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Abstract

Using a novel, dynamic finite mixture model appliedl2 years of nationally representative panel
data, we explore individual heterogeneity in th&altgsychological response (our measure of
resilience) to ten major adverse life events, iditlg serious illness, redundancy and crime
victimisation. Importantly, this model takes intccaunt that individuals are not randomly selected
into adverse events, that some events are anedpatadvance of their occurrence, and that the
immediate psychological response and the speeddaptation may differ across individuals.
Additionally, we generate a ‘standardised eventbider to document the distribution of general
resilience in the population. We find consideraidt¢erogeneity in the response to adverse events,
with the total psychological loss of people withvloesilience being several times larger than the
average loss. We also find that resilience is gigogorrelated with clinical measures of mental
health, but only weakly correlated with cognitivedanon-cognitive traits. Finally, we find that
resilience in adulthood to some extent is predletdly childhood socioeconomic circumstances;
the strongest predictor we identify is good childédnealth.

Keywords: Psychological Health, Resilience, Lifechis, Childhood, Panel Data, Mixture Model

We are grateful to the Australian Research Councihelping to fund this research, and to semiratigipants at the
London School of Economics and the Paris SchodE@inomics for valuable comments. We are also gratef
Andrew Jones for comments. This paper uses unitrdedata from the Household, Income and Labour Dyos: in
Australia (HILDA) Survey. The HILDA Project was trated and is funded by the Australian Governmegpd&tment
of Social Services (DSS) and is managed by the detie Institute of Applied Economic and Social Resk
(Melbourne Institute). The findings and views repdrin this paper, however, are those of the asthad should not
be attributed to either DSS or the Melbourne Intgit



1. Introduction

Nearly everyone will experience a major adverse divent, such as a divorce, redundancy, serious
injury or accident, being a victim of crime, or tleath of a close friend. Individuals and
communities also may be victims of natural disastewvil conflict, or such criminal acts as mass
shootings and terrorism. How well do individualspeowith such events, and do some suffer
significantly more than others? The existing litara has found that the majority of people do not
experience subsequent severe psychological traunmaeatal illness (see, for example, Rutter,
1985, 1987; Masten, 2001; Bonanno et al., 201052@Rutter (1985) summarised this, noting the
“universal observation that even with the most segtressors and the most glaring adversities, it i
unusual for more than half of children to succuiftie same recognition has applied to adults to the
development of depression following personal lossed rebuffs. Although risk of depression
following disturbing adverse events is increasddisiusual for most people not to become
depressed in spite of the stressful experientes”.

The psychology literature often describes the atem in how individuals respond to
adversities as capturing ‘psychological resilien@déetcher and Sarkar, 2013, and Bonnano et al.,
2015, provide recent reviews). Bonanno (2004) at éefines resilience as the ability of individuals
“who are exposed to an isolated and potentialhhlgiglisruptive event.... to maintain relatively
stable, healthy levels of psychological and physitactioning.”” Indeed, documenting the
distribution of resilience in the population in tbentext of different adverse events, and identgyi
the characteristics of individuals with differeevéls of resilience, is a valuable research task. A
Clark (2016) notes, “The analysis of the distribatiof resilience is of policy importance, as it
would help to show us who needs more help, andhatwircumstances.” Cunha and Heckman
(2009) stress the importance of research that damtify the mechanisms that promote resilience
and recovery from disadvantage, noting a lack stesyatic knowledge in this area. More broadly,
Fletcher and Sarkar (2013) suggest that governmemsuld provide community-based
opportunities that enable individuals to accessrenmental and personal resources that develop
resilience. Examples of policy-related initiativesuld include public education campaigns,

mentorship programs for young people, and socialgs for the elderly. The idea of building

! Similarly, Masten (2001) describes the abilitytleé majority of children to overcome significanivadsity as arising
from “ordinary magic”, with individuals being cagelof “astonishing resistance, coping, recovery] anccess in the
face of adversity, equipped with the usual humasaptational capabilities and resources, functionigmally”
(Masten and Powell, 2003).

2 However, Bonanno (2012) provides a discussiorhef‘tses and abuses” of the resilience construetctier and
Sarkar (2013) note that, “One of the main diffimdtin conducting research on resilience is thatewdiscrepancies
exist in the way that resilience is defined andocemtualized.” For example, there is some debataitatvhether
resilience should be conceptualised as a persgnadiit, or rather as a dynamic process, and theneéxo which
resilience is context-specific (see, for exampégelon, 1997; Luthar, 2000; Luthar et al., 200@t¢Her and Sarkar,
2013). For an inter-disciplinary panel discussifthe definition of resilience, see Southwick et(2014).



resilient communities is now a strategic goal ofngnaational governments (see, for example,
Longstaff et al., 2010; Cutter et al., 2013).

In this paper we use a novel, dynamic finite nm@tmodel applied to 12 years of data from
a rich, nationally representative panel survey,etplore in detail the extent of individual
heterogeneity in the psychological response (cgllef/resilience) to ten major adverse events. We
also define a global measure of resilience as ¥peated inter-temporal loss of psychological
health due to a ‘standardised’ event (SE), andrddrom that a distribution for the population. Our
model allows for heterogeneity in both anticipateord adaptation responses, while also attempting
to account for the initial conditions problem arglestion into events. We then document the
relationship between resilience and adult socioeson characteristics, explore the distinctiveness
of resilience from measures of cognitive abilitydaron-cognitive traits that have been the focus of
a growing economics literature in recent years, fanally we relate individual-level adulthood
resilience to one’s childhood to better understidn@dextent to which resilience can be predicted by
childhood socioeconomic characteristics. We belighat these analyses provide a useful
integration of the limited literature on resilieniceeconomics with the large psychology literature
on this important topit.

Two broad aspects of resilience are explored inpyehology literature. First, there are
studies of the differential outcomes of childrerowing up with adversity and socioeconomic
disadvantage. Second, there are studies of theréatttat help to explain why adults, and to a lesse
extent communities, differ in their psychologic&actions to adversities and stresses (see, for
example, Rutter, 1985, 1987; Cicchetti and Rogod&97; Luthar et al., 2000; Masten, 2001,
Charney, 2004; Martinez-Torteya et al., 2009; Bowar2012; Banny et al., 2013; Cicchetti, 2013;
Amstadter et al., 2014; Howell and Miller-Graff,220) Bonanno et al., 2015). According to Masten
(2007) there have been four waves of resilienceared, the most recent focusing on multi-level
analysis and the dynamics of adaptation. Impowtarntl has found that the factors explaining
resilience are complex and multi-dimensional, spajmgenetic, neurobiologic, temperamental, and
environmental influences (Caspi et al., 2003; Cégr2004; Boardman et al., 2008; Banny et al.,
2013; Amstadter et al., 2014). It is most saliemtdolicy interventions that resilience is seei¢o
modifiable to some extent on both individual antfural levels (Connor and Zhang, 2006; Netuveli
et al., 2008).

Moreover, some papers have focused on identifyiagyndt types or classes of individuals
according to how they respond to adverse events.ddmost researched is bereavement. In terms
of the psychological response to the death of aispoBonanno (2004) identified five distinct

% We recognise that resilience has been studiedanyrdisciplines, but this review focuses mainlytba psychology
literature.



response profiles; 35% of individuals experiencgnisicant trauma (classed as ‘chronic
depression’) before and after the loss, while 46ftes no trauma (‘classified as resilient’). More
recent research has found that 69% of individuedsresilient following the death of a spouse or
child (Maccallum et al., 2015). Reviewing the lgire on natural disasters, Bonanno et al. (2010)
conclude that serious psychological harm rarelga$f more than 30% in most samples, and “often
more than half of those exposed, experience oahstent distress and maintain a stable trajectory
of healthy functioning or resilience.” A third expla is post-traumatic stress following a mass
college campus shooting. Here, Orcutt et al. (2D0ddntify four response trajectories: 61% of
students are classed as ‘minimal impact-resilien@9% as ‘high impact-recovery’; 8% as
‘moderate impact-moderate symptoms’; and 2% a®fdhrdysfunction’.

However, many studies in the resilience literatexamine the psychological response to a
single particular event (or type of event), somesnusing small case-study samgi@his means
that any conclusions made about the distributionresilience are likely to be context- (and
potentially sample-) specific, and therefore difficto generalise to a population distribution. §hi
is important because an individual’'s psychologiesponse may differ by the nature of the life
event, being resilient in some aspects of life, bot others. By focusing on the psychological
response to ten major events using nationally sgmtative data, we aim to provide a more general
picture of the heterogeneity of resilience in topyation.

A distinct but related literature has focused agasures of subjective wellbeing rather than
mental health conditions. In particular, researsii@ve looked at variation in life satisfaction and
hedonic adaptation to life events, with conceptthefhedonic treadmill and set-point thedpging
proposed to explain the “general propensity of hurf@ings to return to a set-point of well-being
relatively quickly after even the most aversiveaaspicious life events” (Mancini et al., 20£1ip
the economics literature, Clark et al. (2008a) @hatk (2016) provide detailed reviews of research
on adaptation, with particular emphasis on the obleeference points (e.g. colleagues, peers, or an
individual’'s own past). These studies have tendednalyse large nationally representative panel
surveys to illustrate life satisfaction profilestaajectories, with particular attention on adaptato

* Some illustrations of the breadth of events saidiee: bereavement, divorce (Mancini et al., 20&hjonic pain (Zhu
et al., 2014), injury (Quale and Schanke, 2010;d@mo et al., 2012), the 9/11 New York attack (Bananal., 2006;
Norris et al., 2009), mass shootings (Norris aneiv&ts, 2007; Reifels et al., 2013), floods (Nosgisal., 2009),
droughts (Arouri et al., 2015), volcanic eventst@aet al., 2011), earthquakes (Hogg et al., 2@k®) community
violence (O’Donnell et al., 2002). Many studiesoafmve focused on the resilience of war veteraiedré et al., 2009;
Tsai et al., 2015).

® See Brickman and Campbell (1972), Lykken and Gelte(1996), Diener et al. (1999, 2006), Lucas e(2003,
2004); Lucas (2005, 2007) and Mancini et al. (2011)

® Another related literature explores the extenvafiability in adult subjective wellbeing. For exphm, Lucas and
Brent Donnellan (2007) find that around 35% of tlagiance in life satisfaction is trait variancetth@es not change
over time, with an additional 29-34% accounted fgra moderately stable component (also see FujithZener,
2005).



income, unemployment and disability. Because ofatvedlability of long panels, Australia (Frijters
et al., 2011; Buddelmeyer and Powdthavee, 2016 iBr(Oswald and Powdthavee, 2008; Clark
and Georgellis, 2013), and Germany (Clark et 808b; Vendrik, 2013; Qari, 2014), have been the
focus of much of this literature. This literatuteos/s clear evidence of adaptation to major events,
and in many cases full adaptation, but this isaibys the case. Using an individual fixed effects
panel model with leads and lags, Clark et al. (B)@8und full adaptation (i.e. a return to baseline
satisfaction) to marriage, divorce, widowhood, Ibiof a child, and layoff within five years for both
men and women, but a longer lasting adverse effiedife satisfaction of unemployment for men.
Using a similar model, Frijters et al. (2011) foumelar full adaptation within two years for most
major life events. However, recent research bylkCédral. (2016) using German panel data found
little evidence of adaptation within a poverty $pel

Most of these studies focus only on the condifionean response to life events, rather than
the extent of heterogeneity that we address inghper. In the conclusion of their study, Clark et
al. (2016) call for more research on heterogeneesigonses, including analysis by socioeconomic
background and personality types. In the psychoédditerature, Bonanno et al. (2015) similarly
note, “Average-level scores typically fail to cagineterogeneity in longitudinal distributions, and
more important, fail to identify resilient trajecies or other longitudinal patterns that beardittl
resemblance to the average pattern of change.”

