0.5, so Class 2
captures the dynamics of psychological health that display large state-dependence and potentially
large fluctuations from unobserved shocks. Class 3 (c=3) has higher intercept estimates than slope
class 2, and larger estimates of the variance parameters (13.10 for ¢=3 and i=8; 7.86 for ¢=3 and
k=9).2° The estimated autoregressive parameter is low, implying that slope Class 3 represents a type
of dynamics with little state-dependence and large fluctuations produced by unobserved shocks.
Although the three slope classes eventually characterise different types of dynamics, there is still
important heterogeneity within each slope class, as seen in the estimated intercept and variance
parameters. This demonstrates the importance of separately modelling the heterogeneity in state
dependence and the heterogeneity in unobserved shocks. In particular, two individuals may be similar
in their ability to cope well with adverse events (little state-dependence), but they may still differ with

regards to the impact of observed or unobserved events that they experience.

4.2. Graphical illustrations of response heterogeneity

20 A convenient way of comparing the three classes is to predict the intercept and variance values of individuals in each
‘slope class’. The average variance is 3.73 in Class 1, 4.85 in Class 2 and 6.66 in Class 3, while the average intercept is
31.44 in Class 1, 8.74 in Class 2, and 27.11 in Class 3.
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Figure 2 illustrates the fit of the model and displays the extent of response heterogeneity by
summarising the coefficients on the different intercepts and variances shown in Table 2. The left-side
graph shows in grey the densities of psychological health for all of the different combinations of
classes, intercepts, and variances, representing all of the possible shapes of the psychological health
distribution that we allow via the finite mixture distributions. The bold curve represents the aggregate,
empirical distribution of psychological health. In the second graph in Figure 2, we weight these
different densities by the estimated relative probability weights of each combination, showing that
extreme distributions with density near the tails have low weights, and therefore are less important in
making up the whole population.

To illustrate how the coefficients on the lagged psychological health variable and the adverse
life events collectively determine the psychological responses to different events, Figure 3 shows the
response profiles for each of the Classes for a ‘standardised event’ (SE) - this is calculated as the
occurrence-weighted average of all ten events (see equations (9) and (13) in Section 2.4). These
profiles suggest that despite Class 3 adapting much faster than Class 2, the cumulative total drop in
psychological health is greater for Class 3 because of its relatively large immediate negative response.
The profiles also show that Class 2 has the second largest cumulative drop in psychological health,
driven not by large immediate responses but rather by slower adaptation. The magnitudes of these
psychological responses are moderate — the immediate response for Class 3 is around 10 percent of a
standard deviation of psychological health.

Figure 4 provides psychological response profiles by Class separately for each event. These
graphs show that the psychological loss for Class 3 is large for a major financial worsening,
separation, death of spouse or child, own illness, and being a victim of violence. For all classes, the
psychological loss is small and short-lived for being fired, death of close friend, death of a relative,
serious illness of a relative, and being a victim of property crime. This latter set of results suggests
that our model is not failing to capture important confounders that would have driven large
psychological effects for all event types.

Figure 5 further demonstrates the extent of heterogeneity in the total psychological loss (TPL)
associated with a standardised event (SE); see equation (13) in Section 2. Approximately 10 percent
of the sample is estimated to experience a loss totalled across all periods of only around 0.05 units of
standardised psychological health (corresponding to 5 percent of a standard deviation).
Approximately 6 percent of the sample is estimated to experience a loss of around 0.25 units (25
percent of a standard deviation). The dynamic finite mixture model thus predicts substantive
differences between the most resilient and least resilient individuals in our sample. Figure 6 further

presents the total psychological loss associated with each event separately, similarly demonstrating
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the significant level of heterogeneity across individuals, but also highlighting considerable variation

across the different types of adverse events.

4.3. Resilience versus the severity of major life events

While the HILDA survey asks respondents about major life events they experienced in the last 12
months it does not directly ask about the severity of those events. In any case, using such ex-post
assessments would be problematic, because they could themselves be a function of an individual’s
resilience. To address this issue, we provide evidence in support of our resilience interpretation for
the two economic events: major financial worsening, and fired or made redundant.

In terms of a major financial worsening we examine the size of the change in household
income associated with this event, separately by whether the individual is above or below the median
of our resilience measure (TPL). To do this we estimate fixed effects regressions of the log of
household income on whether they experienced a major financial worsening, together with year fixed-
effects and a polynomial of age. Importantly, we find an almost identical estimated decrease in
income for high and low resilience groups: for the high resilience group, a major financial worsening
is associated with a -0.096 (z-stat = -4.52) decline in log household income, and for the low resilience
group the estimate is -0.097 (t-stat = -7.11). This suggests that the least resilient did not experience a
more severe financial event than the resilient.

For being fired or made redundant, we use the individuals reported pre-event expectation that
they will lose their job in the next 12 months (given as a percentage chance). If resilient people are
able to avoid future events, rather than being better able to cope with events (our baseline
interpretation), then we should find that resilient people are less likely to believe they will lose their
job. In contrast, we find that resilience (TPL) is not a significant predictor of higher job loss
expectations: a one-standard deviation increase in TPL is estimated to decrease the expected chance
of losing your job by only 0.24% (¢-stat = -0.17). So, on this measure, shock intensity is the same
between the least and most resilient.

To further examine our interpretation that resilience measures quick bounce-back from
negative shocks, rather than shock attributes, we look at whether the resilient are more confident that
they will bounce back when it comes to jobs. We regress the percentage chance an individual thinks
that they will find and accept a job at least as good in terms of wages and benefits as their current job
(in the next 12 months). This is found to be significantly related to our resilience measure (coefficient
= -7.181; t-stat = -2.10). So, those with high resilience are no more likely to expect to lose their job
in the next 12 months, but are more likely to think that they can get a better job. The latter result is

consistent with being resilient.
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4.4. Relationship between psychological resilience and clinical measures of mental health

Table 3 shows the relationship between TPL following a SE and three clinically-related measures of
mental health available in the HILDA data. Here we have split the distribution of TPL into terciles,
with Tercile 1 being the most resilient individuals, and Tercile 3 being the least resilient. The
differences are substantive with individuals in Tercile 3 having around a 5 times higher likelihood of
currently being diagnosed with depression and/or anxiety, currently taking prescription medication
for depression and/or anxiety, and having seen a psychiatrist or psychologist in the past year,
respectively, than the most resilient (Tercile 1). Notably, these very strong correlations remain after

controlling for demographic characteristics, such as age, gender and educational attainment.

4.5. The predictive validity of the resilience measure

We examine the predictive validity of our resilience (TPL) measure by testing if it predicts the
psychological responses of out-of-sample life events. In particular, we use waves 13-17 as our hold-
out sample, and re-estimate individual resilience with the measurement model described in Section 2
using only waves 1-12. Importantly, we find that our measure of resilience based on using the waves
1-12 explains 94% of the variation in predicted TPL using the waves 1-17 sample.?!

We estimate a number of individual-level fixed-effects regression models using resilience
measured from waves 1-12, applied to life events and variation in psychological health in the wave
13-17 hold-out sample. We also test whether our resilience measure is protective in terms of more
clinical mental health outcomes. In addition to the life event and resilience interaction terms, we
include a set of time-varying covariates and year fixed-effects.

We find that for those experiencing a major life event in the past 12 months (waves 13-17),
having a one-standard deviation higher resilience (TPL) significantly reduces (protects or insures
against) the impact on psychological health by 0.274 units (se=0.093).?? Similarly, it reduces: (i) the
probability of currently being diagnosed with depression and/or anxiety by 3 percentage points
(0.030, se=0.003); (ii) the probability of currently taking prescription medication for depression
and/or anxiety by 2.1 percentage points (0.021, se=0.002); and (iii) the probability of having seen a
psychiatrist or psychologist in the past year by 1.8 percentage points (0.018, se=0.002). Overall, these

results provide additional support for the usefulness of our resilience measure.

