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Non-Technical Summary

There have been clear deteriorations in the mental health of Australians since around 2010, with most of
this worsening believed to have occurred among young adults under age 35. However, to date it remains
unclear whether these adverse mental health trajectories are because of age itself, or whether it might
be linked instead to when people were born rather than how old they are. Given this observed
deterioration in mental health among Australians over the past decade, this study investigates to what
extent this deterioration differs in people born in different decades. We therefore test for possible cohort

differences in the mental health of Australians.

Using 20 years of data from the Household, Income and Labour Dynamics in Australia (HILDA) Survey, we
find that the observed deterioration in mental health in the Australian population over time is most
consistent with a cohort effect rather than a temporary age-effect. Notably, it is those individuals from
the more recent cohorts, especially those born in the 1990s and to a lesser extent those born in the 1980s,
who show the strongest trajectories of worsening mental health over time. Individuals in this cohort
report worse mental health than earlier cohorts at the same ages. There is little evidence that mental
health is worsening with age for people born prior to the 1980s. Because our model allowed us to predict
future trajectories based on the current trajectory, we expect this decline in the most recent generations
will continue as they age. The findings are similar for men and women, and the results are robust to

alternative samples and measures used.

The findings from this study highlight that it is the poorer mental health of Millennials that is driving the
apparent deterioration in population-level mental health. Understanding the context and changes in
society that have differentially affected younger people may inform efforts to ameliorate this trend and

prevent it continuing for emerging cohorts.
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Abstract

Given the observed deterioration in mental health among Australians over the past decade, this study
investigates to what extent this differs in people born in different decades — i.e., possible cohort
differences in the mental health of Australians. Using 20 years of data from the Household, Income and
Labour Dynamics in Australia (HILDA) Survey, we find strong evidence that cohort effects are driving the
increase in population level mental ill-health. Deteriorating mental health is particularly pronounced
among people born in the 1990s and seen to a lesser extent among the 1980s cohort. There is little
evidence that mental health is worsening with age for people born prior to the 1980s. The findings from
this study highlight that it is the poorer mental health of Millennials that is driving the apparent
deterioration in population-level mental health. Understanding the context and changes in society that
have differentially affected younger people may inform efforts to ameliorate this trend and prevent it

continuing for emerging cohorts.
Keywords: Mental ill-health, cohort effects, trajectories, Australia
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Introduction

There is recent evidence from many countries that population mental health has worsened
over time, even prior to the COVID-19 pandemic. In Australia, this pattern is most strikingly
illustrated by the increasing rates of reported mental and behavioural disorders in the regular
National Health Survey series, increasing from 9.6% of Australians aged 15 years and over in
2001 to 20.1% in 2017/18 (Australian Bureau of Statistics, 2018) and increasing even further
to 21.4% in 2020/21 (Australian Bureau of Statistics, 2022). Such evidence of worsening
mental health is consistent with data showing the increasing use of both psychotropics and
therapeutic services within populations (Peach et al., 2022). The worsening mental health
over time is also shown in measures of psychological distress, including research using large
longitudinal panel surveys such as the Household, Income and Labour Dynamics in Australia
(HILDA) Survey, which showed a broad increase in overall rates of psychological distress
(Kessler-10 scores) in Australia from 4.8% to 7.4% between 2007 to 2017 across the 18 to 64
age-ranges (Butterworth, Watson, & Wooden, 2020). Most other OECD countries have
observed similar worsening in population levels of mental health, particularly among young
people in the UK, USA, Netherlands, and Japan (Hidaka, 2012; Nishi, Susukida, Usuda,
Mojtabai, & Yamanouchi, 2018; Ormel, Hollon, Kessler, Cuijpers, & Monroe, 2022; Twenge,
Cooper, Joiner, Duffy, & Binau, 2019), though this pattern is not ubiquitous (e.g., not in
Canada: Patten et al., 2016). This paper seeks to better understand the factors potentially
driving this increase in mental ill-health among Australians over time, in relation to period,

age and cohort effects.