To date we are aware of few economic studies ithastigate either the determinants of
resilience or the population distribution of remiice. In one important theoretical contribution,
Graham and Oswald (2010) propose a theory of hedmhaptation and resilience to explain how
individuals recover psychologically from adversems. In their model, individuals have a stock of
hedonic capital that they can invest in themselwedave invested in by others (e.g. parents,
schools, communities, government), for exampleubhosocially positive activities (e.g. spending
time with friends; undertaking charitable workshig hedonic capital is drawn upon to cope with
adverse events, potentially becoming depleted waheequence of adverse events occurs, which
then triggers large psychological losses and lomatbeing. In contrast, the framework of Cunha
and Heckman (2009) points to resilience as a ngmitige trait, or a skill that can be invested in
early in life but which is relatively stable in dthood.

In one of the few empirical economics papers oilieese, Powdthavee (2014) asks: do
childhood characteristics predict psychologicalli@sce to economic shocks in adulthood? Using
British panel data, he finds that the effect ofrapboyment on mental health and life satisfaction is
significantly less adverse for individuals who aigriadolescence had a good relationship with their
father or an unemployed mother. Buddelmeyer andd@tavee (2016) use Australian panel data to
investigate whether the effect of adverse everiterdifor adults with an internal locus of control.



They find that having an internal locus of contnabderates the psychological losses associated
with some events, particularly when a close fammilgmber is detained in jail. There is also a
related literature on the extent to which familiesal communities, and social networks informally
insure individual consumption and wellbeing agamegative events (see, for example, Gertler and
Gruber, 2002; Clark and Lelkes, 2005; Dehejia ¢t24l07). In particular, Dehejia et al. (2007) find
that individuals who attend religious serviceslagder able to insure against income shocks.

As mentioned earlier, this paper aims to shedtmadil light on the extent to which adults
differ in their psychological response to major exe events, and how well this heterogeneity can
be predicted by their childhood circumstances. Booeet al. (2015) state that in order to provide a
useful framework for understanding psychologicallience, a study must explicitly reference each
of four temporal elements: baseline or pre-adwefsictioning; the actual aversive circumstances;
post-adversity resilient outcomes; and predicténesilient outcomes. With these practical criteria
in mind, we analyse nationally representative pala¢h from the Household, Income and Labour
Dynamics in Australia (HILDA) survey, which tracleslult respondents from 2001 to 2012. We
estimate the distribution of psychological resitienn the population with respect to ten major
adverse events. In order for us to undertake toidys respondents provide information about the
adverse events they have experienced in the lasioh2hs. The ten events we focus on are: a major
worsening in financial situation; being fired or dearedundant; separating from spouse or long-
term partner; death of a spouse or child; deatbtlodér close relative or family member; death of a
close friend; serious injury or iliness to selfrieas injury or illness to a close relative; beiag
victim of physical violence; and being a victim efoperty crime. Notably, some 43% of
respondents report experiencing at least one gsethdverse events within our panel window.

Our empirical methodology expands on the latemsslapproach used in a small number of
economics papers that explore heterogeneous responsatisfaction (Clark et al., 2005; Brown et
al., 2014y, and on the latent growth mixture modeling apphoased by psychology researchers to
explore resilience (see Bonanno et al.,, 2010; @&aldtevy et al., 2010; Mancini et al., 2011l
Galatzer-Levy and Bonnanno, 2012). We thus identifynsiderable heterogeneity in the
psychological response to major adverse eventsfititthat the majority of individuals bounce
back quickly to their pre-event psychological healloreover, low resilience is strongly correlated
with having a mental health condition, but is omlgakly correlated with cognitive and non-
cognitive traits. Finally, we find that childhoodharacteristics, including socioeconomic status,

significantly predict adulthood resilience. By fdre most important factor linked with being a

" Clark et al. (2005) use latent class techniquesltov for slope and intercept heterogeneity inréslationship between
income and subjective wellbeing as applied to pda& from twelve European countries. They iderfofyr classes of
individuals, with individual characteristics anducry of residence being significant predictorslass membership.



resilient adult is having good childhood health.affinding provides additional support for the
importance of investing in child health, since anier of studies have also found that childhood
health is strongly linked to economic outcomes dulénood (for example, Case et al., 2005;
Goodman et al., 2011).

The remainder of the paper is set out as foll@&extion 2 provides a detailed description of
our empirical methodology, including our definitiai resilience. Section 3 describes the data;
Section 4 presents the main results on heterogeneiSection 5 we discuss how well adulthood

resilience is predicted by childhood characterssti§ection 6 concludes.

2. Empirical strategy and econometric methods

Our empirical strategy has three main stages., Frstdevelop a dynamic finite mixture model
identify individual heterogeneity in the observédctuations in psychological health that follow
adverse life events. Second, we derive an indiViduaasure of resilience based on total
psychological loss from a standardised event (Shixd, we investigate the correlations of this
measure of psychological loss with clinical measusé mental health, and cognitive and non-

cognitive personality traits, and then with childdacharacteristics and circumstances.

2.1 Modelling the dynamics of psychological health
Before introducing our main model of psychologibehlth, we discuss a standard dynamic model

in which the effects of adverse events are presumeéd identical for all individuals:

H,=pH,  + 8% +US +q +§& (1)

whereS;; is a vector of major adverse events,is a set of socioeconomic variables that contol f
current life circumstances; is an individual effect, ané;; is a serially uncorrelated error term.
Lagged psychological health captures the lastirigcefof past events on current psychological
health, discounting all adverse events at the saxpenential ratep. In this model, psychological
health follows a first-order Markov process, whgrg@isychological health dtis independent from
psychological health at2, and from past life events, past observed cowswiand past time-
varying shocks, conditional on psychological health 1, life events and observed covariates, at
and individual time-invariant heterogeneity. Opesification is consistent with previous empirical
studies that focused on the impact of lagged advevents and the extent to which individuals
adapt over time (see, for example, Clark et alQ8B) and Frijters et al.,, 2011). A point of
difference, however, is that instead of includiagd of the event variables (€4, St2, Si-3) in a

static model, we include lagged psychological lmealthis is similar to the approach taken by



Pudney (2008), in which a dynamic specification used to model individuals’ subjective
assessments of their financial wellbeing. Pudne3082 interprets the presence of the lagged
dependent variable in terms of partial adjustmehtperceptions to changes in current life
circumstances.

Our model builds on this standard model by addietgrogeneity in the anticipation of and
response to adverse events through the introductiamandom coefficients, and by allowing the

error-term variance to be individual-specific:

H, = pH 1+ 0% +M0/$ +M1l ».1t¢ +expq)u
G, ~i.i.d normal(0D

(2)

where the coefficients;, u;q, i1, 6; and o; are individual effects. The immediate impacts \cres
on psychological health are represented by thenpetexr vecton;,, while the anticipation effects
are captured by;;. This specification controls for selection intcelievents on fixed unobserved
heterogeneity, and we only assume that, conditiarals;, life events randomly befall on
individuals We thus control for non-random selection into |déeents, under the particular
assumption that the occurrence of life events afteris independent from psychological health at
conditional on life events occurringtaandt+1, observed covariates sands; .2

The empirical literature documenting the impactlitd events on wellbeing has largely
focused on adaptation (post-event) profiles, batrlCet al. (2008b) and Frijters et al. (2011), and
others, have shown that wellbeing also changes fwithe occurrence of events. They have found
that the events with the strongest anticipatioeaf are those that are understandably predictable,
such as divorce. In our model, the individual-specanticipation parameten;; measures the
impact of all information relevant to future eventsat the respondent has already received.
Observed future events are thus included as praxghies for this information.

Equation (2) allows individuals to differ along fokey dimensions: (1) baseline level of
psychological health due to unobserved time-invérfactors as accounted for By (this can be
interpreted as an individual set-point to whicheaspn returns in the long run, but is included to
capture any heterogeneity in levels that is comnstaer the data period, and we refrain from
interpreting its determinants causally); (2) ap@&tion and immediate (short-term) reactions to each

adverse event, as accounted for by the parametdorsg;,, and u;;; (3) average adaptation

® This then excludes specific sequences, for instéme case where a depressioniatreases the probability of divorce
att+2, even after controlling for other life events ogtmg att andt+1. As we chose to work with a large set of life
events, it was clearly not possible to model arehiifly explicitly the probabilities of occurrencé Ide events. This
would have required the identification dfA probabilities of transition.



trajectories, as captured hy, with a higherp; implying slower adaptation; and (4) unobserved
events that may vary in frequency and magnitudesacindividuals, as accounted for &y which

captures unobserved volatility in psychologicalltiea

2.2. A dynamic finite mixture model

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

relationship between the individual effé¢tand the covariates:
E[5i|Hio’S1)i(]:O4 AW (3)

whereS; andx; are row vectors of all explanatory variableslirtime periods,a; is an individual
individual random effect, ana; = (H;o, Si¢, X;r). We also assume thép;, u;, 0;) are independent
of the covariates. Our measure of individual hegeneity in adaptation to life events (resilience)
will not reflect individual ability to affect theogurrence of events (self-selectidfl).

The parameter vect®; = (p;, u;, @;, 0;) is distributed according to a joint density funati
f(®)) that can be factored into a conditional distribnty(«;, o;, p;|1;) and a marginal distribution
h(u; ). We assume thgg andh are finite discrete distributiort$.We therefore let the marginal
density h be represented by a finite numb@rof points {uq, u,,..., uc} with associated mass

probabilities{p4, p2, ..., p.}. Hence:

C
Pr(p = pe)= P 2 P, =1 (4)
c=1

° An alternative empirical strategy would model gmylogical health as a function of a set of variablepresenting
adverse life events, a set of lag and lead vasafile each event (to capture anticipation and adipt), a set of
variables for childhood circumstances and perspnahits, and all of the interactions among thes.selowever, given
the large number of variables in each set, a fsigcified model would include hundreds of variablaspractice, to
make such a model tractable and interpretable wieddire a sequential selection process of the/aeleinteraction
variables with a high probability of misspecifiaati In addition, preliminary regressions reveat tiés approach is
plagued by problems of near multi-collinearity. Tiere parsimonious model in equation (2) has tlteddidvantage
of having a more natural interpretation.

12 The assumption of independence betwéeny;, o;) and(H,, S;, x;) could be relaxed. But this would come at the
price of introducing many interaction terms betweka covariates, and therefore losing all the henef mixture
models.

™ We have chosen discrete distributions for the paters instead of continuous multivariate distiitmg to gain in
flexibility, to minimize specification biases — diste distributions can approximate any continudisgibution - and to
avoid having to use simulated maximum likelihoocht@ques with high-dimensional integrals.