21 Table A3 shows that the class membership probabilities estimated using the waves 1-12 are very correlated with those
obtained from the waves 1-17 sample.

22 If we use estimated membership probability of the most resilience class (Class 1) rather than TPL, we also find a
significant protective effect: coefficient on the interaction equals 0.982 (se=0.306). Corresponding estimates for the three
clinical measures are 0.082 (se=0.009), 0.068 (se=0.007) and 0.060 (se=0.007), respectively, i.e. minus 8.2, 6.8 and 6.0
percentage points. The full set of results are presented in Appendix Tables A4 and AS.
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4.6. Resilience, gender, age, education, cognitive ability, Big-5 personality and locus of control
Finally, in Table 4 we show how strongly our measure of resilience is related to gender, age,
educational attainment, cognitive ability, Big-5 personality traits and locus of control (see Appendix
C for details of these covariates).?> Again, our measure of resilience is a person’s TPL, which we
have standardised to have mean zero and standard deviation one, with a higher value therefore
meaning less resilient. We estimate an OLS regression, as well as quantile regressions to explore the
strength of the associations at different points of the resilience distribution.

We find that males are more resilient (-0.240 of a standard deviation), thus having a
significantly lower TPL than females following adverse life events, and this gender difference is
found across the whole TPL distribution. Neither the OLS or quantile regressions show any evidence
of significant age differences in TPL, and importantly there is little evidence that educational
attainment is linked with resilience. If anything, the results suggest that a university degree is
associated with lower resilience (higher TPL) at the very bottom (10%) of the distribution. Studies in
the psychology literature have identified high intelligence as being predictive of resilience in the face
of adversity (e.g. Martinez-Torteya et al., 2009). Consistent with this literature, we find that cognitive
ability is positively and significantly associated with our measure of resilience (-0.064), and, as with
gender, this strong association is found across the TPL distribution (with perhaps the exception of the
90% quantile). We find that four of the Big-5 personality traits are significantly related to TPL in
intuitive directions, with agreeableness being the exception. In particular, we find that emotional
stability is most strongly related to TPL, with a one standard deviation increase associated with a -
0.126 standard deviation lower TPL following major life events, and this relationship is strongly
found across all but the highest resilience level (90" decile). In contrast, openness is positively related
to TPL, with the relationship being strongest above the median in the distribution.

A number of recent economic studies have found that having an external LOC (or low self-
efficacy) is associated with lower human capital and poorer economic outcomes (see, for example,
Cebi, 2007; Caliendo et al., 2015; McGee, 2015; Cobb-Clark et al., 2016; Schurer, 2017; Lekfuangfu
et al., 2018; Cobb-Clark et al., 2020).2* With regards to psychological resilience, Buddelmeyer and

23 In a similar exercise Becker et al. (2012) examine the strength of the relationship between economic preferences (time
and risk) and personality (Big-5) and find only low correlations, suggesting that they are complements and cannot be used
as substitutes.

24 A number of papers have used German panel data (GSOEP) to establish the links between LOC and economic and
health outcomes. For example, Caliendo et al. (2015) find evidence that individuals with an internal LOC undertake more
job search. Schurer (2017) finds that high internal LOC predicts men's ability to remain in the labour force following a
health shock. Caliendo et al. (2020) find that higher internal LOC results in increased take-up of general training. Using
Australian panel data (HILDA) Cobb-Clark et al. (2014) find that individuals with an internal LOC are more likely to eat
well and exercise regularly, and Cobb-Clark et al. (2016) show that households with an internal LOC tend to save more.
Other papers have looked at the stability of LOC in adulthood (Cobb-Clark and Schurer, 2012), and how LOC evolves in
early life (Elkins and Schurer, 2020).
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Powdthavee (2016) find that having an internal LOC has a significant protective effect on mental
health for males (but not females) after experiencing bereavement, a major worsening of finances,
and serious personal injury or illness.

Given this literature on LOC it is interesting to establish how strongly our ‘revealed’ measure
of resilience is associated with the ‘stated’ LOC measure.>> We find that an external locus of control
is strongly and significantly related to having higher psychological loss (TPL) following adverse
events, and this is evident across the entire TPL distribution. In fact, locus of control has the strongest
relationship with our resilience measure, with a one standard deviation increase in external locus of

control being roughly equal in magnitude to the estimated gender gap in resilience.

5. Conclusion

A key focus of many Governments is to strengthen the resilience of their people, communities and
businesses in the face of adverse events. In this paper we have provided new evidence on the
distribution of psychological resilience using 17 waves of panel data, examining how individuals
respond to ten major life events, spanning a major worsening of finances, the death of a spouse, and
being a victim of violent crime. We answer the call by leading economists and psychologists to
provide such evidence (Clark, 2016; Kalisch et al., 2017), and the COVID-19 crisis that has further
raised the importance of increasing resilience (Habersaat et al., 2020).

Although there is some debate in psychology about whether resilience is a fixed trait or a
dynamic process, to gain tractability we have assumed the former. The fixed trait will be partly genetic
(e.g. Amstadter et al., 2014), and partly the result of early life investments leading to skills that are
stable in adulthood (Cunha and Heckman, 2009; Schurer, 2017). The findings of Cobb-Clark and
Schurer (2012, 2013) indicate there is a high level of stability in personality traits and locus of control
for adults aged 25 to 60 years. In particular, they find that, “Intra-individual changes are generally
unrelated to adverse life events and are not economically meaningful.”

We have applied a dynamic finite mixture methodology to measure resilience that we believe
tackles many of the empirical challenges, and enables us to establish the extent of heterogeneity in
the population, using the best available panel data to do so. The model allows for individual
heterogeneity in anticipation, contemporaneous responses, and adaptation profiles, to ten major

adverse life events. Thus, our measure of resilience is ‘revealed’ by the actual psychological

25 An example of questions asked in HILDA used to form a locus of control measure are: on a 0-7 scale reflecting the
strength to which indviduals agree with the statements, "I have little control over the things that happen to me", "There is
really no way I can solve some of problems I have", "There is little I can do to change many of the important things in
my life", "I often feel helpless in dealing with the problems of life", "Sometimes I feel that I'm being pushed around in
life", "What happens to me in the future mostly does not depend on me", and "I cannot do just about anything I really set
my mind to do" (Cobb-Clark et al., 2014).
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responses of individuals in contrast to ‘stated” measures of resilience, where an individual is asked
questions about how well they respond to life’s difficulties (and an index is created). Importantly, we
control for the initial conditions problem, and selection on fixed unobservable characteristics, because
individuals do not randomly experience life events. We find that around 34% of individuals
experience the largest psychological losses from major life events (i.e. the least resilient), with
generally substantial differences between the most and least resilient individuals in both the
immediate response to events and in the speed of adaptation. This is especially the case for death of
a spouse and a major worsening of financial situation, which are the ‘worst’ events in terms of total
psychological loss. We also find that males have a lower psychological response to adverse life
events, and that cognitive ability may be a protective factor for psychological loss; which is evident
across the whole of the resilience distribition. In contrast, we find no evidence that resilience changes
with age.

We find support for our measure of resilience in the strength of its relationship with diagnosed
mental health conditions. In particular, the least resilient are seven times more likely to be currently
diagnosed with depression or anxiety than those estimated to be the most resilient. We also find that
our measure strongly predicts the psychological response to an out-of-sample major economic event.
Further, we show that our resilience measure captures a different construct to locus of control, and
the Big-5 personality traits, but that it is correlated with these traits in plausible directions.
Importantly, we find that locus of control is strongly correlated with our measure across the whole of
the resilience distribution. This result provides support for investing in non-cognitive skills that
reduce the psychological damage-function from major adverse life events.