The worsening of population mental health over time may be a period effect to the extent
that it reflects a ubiquitous change experienced by all groups in the population at the same
point in time, regardless of age. This could, for example, reflect a change in risks that affect
everyone (e.g., climate change). Alternatively, recent widespread international disruptions,
such as the global financial crisis (GFC) or the COVID-19 pandemic which both resulted in loss
of economic opportunity, may have also broadly impacted on the mental health of all
(Butterworth, Schurer, Trinh, Vera-Toscano, & Wooden, 2022; Glozier, Morris, & Schurer,

2022).
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An overall worsening of population mental health over time may be a consequence of age
effects in the context of changing population age structures, e.g., associated with population
ageing (Baxter et al., 2014; Ferrari et al., 2013; Vos et al., 2016). Such ’age effects’ reflect
differences in rates of poor mental health tied to age but independent of the period and
cohort. Comparing age groups over the population has revealed a U-shaped pattern in mental
wellbeing in large cross-sectional surveys. These hedonic aspects of wellbeing (often
measured using questions similar to those used to assess distress, but with a different
valence) decline from young age groups (e.g., 18-20) to middle-age (50-55) before increasing
to a peak at 70-75, although there are cultural and national differences (Steptoe, Deaton, &
Stone, 2015; Stone, Schwartz, Broderick, & Deaton, 2010). In Australia, Burns, Butterworth,
& Crisp (2020) evaluated age-related changes in the mental health of Australian adults using
17 years of HILDA data (2001-2017). Using the mental health inventory (MHI-5) derived from
the SF36 they report only very small differences in mental health over age-groups, but an
emerging downward trend for the youngest (18-24) and very oldest adults (75+) in 2017 data,

which suggests an inverted U-shaped pattern may be emerging across the age range.

In contrast to age-related changes, which reflect consistent variation in mental health over
the lifespan irrespective of time, mental health may also vary by birth cohort. Cohort effects
refer to variance over time that is specific to individuals born in or around certain years (e.g.,
generational differences between “Millennials” and “Baby Boomers”). Cohort differences in
mental health are more likely to reflect widespread societal changes in risk factors or
vulnerability that differentially affect cohorts, such as the penetration of social media, as they

are associated with the person-specific differences which persist over the age-range.

Because of the linear dependency between age-, cohort-, and period-effects (Bell, 2020;
Fienberg & Mason, 1978; Kratz & Briderl, 2021), disentangling age-related effects from
cohort effects in mental health is fraught, but crucial if we are to identify the groups most at
risk and potentially target effective prevention or early treatment approaches. There is no
technical way to solve the dependency and identify the unique effect of each in a linear model
(Fienberg & Mason, 1978; Holford, 1983; Luo, 2013). Adding covariates changes the model
but not the identification problem. The only way to solve this issue is by fiat; that is by

conceding some constraint whose appropriateness cannot be tested (Fienberg, 2013;
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Fienberg & Mason, 1985; Mason & Fienberg, 1985), or by focusing on nonlinear effects and

possibly some interactions (Bell, 2020).

In this paper, we aim to distinguish whether the widely observed rise in mental ill-health, an
observed period effect, in Australia is due to variation with age, or differences between birth
cohorts. To remove the linear dependency and identify any differences in trends between
cohorts, we model mental health (MHI-5 scores) for each cohort as a nonlinear smooth
function of age. Comparisons between smooths allow us to determine whether the average
level of mental health differs between cohorts (controlling for age), and whether the

trajectory of mental health (over age) differs between cohorts.

Methods

Data and study design

This analysis draws on 20 annual waves of longitudinal data from the Household Income and
Labour Dynamics in Australia (HILDA) survey. The HILDA Survey is a nationally representative
household panel (aside from those in very remote Australia and those in non-private
dwellings) that commenced in 2001 with 13,969 participants within 7,682 households. The
study design follows all original household members over time, includes people who join
households in which an original household member resides, and included a top-up sample
(adding an additional 2,153 households) in 2011. Attrition rates from the study are low by
international standards, with the re-interview rate increasing from 87% in wave 2, to over

95% in wave 8 and subsequently.