Letting 6; = (a;, 0;), the conditional distributio (6;, p;|u;) is represented by a bivariate discrete
distribution with K. x L. support points{(6xc,pic);k=1,..,K;1l=1,..,L.;} and associated
mass probabilitieéry;.; k=1, ..., K;l =1, ...,L.}:

K, L,
Pr(ei =G0 = plc|:ui = Nc) = TMyie » Zzﬂfdc =1 (5)

k=1 1=1

The literature often takes a ‘latent class’ intetption of these distributional assumptions,
whereby the heterogeneity of the population restots the mixing of several populations (classes)
that may differ in their short-termuf) and long-termg) reactions to adverse events, and in the
baseline level and volatility of psychological hbalfy;). With individual class membership
unobserved, these population classes are latemdit@mal on time-invariant membership in a
latent class indexed Hg,k,l}, the dynamics of psychological health are assutodx represented

correctly by the following model with non-randomddiixed coefficients:

Hy = peHia+ 8% + e’ S+t S0+ W oy +expi,’ ©)
G, ~i.i.d normal(0,1)
We view this ‘latent class’ interpretation of th@del as a convenient way to discuss the estimation
results. Notably however, the latent classes oaltuwre ‘ideal’types of psychological response
profiles, with all individuals lying somewhere beten these ideal classes. Our ultimate aim is to
identify individual profiles of responses to adweevents through a mixture of these types.
We observe the empirical probabilitiBs (H,4, ... Hi7|S;, x;, Hig, Wi, Z;), whereS denotes the

set of anticipated and contemporaneous adversdseV@iven our modeling assumptions, we have

the following decomposition of the individual cabtition to the sample likelihood:

Pr(Hil""HiT |S X Ho ’W)OC

Hpr(Hit‘Hipl’)& 'R R WO :<ﬁc tH ﬁLc> B A)]

Ke

zC: pcz iﬂ-klc

c=1 k=1 I=1

(7)

This decomposition result stems in particular frahe first-order Markov condition of no
autocorrelation in the error term and independenesveen psychological health atand t-2
conditional on psychological healthtat, the contemporaneous values of the covariatesdlients
att andt+1), and the values of the individual random effe@s/en independence between the

random effects and the error terlyy, the probability in brackets follows a normal distition.

10



Denoting the standard normal p.d.f lgy, the parameterp,., i, Ox. B,A are obtained via

maximisation of the following log-likelihood:

L,

Zlog[i pcif:m

c=1 k=1 1=1

(8)

ll[¢ He —pcHia— 8% —pe S — e $.0— N W—a
t1 expe,.z )

Importantly, this dynamic finite mixture model alle individuals with similar short-term responses
to adverse events to have different speeds of atilapt the correlation between the distribution of
pi and the distribution ofy; is not restricteda priori. In addition, the dependence between
heterogeneity in response profiles, and the hessreity in levels and unobserved volatility of
psychological health, is left unrestricted. Thisulbnot have been the case if we had restricted the
distribution of6; = («;, o;) to have only one support point (i.e. we do notaseK.=1 for all ¢).*?

As such, we will identify resilience heterogeneftpm individual patterns of reactions to the

adverse events specified$n not from the size of unobserved shocks captuyed}.b

2.3. Identification, estimation and model selection

The parametric model associated with the likelihda@adction in equation (8) is identified from
standard results on the identifiability of finiteixtures of Gaussian laws. Proving the non-
parametric identification of the mixture componeint& more general model with a totally flexible
error term is beyond the scope of this paper. Nbetgss, Kasahara and Shimotsu (2009) show that
finite mixture models of dynamic discrete choice adentified when at least six periods of
observation are available, when there is enougiati@n in the covariates, and when the response
pattern of different individuals to similar variatis in covariates is truly heterogeneous. In ogeca
identification also relies on the observation dfedent patterns of responses to adverse events by
individuals with similar observed characteristios garticular, similar initial level of psychologit
health and similar probabilities of adverse eventsr the observation period). The length of the
observation period is key to empirical identificatj because it allows us to observe similar

individuals with different time sequences of adeeesents. Between-individuals variations in these

2 This constraint, which is almost always impose@rmpirical applications of latent class models, latdmply that all

healthy individuals show little reaction to adveeseents, while all unhealthy individuals are veeactive (or vice
versa). To relax this constraint, we increase thealver of classes C, but restrict the slope paramétebe similar
across some classes. We then have subsets ofschagtbesimilar slope coefficients, but differentténcepts. Also,
unrestricting the potential number of interceptssks gives us more flexibility in modelling the retated random
effects;.

13 See Lindsay (1983) for results on the paramedeaiification of mixtures of exponential laws. Nohat the model is
parametrically identified only using the first twm@ves.

11



sequences help to identify the individual hetereggnin the distribution of the dynamics of
psychological health.

The model likelihood in (8) is highly non-lineardahas many parameters, and so is difficult
to maximise directly. We therefore apply the iteatEM (Expected Maximisation) algorithm of
Dempster and Laird (1977). The intuition underlyitings algorithm is that the model would be
easier to estimate if individual class membershgvenperfectly observed: we would just need to
estimate linear regression models for each classalse class membership is unobserved, we have
a standard problem of missing data. The EM algarigolves this problem through a two-step
procedure. In the E-step, expectations of class lmeeship probabilities are constructed for each
individual, using all of the information from theatd and the model. Then, in the M-step, linear
regression models can be estimated for each elatbseach individual observation being weighted
by the expected class membership probability. The digorithm alternates between these two
steps until convergence to a maximum. We carefotiypducted several replications of the
maximisation using different sets of starting value order to detect the global maximum of the
likelihood function. We compute the matrix of vari@-covariance of the coefficients using Louis
formula (Louis, 1982); more details are provided\ppendix B.

One practical issue is the optimal number of suppomtsC, {K; ; c=1,...,C} and {L ;
c=1,..C}. Estimating all possible models would have requpezhibitively large computing time, so
we restricted our attention to models with an equahber of intercept classes within each slope
class, and witlC=2 or C=3. ForC=2 andL1=L,=1, we estimated variants wiky ranging from 1 to
8 support points. FOE=2 andL;=1, L,=2, we estimated variants with #fa ranging from 1 to 6
support points. FoIC=3, we did not allow for additional heterogeneity the autoregression
parameter l(;=L,=L3=1), and there are up #§;= 6 support points. The total number of support
points therefore varies from two to 16. Adding aidtial points generated problems for locating a
global maximum with no significant informationaligs, and the mass associated with these points
tended to be close to zero. We then applied a Baydsformation Criterion (BIC) to choose
between models (McLachlan and Peel, 2000). It mputed asBIC =—2* 4 K) + k*In( n where

Z(k) is the likelihood of the modek is its number of parameters andis the number of

observations. Eventually we retained a specificatiith C=3 andL;=L,=L3=1, andK;=K,=K3=6.
Appendix B provides additional details regarding thference procedure and the selection of the

specification.
2.4. Measuring resilience as psychological loss

After estimating the dynamic finite mixture modele derive individual-specific values of the

parameters that govern individual differences iychslogical responses to adverse events. We then
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construct individual measures of resilience, andngre how they correlate with variables that
describe childhood circumstances.

To formalise resilience, we first define a measairélotal Psychological Loss’ (TPL) for a
set of standardised everig=s occurring at timd. A natural choice for the standardised events is
the average in the sample, se: § For any individualTPL then equals:

+o0

TPL-,(@:—Z( H(., §= su=0;p 4 )— H(, 5= 0, u= Op, i, ) 9)

s=t-1

whereH (.,S,= s U= 0;p, ., ) denotes the psychological health of an individudlose life

trajectory is only changed with respect to the &vehat happened in periad* TPL measures
inter-individual differences in the undiscounteeétime impact of adverse events, holding constant
the probability of experiencing adverse events.e@ithe linear nature of our moddIPL is

independent of any other characteristics or hiséoiy collapses to a simple formula:

(Mo"‘ﬁ’u)s

TPL(§ =

(10)

Individual values foiTPL can be obtained by using the estimated modeliceaifs. To see how it
works, note that for each individualwe can compute the set of posterior probabilities the

model estimates:

picIZPr(pi :plc ,M :ILLC |Hi1 poo HiT’$ ’?(’HO 1W ﬁl)\ )

KC

Zpr(/)i =Pt =t =0 IHy,. . Hr, § % Ho W 5,A) (11)
K
K

3 PP (Hy - Hir 1S X Ho W =n. s =1 =60, B,\)
Pr(H,...Hy [S %, Hg W, 8,1)

=

c
k=1

These membership probabilities then can be usedrtstruct expected individual values foL,

conditional on the available information:

c L
TPL(9=E(TPL($| H.... B, S X H WoA)=>"> Py TR(Sp.u) (12)

c=1 I=1

4 Here, resilience is about reactions to negatieeevents. The minus sign is set to yield a saiag positive values,
as the psychological impact of negative life evéstsegative a priori. The unobserved shocks aréosg, because we
want to avoid any influence of the variangewhich captures volatility due to both positive aratative shocks.
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whereTPL (s p,. 1. )iS a measure of TPL for resilience clésg}:

(:U’CO + :ucl) S

TPLtc(SPIc’luc) ==
1_plc

(13)

In a second step, we can estimate the extent fohwthildhood characteristics predict
resilience™® In these regression$PL is standardised using the standard deviation cftpsipgical
health

2.5. Discussion
The above outlined modelling approach is similaetapirical methods from in the existing ‘latent
class’ literature in economics and psychology, udolg economics studies that have modelled
heterogeneity in the relationship between income \&allbeing (Clark et al., 2005; Brown et al.,
2014) and psychology studies that have modelledrbgéneity in the dynamics of psychological
health after a major life event (see, for exam@alatzer-Levy and Bonnano, 2012; Mancini et al.,
2011; Galatzer-Levy et al., 2011; Galatzer-Levylet 2010; Kariuki et al., 2011; and Bonnano et
al., 2012). However, our work differs from thesadsés in three main ways. First, we identify
individual psychological response profiles that @senmon to a large set of commonly experienced
major adverse life events; this strengthens thatifieation of resilient individuals and avoids
restricting the sample to individuals affected bgirgle specific type of event (such as death of a
spouse), potentially introducing sample selectioias.b Our identification, based on the
psychological response to ten commonly experietiéecvents, is also more general and wide-
ranging than studies that have focused on the p$ygical response to particular natural disasters,
technological shocks, and terrorist attacks.

Second, we do not presuraeriori that individuals belong to only one latent claRather,
we suppose that each class represents an ‘ideal typprofile defined by the same levels of
{pi, tio» i1} However, if individuals are well-classified intbe different classegi¢ is close to 1
or 0), then the class-specific measures of resiéieand the individual-specific measure in (14) will

provide similar results. If the classification iszkier, with many individuals having ex-post

> We do not estimate this second step as an intpgrabf the latent class modeling of the dynaroicpsychological
health, because we want to avoid imposing strorggon the nature of the correlates of resiliehedhis second-step
regression, the dependent variable is a complex rammdlinear functional form of the first-stage esdtes. This
introduces heteroskedasticity in the regressions. tiéérefore apply a White correction in all of @@cond-stage
regressions (White, 1980). More efficient techngtieat are advocated in the context of linear faangations of first-
stage estimates cannot be used here (Hanushek, $8xdnhouse, 1976). Consequently, our secondrstets will
tend to yield over-estimated standard errors.
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probabilities pjc far from 0 and 1, then the individual-specific @@ we identify is a more
efficient tool for examining the correlations beemeresilience and childhood circumstances. The
latter turns out to be clearly the case in ourigppbn.

Third, we control for unobserved fixed heterogeneit the baseline and variance of
psychological health. Therefore, our resilience snea is derived from a within-individual
approach to adaptation, rather than populationtistagistics based on cross-sectional variations in
psychological health that mix individual levelspsychological health with the frequency of events
and their impact on individuals. Because we useatov of standardised events for the calculation
of TPL, individual differences in resilience do not reflevariations in occurrences of adverse
events. This clearly delineates two different tésdger policy intervention and evaluation: on the
one hand, individual resilience, and on the otbecurrences of adverse events.

3. Data

3.1. The Household, Income and Labour Dynamicaustralia (HILDA) Survey

We use data from the HILDA Survey, a nationallyresgntative longitudinal study of Australian
households that began in 2001. Wave 1 began wstmgple of 19,914 panel members from 7,682
households. In each year since, members of theseeholds have been followed-up, along with
new household members that result from changdseicamposition of the original households and
new households from the Wave 11 top-up sample.data are from 2001 to 2012, with each wave
providing detailed information on a wide-range aomeomic, social, health and demographic
information. The household response rates ranga 8.0 percent in Wave 2 to 70.8 percent in
Wave 11, while the household response rates for thiwise households responding in the previous
wave range from 87.0 percent in Wave 2 to 96.4qrern Wave 11 (Summerfield et al., 2012).

