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ABSTRACT

Purpose: Mortality-related decline has been identified across multiple domains of human
functioning, including mental health and wellbeing. The current study utilised a mixture
modelling framework to establish whether terminal decline trajectories in wellbeing and
mental better are consistently experienced in the years preceding death.

Methods: Participants were older-aged (M = 69.59 years; SD = 8.08 years) deceased females
(N =1,862) from the Dynamic Analyses to Optimise Ageing (DYNOPTA) project. Growth
mixture models analysed participants’ responses on measures of mental health and wellbeing
for up to 16 years from death.

Results: Multi-level models confirmed overall terminal decline and terminal drop in both
mental health and wellbeing. However, modelling the same participants with a latent mixture
growth model indicated that most participants reported stability in mental health (90.3%) and
wellbeing (89.0%) in the years preceding death.

Conclusions: We confirmed other population-level analyses which support terminal decline
and drop hypotheses in both mental health and wellbeing. However, we have subsequently
identified that contrary to most population-level analyses, most of this effect is driven by a
small, but significant minority of the population. Instead, most individuals report stable levels

of mental health and wellbeing in the years preceding death.
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Introduction

Mortality-related decline has been identified across several indices of human functioning
including cognitive function [1-5], mental health and wellbeing [6-10]. The notion of
terminal decline has been used to describe a pattern of change, specifically decline and
decrement, in the years approaching mortality, while terminal drop relates to two specific
phases of mortality-related change; a pre-terminal phase of stability or age-associated decline
that is followed by a phase of accelerated decline in functioning as the individual approaches
death [2].

Evidence for terminal decline and drop in wellbeing and mental health appears
substantial. However, recently, a number of limitations of existing terminal decline research
have been identified [10]. First, much of the existing literature fails to account for declines in
other mortality-related health indicators. When adjusting for intra-individual changes in
physical health, Burns et al [10] demonstrated that both terminal decline and drop in mental
health and wellbeing were attenuated. Second is the assumption that mortality-related decline
is consistent between different indicators of wellbeing [8]. More recent evidence suggests
that mortality-related decline is present in some wellbeing indices and not others, or more
pronounced in one index over another [9, 10]. Perhaps most significantly, a limitation of
existing terminal decline research is the assumption that a single population pattern of decline
accurately describes the lived experience of older adults. Whilst multi-level or latent growth
models incorporate random effects which allow for between-person variation over time, they
still estimate an overall population-level trajectory around which all individual trajectories
follow. These methods assume population homogeneity in the change around a common
growth trajectory and it may be that this is not the most appropriate method by which to
accurately estimate terminal decline changes. Rather we hypothesize that individuals may

respond in quite different ways with approaching mortality. Simply, typical analytical



approaches ‘assume’ an overall population-level decline trajectory describes the mortality-
related experience for most. Whilst some may indeed decline, others may actually be stable
or even improve in mental health in the years leading to death. This inter-individual variation
is particularly pertinent since different causes of death may significantly impact on the utility
of observing terminal decline. As Burns et al [10] highlighted, most population-level surveys
of the terminal decline hypothesis ignore this very important point; they examine the
associations with all-cause mortality. It would be appropriate to assume that those who
experience unexpected death (e.g. accidental death) may report quite different trajectories
from those whose mortality may be due to illness. Indeed we could hypothesize that they
might even demonstrate no decline. Further, we might even expect quite different trajectories
for those who experience either chronic or acute illness. This leads us to question the extent
to which terminal decline/drop truly reflects normative experience for older adults in the
years approaching death. Consequently, the current paper seeks to extend prior terminal
decline/drop findings by examining the extent to which terminal decline is a common
experience amongst older adults across indices of wellbeing and mental health.
Mortality-related decline across multiple indicators of wellbeing and mental health are
not consistent [9, 10]. This is not surprising since a growing wellbeing literature
discriminates between distinct components of mental health and wellbeing [11] and there is
support for distinguishing between correlated dimensions of wellbeing [12, 13]. For the
current paper we define mental health and wellbeing in terms of psychological distress and
vitality. Vitality reflects psychological energy and engagement [14] and is positively related
to self-esteem, intrinsic motivation and mindfulness [14, 15], and negatively related to
depression and anxiety and a range of physical health conditions including cardiovascular
disorders, diabetes, hypertension, prostate disease, falls and mortality risk [16-20]. In the

current paper, we 1) utilize a latent growth mixture modelling framework to identify classes



of population heterogeneity in growth trajectories by allowing for trajectories of mental
health and wellbeing for sub-populations of decedents and 2) examine the socio-demographic
and health characteristics of individuals within different classes that reflect different

mortality-related trajectories of wellbeing.