At each wave, data is collected through a face-to-face interview (with option for a telephone
survey) and a separate self-completion questionnaire (SCQ). Given the key measures in the
current study are drawn from the SCQ, the current sample is limited to those who completed
the SCQ in a given year. For this analysis, the birth cohort of each person was defined by the
decade of birth year (1940s, 1950s, 1960s, 1970s, 1980s, 1990s). Thus, persons can only
contribute to a single birth cohort, but can be observed multiple times across survey
years/ages. Persons were excluded if they were born prior to 1940 or after 1999 due to

inadequate sample sizes. Demographic details of the sample are provided in Table 1.
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Mental lll-Health Measure

The MHI-5 is a subscale of five items assessing positive and negative aspects of mental health
from the SF-36 (Batterham, Sunderland, Slade, Calear, & Carragher, 2018; Cuijpers, Smits,
Donker, Ten Have, & Graaf, 2009; Ware Jr, 2000; Ware Jr & Sherbourne, 1992). It is well-
validated as a screening instrument or dichotomised to provide a proxy of common mental
disorders in population research (Hoeymans et al., 2004; Rumpf et al., 2001). Respondents
are asked to state how often they have experienced each of the following during the past four

weeks:

1. “Been anervous person”

2.  “Felt so down in the dumps nothing could cheer you up”
3. “Felt calm and peaceful”

4. “Felt down”

5. “Been a happy person”

In accordance with the manual (Ware, Snow & Kosinski 2000), items were recoded so that
higher scores indicated better mental health. Raw scores were summed across the items and
then transformed to a 0-100 scale. A person-specific score was estimated in any year on which
there were valid responses on three or more items, the average being calculated and applied

to missing data.

In sensitivity analysis, we repeat the key analysis using the 10-item Kessler scale of
psychological distress (K10) that has been included in every second wave of the HILDA Survey

since 2007.

Analysis

We estimate penalized smooth trends for each cohort using restricted maximum likelihood
(REML) in a generalized additive mixed modelling (GAMM) setting (Wood, 2004, 2006, 2011;
Wood, Pya, & Safken, 2016). This is an analogue to a linear multilevel model with varying
intercepts and slopes among the cohorts, but here the slopes are allowed to “wiggle”. The

model includes a global smoothing term for the effect of age as well as cohort-specific terms,
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so each cohort is allowed to have its own functional response, but the penalty ensures that

functions too far from average are penalized.

Each smoother f is represented by a sum of p simpler, fixed basis functions. The basis
functions (splines) were estimated by quadratically penalized likelihood maximization for

automatic smoothness selection, with a starting value of p = 9:

yit = Pr(cohort;) + f(age;) + fix(ageir) + §; + €
€ ~ N(O, ¢O-2)

Where y;; is the continuous MHI-5 score for each person i over age t; B[] is the mean MHI-
5 estimate for each k = 1... K birth cohort, after accounting for variations in trend over age;

and fix) are smooth functions for the trend in MHI-5 scores over age for each cohort.

The smooth trends were centered for identifiability reasons (Marra & Wood, 2012; Wood,
2013), however the resulting model estimation allowed two important comparisons: Firstly,
the mean MHI-5 estimates (f[,]) provided comparisons for the average difference in mental
health between cohorts. However, interpreting these differences is difficult in the presence
of trends over age in each cohort. For example, a mean difference could be due to a
decreasing trend with age in one cohort or an increasing trend in the other cohort, rather
than consistent differences in mental health over the age range. Thus, an important
advantage provided by the current model are the centered fj;) smooth functions from which
differences in trends between cohorts are directly estimated. The resulting difference
smooths are also centered around zero and so mean differences in mental health are not
accounted for by these smooths, but they will reveal whether mental health is changing with
age in one cohort relative to the other, reference, cohort. The difference smooths also directly
estimate the uncertainty around the difference, with confidence intervals that include the
uncertainty about the mean difference as well as the centered smooth itself. This results in