Empirically modelling resilience based on responses to life events (revealed resilience),
compared to directly asking individuals how resilient they believe that they are (stated-resilience), is
complex with detailed longitudinal data required, and while we have had to make modelling
assumptions, we believe that our approach advances the literature. Although all captured in our
flexible resilience profiles, a limitation of our study is that we are not able to distinguish between
resilience that arises from a dampened response to life events, compared to resilience due to behaviour
that actively finds ways to tackle adversity. However, we have shown that our resilience measure is
strongly correlated with locus of control.

We have also been able to provide some evidence that our resilience measure is not capturing
differences in the severity of life events. The observed income decrease associated with a negative
financial event did not differ between those with high and low levels of resilience. We also found that
those with high and low resilience had similar expectations of job loss, prior to losing their job. We
also found evidence that highly resilient people thought it more likely that they would be able to find

an equivalently good job if they lost their current one, which is what we would expect if resilience
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picks up the ability to bounce back from negative events, rather than the severity of those events
themselves.

Finally, the large number of identifying major life events and the general robustness of the
resilience measure makes it unlikely that our results depend on functional form or the omission of
any other life events. Plus, the fact that we are not finding large impacts for many of the life events,
including being fired, death or illness of a relative, death of a friend, and being a victim of property
crime, suggests that we are not failing to account for important confounders. Future research might
additionally look for heterogeneity in the very tails of the resilience distribution, because public costs

in crime and health, for example, are often related to behavioural extremes.
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Figure 1: Empirical Distribution of Psychological Health
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Notes: Black thick line: empirical distribution of psychological health (non-parametric fit); grey lines:
unconditional class-specific distributions of psychological health simulated with the finite mixture
dynamic model, weighted by the probabilities mke in the right panel, and unweighted in the left panel.
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Figure 3: Heterogeneity in the Psychological Response Profiles to a Standardised Event (SE)

O. \
~ f - g
S o~ b =
~ -~ ’,
\ - -
\ ~ gz e ’
\ - —_ - /
\ -~ ’
2\ /7
= “‘ ."
1 \ '
\ /
\ ’
\ ’
\ /
\ /
\ ’
\ ’
\ /
- NS
' \v'
Class 1
= = (Class 2
====Class 3
(\! 1 1 [ 1 1 L [ [ 1 1 1 1 1 [ []
]
-1 0 1 2
Year

Notes: Y-axis represents the variation in psychological health in standard deviation units. X-axis
represents time in years.
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Figure 4: Heterogeneity in the Psychological Response Profiles by Major Life Event
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Figure 5: Heterogeneity in the Total Pyschological Loss (TPL) to a Standardised Event (SE)
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below by values corresponding to the most and the less resilient class.
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Figure 6: Heterogeneity in the Total Pyschological Loss by Major Life Event
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Table 1: Descriptive Statistics for Adulthood Variables

Mean Std. Dev. Min Max

Life Events

Major worsening in financial situation 0.027 0.162 0 1
Fired or made redundant by an employer 0.026 0.160 0 1
Separated from spouse or long-term partner 0.023 0.151 0 1
Death of spouse or child 0.006 0.078 0 1
Death of other close relative / family member 0.112 0316 0 1
Death of a close friend 0.110 0.313 0 1
Serious injury or illness to self 0.082 0.274 0 1
Serious injury or illness to a close relative 0.164 0.370 0 1
Victim of physical violence 0.008 0.091 0 1
Victim of a property crime 0.036 0.185 0 1
Contemporary characteristics

Age 51.18 12.17 26 84
Male 0.469 0.499 0 1
Employed full-time 0.467 0.499 0 1
Employed part-time 0.211 0.408 0 1
Unemployed 0.017 0.131 0 1
Out of the labour force 0.304 0.460 0 1
Highest qualification: University degree 0.281 0.450 0 1
Highest qualification: Vocational diploma 0.330 0.470 0 1
Highest qualification: High school graduate 0.102 0.303 0 1
Highest qualification: High school dropout 0.287 0.452 0 1
Log household income 11.08 0.696 7.183 14.65
Married or cohabiting 0.777 0.416 0 1
Divorced or separated 0.079 0.270 0 1
Single and never married 0.144 0.351 0 1
Number of children 0.599 0.991 0 8
Cognitive ability and personality traits

Cognitive test score (std) 0.031 0.915 -3.508  3.188
External locus of control (std) -0.014 0.951 -1.423  3.870
Extraversion (std) -0.043 1.007 -3.178 2381
Agreeableness (std) 0.032 0.937 -4.661 1.711
Conscientiousness (std) 0.113 0.971 -3.965 1.860
Emotional stability (std) 0.040 0.975 -3.696  1.662
Openness (std) 0.028 0.960 -2.984  2.598
Clinical measures of psychological health

Current diagnosed depression / anxiety 0.108 0.310 0 1
Take depression/anxiety prescription meds 0.053 0.224 0 1
Seen psychiatrist/psychologist in past year 0.058 0.234 0 1

Notes: Sample size equals: 6,294 individuals (69,460 individual-waves) for life events, contemporary
characteristics, and cognitive ability and personality traits; and 5,721 individuals for clinical measure of
psychological health. The cognitive ability and personality trait measures have been standardised to have a
mean of zero and a standard deviation of one in the full HILDA sample.
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Table 2: Dynamic Random Effects and Finite Mixture Dynamic Models of Psychological Health

Dynamic RE Finite Mixture Dynamic Model
model
Finite Mixture Parameters
c=1 c=2 c=3
Lagged Psychological Health Parameter (p;)
Psychological health in #-1 0.219%** 0.115%** 0.465%** 0.136%**
(0.004) (0.007) (0.009) (0.008)
Immediate (y;) and Anticipation (p;) Parameters
Major financial worsening t -2.780%** -0.528%*%* -0.942%** -4.910%**
(0.150) (0.211) (0.295) (0.269)
t+1 -0.749%** -0.288 -0.498* -0.674%*
(0.152) (0.181) (0.303) (0.285)
Fired or made redundant t -0.331%%* 0.377* -0.004 -1.119%**
(0.150) (0.193) (0.244) (0.278)
t+1 -0.509%** -0.315% -0.219 -0.362
(0.150) (0.180) (0.241) (0.320)
Separation from spouse t -2.150%** -0.288 -0.311 -4.766%**
(0.167) (0.193) (0.3006) (0.275)
t+1 -1.417%** 0.094 -0.860%** -2.288***
(0.162) (0.194) (0.282) (0.314)
Death of spouse or child t -2.678%** -0.552%* -1.282%%* -9.687#**
(0.296) (0.317) (0.499) (0.413)
t+1 -1.229%*%* -0.756%** 0.222 -1.574%**
(0.296) (0.261) (0.496) (0.474)
Death of close relative t -0.39]#** -0.149%%* -0.192 -0.411%*
(0.073) (0.075) (0.125) (0.165)
t+1 -0.029 -0.097 0.122 0.053
(0.073) (0.077) (0.132) (0.168)
Death of close friend t -0.173%** 0.086 -0.449%** -0.210
(0.078) (0.076) (0.132) (0.166)
t+1 -0.093 -0.057 -0.202 -0.098
(0.077) (0.077) (0.132) (0.176)
Injury or illness to self t -2.412%%* -0.254 %% -1.167%%* -5.161%%*
(0.088) (0.094) (0.158) (0.161)
t+1 -0.851%** -0.110 -0.842%** -1.032%*%*
(0.087) (0.094) (0.159) (0.175)
Injury or illness to relative t -0.704%** -0.179%** -0.496%** -1.051%**
(0.066) (0.065) (0.112) (0.139)
t+1 -0.210%** -0.125% -0.103 -0.138
(0.066) (0.069) (0.117) (0.152)
Victim of physical violence t -1.995%** -0.319 -1 41 1% -2.630%**
(0.266) (0.299) (0.482) (0.512)
t+1 -1.305%** -0.326 -0.603 -1.095*
(0.272) (0.297) (0.518) (0.611)
Victim of property crime t -0.294%%* -0.428%** 0.265 -0.069
(0.1206) (0.124) (0.229) (0.291)
t+1 -0.275%* -0.234%* -0.490** -0.161
(0.131) (0.127) (0.221) (0.282)
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Intercept (8;) and Error Variance
(o;) Parameters