We use HILDA because it includes: questions askedevery wave about whether
respondents’ experienced a wide range of majoreNents in the last twelve months; respondents
are followed over a long enough period of time @ to be able to capture anticipation and
adaptation; a detailed and consistent health surweyonducted in every wave (i.e. the SF-36
guestionnaire); we know whether individuals haveliagnosed mental health condition, and
whether they are taking medication; respondentg len tested on their cognitive ability (Wave
12); personality traits have been collected throtghBig-5 Personality Inventory (Waves 5 and 9)
and a locus of control questionnaire (Waves 3,@d 11); and respondents are asked retrospective
guestions about their childhood circumstancesudtioly their measures of their socioeconomic and
health. The retrospective questions on childhood afl demographic and socioeconomic

information are collected through face-to-face nviavs, while information on life events, health,
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and personality, are collected through a confidgself-completion questionnaire. We are unaware
of any other panel survey that contains all of thisrmation.

We focus on respondents who were aged 25 to @®ein first survey. We began at age 25
because we wish to identify individuals’ intringiesilience and its association with childhood
circumstance, rather than the contemporaneous teffeic family material and psychological
support. For instance, heterogeneity in very yoadglts’ psychological response to an adverse
event (e.g. being fired or made redundant) may rbee by the level of direct support received
from parents (e.g. financial, housing) rather tbgrdiffering levels of resilience. We also exclude
those individuals observed for less than six comsee periods, a sufficient time period to observe
the full adaptation profile of most adverse eveats] the time we find is required for the within-
individual variance in psychological health to #liab (results available upon request). Finally, we
exclude observations with missing information ory kesychological health and adverse event
variables. Given that the adverse event questio@snat included in Wave 1 of HILDA, this
restriction implies that equation (1) is estimatexsing information from Waves 2-12. However,
Wave 1 psychological health is used to addressnitial conditions problem (as noted in Section
2.2). These combined restrictions leave us withnthén estimation sample of 5,557 individuals and

45,809 individual-period observations.

3.2. Measuring psychological health

Psychological health is a latent variable that weasure using information from the Short-Form

General Health Survey (SF-36), which is incorpataite many surveys and asks respondents a
wide-range of questions about their health. Hgt denote the true latent psychological health of
individual i at timet, and assumé;; is related to a set & survey indicator variables,, ..., IX by

a measurement functiov :
k — k
(1heal) = Hy =000,

Following international guidelines (Ware, 2000) tmeasurement functioM is a factor analysis
model of the eight health dimensions of the SFA3tese eight dimensions are constructed by a
weighted summation of answers to items on the SkE3b cover the main domains of health:
physical functioning, physical role functioning, dily pain, general health perception, vitality,
social functioning, emotional role functioning ameental health. The factor analysis uses only the
first observation of each individual in the fullngple of HILDA, and produces a two-component

representation: the first component summariseshmdggical health (eigenvalue equals 2.355) and

16



the second component summarises physical heatibriealue equals 2.125). Column 1 of Table
Al in Appendix A reports the factor loadings of leaxf the eight dimensions on the psychological
health component. The second column reports thiéideats of the linear equation used to predict
the psychological health component after orthogdreimax factor rotation. These coefficients
show that psychological health primarily reflectsuf dimensions of the SF-36: mental health,
emotional functioning, social functioning, and Vlitta The psychological health component is
normalised to have a mean of 50 and a standaratt@viof 10 in the full HILDA sample, yielding
the psychological health observations used to eséirmquation (1}°

Figure 1 shows a histogram of psychological hedtth the estimation sample. The
distribution has a mean of 51.0 and a standardatlewi of 9.51. It is negatively skewed (skewness
equals -1.2) and leptokurtic (kurtosis equals AMhile the vast majority of individuals are in good
psychological health, 10% of the observations hageres lower than 37, and 5% of the

observations have scores lower than 31.

3.3. Ten major adverse life events

As noted earlier, a key advantage of the HILDA syris that in every wave (starting in wave 2)
respondents are asked about the occurrence of fiajevents (in a section of the confidential self
completion questionnaire). This section is completdter the SF-36 health questionnaire, so
respondents’ recollection of life events should bas their evaluation of their psychological
health. Respondents are told, “We now would likel yo think about major events that have
happened in your life over the past 12 months”, thieth are asked to indicate whether each of the
listed events happened and how long Hgbhe list has 21 life events, but we focus in faper on
the following ten more commonly experienced advergents: (1) “major worsening in financial
situation (e.g. went bankrupt)”; (2) “fired or madlundant by an employer”; (3) “separation from
spouse or long-term partner”; (4) “death of spoasehild”; (5) “death of other close relative /
family member (e.g. parent or sibling)”; (6) “deatha close friend”; (7) “serious personal injuny o
iliness to self”; (8) “serious personal injury diness to a close relative / family member”; (9)
“victim of physical violence (e.g. assault)”; andOf “victim of a property crime (e.g. theft,

housebreaking)”.

6 Note that simultaneously estimating the measurémmeodel and the latent class dynamic model fornlate
psychological health is not feasible. Pudney (208&)lies a simulation method for estimating a dyicamodel of
subjective wellbeing similar to (1), wherein the aserement model is specified with ordered probidet& This
involves simulating integrals of dimension equathte number of observation periods plus one, sal#tea is restricted
to six periods. In our case, the identificatiorirafividual heterogeneity in parameters requires ghanaximum number
of periods be used. In addition, the estimation thiedselection of latent class models rely on arattve EM algorithm,
with the maximisation of likelihood functions atobastep (see the technical appendix).

" While respondents also are asked about the timirigese adverse events in terms of 3-month pei@ds months
ago, 4-6 months ago, etc.), we follow the bulkhaf literature in aggregating these into yearly éxen
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Table 1 provides descriptive characteristics focheaf these events, with 43% of
respondents reporting at least one of them in dreelpwindow. Moreover, we have a non-trivial
number of occurrences for each of these event$y \s@rious injury/illness to family member’
being the most common, occurring in 16.8 percenhefyear-person observations, or once every 6
years for the average individual. This is followiedfrequency by ‘death of a relative’ and then
‘death of a close friend’, which are reported ioward 11 percent of the year-person observations. A
major worsening of finances, and being fired or emestlundant, are reported in around 3 percent of
cases. As expected, the least common events améh‘dé spouse/child’ and ‘victim of physical

violence’, with less than one percent of the samg®rting such an event.

3.4. Childhood and adulthood sample characteristics

Table 1 also shows the average of the contempd@paoximal) adulthood covariates used in our
analyses. The average age of the sample is 49%témt of observations are male; and 48 percent
are employed full-time, with 2 percent being unemypd. Just under one-third (27 percent) have a
university degree-level education, the log of ahrh@usehold income is 11.00; 77 percent are
married or cohabitating; and the average numbetependent children is 0.67. Additionally, we
present descriptive statistics for the cognitivel amon-cognitive (personality) traits, as well as
alternative clinical-related indictors of psychalkg health, which we use later to inform the
resilience measure. One in ten of the observationsur sample report a current diagnosis of
depression and/or anxiety; nearly 5 percent arengalprescription medication(s) for these
conditions; and just under 6 percent report hawegn a psychiatrist or psychologist in the past
year.

In various waves of HILDA, the respondents are dsiatrospective questions about their
childhood circumstances, with the reference poaindp age 14. The questions relate to their family
structure, broad socioeconomic characteristics,than childhood health status. The variables we
use to examine the extent to which childhood charatics predict adulthood resilience are shown
in Table 2. On average, respondents report havi@giblings (the median is about 2, with a long
tail); 8 percent immigrated to Australia before #ye of 14; and about 1 percent had their mothers,
and 6% their fathers, absent from the family hookkkdue to divorce. Similarly, by age 14, for 1
percent of respondents their mother had died, an@round 4 percent their father had died. Just
under half of the respondents (47 percent) repaitt their mother was employed, and the statistics
for fathers’ occupation show that our sample redpots come from a wide range of broad
socioeconomic backgrounds. About 40 percent hatheef working in managerial or professional
occupations; and on the other end of the occupaltisoale, about 22 percent of fathers were
machine operators, drivers and labourers. In tehthildhood health, the majority of respondents
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(56 percent) report having been in excellent heatlifige 14, but just over 5% report having been in
only fair or poor health.

Although we would prefer to have information thavers the entire of childhood, the
measures do relate to the important teenage yedrare likely easier for the adult respondent to
recall than earlier childhood. Moreover, given gteng persistence in household socio-economic
status (Aaronson and Mazumder, 2008) our measateage 14) will be highly correlated with

early childhood circumstances.

4. Results

4.1. Psychological response to major adverse events

Our main results are presented in Table 3. Columshdivs the estimates from a dynamic random
effects (DRE) model that controls for initial cotidins but only provides information about the
average response to events, because there is erodegteity in coefficients (see equation 1 with
the same parameters for all individuals). The testubm this initial model are informative and
appear reasonably intuitive. First, the coefficient lagged psychological health (0.193) tells us
that, for the sample as a whole, there is a famly level of persistence over time. Second, all of
these major adverse events are associated witgn#icant immediate decline in psychological
health. As expected, the effects are large forildeéta spouse or child (-3.082), separation from
spouse or partner (-2.345), injury or illness td 62.301), and being a victim of violent crime (-
2.172). Interestingly, the second largest immeddseline in psychological health arises from a
major worsening of financial situation, such asaalsuptcy (-2.577). In contrast, there is only a
relatively small immediate response from havingrbiged or made redundant (-0.410). Moreover,
the model reveals that many of these adverse ewamsot be treated as shocks: the largest
psychological anticipation responses occur befbeedctual event for separation from spouse or
partner (-1.658) and death of spouse or child $4).2In contrast, the only events for which we find
no significant evidence of anticipation effects death of a close relative, death of a close friend
and being a victim of property crime.

Turning to our preferred specification (Columng 27 Table 3) shown in Equation (2),
aimed at better capturing heterogeneity in psyajiotd response, we identify three distinct slope
‘classes’ of individuals, each describing about-tmed of our sample (32.9%, 33.5% and 33.6%).
It is clear from the estimates that this modelwaidor greater insight into how individuals diffier
their responses to commonly experienced adversgseve particular, the coefficients on the event
variables are much larger for Class 3 than for €Bsand to a lesser extent are higher for Class 2
than for Class 1. For instance, the immediate eff€a separation from spouse or partner equals -
4.557 for Class 3, -0.969 for Class 2, and —0.882Zflass 1. We also find large differences in the
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speed of adaptation between the three classes.effeet of previous psychological health is
markedly higher for Class 2 (0.470) than for Clask€0.086) and 3 (0.095). These estimates imply
that adaptation is nearly complete within one yearClass 1 and 3, with events having a half-life
of around one year. The return to a baseline lepbychological health takes considerably longer
for Class 2, with the reduction in psychologicahlie after one and two years equalling 53% and
29% of the immediate drop, respectively. Notaldtg, $mall coefficients on the lag of psychological
health for two out of the three classes relativéhen dynamic random-effect linear model estimate
of 0.193, suggests that we have adequately coadrdtir individual heterogeneity in this model.
Important unobserved heterogeneity would be redtbcby large coefficients on the lagged
psychological health variable.