intervals with close to nominal (frequentist) coverage probabilities (Marra & Wood, 2012).
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We did not compare cohorts more than a decade apart since there are few or no overlapping

age groups observed, so we restricted ourselves to the five (K — 1) pairwise comparisons

between each cohort and the next oldest cohort (i.e., the reference cohort).

To account for the person-level dependency when survey participants are measured more
than once, we included a first-order autoregressive AR(1) term ¢ for the residuals based on
the unique cross-wave ID for each person i = 1...1, which is equivalent to including the
person-level random intercept {; nested within cohort. In sensitivity analyses we explored the
influence of period effects, sex, and first interview, as well as comparisons with psychological

distress. The results are presented in the Appendix.

Results

The demographics of each cohort are shown in Table 1. The characteristics associated with

the latest observation from each person is presented.
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Table 1. Demographics stratified by birth cohort
Characteristic 1940s, N = 19505, N = 1960s, N = 1970s, N = 1980s, N = 1990s, N =
2,7911 3,8901 4,564! 4,614! 6,1331 5,2651
Female 1,417 (51%) 2,043 (53%)  2,385(52%) 2,368 (51%) 3,118 (51%) 2,718 (52%)
Age (years) 72 (65, 75) 62 (55, 66) 53 (46, 56) 42 (34, 46) 31 (24, 35) 24.(21, 27)
MHI-5 score 80 (60, 88) 80 (64, 88) 76 (60, 84) 76 (60, 84) 72 (60, 84) 72 (56, 80)
Very high distress (K10 > 82 (3.7%) 190 (6.3%) 243 (6.8%) 290 (8.4%) 407 (8.8%) 594 (13%)
29)
Employment
Employed 587 (21%) 1,993 (51%) 3,458 (76%) 3,646 (79%) 4,722 (77%) 3,779 (72%)
Not in labour force 2,189 (78%) 1,820 (47%) 928 (20%) 741 (16%) 1,000 (16%) 965 (18%)
Unemployed 15 (0.5%) 77 (2.0%) 178 (3.9%) 227 (4.9%) 411 (6.7%) 521 (9.9%)
Highest Ed.
None 1,252 (45%)  1,201(31%) 1,213 (27%) 808 (18%) 1,150 (19%) 1,140 (22%)
Highschool 1,044 (37%) 1,728 (44%) 2,165 (47%) 2,292 (50%) 3,147 (51%) 2,965 (56%)
Grad 490 (18%) 960 (25%) 1,184 (26%)  1,511(33%)  1,832(30%) 1,160 (22%)
Chronic illness 1,524 (55%) 1,518 (39%)  1,348(30%) 999 (22%) 1,011 (16%) 945 (18%)
Relationship
Married/De Facto 1,889 (68%) 2,750 (71%)  3,258(71%) 3,197 (69%) 3,551 (58%) 2,346 (45%)
Separated/Divorced/Wi 774 (28%) 866 (22%) 778 (17%) 427 (9.3%) 213 (3.5%) 37 (0.7%)
dowed
Single 127 (4.6%) 271 (7.0%) 528 (12%) 989 (21%) 2,367 (39%) 2,881 (55%)

1n (%); Median (IQR). Total observations within each cohort: 1940s = 31,871; 1950s = 43,472; 1960s = 48,800; 1970s = 42,379;
1980s = 45,391; 1990s = 30,184.

Later cohorts in our sample are more likely to have poorer mental health (lower MHI-5
scores), higher distress, more likely to be single and unemployed, and less likely to be

chronically ill or disabled.

The complete range of ages within each cohort, which includes every observation of each
person in every year included in the final model, is shown in Table 2. This clearly demonstrates

the overlap in age between adjacent cohorts.