k=1, probability weight pic - 5.5% 0.6% 2.2%
Intercept 32.181%** 1.182 27.593%**
(0.748) (1.053) (0.826)
Variance 2.127%%* 7.425%%* 3.572%**
(0.058) (0.622) (0.172)
k=2, probability weight pac - 9.2% 3.4% 7.3%
Intercept 30.648*** 6.239%%* 30.038%**
(0.741) (0.911) (0.811)
Variance 3.413%** 8.800%** 5.152%%%*
(0.063) (0.330) (0.121)
k=3, probability weight psc - 1.5% 1.7% 6.8%
Intercept 33.233%x* 9.942%** 24.337%%%*
(0.754) (0.786) (0.814)
Variance 1.193%** 2.499%** 6.721%**
(0.043) (0.144) (0.202)
k=4, probability weight psc - 4.8% 1.0% 7.6%
Intercept 33.171%** 3.901%** 26.928***
(0.749) (0.780) (0.815)
Variance 3.094%** 4.858%** 9.452%**
(0.097) (0.292) (0.170)
k=5, probability weight psc - 3.2% 7.6% 0.9%
Intercept 34.343%x* 10.132%** 35.335%**
(0.754) (0.768) (0.910)
Variance 1.952%** 3.986%** 9.334%**
(0.057) (0.141) (0.333)
k=6, probability weight psc - 0.4% 0.9% 2.1%
Intercept 39.789%** 7.141%%* 34.108***
(0.758) (0.798) (0.816)
Variance 3.220%** 3.383%%x* 3.882%**
(0.105) (0.279) (0.133)
k=7, probability weight psc 7.8% 9.8% 2.6%
Intercept 27.659%** 8.173%%* 30.928***
(0.748) (0.748) (0.827)
Variance 6.011%** 5.657#%* 2.672%**
(0.132) (0.148) (0.104)
k=8, probability weight psc 1.4% 13.0% 1.0%
Intercept 36.350%** 12.962%** 16.864***
(0.762) (0.807) (0.917)
Variance 2.592%** 1.847%** 13.100%**
(0.079) (0.100) (0.435)
k=9, probability weight psc 3.8% 2.4% 3.1%
Intercept 32.092%** 11.454%** 19.334%**
(0.762) (0.789) (0.854)
Variance 5.911%#%* 1.927%** 7.860%**
(0.164) (0.072) (0.239)

Notes: Column 1 reports results from a dynamic random effects model, where coefficients on lagged
psychological health and life events are homogenous. Columns 2-4 report the estimated coefficients of the
finite mixture dynamic model for classes 1 to 3 respectively. The upper panel of Table 2 reports the
coefficients on lagged psychological health, and contemporaneous and future life events. The lower panel
of Table 2 displays the finite mixture paramaters for intercept and variance heterogeneity. In both models,
we include as additional control variables with homogenous effects (see Table A2): logarithm of household
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income, age, age squared, male, labour market status (full-time employment, part-time employment,
unemployment, inactive (reference)), degree (university, vocationnal diploma, high-school, less than grade
12 (reference)), marital status (partnered, divorced or separated, single (reference)), number of children at
home, year dummies. In both models, we also control for initial conditions by including the initial level of
psychological health, as well as the individual average of all time-varying variables. Standard errors in
parentheses. *, ** and *** denote statistical significance at the 0.10, 0.05 and 0.01 levels, respectively.
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Table 3: Descriptive Statistics of Selected Adulthood Characteristics by Terciles of Total
Psychological Loss (TPL) to a Standardised Event (SE)

Terciles
1st 2nd 3rd
Clinical psychological health
Current diagnosed depression / anxiety 4.6% 13.9% 24.2%
Take depression/anxiety prescription meds 2.6% 8.1% 14.8%
Seen psychiatrist/psychologist in past year 2.2% 5.8% 10.5%

Notes: Terciles of total psychological loss from a standardised event defined using the estimated 33"
and 66™ centiles. Sample size equals 5,721 individuals for clinical outcomes.

Table 4: OLS and Quantile Regressions of Total Psychological Loss (TPL) Percentile on
Demographic, Cognition, Big-5 Personality and Locus of Control

Quantiles
OLS 10th 25th 50th 75th 90th
Male -0.240%%* | -0.214%***  -0.257*F**  -0.226%**  -0.287**F*  -0.168***
(0.026) (0.024) (0.036) (0.030) (0.043) (0.035)
Age -0.004 -0.011* -0.017 -0.009 -0.006 0.013
(0.008) (0.007) (0.011) (0.009) (0.013) (0.012)
Age squared -0.002 0.007 0.012 0.005 -0.001 -0.021
(0.009) (0.007) (0.011) (0.010) (0.014) (0.014)
University degree 0.005 0.073%* 0.054 -0.023 -0.023 -0.053
(0.036) (0.032) (0.047) (0.043) (0.061) (0.039)
Other post-school qualification 0.010 -0.006 -0.008 0.002 0.067 0.022
(0.032) (0.030) (0.046) (0.036) (0.050) (0.041)
High school graduate -0.050 -0.057* -0.052 -0.069 -0.051 -0.056
(0.043) (0.032) (0.060) (0.047) (0.072) (0.041)
Cognitive test score -0.064%** | -0.065%** -0.085%** -0.072*** -0.066***  -0.028*
(0.014) (0.015) (0.020) (0.016) (0.024) (0.015)
Extraversion -0.053%*#* | 0.083*** -0.084*** -0.055%**  -0.040* 0.004
(0.013) (0.013) (0.017) (0.015) (0.021) (0.011)
Agreeableness 0.006 -0.010 -0.016 0.010 0.039* 0.035*
(0.014) (0.014) (0.020) (0.015) (0.023) (0.018)
Conscientiousness -0.034** | -0.024**  -0.050*** -0.042%**  -0.046** -0.011
(0.013) (0.011) (0.018) (0.015) (0.022) (0.013)
Emotional stability -0.126%** | -0.136***  -0.190*** -0.149*** -0.096***  -0.026*
(0.014) (0.018) (0.019) (0.015) (0.022) (0.014)
Openness 0.056%** -0.013 0.008 0.060%**  0.140%**  0.070***
(0.014) (0.011) (0.019) (0.016) (0.023) (0.016)
(External) locus of control index | 0.205*** | 0.170***  (0.263***  (0.221***  (.2]12%**  (.107***
(0.014) (0.019) (0.019) (0.015) (0.022) (0.013)
Sample size 6294 6294 6294 6294 6294 6294

Notes: Estimates from an OLS and a Quantile Regression on Total Psychological Loss (TPL), which for ease of
interpretation has been standardised (mean zero, std deviation one). All indices used as regressors have also been
standardized (0,1). Standard errors in parentheses. *, ** and *** denote statistical significance at the 0.10, 0.05 and 0.01

levels, respectively.
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Appendix A: Additional Results

Table Al: Measurement of the Psychological (Mental) Health Component of the SF-36

Domain-specific scales of the SF-36 Factor loadings Scoring coefficients
Physical functioning 0.177 -0.084
Physical role functioning 0.282 -0.104
Bodily pain 0.327 -0.067
General health perceptions 0.499 0.062
Vitality 0.710 0.280
Social functioning 0.662 0.227
Emotional role functioning 0.579 0.152
Mental health 0.807 0.435
Correlation of the MHC with life satisfaction 0.489%**