The relative sizes of the estimated coefficientshie different adverse events again are in
line with expectations. For Class 3, the death gfp@use or child is not surprisingly the worst éven
that we measure, with an immediate standard dewidtiL0.073) drop in psychological health. For
a major financial worsening, separation from a sgoor partner, an own serious illness or injury,
and physical assault, each is estimated to redsgehplogical health by about a half-standard
deviation in the short term. However, for indivitkian Class 3 being fired or made redundant, or
being a victim of property crime, are not signifitlg related to psychological loss. For Class 3 the
coefficients on the lead event variabl€}.,() are largest for events that conceivably could be
anticipated: the effect is significant for sepamatfrom spouse or partner (-2.417), being fired or
made redundant (-1.564), and injury or illnessaib (s1.377).

In contrast to these results the estimates, fosgem 1 and 2 are generally small and
statistically insignificant. For Class 1, all buteocoefficient is statistically insignificant; is\plies
small psychological responses to all major advergents. For Class 2, the coefficients on
psychological health are only significantly negatifor death of a spouse or child (-1.296),
separation from spouse or partner (-0.969), and E&822) or family member (-0.419) injury or
illness™®

In the second half of Table 3 we present the editon results for the intercept,. and error
variance parametes,. that are specific to each of the 18 latent clagsdg. These parameters
account for individual heterogeneity in the baselievel of psychological health from unobserved
fixed factors, as well as for unobserved shocksitiey vary in size and impact across individuals.

18 The control variable coefficients in our finitexhire model, shown in Appendix Table A2, are difficto interpret

because they are related to the probability ofgitey to each of the three classes and the imitintitions variables.
From the reduced-form results in Column 1, howewer see that this data displays familiar effectsasftrol variables:

males, younger individuals, higher income individuamployed individuals, and couples with few dréh have better
psychological health.
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These estimates and the estimated autoregressam@iarp,. fully characterise the heterogeneity
in the process governing the dynamics of psycho@ghealth. Intuitively, the dynamics will
depend on the importance of state-dependence conthéand and on the frequency and impact of

observed and unobserved shocks on the other hand.

We interpret these results by comparing the thigggesclasses indexed loywith a focus on
the intercept-variance classek,d that weigh more than 1% in the finite mixture tdisution
(probability weightr<1%). Class 1d=1, first column) generally has higher values fibroa the
six intercept parameters, and the estimated vaigmacameters (5.51, 3.02 and 2.57) are much
lower than the raw variance of psychological healthich is normalised to equal 10. Because
Class 1 individuals also have a low estimated agi@ssive parameter, it represents the dynamics
of psychological health that are characterised itihe Istate dependence and small fluctuations
around high baseline levels. In contrast, Clags=2)(has the lowest estimated intercept parameters,
and its variance parameters vary from 2.22#8# andk=3 to 8.76 forc=2, k=2. The autoregressive
parametep is close to 0.5, so Class 2 captures the dynadaifigsychological health that display
large state-dependence and potentially large fadicins from unobserved shocks. Class=3jf has
higher intercept estimates than slope class 2Jagdr estimates of the variance parameters (12.00
for c=3 andk=2; 8.6 forc=3 andk=6). The estimated autoregressive parameter isitoplying that
slope Class 3 represents a type of dynamics witle ktate-dependence and large fluctuations
produced by unobserved shocks. Although the tHme sclasses eventually characterise different
types of dynamics, there is still important hetemgty within each slope class, as seen in the
estimated intercept and variance parameters. Tamodstrates the importance of separately
modelling the heterogeneity in state dependencetlamdeterogeneity in unobserved shocks. In
particular, two individuals may be similar in thaibility to cope well with adverse events (little
state-dependence), but they may still differ witlgards to the impact of observed or unobserved

events that they experience.

4.2. Graphical illustrations of response heteroggne

Figure 2 displays the extent of response heteroyebg summarising the coefficients on the

different intercepts and variances shown in Tabl&t2 left-side graph in Figure 2 shows the
densities of psychological health for all of théfetent combinations of classes, intercepts, and
variances, representing all of the possible shapdke psychological health distribution that we

allow via the finite mixture distributions. The blolcurve represents the aggregate, empirical
distribution of psychological health. In the secayrdph in Figure 2, we weight these different
densities by the estimated relative probabilitygi#s of each combination, showing that extreme
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distributions with density near the tails have leweights, and therefore are less important in
making up the whole population.

To illustrate how the coefficients on the lagged/gmelogical health variable and the
adverse events collectively determine the psychodbgesponses to different events, Figure 3
shows the response profiles for each of the Clagses ‘standardised event’ (SE) - this is
calculated as the occurrence-weighted averageldemlevents (see equations (9) and (13) in
Section 2.4). In Appendix Figure Al, we also pravitie psychological response profiles by Class
separately for each event. In terms of the SE etlpesfiles suggest that despite Class 3 adapting
much faster than Class 2, the cumulative total dnopsychological health is greater for Class 3
because of its relatively large immediate negatégponse. The profiles also show that Class 2 has
the second largest cumulative drop in psycholodiealth, driven not by large immediate responses
but rather by slower adaptation. The magnituddt@ge psychological responses are not especially
large — the immediate response for Class 3 is ardlh percent of a standard deviation of
psychological health. However, Figure 3 presergsoitturrence-weighted average response for the
ten events, including ‘death of a friend’, ‘injuand illness to a relative’ and ‘victim of property
crime’, which are relatively common but estimatechive small impacts on psychological health
(see Appendix Figure Al).

Figure 4 further demonstrates the extent of hgemeity in the total pyschological loss
(TPL) associated with an SE (see equation (13)dati® 2). Approximately 5 percent of the
sample is estimated to experience a loss totalt¥dsa all periods of around 0.03 units of
standardised psychological health (corresponding 3topercent of a standard deviation).
Approximately 6 percent of the sample is estimateéxperience a loss of around 0.25 units (25
percent of a standard deviation). The dynamic dimtixture model thus predicts substantive
differences between the most resilient and leadiert individuals in our sample. Appendix Figure
A2 presents the total pyschological loss associatéth each event separately, similarly
demonstrating the significant level of heteroggnaitross individuals, but also demonstrating the
significant variation across the different typesaafverse events. For example, for ‘death of a
spouse or child’ and ‘death of a relative’, thestei@silient individuals experience a loss of atbun

135 percent and 6 percent of a standard deviafipsyxhological health, respectively.

4.3. Relationship between psychological resilieznoé adulthood characteristics

Table 4 shows the extent to which total psycholalgioss (TPL) following a SE is related to the
probability of experiencing each of the ten adveesents and to some key demographic and
socioeconomic characteristics in adulthood. To antkerpretation we split the predicted

psychological loss distribution into terciles: igcl are the most resilient with the smallest
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psychological loss, while the third tercile are thast resilient with the largest psychologicaklos
Looking at these adverse events, it is apparentitiust are reasonably well balanced across the
terciles, with no particularly large differenceshi§ suggests that our modeling framework has
controlled reasonably well for selection into thesents:’ For example, we can see that the more
resilient individuals in the first tercile are nlgaequally as likely to experience a significanatte

(of a spouse or partner; a friend; or a relatig)hmse in the second and third terciles. Howeter,
least resilient in the third tercile are more likéb be fired or made redundant, have an injury or
illness, and be a victim of physical violence, tllaose in the first and second terciles. Nonetlseles
we do not find that those who experience the srsiafisychological loss (first tercile) are also the
least likely to experience each of the ten adveveats. Rather, those in the second tercile have th
lowest likelihood of experiencing all of the teneews. This does not support the idea that people
who are experience more events become more rdsitiethat it is the weight of events that makes
people less resilient. Moreover, these results terstdipport resilience being is a fairly stablét ira
adulthood.

The fairly even spacing of events over tercilep®ychological loss also makes it unlikely
that our methodology is driven by some kind of évatensity; for example that the event itself is
more dramatic for some terciles (e.g. like a bigfyeancial loss, or a more serious illness or
accident). If that were the case, then we shoulel ®m®re pronounced differences in event
frequencies, particularly for those events thatliedy to be more intense that others (e.g. dedth
spouse). Instead, we find little heterogeneityha frequency of events, suggesting that what we
identify is more the reaction to the same stimairt to different stimuli.

While the average age for each tercile is arouhdlttere are fewer males in the third tercile
than females. This suggests that females suffargel psychological loss from major adverse
events than males (see Boardman et al., 2008, dascaission of gender differences in resilience).
The least resilient in the third tercile also arssllikely to be employed full-time, although there
little difference by highest education level in th&ychological response to adverse events across
the terciles. Similarly, the difference in househwmlcome between terciles is small, but it is gelit
lower for the third tercile, possibly reflectingater full-time employment than for individuals ineth
first and second terciles.

If our measure of psychological resilience is captuvalid variation, then we would expect
it to be strongly correlated with the probabilitiy leaving a mental health condition. Bases on the

information collected in the HILDA survey, the bmtt section of Table 4 shows the relationship

9 This shows the benefit of working with a large eétevents: we minimize the risk of biasing ourirestes by
selection into events on event-individual-specfifime-varying unobservables because the latter ikedylto be
independent.

23



between the psychological loss terciles and thelihkod of: (a) currently being diagnosed with
depression or anxiety; (b) currently taking medaratfor depression and anxiety; and (c) having
seen a psychiatrist or psychologist in the past.y&a see the very large differences, with those in
the third tercile (least resilient) having around-told greater likelihood (17.1 percent) of curign
being diagnosed with depression or anxiety thasehio the first tercile (2.4 percent), and nearly
double that of the second tercile (9.2 percentesEhdifferences also are clearly reflected in the
taking of prescription medication, and are greateshaving seen a medical specialist in the past
year (8.1 percent for the third tercile compare@.®percent for the first tercile). These subsvant
differences indicate that resilience (as we havasueed it) is an important construct that is relate

to large costs to the public health system.

4.4. Is resilience distinct from cognitive abildapd personality?
Next we investigate the correlation between esgohgisychological resilience and measures of
cognitive ability and personality collected in HIROdetails of how these measures are derived can
be found in Appendix C). Table 5 presents the egBsifrom a regression of our standardised total
psychological loss measure on these traits. Studitse psychology literature have identified high
intelligence as being predictive of resiliencehr face of adversity (Martinez-Torteya et al., 2009
Consistent with this literature, we find that cdgm ability is positively and significantly
associated with experiencing a smaller psycholddass from major adverse events (i.e. being
more resilient). However, the magnitude of thiatiehship is small, with a one-standard deviation
increase in cognitive ability associated with oal®.2 percent of a standard deviation reduction in
the total psychological loss to a standardised teven

A number of economic studies have found that hawangexternal locus of control is
associated with lower human capital and poorerdaloarket outcomes (see, for example, Cebi,
2007; Caliendo et al., 2015). We also find thateatternal locus of control is positively and
significantly related to having lower psychologiaaisilience following an adverse event. This
seems reasonable, because a higher internal Idaentiol is thought to characterise individuals
who are more self-controlled. Further, having aragc personality (partly defined as having a lack
of emotional stability) is significantly associatedth lower resilience (larger psychological loss).
Smaller but still statistically significant factoese extraversion (increasing with resilience) and
openness (decreasing with resilience). Togethersethintuitive correlations indicate that our
resilience measure correctly captures differem@aponses to adverse events. However, given the
moderate magnitude of these correlations and aguRrsd value of only 0.12, the results suggest
that resilience as estimated by our model is aepeddent construct from cognitive ability and
personality.
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4.5. Childhood predictors of adulthood psychologresilience

Our final analysis explores the relationship betwehildhood circumstances and resilience in
adulthood. As mentioned earlier, there exists delsibut whether resilience is a fixed trait or a
dynamic process. It is likely a combination of bettsimilar to the within-individual variation in
subjective wellbeing over time — but the relativeportance of the stable and time-varying
components are unknovifiRegardless of whether psychological resilience fisirly fixed trait (in
adulthood) or a dynamic process that moves in respdo different types of life events, it is of
interest to determine the extent to which childh@i@dumstances can predict resilience during
adulthood. Weak associations would suggest thathese incorrectly identified the relevant

childhood circumstances and/or that the stable oot of resilience is small.