Table 2. Age distribution by cohort

cohort youngest median oldest observations
1940s 52 66 80 31,871
1950s 42 56 70 43,472
1960s 32 46 60 48,800
1970s 22 37 50 42,379
1980s 15 27 40 45,391
1990s 15 21 30 30,184

Figure 1. Age and cohort effects on mental health over the past two decades
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Figure 1 shows changes in MHI-5 scores in each survey year by age at time of survey (left

panel), and the trends in each birth cohort as it ages (right panel), where the dotted line

represents the average age effect ignoring cohort. Mental health is worse for younger age-

groups in each survey year, but this age-related discrepancy is much greater in more recent
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surveys (left panel), consistent with evidence of a cohort effect. The right panel shows that
mental health is worse for more recent generations, where deviations from the dotted line
indicate the presence of a cohort effect. In particular, Millennials (those born in the 1990s)
have a lower score at the same age as earlier generations, and the later cohorts do not show
the age-related increase seen in other earlier cohorts as they age. At age 30 the average MHI-

5 score of those born in the 1990s is about 67 on the 0-100 scale, compared to about 72.5

and 74 for people born in the 1980s and 1970s respectively.

Some combinations of ages/years were not observed for all age-groups (left panel) or cohorts
(right panel). For example, people born prior to 1940 were excluded and so the earliest year
observed for the oldest age group (65-74) was 2006, and the left panel shows the trend line
for that age group does not extend earlier than 2006. Likewise, the earliest age observed of
people born in the 1940s was 52, and so the trend line for that cohort does not extend earlier

than that age (right panel).

Some trend lines are flat (e.g., left panel, ages 65-74; right panel, 1960s cohort), which is a
result of the penalised smoothing spline determining that no additional degrees of freedom
are required to support curvature to explain the variance in that group over years/ages. The
left panel suggests that the negative effect of time (survey year) on mental health gets smaller
as age increases, and for those aged 65 and above there is an absence of a time trend. In the
right panel, in contrast, the flat line for the 1960s cohort reflects that this is the middle point
of cohorts when moving from worsening mental health with age for more recent cohorts and

more distant cohorts showing improving mental health with increasing age.

Uncertainty is not quantified (e.g., confidence intervals) in these plots, but pairwise
comparisons of the average difference between each cohort and the immediately prior cohort
(reference cohort) is presented in Table 3. Moreover, Figure 2 presents the difference
smooths for each pairwise comparison to statistically compare the trends over age between

cohorts.
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Table 3. Pairwise differences in average mental health between cohorts

contrast conf.low estimate conf.high p.value
90s vs. 80s -4.094 -3.576 -3.059 0.000
80s vs. 70s -2.381 -1.603 -0.824 0.000
70s vs. 60s -1.594 -0.995 -0.395 0.001
60s vs. 50s -1.294 -0.790 -0.287 0.002
50s vs. 40s -1.326 -0.738 -0.150 0.014

There are significant pairwise differences between each cohort and its reference cohort (ps <
.05), indicating poorer mental health scores in the later cohort of each comparison. These
results represent the mean differences in MHI-5 scores of each cohort, and as such
interpreting these differences is difficult given the presence of age effects within each cohort.
For example, the mean difference could be due to a decreasing trend with age in the later
cohort, or an increasing trend in the earlier cohort, rather than differences in mental health
over all ages. Pairwise comparisons of the smooth trends over age for each cohort are thus

presented next.

Figure 2 shows the smooth trend estimates, along with 95% confidence intervals (which
include the uncertainty about the overall mean as well as the centred smooth itself). In each
row the earlier cohort is shown in the left column as the ‘reference smooth’, and the
estimated difference between the reference cohort and the cohort born in the subsequent
decade is shown in the right column as the ‘difference smooth’. A significant difference in
trend or slope is indicated by 95% confidence intervals which exclude zero (horizonal line) in

opposite directions at each endpoint.