Observations 29,303 individuals observed at inclusion

Notes: Results shown from a factor analysis of the eight domain-specific scales of the SF-36, with a two-factor solution
obtained after varimax rotation (mental health and physiological health). The factor loadings are the estimated coefficients
of a ‘regression’ of the domain-specific scale on the two factors. The scoring coefficients are the estimated coefficients
of a regression of the unstandardized mental health score on the eight domain-specific scales.
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Table A2: Estimation Results (Control variables)

Dynamic RE Finite mixture
model dynamic Model
Log Household Income 0.120%* 0.030
(0.059) (0.039)
Age/10 0.077 0.734%**
(0.309) (0.186)
(Age/10)? 0.052%* 0.003
(0.022) (0.012)
Male 0.177 -0.191%**
(0.111) (0.055)
Employed: Full-time 0.224%* -0.433%#*
(0.107) (0.067)
Employed: Part-time 0.514%** -0.024
(0.099) (0.064)
Unemployed 0.209 -0.006
(0.198) (0.142)
University degree 0.152 0.185%**
(0.133) (0.064)
Certif./Dip. Degree 0.144 0.208***
(0.116) (0.060)
12 years of schooling -0.041 0.050
(0.165) (0.081)
Married or cohabiting 0.4027%** 0.103
(0.148) (0.095)
Divorced or separated 0.605%** 0.485%**
(0.203) (0.146)
Number of children -0.245%** -0.175%**
(0.043) (0.027)
Other control variables Year dummies Year dummies
Initial conditions Initial conditions
Observations 6,294 individuals 6,294 individuals
(69,460 individual- (69,460 individual-
waves) waves)

Notes: Estimation results of the Dynamic Random Effect and the Finite mixture dynamic Models for the
sociodemographic control variables. Standard errors in parentheses. * p <0.10, " p < 0.05, " p <0.01. Omitted categories
are: female, not active, less than grade 12 schooling, and single.
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Table A3: Correlations between Estimated Class Probabilities using the Full and Restricted

Samples

Class 1 (1-17)

Class 2 (1-17)

Class 3 (1-17)

Class 1 (1-12) 0.8318
Class 2 (1-12) -0.4450
Class 3 (1-12) -0.4472

0.7765

-0.3123 0.8095

Table A4: Estimates Coefficients on Interaction Terms from Individual Fixed-Effect Regressions

of Psychological Health

Specification 1 2 3 4 5
Panel A Financial worsening
TPL WI1-W12 (z-score) -0.516* -0.492%*
(0.284) (0.286)
Prob Class 1 W1-W12 2.212%* 2.119%*
(1.021) (1.074)
LOC(z-score) -0.259 -0.206 -0.081
(0.276) (0.278) (0.290)
Panel B Being fired
TPL W1-W12 (z-score) -0.151 -0.199
(0.271) (0.280)
Prob Class 1 W1-W12 0.622 0.848
(0.891) (0.937)
LOC(z-score) 0.141 0.190 0.219
(0.266) (0.275) (0.280)
Panel C Any of the ten adverse life events
TPL W1-W12 (z-score) -0.274 %% -0.282%#*
(0.093) (0.095)
Prob Class 1 W1-W12 0.982%* 1.054%**
(0.306) (0.320)
LOC(z-score) -0.020 0.040 0.074
(0.093) (0.095) (0.097)
Observations 21,742
Individuals 5,388
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Table AS5: Impact of Resilience Predicted (Waves 1-12) on New Occurrences of Psychological
Health Problems (Waves 13 and 17)

Depression/Anxiety Medication Psychiatrist/psychologist
Specification 1
TPL W1-W12 (z-score) 0.030%** 0.021%** 0.018%**
(0.003) (0.002) (0.002)
Prob Class 1 W1-W12 -0.094%** -0.077*** -0.061%***
(0.009) (0.007) (0.007)
Specification 2
TPLW1-W12 (z-score) 0.026%** 0.018%** 0.018%**
(0.003) (0.003) (0.003)
LOC (z-score) 0.015%** 0.012%** 0.003
(0.003) (0.003) (0.003)
Prob Class 1 W1-W12 -0.082%#* -0.068*** -0.060%***
(0.009) (0.007) (0.007)
LOC (z-score) 0.014%** 0.010%**%* 0.001
(0.003) (0.003) (0.003)
Individuals 7,530 7,987 7,936

Notes: Presented figures are estimated effects of TPL on the probability of depression/anxiety, taking prescription
medication for depression/anxiety or having seen a psychiatrist or a specialist, conditional on not being in this situation
four years before (these questions are asked every four waves). We maximise the number of observations by using
outcome-specifict subsamples including all complete cases. Also included in the regression are time fixed-effects, and
time-varying controls. *, ** and *** indicate p-values less than 0.1, 0.05 and 0.01.
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Appendix B: Technical Appendix

Model specification and likelihood function
Conditional on time-invariant membership in a latent class indexed by {c,k/}, the dynamics of
psychological health are assumed to be represented correctly by the following model with non-

random and fixed coefficients:

Hye = picHie—q + B'xie + Hoc Sit + tac Siev1 + AWy + ape + exp( ok )t
flj ~ i.i.dnormal(0,1) (B.1)

We observe the empirical probabilities Pr (Hyy, ... Hir|S;, xi, Hio, Wi, 2;), where S; denotes the set of
anticipated and contemporaneous adverse events. Given our modelling assumptions, we have the

following decomposition of the individual contribution to the sample likelihood:

Pr(Hj,, ---HiTlsi;xi;HiO;Wi) x

Zc 1Pc Zk 14]= 17Tklc[Ht 1Pr(Hlt|Hlt 1lxlt’Slt'SLt+1'WU0 - (plc:.umekc) ﬁ /1)] (B.2)

This decomposition result stems in particular from the first-order Markov condition of no
autocorrelation in the error term and independence between psychological health at ¢ and -2
conditional on psychological health at -/, the contemporaneous values of the covariates (life events
at ¢t and ¢+1/), and the values of the individual random effects. Given independence between the
random effects and the error term ii;;, the probability in brackets follows a normal distribution.
Denoting the standard normal p.d.f by ¢, the parameters p;., ¢, Oxc, 5,4 are obtained via

maximisation of the following log-likelihood for given values of C, K¢ and Lc:

Pr(Hl-l, HiT|Si,xi,Hi0,Wi,ﬁ,/1) o

c Hit—picHit—1—B Xit—MocSit—H1cSit+1—A Wi— Qe
c=1 Z l 1 pcnklc [Ht 1 d) ( ! (B-3)

exp(oyc)

pklc

Identification

The parametric model associated with the likelihood function in equation (B.3) is identified from
standard results on the identifiability of finite mixtures of exponential laws (Lindsay, 1983). Proving
the non-parametric identification of the mixture components in a more general model with a totally
flexible error term is beyond the scope of this paper. Nevertheless, Kasahara and Shimotsu (2009)

show that finite mixture models of dynamic discrete choice are identified when at least six periods of
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observation are available, when there is enough variation in the covariates, and when the response
pattern of different individuals to similar variations in covariates is truly heterogeneous. In our case,
identification also relies on the observation of different patterns of responses to life events by
individuals with similar observed characteristics (in particular, similar initial level of psychological
health and similar probabilities of adverse events over the observation period). The length of the
observation period is key to empirical identification, because it allows us to observe similar
individuals with different time sequences of adverse events. Between-individual variations in these
sequences help to identify the individual heterogeneity in the distribution of the dynamics of

psychological health.

Estimation procedure
Maximising directly the model likelihood in (B.3) will present computational difficulties due to the
non-linearity of the model and the number of parameters. We overcome this issue by implementing
the iterative EM (Expected Maximisation) algorithm of Dempster and Laird (1977). The intuition
underlying this algorithm is that the model would be easier to estimate if individual class membership
were perfectly observed: we would just need to estimate linear regression models for each class.
Because class membership is unobserved, we have a standard problem of missing data. The EM
algorithm solves this problem through a two-step procedure.