Studies in psychology have found that low resdeerns correlated with many factors in
childhood, including poverty, parental mental iBsgpoor parenting, maltreatment, neglect, abuse,
and the experience of violence (Luttar et al., 30@&®eery et al. (2010) find that some (mild)
adverse experiences may foster resilience, givimg an advantage in terms of mental health and
wellbeing. Some factors that have been found tgdstively correlated with resilience are: a
positive and supportive relationship between caexgand child; competent parenting; good mental
health of caregiver; and, in terms of child chagastics, an engaging temperament and higher

cognitive ability (Martinez-Torteya et al., 2008).

As discussed in Section 3, the adult respondentsliLDA were asked to recall some
aspects of their childhood, including their familymposition, father’s occupational status and their
health as a chilé® Table 6 presents the results from models thatthiseretrospective data. First
using the full sample is a simple linear regressibthe total psychological loss to a standardised
event on childhood characteristics. Second, weeptesstimates separately by gender. Overall, our
model has some explanatory power in predicting tadod resilience, but much remains

unexplained with an R-squared of 0.035. The caefiicestimates suggest that a greater number of

2 n terms of locus of control, and the Big-5 pemsiiy traits, Cobb-Clark and Schurer (2012, 20183l fevidence of
high stability in adulthood, concluding that, “latmdividual changes are generally unrelated teestylife events and
are not economically meaningful.”

2L afifi and MacMillan (2011) review of psychiatry étature on resilience of maltreated children amdftictors that
provide protection. They note that, “although comapdity across studies is limited, family-levelcfars of stable
family environment and supportivelationships appear to be consistently linked wésilience across studies. There
was also evidence for some individual-level fagteteh as personality traits, although proxiemtdliect were not as
strongly related to resilience following child nrathitment”.

22 \We are unaware of any longitudinal survey thati@ms all of the information (i.e. life events) apbperties (i.e. a
long annual panel) that we need to estimate ounmaodel, and collects more detailed information specific
childhood adversities. Surveys such as the UK MatioChild Development Study (NCDS), the US National
Longitudinal Survey of Youth (NLSY) and the US Matal Longitudinal Study of Adolescent to Adult Hiba{Add
Health) have asked respondents to recall advesditien their childhood, but the long period betwsenveys would
not allow for the identification of psychologicalds (resilience) as we have been able to do; wéddwui observe the
timing of life events very well, and anticipationdafull adaptation to life events likely would baalbserved between
survey waves.
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siblings, having a working mother, and father hgvitied, each are associated with greater
psychological loss (or lower resilience) from anst@rdised adverse event, but these are only
significant at the 10 percent level. In particulasing your father in early life is associatedhat

0.9 percent of a standard deviation increase al figychological loss. We also find some evidence
of a socioeconomic gradient, as defined by broadipational class of father: having a father who

worked as a machinery operator/driver or a laboisr@ssociated with a 0.6 and 0.8 percent of a
standard deviation greater psychological loss, aethely, compared to the base level for

managers.

By far the strongest predictor of resilience inl#abod that we identify is childhood health,
and it follows a monotonic relationship. In comgan to a childhood of ‘excellent’ health, having
only ‘very good’ health increases psychologicaklédlowing a standardised event in adulthood by
0.7 percent of a standard deviation. This increases.4 percent, 2.3 percent, and 3.0 percent,
respectively, for ‘good’, ‘fair’, and ‘poor’ healthf we additionally include controls for cognitive
ability and personality traits in this model, theoag relationship between childhood health and
adult resilience remains. However, we are caut@sut over emphasising this finding for two
reasons. First, we cannot rule out that childhoealth itself might partially be reflecting earlyeli
resilience. Second, it is possible that part ef skrong relationship is explained by retrospective
bias in the reporting of childhood health. It isspibble that certain adverse events in adulthood may
‘change’ the way in which an adult recollects thehildhood circumstances., However, to the
extent that childhood health is capturing trueed#hces between respondents, then the finding of a
strong childhood gradient in adult resilience pdad additional support for the case of public
investment in health in the early years of lifee(§&ase et al., 2005).

The results by gender are similar to those inroolyl), with one notable difference being
the estimated coefficients for having a working heost For men, having a working mother during
childhood is associated with a 0.9 percent of ad#ed deviation increase in total psychological
loss (a reduction in resilience); for women thefttoent is near zero and statistically insignifinta
Using British data, Powdthavee (2014) found thatemmal employment status was an important
predictor of resilience to unemployment shocks agngoung adults, but in contrast to our results,

his association was stronger for women.

6. Conclusion

It is important to understand who in the populatignresilient, and how the distribution of
psychological resilience differs across the typeadverse life events that individuals commonly
experience. Examples are death of a spouse orsa friend, divorce, redundancy, bankruptcy and

crime victimisation. This knowledge provides pohmakers with information that can be used to
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better direct resources to individuals and comnmesimost at risk (Clark, 2016). In Graham and
Oswald’'s (2010) theoretical framework building heito capital increases resilience, which
smooths psychological responses to adverse evimits,reducing mental illness in society. In
Cuhna and Heckman'’s (2009) child development mduky highlight the benefits of developing
resilience, particularly for disadvantaged children

Particularly in psychology, a large literaturedses on childhood resilience, and how many
children who grow up in an environment of disadegetand adversity, overcome this difficult start
to life. A second body of research describes aadsifly the psychological responses of adults to a
wide range of events, much of the research coratéamjron bereavement and on different types of
natural disasters. However, many of these studiessfon only one type of event, and the analysis
often is conducted using small case-study sampheking any inference about the population
distribution of resilience difficult. In contragtere are still very few economics studies thatehav
focused on psychological resilience, despite thastsuntial economic costs of mental illness for
individuals, families, communities and workplaces.

In this paper, we have applied an empirical metlalothat builds upon recent studies,
mostly in psychology (see Bonanno et al., 2010; dfaret al., 2011) and economics (Clark et al.,
2005; Brown et al., 2014), that use latent clasdetimg techniques to better capture and inform on
the extent of heterogeneity in the psychologicadudrjective wellbeing response to adverse events.
In particular, we fitted a flexible mixed linearmlymic model of psychological health which allows
for individual heterogeneity in anticipation, comigoraneous impact, and adaptation speed, to 11
waves of nationally representative panel data. Mioeel takes into account the initial conditions
problem, and the fact that individuals are not canly allocated to experience adverse events.
Rather than focusing on only one type of event,amalyse detailed panel data allowing us to
jointly consider ten major adverse events. We floeeecan make broader generalisations about the
distribution of resilience in the population thaavk most previous studies. These adverse events
are important to examine because they are commexrperienced: some 42% of our panel
respondents report a major adverse event withidthgear window of observation. We then relate
our estimated measure of psychological resiliermek lto childhood, attempting to identify the
extent to which childhood socioeconomic circumsgsnpredict resilience in adulthood. While we
gain important insights from this analysis, givee tomplexities involved and data limitations, it
does not allow us to make any causal claims thatomng a specific aspect of childhood would
improve resilience in adulthood.

We find substantial heterogeneity in the psychaaliesponse to major adverse life events:
around one-third of the sample are little affect®d such events, while one-third experience
substantive declines in their psychological hedltherall, we identify 18 latent classes, each \aith
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different distribution of total psychological losdter a standardised event (see Figure 2). The
dynamic finite mixture model also predicts largéfedtences between the most resilient and least
resilient individuals in our sample. Notably, wadisome support for our measure of resilience in
the strength of its relationship with experience@nital health conditions: our measure of
psychological resilience is strongly correlatedhwiiteing diagnosed with depression or anxiety,
taking medication for depression or anxiety, andif@seen a psychiatrist or psychologist in the
last year. In particular, those who are estimateblet the least resilient are seven times moreylikel
to be currently diagnosed with depression or agxiean those estimated to be the most resilient.
Further, we show that our resilience measure cegtar different construct to cognitive ability,
locus of control, and the Big-5 personality tralfée find that resilience is significantly correldte
with these measures, in plausible directions, bedigt little of the variation in resilience.

Finally, we find some evidence that broad socioeaun circumstances in childhood are
predictive of psychological resilience in adulthpafthough there is much left unexplained by the
variables that we have available. In particularjlevive find some evidence of a childhood SES
gradient in adulthood resilience, with children whed a father working in unskilled or low skilled
occupations predicted to have lower adult resiketian children of professionals and managers,
the size of these differences is not large. Moralnlyg, we find that childhood health status is the
strongest predictor of future resilience, with pochildhood health being associated with
significantly lower psychological resilience. Thissult is supportive of a wider literature in
economics that emphasises the importance of tacklarly life inequalities in health, given their
long-term socioeconomic consequences (see, for @ea@ase et al., 2005; Goodman et al., 2011).

While the mixed linear dynamic model of psycholadibealth we apply is flexible, and we
think provides some advancement in the literatuneresilience by more fully capturing the
substantial heterogeneity in the psychological@asp to life events, it is not without its idenitfy
assumptions. In particular, we do not explicitlydebthe probability of occurrence of events and
we can only control for self-selection on time-inaat characteristic3NVe also have to assume that
the resilience parameters are independent frono¢herrence of events, and thus cannot allow for
resilience to have a dynamic component.

We believe that better understanding the populatistribution of resilience, which can
smooth psychological responses to commonly expeggtadverse events, and identifying the types
of individuals who are more or less likely to bsilient, are important topics for economists. By
reviewing in some detail the mainly psychologicaterhture, drawing attention to the
complementary research undertaken by economisthedslonic adaptation to life events, and

providing new evidence on the extent of heteroggniei psychological responses to common
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adverse life events, we hope that this paper vélp lpromote further research on resilience by

economists.
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Table 1: Descriptive Statistics for Adulthood Vénlies

M ean Std. Dev. Min M ax
Life Events
Major worsening in financial situation 0.029 0.169 0 1
Fired or made redundant by an employer 0.026 0.159 0 1
Separated from spouse or long-term partner 0.027 0.161 0 1
Death of spouse or child 0.006 0.079 0 1
Death of other close relative / family member 0.112 0.316 0 1
Death of a close friend 0.108 0.311 0 1
Serious injury or iliness to self 0.080 0.271 0 1
Serious injury or iliness to a close relative 0.168 0.374 0 1
Victim of physical violence 0.009 0.097 0 1
Victim of a property crime 0.040 0.197 0 1
Contemporary characteristics
Age 49.21 12.14 25 80
Male 0.467 0.499 0 1
Employed full-time 0.476 0.499 0 1
Employed part-time 0.216 0.411 0 1
Unemployed 0.018 0.135 0 1
Out of the labour force 0.290 0.454 0 1
Highest qualification: University degree 0.269 0.444 0 1
Highest qualification: Vocational diploma 0.316 0.465 0 1
Highest qualification: High school graduate 0.108 0.310 0 1
Highest qualification: High school dropout 0.307 0.461 0 1
Log household income 11.00 0.669 7.188 14.29
Married or cohabiting 0.774 0.419 0 1
Divorced or separated 0.109 0.312 0 1
Single and never married 0.117 0.322 0 1
Number of children 0.669 1.039 0 9
Cognitive ability and personality traits
Cognitive test score (std) 0.091 0.956 -3.482 3.204
External locus of control (std) -0.032 0.942 -1.831 3.622
Extraversion (std) -0.056 1.014 -3.206  2.393
Agreeableness (std) 0.057 0.936 -4.619 1.744
Conscientiousness (std) 0.138 0.964 -3.938 1.865
Neuroticism (std) 0.045 0.972 -3.727 1.660
Openness (std) 0.032 0.963 -2.975 2.621
Clinical measures of psychological health
Current diagnosed depression / anxiety 0.096 0.294 0 1
Take depression/anxiety prescription meds 0.047 0.211 0 1
Seen psychiatrist/psychologist in past year 0.055 0.227 0 1