10
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Figure 2. Centered estimates of cohort trajectories (left) and their differences to the
subsequent cohort (right)
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The trend in the centered difference smooths (right panels) reveals whether the change in
MHI-5 scores, or slope, of the later cohort is significantly different from the slope of the earlier
reference cohort (left panels) over the same age range, i.e., a cohort effect. For example, a
significant negative slope in the right panel demonstrates MHI-5 scores are declining over
time in the later cohort at a faster rate than the reference (earlier) cohort. However, a
negative slope in the right panel does not by itself indicate whether average MHI-5 scores are
deteriorating in that cohort as they age. Inspection of the reference cohort in the left panel is
also necessary to determine whether the decline observed in the right panel represents a true
deterioration in mental health. For example, the 1990s difference panel reveals the 1990s
cohort’s mental health trajectory is significantly declining with age relative to the 1980s
cohort, and the 1980s smooth (reference in the right panel) is also significantly deteriorating
relative to its own mean baseline. Together this represents evidence that MHI-5 scores in the
1990s cohort are declining even faster than the deteriorating mental health of the 1980s
cohort. Compare this to the 1960s difference smooth in the right panel, where there is also a
significant negative slope. Here the trend in the 1950s reference smooth (left panel) is
positive, so the negative difference in the right panel is not due to changes in the 1960s cohort
but rather improvement in mental health with age in the 1950s cohort. In general, no cohort
shows a steeper decline relative to its reference than the 1990s cohort, and when cohorts
prior to the 1990s cohort tend to decline relative to their earlier reference cohort (right

panels) it is not due to a deterioration relative to their own mean baseline (left panels).

The statistical significance of the smooth differences indicates where the slope in differences
between cohorts are non-zero (i.e., positive or negative). As such they reveal the presence of
cohort-effects adjusted for age. Table 4 reports relevant p-values based on Nychka (1988).
The p-values indicate that cohort effects exist between each of the recent adjacent cohorts,
but the effect declines for earlier cohorts and is not evident between the earliest two cohorts

examined (i.e., between the 1950s and 1940s cohorts).

12
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Table 4. Approximate significance of smooth differences

term k-index edf F.value p.value
1990s difference 0.98 1.00 60.24 0.000
1980s difference 1.02 4.37 8.55 0.000
1970s difference 1.02 3.30 6.21 0.000
1960s difference 1.01 1.00 3.27 0.071
1950s difference 0.98 1.00 0.15 0.698

Sensitivity Tests

In addition to the main analysis, we conducted several sensitivity tests, the results of which
are reported in the Appendix. First, we tested for the presence of any period effects. We
added a smooth term for survey year to the model and recalculated the difference smooths
between cohorts in a post-estimation procedure (instead of a direct estimation as done in the
main analysis). Adding a smooth term for period did not substantially influence the difference
smooths we report in Figure 2 (compare to Figure A2). Second, instead of using the MHI-5 as
our measure of mental ill-health, we also modelled the Kessler-10 (K10) psychological distress
scale which was collected in the HILDA Survey in alternate years from 2007 to 2019. The
corresponding psychological distress trajectories for each cohort are shown in Figure A3, with
higher K10 scores suggesting greater psychological distress. The trajectory patterns are
consistent with (and essentially the mirror image of) those observed for the MHI-5 scale in
Figure 1 (right panel), as psychological distress was higher for more recent cohorts than earlier
cohorts at the same age. Third, we also modelled the prevalence of mental iliness defined by
an MHI-5 score below 52, and observed very similar trajectories, such that the prevalence of
mental illness was higher in more recent than earlier cohorts adjusted for age (Figure A4).
Fourth, we conducted a check for any gender differences in cohort effects of mental health
(Figure A5). The results are very similar to those reported for the full sample in Figure 1. The
intercepts for men and women are different, with men’s average mental health being better
than women’s average mental health. However, men and women have similar mental health
trajectory differences between cohorts. We also checked sensitivity of results to the addition