In the E-step, expectations of class membership probabilities are constructed for each
individual, using all of the information from the data and the model.
E-step: For initial values of the parameters pyc, Pic) B> Hocr» Hicr A ke Oxcand for each individual,

use the parametric specification (B.3) to compute the posterior probabilities:

Dikic = Pr(pi = pic, i = te, 0 = Oxc|Hiq, .. Hir, Siy X1, Hig, Wy, B, 1)
= Pr(p; = pic, i = Ue, 0 = Okc|Hig, .. Hir, Si, X, Hig, Wi, B, A)

PricPr(Hiy,Hir|SiXi,HioWi,pi=Pio.li=Uc,.0=0kc.B.A) (B.4)
Pr(Hjy,...HiT|Si,x3,Hio,Wi,B,4) ’

Then, in the M-step, linear regression models can be estimated for each class, with each individual
observation being weighted by the expected class membership probability.
M-step: Substitute piic with pixe in (B.3) and maximize the log-likelihood to update the parameters
Prcs By tocs Hics A @i, Oe. Update pue by maximizingZ_ T2, £1°, Pacic In(Prac) with respect to
piie and subject to R6_, ¥ T p = 1.

The EM algorithm alternates between these two steps until until convergence, i.e. when the

relative difference in two successive set of parameters (Euclidean norm) is less than a tolerance
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criterion. The variance of the estimator is computed using the empirical information matrix, as
proposed by McLachlan and Peel (2000), with computation of likelihood scores at the level of
households to account for the panel dimension of the data.

It is well known that the empirical identification of finite mixture models can be difficult,
essentially because the likelihood function can be quite flat in some regions of the parameter space.
For a better detection of the global maximum of the likelihood function, it is crucial to find good
starting values for the individual weights piue in the initial M-step. In the phase of model selection,
we have experimented with ten different sets of randomly chosen starting weights for each model
specification in order to identifiy a global maxima. Tolerance is set to 1e-4 for model selection and,
to reduce computing times, we apply a trimming procedure in the M-step by setting pixc to 0 whenever
pirie 18 lower than 1e-32. For producing the final estimates, tolerance was set to 1e-6 and no trimming

is applied.

Model Selection

There is a lack of guidance from the econometric or statistical theory on the estimation and inference
on the optimal number of components in finite mixture models— here on C, K. and L. -, which is a
priori unrestricted.?’ From a pragmatic perspective, finite mixture models can be used for two
different purposes, either achieving the best fit to the empirical distribution of data or classifying
observations with distinct latent classes that can later be used for predictions. Following McLachlan
and Peel (2000, chap. 6), we may use a penalized-likelihood criterion — the Bayesian Information
Criterion (BIC) — to select the model that achieves the best fit. Yet, as noted inter alia by Baudry
(2015), the BIC ““is known to be consistent, in the sense that it asymptotically selects the true number
of components, at least when the true distribution actually lies in one of the considered models”, but
“this nice property may however not suit a clustering purpose” whenever the distribution for each
latent class is not gaussian. In that case, using the BIC will tend to favor models with two many
classes because “several gaussian components are necessary to approximate each non-gaussian
components”.When the user of finite mixture models is more interested in clustering in the data into
well-separated classes, then decision can be based on an entropy criterion that measures the
uncertainty of the assignment of observations into the different classes. For instance, Bruhin et al.
(2019) applies an entropy criterion to the selection of the optimal number of distinct profiles of

economic preferences from a latent class structural model estimated on experimental data. Finally,

26 It is not possible to use standard likelihood ratio statistics because it has a non-standard limiting distribution when
one compares models with different numbers of components (Liu and Shao, 2003). Recent developments in this area (e.g.
Chen et al., 2012) are, to the best of our knowledge, not applicable to our model.
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Biernacki et al. (2000) propose using an ICL-BIC criterion, which is the BIC penalized by the entropy
(see Etilé, 2006, for an application in economics).

In the present study, model selection is driven by our objective of identifying individual
heterogeneity in the relationship between life events and psychological health (slope heterogeneity),
while controlling for the confounding effect of both time-varying and constant unobserved
heterogeneity (intercept and variance heterogeneity). Hence, we cannot apply an ICL-BIC criterion.
In addition, we view the ‘latent class’ interpretation of the model as a convenient way to discuss the
estimation results. Notably however, the latent classes only capture ‘ideal’ types of psychological
response profiles, with all individuals lying somewhere between these ideal classes. Our ultimate aim
is to identify individual profiles of responses to adverse events through a mixture of these types. It is
not to cluster individuals into well-separated clusters. Therefore, we opt for a two-steps procedure
that is eventually a mix between economic applications of latent class models that focus on the
identification of slope heterogeneity profiles, and econometric papers that view finite mixture
distributions as a flexible means of modelling unobserved heterogeneity, and estimate models with
large number of support points (see Train, 2008, Bonhomme and Robin, 2009, Etilé and Sharma,
2015). In a first step, for a given structure of slope heterogeneity (C is fixed), we restricted our search
on models with the same number of components K. for all classes?’, and we choose K. in order to
maximize the statistical fit of the model. We here rely on the BIC, and the lower is the BIC the better
is the fit. In a second step, we compared the results produced by models with C=2, 3 and 4 slope
classes. It is worth noting that a model with two slope classes (C=2) and two autoregressive
parameters within each of the slope class (L~=2) is equivalent to a model with four slope classes
(C=4) with one autoregressive parameter (L.~1), with a constraint on the slope coefficients u, (i.e.
U1 = Uy, and uz = .. Hence, we can examine the results of the four-slope classes model to decide
whether it is worth estimating models with L.>1 for some classes. It turnt out that this is not the case
with our data (see below the results of the four-slope classes model).

Table B1 below reports BIC values for various specifications. Table B1 shows that the model
with C=4 components for modelling the heterogeneity in the short-term impact of life events («), and
K.=8 for all ¢, seems to provide the best overall fit (last line). With C =3 and C=2 components for
slope heterogeneity, the best fits are obtained for K. =9 and K. =10 respectively.

27 Practically, this decision was driven by constraints in terms of computing time: for instance, estimation of a 4-slopes
model can take up to two days on a 16-cores computer, which has to be multiplied by the number of different starting
values that are tested.
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Table B1: Model selection - BIC

C K. 7 8 9 10 11

l —

2 430198 429915 429816 429736 429747
3 429388 429330 429253 429265 429301
4 429299 429209 429261 429307 429349

In a second step, we compare the classifications and the estimates produced by the three

models {C, K.}={2,10},{3,9 } and {2,8}. We first compute the normalized entropy of the

classification into slope classes, l-mzi Y. Pic In(pic). The closer it is to 1, the less uncertain the

individual assignment into classes is. Slope entropy equals 0.46 for models {2,10} and {4,8} and 0.44
for model {3,9}. Hence, the three models yields similar levels of uncertainty regarding the clustering
of individuals. Whatever the model, individuals are not assigned with certainty into one class. These
classes represent ideal-types that should be primarily used to understand resilience rather than to
categorise individuals perfectly.

We now compare more directly the three models. Each model has a single “resilient” class
that corresponds to a low value of the auto-regression parameter (low p;.) and small contemporaneous
impacts of shocks (low u.). Table B2 reports the correlations between the individual probabilities of
membership of this most resilient class, across the three models. The probabilities are very close for

models {3,9} and {4,8}, with a correlation of 0.92.