Notes Sample size equals: 5,557 individuals (45,80%viddal-waves) for life events and contemporary
characteristics; 5,552 individuals for cognitivaliéypand traits; 4,506 individuals for clinical rasure of
psychological health. The cognitive ability andqmerality trait measures have been standardisedve h
a mean of zero and a standard deviation of oneeirfiuil HILDA sample.
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Table 2: Descriptive Statistics for Childhood Vaites

Mean Std.Dev. Min Max
Number of siblings 2.853 2.119 0 18
Immigrate< age 14 0.077 0.266 0 1
Parents divorced: Mother absent 0.012 0.108 0 1
Parents divorced: Father absent 0.060 0.237 0 1
Mother had died 0.011 0.103 0 1
Father had died 0.035 0.184 0 1
Lived without both parents 0.022 0.147 0 1
Mother employed at age 14 0.471 0.499 0 1
Father occupation: Manager 0.258 0.437 0 1
Father occupation: Professional 0.142 0.349 0 1
Father occupation: Technician / trade 0.240 0.427 0 1
Father occupation: Community / personal service 0.035 0.184 0 1
Father occupation: Clerical / administration 0.063 0.242 0 1
Father occupation: Sales 0.044 0.205 0 1
Father occupation: Machinery operator / driver 0.110 0.313 0 1
Father occupation: Labourer 0.109 0.311 0 1
General health: Excellent 0.563 0.496 0 1
General health: Very good 0.243 0.429 0 1
General health: Good 0.104 0.306 0 1
General health: Fair 0.037 0.190 0 1
General health: Poor 0.014 0.119 0 1

Notes Sample size equals N=5,266 individuals. All of4h measures are based on retrospective
accounts of childhood from adult HILDA respondents.
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Table 3: Dynamic Random Effect and Dynamic FinitextMre Models of Psychological Health

Dynamic RE Dynamic Finite Mixture Model
model
Finite Mixture Parameters
c=1 c=2 c=3
Lagged Psychological Health Parameter (p;)
Psychological health il 0.193*** 0.086" 0.470” 0.095”
(0.005) (0.011) (0.012) (0.012)
Immediate (ny;) and Anticipation (p4;) Parameters
Major financial worsening t -2 577 -0.242 -0.181 -5.709”
(0.190) (0.333) (0.457) (0.664)
t+1 -0.776*** -0.479 -0.670 0.092
(0.190) (0.295) (0.492) (0.489)
Fired or made redundant t -0.410** 0.124 -0.630 -0.733
(0.196) (0.269) (0.408) (0.621)
t+1  -0.892% -0.196 0.504 -1.564"
(0.196) (0.275) (0.372) (0.542)
Separation from spouse t -2.345%x* -0.362 -0.969 -4.557"
(0.205) (0.315) (0.503) (0.659)
t+1  -1.658*** 0.095 -1.016 -2.417"
(0.198) (0.324) (0.526) (0.641)
Death of spouse or child t -3.082%++ -0.649 -1.296° -10.073"
(0.409) (0.611) (0.616) (1.296)
t+1 -1.254%** -0.810 0.278 -2.117
(0.398) (2.015) (0.634) (1.318)
Death of close relative t -0.386*** -0.128 -0.077 -0.791"
(0.096) (0.121) (0.145) (0.266)
t+1 -0.058 -0.104 -0.205 0.228
(0.094) (0.114) (0.147) (0.233)
Death of close friend t -0.230** 0.074 -0.253 -0.577
(0.103) (0.117) (0.151) (0.255)
t+1 -0.143 -0.109 -0.124 -0.112
(0.101) (0.113) (0.153) (0.246)
Injury or illness to self t -2.301%*+ -0.159 -0.822" -5.106"
(0.117) (0.179) (0.346) (0.430)
t+1  -0.808** 0.150 -0.527 -1.377"
(0.115) (0.163) (0.236) (0.317)
Injury or illness to relative t -0.711%* -0.127 -0.419" -1.148"
(0.084) (0.100) (0.145) (0.230)
t+1 -0.214** -0.196 -0.085 -0.201
(0.084) (0.103) (0.140) (0.218)
Victim of physical violence t -2.172%x* -0.386 -0.150 -4.051"
(0.328) (0.459) (0.608) (1.535)
t+1 -0.855*** -0.633 0.354 0.222
(0.332) (0.462) (0.599) (0.952)
Victim of property crime t -0.387** -0.212 -0.181 0.060
(0.152) (0.189) (0.261) (0.375)
t+1 -0.241 -0.014 -0.480 -0.381
(0.158) (0.215) (0.284) (0.411)

36



Table 3: (Continued)

Finite Mixture Parameters

DRE c=1 c=2 c=3
Intercept (8;) and Error
Variance (o;) Parameters
k=1, probability weight p - 0.7% 1.9% 4.8%
Intercept 35.780 13.3107 32.665"
(1.519) (1.142) (1.168)
Variance 9.669 1.423" 3.508"
(0.662) (0.096) (0.146)
k=2, probability weight g - 11.6% 4.3% 3.0%
Intercept 31.917 4.651" 23.681"
(1.060) (1.076) (1.246)
Variance 5.511 8.756" 12.001"
(0.102) (0.259) (0.371)
k=3, probability weight g - 10.5% 5.5% 4.4%
Intercept 34.161 11.924" 35.907"
(1.064) (1.118) (1.174)
Variance 3.016 2.225" 4137
(0.061) (0.069) (0.139)
k=4, probability weight g - 5.4% 8.5% 5.4%
Intercept 37.708 10.546" 28.975"
(1.078) (1.099) (1.144)
Variance 2.565 3.560" 5.025"
(0.061) (0.093) (0.196)
k=5, probability weight g - 0.5% 0.7% 4.2%
Intercept 35.677 7.176" 23.008"
(1.087) (1.075) (1.145)
Variance 1.830 3.072" 6.857"
(0.055) (0.266) (0.236)
k=6, probability weight g - 0.5% 12.5% 11.8%
Intercept 41.323 8.922" 29.662"
(1.096) (1.070) (1.143)
Variance 2.849 6.037" 8.607"
(0.177) (0.115) (0.138)

Notes Column 1 reports results from a dynamic randofect$ model, where coefficients on lagged
psychological health and life events are homogenBakimns 2-4 report the estimated coefficientthef
dynamic finite mixture model for classes 1 to 3pexgively. The upper panel of Table 3 reports the
coefficients on lagged psychological health, andtemporaneous and future life events. The loweebpan
of Table 3 displays the finite mixture paramatensifitercept and variance heterogeneity. In botdets
we include as additional control variables with lg®nous effects (see Table A2): logarithm of
household income, age, age squared, male, laboukematatus (full-time employment, part-time
employment, unemployment, inactive (reference)yrele (university, vocationnal diploma, high-school,
less than grade 12 (reference)), marital statustr@aed, divorced or separated, single (refergnce)
number of children at home, year dummies. In botdefs, we also control for initial conditions by
including the initial level of psychological healtas well as the individual average of all timeywag
variables. Standard errors in parentheses. *,r &* denote statistical significance at the 0.0005
and 0.01 levels, respectively.
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Figure 2: Empirical Density and Predicted ClasscBjpeDensities
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Notes Black thick line: empirical distribution of psyalogical health (non-parametric fit);
grey lines: unconditional class-specific distriloats of psychological health simulated with the
dynamic finite mixture model, weighted by the prbitities m in the right panel, and
unweighted in the left panel.
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Figure 3: Heterogeneity in the Psychological RespdProfiles to a Standardised Event (SE)
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Figure 4: Heterogeneity in the Total Pyschologlaads (TPL) to a Standardised Event (SE)

n |
—

0 .05 1 15 2 .25 3
Total Psychological Loss

Notes Histogram of the distribution of Total Psychologi Loss (TPL) from a
Standardised Event (SE). The TPL is bounded abogéalow by values corresponding to
the most and the less resilient class.
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Table 4: Descriptive Statistics of Selected Adutith@haracteristics by Terciles of Total
Psychological Loss (TPL) to a Standardised EveB) (S

Terciles

1st 2nd 3rd
Adverse Events
Major financial worsening 2.2% 1.9% 4.2%
Fired or made redundant 2.3% 2.1% 3.1%
Separation from spouse 2.2% 1.7% 4.0%
Death of spouse or child 0.5% 0.4% 0.7%
Death of close relative 10.5% 10.6% 11.3%
Death of close friend 10.8% 9.6% 10.5%
Injury or illness to self 6.3% 5.9% 10.3%
Injury or illness to relative 16.0% 15.3% 18.3%
Victim of physical violence 0.7% 0.5% 1.4%
Victim of property crime 3.7% 3.7% 4.8%
Basic Characteristics
Age 50.25 49.11 48.03
Male 53.1% 47.1% 40.2%
Employed full-time 51.5% 48.0% 44.5%
University degree 28.0% 26.9% 26.6%
Vocational diploma 32.6% 30.6% 31.5%
High school graduate 11.2% 10.2% 10.9%
Log household income 11.03 11.02 10.94
Clinical psychological health
Current diagnosed depression / anxiety 2.4% 9.2% 107
Take depression/anxiety prescription meds 0.9% 5.1% 8.1%
Seen psychiatrist/psychologist in past year 1.7% 3%4. 10.3%

Notes Terciles of total psychological loss from a starttised event defined using the estimated
33% and 66 centiles. Sample size equals 5,557 individuals,8@% individual-waves) for
adverse events and basic characteristics, and #h8duals for clinical outcomes.
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Table 5: Linear Regression of Total Psychologicadd (TPL) to a Standardised Event (SE) on

Personality Traits and Cognitive Ability

External Locus of Control 0.013
(0.001)
Extraversion -0.003
(0.001)
Agreeableness 0.000
(0.001)
Conscientiousness -0.002
(0.001)
Neroticism -0.011T
(0.001)
Openness 0.003
(0.001)
Cognitive test score -0.002
(0.001)
R-squared 0.121
Sample Size 5552

Notes Figures are coefficient estimates from an OLS
regression. Dependent variable is the total psydicdl
loss in response to a standardised event, and &es b
standardised by the standard deviation in psyclcdbg
health. The personality variables, and cognitiv& seore
are all standardised to have standard deviatioalggone.
Gender, age and age squared are also includedasates

in the regression model. Robust standard errorslaoan

in parentheses. *, ** and *** denote statisticagsificance

at the 0.10, 0.05 and 0.01 levels, respectively.
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Table 6: Linear Regression of Total Psychologicadd (TPL) to a Standarised Event (SE) on
Childhood Circumstances