of new respondents (via a top-up sample) that occurred in 2011 in the HILDA Survey (which
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was performed to maintain representativeness of the survey). This was also around the same
time that we start observing declines in mental health (Figure 1, left panel), and so we
conducted an analysis excluding top-up sample members to confirm the declining mental
health trajectories were not driven by the specific respondents in the top-up sample (Figure
A6). The results did not change the cohort trajectories. Finally, we checked whether
trajectories were influenced by social demand characteristics of the survey. Because people
may be unwilling to provide poor mental health responses, especially in an unfamiliar survey
or to a new interviewer, we excluded the first survey response for each individual and
reconducted the analysis. The resulting pattern of cohort differences were somewhat muted

due to the loss of variation but remained consistent with the main findings.

Discussion

Population mental health in Australia has been worsening over the past decade, even prior
to the COVID-19 pandemic and its sequelae. This is especially the case for younger adults aged
between 15 and 35. Although there has been constant debate about the possible drivers of
these trajectories of worsening mental health (Patten et al., 2016; Jorm et al., 2017; Mulder
et al., 2017), it is challenging to precisely identify the source of these patterns and the

assumption often is that these are period effects.

Using 20 years of longitudinal data we modelled the changes to mental ill-health for each
birth cohort in Australia in a flexible non-linear model. Our model allowed us to compare
mental ill-health between cohorts, adjusted for age, and we find that the observed
deterioration in mental health in the Australian population over time is most consistent with
a cohort effect rather than a temporary age-effect. Importantly, it is those individuals from
the more recent cohorts, especially the 1990s birth cohort (Millennials), who show the
strongest trajectories of worsening mental health over time. Individuals in this cohort report
worse mental health than earlier cohorts at the same ages. Because our model allowed us to
predict future trajectories based on the current trajectory, we expect this decline in the most
recent generations will continue as they age. Thus, the deterioration in mental health over
time which has been reported in large cross-sectional surveys, likely reflects cohort-specific

effects related to the experiences of young people born in the Millennial generation and, to
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a lesser extent, those from the immediately prior cohort born in the 1980s. The findings are
similar for men and women, and the results are robust to alternative samples and measures

used. We think these recent trends are unlikely to spontaneously resolve without addressing

the new or exaggerated risks that may be differentially affecting these recent cohorts.

While previous research has examined age effects in large population-based surveys, there
are few examples that have specifically examined mental health. Many more studies have
focused on subjective wellbeing, often measured by a single item life-satisfaction question
and also known as cognitive wellbeing. This literature has found evidence of almost every
plausible age-related trajectory in life satisfaction (Kratz & Briiderl, 2021), and shown that the
pattern of results observed seems to depend on the statistical model adopted for analysis. In
the current study, we employed a random intercept model and observed a U-shaped effect
of age on mental health with middle-aged people having poorer mental health on average
than younger or older people. Kratz and Briderl (2021) showed that this pattern can be
produced by a random intercept model which yields biased age effects due to endogenous
selection of happier people with age. However, a sensitivity analysis that controlled for
endogenous effects by mean centering MHI-5 scores within-person (and including the mean
score as a predictor, Ligthart-Smith, 2016) also observed a U-shaped pattern in age effects,
suggesting the results we report here are not necessarily biased by endogeneity. An important
consideration is that the MHI-5 measures a distinct construct from cognitive wellbeing,
(Diener et al., 2017); one which has a different response to major life events (Kettlewell et al.,

2020).

We did not include major life events in our model because they can act as mediators that
result from age and affect the response variable (i.e., MHI-5 scores) (Kettlewell et al., 2020).
We also did not include other potential mediators of the effect of age on mental ill-health
such as health status, relationship status, employment status, household income or region.
As such our results should be considered a description of the total effect of age on mental
health, rather than providing a causal explanation of the individual drivers of such trajectories.
Our aim here was to describe the cohort-related differences rather than explain them.