Table B2: Correlations between the probabilities of membership of the most resilient class

2,10} {39 /4,8
12,10} 1
13,9 0.83 1
14,10} 0.78 0.92 1

We then compare the estimated coefficients across the three models and the “less-resilient” classes.
The three-slopes classes model {3,9} has a non-resilient class with low state-dependence/large
fluctuation (Class 2) and one with large state-dependence/low-fluctuation (Class 3). The 4 slope-
classes model{4,10} essentially divides the former type into sub-types. Table B.3. compares the

shares of the different types across models.
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Table B3: Comparison of classifications across models

two-slopes {2,10}

three-slopes {3,9}

4 slopes {4,8}

Resilient: 47.1%

Class 1: 37.1%

Class 1: 32.4%

Class 2: Large state dep./Low fluct

. 0
30.0% Class 2: 27.6%

Non resilient: 52.9%

Class 3: 30.3%
Class 4: 9.7%

Class 3: Low state dep./Large fluct.
33.9%

The correlation between the individual probabilities of membership of Class 2 in model {3,9} and
Class 2 inmodel {4,8} is 0.93. Hence, the three-slopes and four-slopes models differ only with respect
to resilience profiles that exhibit little state dependence and large fluctutations.

Last we examine more precisely the differences between the models by comparing the
estimated coefficients between classes and between models. Figures B1 to B4 illustrate graphically
these comparisons. They display the Total Psychological Losses (TPL) associated to each of the ten
events?®, as well as the autoregressive coefficient (last row). Figure B1 shows that the three models
produce TPL that are similar for the most resilient classes, except for separation and illness to self

that have higher impacts in the two-slope classes model.

Figure B1: Total psychological loss by event for the most resilient class — model comparison
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28 For each class and each model, the TPL associated to one event is computed as the sum of its anticipated impact and
its contemporaneous impact, divided by one minus the autoregressive coefficient.
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Figure B2 shows how the non-resilient class of the two-slope classes model splits into two classes of
the three-slope classes model. The split is driven by the impacts of financial shock, separation, death
of a spouse or a child, illness to self, and, importantly, by lagged mental health. Allowing for three

classes instead of two helps to identify resilience profiles that have striking differences.

Figure B2: TPL by event, non-resilient classes — two-slopes vs. three-slopes

TPL by life events, 2-slopes vs. 3-slopes, Non resilient classes
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Figures B3 and B4 compare the non-resilient classes in the three-slopes and four-slopes
models. Figure B3 confirms that the second classes (high state-dependence, smaller fluctuations) are
similar in the three-slopes and four-slopes models. Figure B4 shows that there are less gains in moving
from a three-slopes to a four-slopes model, than they were in moving from a two-slopes to a four-
slopes model. The low-state dependence non-resilient class of the three-slopes model splits into
classes 3 and 4 in the four-slopes model. These two classes still exhibit a low state-dependence, with
autoregressive parameters close to 0.1. The split is essentially driven by the following events:
separation, death of a spouse or a child, illness to self, and to a lesser extent by being victim of a
violent crime. In the four-slopes model, for these four events, the TPL is significantly larger in Class

4 than in Class 3.
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Figure B3: TPL by event, non-resilient class 2, three-slopes vs. four-slopes
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Figure B4: TPL by event, low state dependence non-resilient classes, three-slopes vs. four-slopes

TPL by life events, 3-slopes vs. 4-slopes, Low State Dep non resilient classes

—
Major financial worsening — : l : : }: :
_I_r

Fired or made redundant — : : II II I
S : [ == | [
eparation from spouse — | | Y
) —_— | | [
Death of a spouse or child | [ T
) | | ||l
Death of close relative - [ | [T
| | |l
Death of close friend — | | | il
| — [ [
Injury/iliness to self — | i [
| | I Il
Injury/iliness to relaive — | | | N
| | [0l
Victim of physical violence — | ] [ |
| | [
Victim of property crime — | | | T°T
| | | T
Psy. health in t-1 - : : : : ; :

I I —rrirr 1

-10 =) 22 21250:51 2

Coefficient (95% CI)
e 3-slopes, Class 3 4-slopes, Class 3

= 4-slopes, Class 4

48



Based on these comparisons, we finally decide to discuss the three-slopes model {3,9} in the
main text of the study.

Last, the results of the three-slopes and four-slopes model also show that there is no evidence
for a model with four classes that would combine {high, low} state-dependence and {small, large}
fluctuations. The fourth class that emerges in the four-slopes model is only a subtype of the low state-
dependence/large fluctuation resilience profile. This shows also that we do not need to estimate

models with heterogeneity in autoregressive parameters within each slope classes (L>1).

Comparison of predicted individual resilience across models

We examine how our resilience measure is is affected by the choice of a two-slopes or four-slopes
model instead of the three-slopes model — our preferred specification. Figure B5 provides the
distribution of TPL from a standard event (SE) for the two-slopes and four-slopes models. As
compared to the three-slopes model (Figure 5), the two-slopes model polarises the distribution
between low- and high-resilience individuals, while the four-slopes model adds a long tail to the

distribution.

We then compute, for each model, the predicted percentile rank of each individual in the
distribution of TPL. We can then compare the individual ranks across specifications to see whether
the predicted sorting of individuals by their resilience is stable across models. Figures B6 and B7

displays these rank plots.

In Figure B6, each small grey point is an individual with TPL predicted by the three-slopes model
on the x-axis, and TPL predicted by the two-slopes model on the y-axis. The black line is the non-
parametric fit curve adjusted to this scatter plot. If moving from the two-slopes model to the three-
slopes model preserved the sorting of individuals by resilience, then adding a slope class would
produce little benefit. This can be evaluated by examining the departure of the black line from the
dashed line. Many individuals with high TPL in the three-slopes model (a TPL above the 70%
percentile; low resilience), appear as moderately resilient under the two-slopes model. However, the
two-slopes model does poorly in distinguishing the moderately resilient individuals from the least
resilient. Figure B7 performs the same exercise for the comparison between the four-slopes and the
three-slopes model. It shows that the ranking of individuals is well-prserved when one moves from
three-slopes to four-slopes. This confirms that there is little gain in having four slope classes as

compared to three slope classes.
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Figure B5: Distributions of TPL for two-slopes (left) and four-slopes models (right)
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Figure B6: Ranks in the distribution of TPL, two-slopes model vs. three-slopes model.
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Figure B7: Ranks in the distribution of TPL, four-slopes model vs. three-slopes model.
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Appendix C: Derivation of Cognitive Ability and Personality Traits

Cognitive ability is measured in Waves 12 and 16 of HILDA using three tests: (1) Backwards Digits
Span (BDS) test; (2) a 25-item version of the National American Reading Test (NART); and (3) the
Symbol-Digit Modalities (SDM) test. The BDS is a traditional sub-component of intelligence tests
and measures working memory span. The interviewer reads out a string of digits, which the
respondent has to repeat in reverse order. NART measures pre-morbid intelligence. Respondents have
to read aloud and pronounce correctly 25 irregularly spelled words. SDM is a test where respondents
have to match symbols to numbers according to a printed key that is given to them. It was originally
developed to detect cerebral dysfunction but is now a recognised test for divided attention, visual
scanning and motor speed. To derive a summary measure for cognitive ability, we applied a factor
analysis to all three test scores, and the first factor is then predicted and standardised to have a mean
of zero and a standard deviation of one.

Personality is measured in HILDA in Waves 5, 9, 13 and 17 using a version of the Big-5
Personality Inventory in which 5 personality traits are quantified: extraversion, agreeableness,
conscientiousness, openness to experience, and emotional stability (sometimes reversed and labelled
neuroticism). Each of these trait variables have been re-scaled to have a mean of zero and a standard
deviation of one, with higher scores indicating that the individual is well described by the personality
type. Each individuals in our estimation sample is assigned personality values from the earliest
possible wave.