All Male Female
Male -0.014" - -
(0.002)
Age in years 0.002™ 0.002™ 0.001
(0.001) (0.001) (0.001)
Age squared / 100 -0.002™ -0.003" -0.002"
(0.001) (0.001) (0.001)
Number of siblings 0.001 0.001 0.001
(0.000) (0.001) (0.001)
Immigrate< age 14 -0.003 -0.005 -0.001
(0.004) (0.005) (0.005)
Parents divorced: mother absent 0.003 0.008 -0.004
(0.008) (0.011) (0.012)
Parents divorced: father absent 0.003 -0.008 0.010
(0.004) (0.006) (0.005)
Mother has died -0.004 -0.006 -0.001
(0.009) (0.014) (0.012)
Father had died 0.009 0.007 0.011
(0.005) (0.007) (0.007)
Lived without both parents 0.002 0.008 -0.006
(0.006) (0.009) (0.009)
Mother employed at age 14 0.004 0.009” -0.000
(0.002) (0.003) (0.003)
Father occupation: Professional 0.001 0.006 -0.004
(0.003) (0.005) (0.004)
Father occupation: Technician / trade 0.003 0.003 0.002
(0.003) (0.004) (0.004)
Father occupation: Community / personal service 0.002 0.003 0.002
(0.005) (0.008) (0.007)
Father occupation: Clerical & administration -0.005 -0.000 -0.009
(0.004) (0.006) (0.005)
Father occupation: Sales 0.003 -0.002 0.007
(0.005) (0.007) (0.007)
Father occupation: Machinery operator / driver 0.006 0.010° 0.003
(0.003) (0.005) (0.005)
Father occupation: Labourer 0.008" 0.006 0.009
(0.003) (0.005) (0.005)
General health: Very good 0.007" 0.008" 0.007
(0.002) (0.003) (0.003)
General health: Good 0.014” 0.018" 0.012”
(0.003) (0.005) (0.004)
General health: Fair 0.023" 0.024” 0.023"
(0.004) (0.007) (0.006)
General health: Poor 0.030” 0.032° 0.029”
(0.008) (0.015) (0.010)
R-squared 0.035 0.030 0.024
Sample Size 5266 2460 2806

Notes Figures are coefficient estimates from OLS regims. Dependent variable is the total psycholdgdigss in
response to a standardised event. It has beerasthigedl by the standard deviation in mental he@lthitted categories are
lived with both parents, manager and excellentthed dummy variable for 204 missing observationsgeneral health is
also included as a covariate in the regression mddere are 291 fewer individuals in this analydise to missing
information on childhood circumstances. Robustretdad errors are shown in parentheses. *, ** andd&note statistical
significance at the 0.10, 0.05 and 0.01 levelgpeetvely.
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Appendicesto go online

Appendix A: Additional Results

Table Al: Measurement of the Psychological (Mentealth Component of the SF-36

Domain-gpecific scales of the SF-36 Factor loadings Scoring coefficients
Physical functioning 0.179 -0.090
Physical role functioning 0.283 -0.106
Bodily pain 0.327 -0.067
General health perceptions 0.489 0.059
Vitality 0.701 0.279
Social functioning 0.659 0.236
Emotional role functioning 0.575 0.155
Mental health 0.800 0.431
Correlation of the MHC with life satisfaction 0.479

Observations 25,085 individuals observed at inclusion

Notes:results from a factor analysis of the eight dorsgircific scales of the SF-36, with a two-factolugon
obtained after varimax rotation (mental health ahgsiological health). The factor loadings are #stimated
coefficients of a ‘regression’ of the domain-spiecgcale on the two factors. The scoring coeffitseare the
estimated coefficients of a regression of the untkdedized mental health score on the eight domaéeiic
scales.
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Table A2: Estimation Results — Control variables

Dynamic RE Dynamic Finite
model Mixture M odel
Log Household Income 0.180* 0.071
(0.087) (0.082)
Age/10 -0.221 0.502
(0.529) (0.429)
(Age/10Y 0.092%** 0.017
(0.031) (0.024)
Male 0.065 -0.262%**
(0.120) (0.077)
Employed: Full-time 0.133 -0.548***
(0.145) (0.160)
Employed: Part-time 0.578** -0.089
(0.131) (0.141)
Unemployed 0.003 -0.318
(0.257) (0.325)
University degree 0.107 0.085
(0.143) (0.089)
Certif./Dip. Degree 0.093 0.247***
(0.128) (0.088)
12 years of schooling -0.059 -0.004
(0.178) (0.111)
Married or cohabiting 0.586** 0.366
(0.254) (0.281)
Divorced or separated 0.321 0.551
(0.317) (0.386)
Number of children -0.210%** -0.165***
(0.062) (0.062)
Other control variables Year dummies Year dummies
Initial conditions Initial conditions

Notes: Estimation results of the Dynamic random Effect ¢hd Dynamic Finite Mixture Models for the
sociodemographic control variables. Standard eiroarentheses.p < 0.10, p < 0.05, p < 0.01. Omitted
categories are: female, not active, less than gta@dehooling, and single.
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Figure Al: Heterogeneity in the Psychological ResgoProfiles by Life Event
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Appendix B: Technical Appendix

Estimation procedure

For given values of C, Kand L, the individual likelihood is a discrete mixture:

Pr(Hy ... Hir 1S X Ho W 3,0 )x

ll[¢[Hit —acH =% i S i §y N W—akc]
expey.)

(B1)

Maximising directly the corresponding log-likelindaevill present computational difficulties
due to the non-linearity of the model and the nundfigparameters. We overcome this issue by
implementing the iterative Expected-MaximisationM)Ealgorithm originally proposed by
Dempster and Laird (1977).

E-step: For initial values of the paramete..o, .0, .1, A, o, and for each individual,

use the parametric specification (B1) to compugepbsterior probabilities

Puc =PI = pe ot = 11 =0 [Hy,. . Hy, § X Ho W3, )

=Prlp, = pe ot =t 0 =0 [Hiy . Hir . § X Ho W 5,4 ) (B.2)
_ PucPr(Hi Hy [S .6 Ho o W =0 #=n 0=60. B.A)

- Pr(Hi - Hir 1S X Ho W 3.0 )

M-step: Substitutepye with pc in (B.1.) and maximize the log-likelihood to upelathe

c K L

parameterges O sthe A4 . Updatepie by maximizingd > > b IN( ) with respect
c=1 k=1 I=1
C K. L
to puc and subject t) > > Py, =1.
c=1 k=1 I=1

The E and M steps are alternated until the relatiféeerence in two successive set of
parameters (Euclidean norm) is less than a toleramiterion. Tolerance is set to le-3 for
model selection and to 1e-6 for the final estimal@sspeed up the estimation in the phase of
model selection, we apply a trimming procedurensM-step by settingixc to 0 whenevepic

is lower than 1e-12. It is well known that the ergail identification of finite mixture models
can be difficult, essentially because the likeliddonction can be quite flat in some regions of
the parameter space. For a better detection ajlthel maximum of the likelihood function, it
is crucial to find good starting values for theiindual weightspixc in the initial M-step. In the
phase of model selection, we have experimentedrerage with ten different sets of randomly
chosen starting weights for each model specificaitioorder to be sure that we had identified

global maxima. For our final estimates, we haveo alssted ten different sets of starting
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weights, and eight cases resulted in the same Iglohgimum. The robustness of the results
were eventually checked with a simulated anneglmogedure (Celeux et al., 1996).

Finally, the variance of the estimator is computgd_ouis' formula (Louis, 1982), with
computation of likelihood scores at the level otibeholds to account for the panel dimension
of the data.

Model Selection

There is a lack of guidance from the econometristatistical theory on the estimation and
inference on the optimal number of componentsniteimixture models— here @& K. andL..

As our main objective is to identify the individuagterogeneity in the relationship between life
events, we have chosen to focus on the statidticall the model. Following the usual practice
in applied literature, we here rely on a penalilikelihood criterion — the Bayesian Information
Criterion (BIC: McLachlan and Peel, 2000, chap.T®)e lower is the BIC the better is the fit.
Alternative information criterion, such as the Atailnformation Criterion or the Consistent
Akaike Information Criterion, do not change the icleoof the final specification. Note also that
it is difficult to use standard likelihood ratioasistics because it has a non-standard limiting
distribution when one compares models with differemmbers of components (Liu and Shao,
2003). Recent developments in this area (e.g. Gheal., 2012) are, to the best of our
knowledge, not applicable to our model.

There are a large number of candidate specificati®Ve have chosen to restrict our
attention to specifications witlC=2 or C=3, a maximum of four components for the
autoregressive parameter and the same number of compondfgdor all c. We have been
unable to estimate consistently models witlgreater than 7. When the number of components
Y.cK.L. becomes large, then the mass of one or severghaments tend to zero. Therefore,
Table B1 below reportBIC values only for the specifications for which esitian was easily
reproducible: convergence to the same global maxinior a number of different starting
values.

In a pre-selection step, we set tolerance at deeBthe trimming parameter at le-6.
Increasing the number of points for the distribatiof the intercept and the variancec K
increases the fit (lower BIC). The model with C=8nponents for modeling the heterogeneity
in the short-term impact of life eventg)(L.=1 and K:=5, seems to provide the best fit.
However, increasing. to 6, does not result in a large loss of qualitgnce, in a second step
(bottom line), we have tightened up the convergeacdeerion (to 1le-6) and relaxed the
trimming parameter (to 1e-32). Note that the Bl@rdases again and, now, the specification
with C=3, L.=1 andK =6 provides the best fit.
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Table B1: BIC

C L; L, L3 Kc— 4 5 6 7
N S S
Step 1: convergence tolerance £ 1trimming = 1°°
2 1 1 BIC 287124 286763 286581 286527
2 2 1 BIC 286788.97 286539 286501
2 2 2 BIC 286647 286552 286463
3 1 1 1 BIC 286540 286452 286480
Step 2: convergence tolerance £1trimming = 1**
3 1 1 1 BIC 286210 286159

Figure 2 illustrates the fit of the model. The lpfinel 2a presents in grey the estimated density
functions of psychological health for each of ttfeecbmponents. The black line represents the
empirical density of psychological health for ttetimation sample. The right panel 2b presents
the same estimated density functions, scaled by wheghts in the population. They add up to
adjust to the empirical density of psychologicaltiein black.

Appendix C: Derivation of Cognitive Ability and Personality Traits
Cognitive ability is measured in Wave 12 of HILDAing three tests: (1) Backwards Digits
Span (BDS) test; (2) a 25-item version of the NalcAmerican Reading Test (NART); and (3)
the Symbol-Digit Modalities (SDM) test. The BDS & traditional sub-component of
intelligence tests and measures working memory.sphe interviewer reads out a string of
digits, which the respondent has to repeat in sevesrder. NART measures pre-morbid
intelligence. Respondents have to read aloud andopince correctly 25 irregularly spelled
words. SDM is a test where respondents have tohmatmbols to numbers according to a
printed key that is given to them. It was origigadleveloped to detect cerebral dysfunction but
is now a recognised test for divided attentionu&isscanning and motor speed. To derive a
summary measure for cognitive ability, we applieidctor analysis to all three test scores, and
the first factor is then predicted and standardisedean zero and standard deviation one.
Personality is measured in HILDA in Waves 5 andisthg a version of the Big-5
Personality Inventory in which 5 personality tragi®e quantified: extraversion, agreeableness,
conscientiousness, emotional stability (sometimegensed and labelled neuroticism), and
openness to experience. Each of these trait vasdidve been re-scaled to have a mean of zero
and a standard deviation of one, with higher scamegcating that the individual is well
described by the personality type. Most individuasdsour estimation sample are assigned
personality values from Wave 5 (87%), but individuaith missing Wave 5 information are
assigned personality values from Wave 9.

50



Our second measure of personality (or non-cogndiwéty) is locus of control, which
is described by Rotter (1966) as a “generalizetiudd, belief, or expectancy regarding the
nature of the causal relationship between one’s bemavior and its consequences”. It is
generated from a locus of control questionnairéusted in Waves 3, 4, 7 and 11 that requires
respondents to evaluate seven statements (e.gv# little control over the things that happen
to me”) using a one (strongly disagree) to sevénorigly agree) scale. We add the responses
(some items reversed) to form a locus of contrdexy which is again re-scaled to have mean
zero and standard deviation one. Higher scoreshenndex indicate that the individual has
external control tendencies, implying that theyidaad their outcomes are due to external forces
rather than due to their own efforts. As with thig-B personality variables, we assign each
individual locus of control information from therBast possible wave (Wave 3, for 75% of

respondents).
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