Likewise, our aim was not to build a prediction model to extrapolate beyond the range of
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data, and instead we prefer to note the expansion of the appropriately adjusted 95%

confidence intervals when estimating future observations for any particular cohort.

This study provides a starting point for more in-depth analysis, and we hope it will encourage
other researchers to more closely examine the changes that have happened in mental ill-
health in Australia in the last decade. This is apparent from the trends depicted in the left
panel of Figure 1, showing the divergence in mental health beginning roughly at the same
time the 1990s cohort would have entered the survey for the first time. Future research
should aim to identify and build understanding of the causes of these patterns, such as
whether later cohorts are less resilient to similar risk factors experienced by earlier cohorts
or whether they experience more and/or a greater severity of risks for mental ill-health. Such

evidence is critical if the deteriorating pattern of mental health is to be arrested or shifted.
Appendix
Period effects

Period effects refer to variance over time that is common across all age groups and cohorts,
due to population-wide events such as the Global Financial Crisis (GFC) in 2008 or the COVID-
19 pandemic that started in 2020. We estimated the nonlinear effect of period over the
complete set of survey years (2000 to 2020) as a smooth term in a model with cohort and

(smooth) age effects.

The centered smooth effect of period (after accounting for nonlinear age and cohort effects)

is shown in Figure Al.
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Figure Al. Smoothed effect of period

centered MHI-5 score

2005 2010 2015 2020
Survey year

The results show a slow decline in average MHI-5 scores from 2007 but which becomes more
exaggerated from around 2017. However, we have already shown that this trajectory is not

the same across all age-groups or cohorts (e.g., Figure 1).

After including a smooth term for period, we estimated the smooth trajectory of mental
health for each cohort, and in a post-estimation procedure calculated the difference between
cohort smooths in a pairwise fashion (Figure A2). In contrast to the results reported in Figure
2, these difference smooths are not directly estimated and so while each comparison includes
overlapping ages, age is not matched exactly in each pairwise comparison (up to +5 years lag

may be present). Nevertheless, the pattern of differences supports the same inferences
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drawn from Figure 2 and demonstrates that period effects are not an influential presence in

the cohort differences we report here.

Figure A2. Cohort trajectories (left) and their differences to the subsequent cohort (right)
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Psychological distress

K10 scores (psychological distress: where higher scores indicate greater distress) were
collected in alternate years from 2007 to 2019. The corresponding trajectories for each cohort
are shown in Figure A3. Psychological distress was higher for later cohorts than earlier cohorts

at the same age.

Figure A3. Psychological distress (K10 scores)
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Risk of mental illness

While the MHI-5 is not a diagnostic instrument, it has good psychometric properties when
identifying DSM-V disorders in a community sample (AUC 0.877, Batterham, Sunderland,
Slade, Calear, & Carragher, 2018). We used a cut-off value of 52 to identify people at risk of

mental illness and estimated the prevalence of mental illness for each age-group and cohort.

Figure A4. Age and cohort effects on prevalence of mental illness risk

Prevalence of MHI-5 score < 52 by age group Prevalence of MHI-5 score < 52 by cohort
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The prevalence of risk for mental illness varied between age groups and cohorts in a similar
pattern as psychological distress. Risk of mental illness was higher for later cohorts than

earlier cohorts at the same age.
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Other sensitivity checks

The difference between male and female MHI-5 trajectories is mostly in the intercept (overall
mean level). Men and women have similar trajectory differences between cohorts (see Figure

AS).

Figure A5. Interaction between sex and cohort
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Excluding the Wave 11 top-up sample does not greatly impact the cohort trajectories (Figure

Ab).

Figure A6. Excluding top-up sample
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Excluding the first survey response from each individual due to social demand characteristics
of the interview process. Note the SF-36 is part of the SCQ so no interviewer is present, and

we expect social demand characteristics to be low.
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Figure A7. Excluding each respondent’s first survey response
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