Our second measure of personality (or non-cognitive ability) is locus of control, which is
described by Rotter (1966) as a “generalized attitude, belief, or expectancy regarding the nature of
the causal relationship between one’s own behavior and its consequences”. It is generated from a
locus of control questionnaire included in Waves 3, 4, 7, 11 and 15 that requires respondents to
evaluate seven statements (e.g. “I have little control over the things that happen to me”) using a one
(strongly disagree) to seven (strongly agree) scale. We add the responses (some items reversed) to
form a locus of control index, which is again re-scaled to have mean zero and standard deviation one.
Higher scores indicate that the individual has external control tendencies, implying that they believe
their outcomes are due to external forces rather than due to their own efforts. As with the Big-5
personality variables, we assign each individual locus of control information from the earliest possible

wave.
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Appendix D: Robustness to the Inclusion of Lagged Events

Our model allows for anticipated and contemporaneous effects of adverse life events, and captures
all lagged effects parsimonously through the inclusion of lagged psychological health. However,
some events may have specific lagged effects on psychological health, beyond the average state-
dependence captured by lagged psychological health. To examine this we have additionally estimated
a three-slopes class model that includes lagged events in addition to future and contemporaneous
events. The full estimation results are shown in Table D1.

Figures D1 compares the estimated total psychological loss (TPL) for each slope class and
each life event between a three-slopes model without lagged life events (our main specification) and
the three-slopes model with lagged events. They show that the two specifications deliver similar
predictions for all classes. The only notable difference, albeit not significant, is obtained for victim

of violence and property crime in Class 2.

Figure D1. TPL by life event with and without adding control for lagged events
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Table D1 reports the estimated coefficients on all lagged, contemporaneous and future events.
The coefficients on lagged events are generally not statistically significant. However, there are a few
exceptions, as well as minor changes in the estimated contemporaneous and anticipated effects of
events. If we focus on estimates that are significant at the 5% level, being fired, a victim of physical
violence, and own injury have significant lagged negative effects in Class 2. This suggests that these
events have specific long-lasting effects that are not fully captured by the high estimated
autoregressive parameter for this class. In Class 3, separation from spouse and illness to self have
lagged positive effects on psychological health, suggesting that some past adverse events may provide

material for an increase in well-being.
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Table D1: Estimation results, models with vs. without one-period lags of adverse life events

Model with lagged With Without With Without With Without
events
Lagged Psychological Health Parameter (p;)
Psychological 0.109%** 0.115%*%* 0.505%** 0.465%** 0.136%** 0.136%**
health in #-1
(0.008) (0.007) (0.009) (0.009) (0.009) (0.008)
Immediate, Anticipation and Lagged Parameters
Major financial t -0.204 -0.528%** -1.329%** -0.942%** -4.599%** -4.910%**
worsening
(0.206) (0.211) (0.304) (0.295) (0.262) (0.269)
t+1 -0.387** -0.288 -0.483 -0.498* -0.756%** -0.674%*
(0.196) (0.181) (0.354) (0.303) (0.286) (0.285)
t-1 -0.372%* - -0.544* - 0.402 -
(0.209) (0.321) (0.297)
Fired or made t 0.241 0.377* -0.081 -0.004 -0.906%** -1.119%**
redundant
(0.193) (0.193) (0.312) (0.244) (0.279) (0.278)
t+1 | -0.480%** -0.315% -0.006 -0.219 0.004 -0.362
(0.179) (0.180) (0.295) (0.241) (0.315) (0.326)
t-1 0.348* - -0.698%* - 0.512
(0.182) (0.298) (0.333)
Separation from t -0.200 -0.288 -0.622%* -0.311 -5.217%%* -4.766%**
spouse
(0.216) (0.193) (0.335) (0.306) (0.287) (0.275)
t+1 0.093 0.094 -0.724%%* -0.860%** -2.409%** -2.288%**
(0.211) (0.194) (0.326) (0.282) (0.311) (0.314)
t-1 -0.093 - 0.186 - 1.018%** -
(0.194) (0.329) (0.323)
Death of spouse or ¢ -0.528 -0.552%* -1.538%* -1.282%%* -9.222%*%* -9.687***
child
(0.326) (0.317) (0.605) (0.499) (0.476) (0.413)
t+1 -0.689%* -0.756%** 0.300 0.222 -1.703%** -1.574%**
(0.270) (0.261) (0.528) (0.496) (0.546) (0.474)
t-1 -0.355 - 0.529 - -0.431 -
(0.297) (0.618) (0.572)
Death of close t -0.106 -0.149%* -0.330%* -0.192 -0.481%** -0.411%*
relative
(0.076) (0.075) (0.147) (0.125) (0.162) (0.165)
t+1 -0.072 -0.097 0.192 0.122 -0.023 0.053
(0.079) (0.077) (0.150) (0.132) (0.173) (0.168)
t-1 0.003 - 0.086 - 0.192 -
(0.078) (0.145) (0.169)
Death of close t 0.005 0.086 -0.136 -0.449%** -0.254 -0.210
friend
(0.077) (0.076) (0.163) (0.132) (0.176) (0.166)
t+1 -0.067 -0.057 -0.183 -0.202 -0.195 -0.098
(0.078) (0.077) (0.154) (0.132) (0.179) (0.176)
t-1 -0.056 - -0.092 - -0.226 -
(0.079) (0.154) (0.182)
Injury or illness to ¢ -0.520%** -0.254%** -0.340%* -1.167*** -4 856%** -5.161%**
self
(0.098) (0.094) (0.173) (0.158) (0.167) (0.161)
t+1 -0.004 -0.110 -0.858%** -0.842%** -1.125%** -1.032%**
(0.106) (0.094) (0.175) (0.159) (0.175) (0.175)
t-1 0.174 - -1.002%** - 0.737%%* -
(0.111) (0.181) (0.190)
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Injury or illness to ¢ -0.111 -0.179%%** -0.644%** -0.496%** -1.007%%* -1.051%%*
relative
(0.069) (0.065) (0.130) (0.112) (0.141) (0.139)
t+1 -0.101 -0.125%* -0.104 -0.103 -0.339** -0.138
(0.070) (0.069) (0.132) (0.117) (0.147) (0.152)
t-1 0.082 0.171 0.019
(0.067) (0.131) (0.142)
Victim of physical ¢ 0.008 -0.319 -1.531%** -1.4171%** -2.965%** -2.630%**
violence
(0.360) (0.299) (0.564) (0.482) (0.534) (0.512)
t+1 -0.094 -0.326 -0.621 -0.603 -1.517** -1.095%*
(0.354) (0.297) (0.571) (0.518) (0.600) (0.611)
t-1 0.087 -1.622%%* 0.635
(0.345) (0.499) (0.521)
Victim of property ¢ -0.244%* -0.428%** 0.045 0.265 -0.156 -0.069
crime
(0.141) (0.124) (0.254) (0.229) (0.307) (0.291)
t+1 -0.165 -0.234* -0.087 -0.490** -0.373 -0.161
(0.133) (0.127) (0.275) (0.221) (0.295) (0.282)
t-1 -0.198 (.82 *** -0.006
(0.137) (0.260) (0.267)

Notes: Columns 1,3, and 5 report the estimated coefficients of the finite mixture dynamic model for classes 1 to 3
respectively, for a specification that includes the one-period lags of life events. Columns 2, 4 and 6 report for comparison
purpose the results of the specification without lagged events (repeated from Table 2). This table only reports the
coefficients on lagged psychological health, and contemporaneous and future life events. The full esults are available upon
request. In both models, we include as additional control variables with homogenous effects (see Table A2): logarithm of
household income, age, age squared, male, labour market status (full-time employment, part-time employment,
unemployment, inactive (reference)), degree (university, vocationnal diploma, high-school, less than grade 12 (reference)),
marital status (partnered, divorced or separated, single (reference)), number of children at home, year dummies. In both
models, we also control for initial conditions by including the initial level of psychological health, as well as the individual
average of all time-varying variables. Standard errors in parentheses. *, ** and *** denote statistical significance at the
0.10, 0.05 and 0.01 levels, respectively.
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