Method

Participants

Data were drawn from the DYNOPTA project [21]. DYNOPTA involves harmonizing data
from nine Australian longitudinal studies of ageing. Ethical approval was obtained for all
individual studies from relevant supervisory bodies (see acknowledgement), while ethical
approval for the DYNOPTA project was approved by the Australian National University
Human Research Ethics Committee in accordance with National guidelines and the ethical
standards laid down in the 1964 Declaration of Helsinki. The harmonization of existing
studies, by pooling data or parallel analysis, is increasingly recognized as an important
method that contributes to and addresses the limitations of investment in individual
longitudinal studies [22]. Overall, there were 50, 652 respondents in the pooled DYNOPTA
dataset at baseline, which was conducted between 1990 and 2001. Of the five contributing
studies to DYNOPTA providing the necessary wellbeing variables, only four provided data
on mortality, two of which were the Australian Longitudinal Study of Women’s Health
(ALSWH) 1946-51 and 1921-26 birth cohorts. Consequently, a significant proportion of
participants were female (93%), therefore we restrict our analyses to females only, and for
whom mortality data was available. Therefore, the final sample for this study comprises
decedent female participants (N = 1,862) who were aged 69.59 years (SD = 8.08 years) at
baseline and were observed on at least two occasions up to a maximum of 4 occasions over a

13 year (M =3.09; SD = 1.02) period from baseline observation. The timing of measurement



occasions occurred on average 3.11 years (SD = 1.5), 5.78 years (SD = .43) and 8.73 years
(SD = .46) from baseline. All participants were eventual decedents who were observed from
up to 16 years (M = 6.04; SD = 2.14) from death. Of 1,862 decedents who completed a
minimum of two observations, 1754 (94 % of sample) completed three observations, and
1,084 (58 % of sample) four observations.

Measures

Wellbeing: Vitality and Mental Health. Wellbeing variables were derived from the Short-
Form Health Survey-36 (SF-36) [23]. The vitality and mental health indexes partly contribute
to the SF-36 Mental Health Component Score. The vitality subscale comprises four items
including, ‘Feel full of life’, “‘Have a lot of energy’, ‘Felt worn out’, “Felt tired’. The mental
health subscale has been validated against clinical measures of depression [24] and has been
used in epidemiological studies worldwide as an indicator psychological distress [25, 26].
The mental health subscale comprises five items including, ‘Been a nervous person’, ‘Felt so
down in the dumps nothing could cheer you up’, ‘Felt calm and peaceful’, ‘Felt down’, ‘Been
a happy person’. For both the vitality and mental health subscales, participants indicated the
extent to which they experienced each statement on a 6-point Likert-type scale, ranging from
‘0’ (None of the Time) to ‘6" (All of the Time) over the preceding four weeks. Despite
moderate cross-sectional correlations between vitality and mental health in the DYNOPTA
study over time with reported magnitudes of between r = 0.46 and r = 0.58, a significant
amount of variance remains unexplained in either construct such as to warrant treating these
variables as independent indicators of positive and negative dimensions of wellbeing.
Discriminating between related but distinct vitality and mental health constructs has been
previously established in the DYNOPTA sample [20, 27].

Time Dimension. In our analyses, we utilized a distance-to-death time metric that reflects the

difference in time of each observation from the time of death for each participant; we



annualized this metric so that each time measurement pre-mortality reflected an annual
change. Participants were assessed at intervals of at least 1-year.

Covariates: Socio-demographic and health variables.

Time invariant covariates included Baseline Age, which was centered at 45 years (the lowest
age in DYNOPTA), Education Status which were defined as ‘No Post-School Education’
(the reference category; coded as 0); and any ‘Post-School Education’ (coded as 1), Partner
Status, which was simply defined as ‘Partnered’ (the reference category; coded as 0) and “Not
Partnered’ (coded as 1), and Physical Health which was assessed with the SF-36 Physical
Component Score [23] which incorporates measures of physical functioning, general health,
role-physical and bodily pain that have been validated against objective health indicators
[28], including cardiac disease [29], diabetes mellitus [30], stroke [31], low back pain [32],

lung disease [33], and renal disease [34].

Statistical Analysis

Vitality and mental health were T-scored (M = 50; SD = 10), standardized to baseline
observation and coded so that high scores reflected positive health status. All statistical
analyses were undertaken in MPlus v.7.1. Following previously published findings of
mortality-related population studies into mortality related decline [7], incomplete data are
treated as missing at random [35]. We implemented latent Growth Mixture Modeling (GMM)
[36] to estimate classes of trajectories for vitality and mental health separately from a Latent
Growth Model (LGM) that incorporated linear and quadratic trajectories. The intercepts for
both vitality and mental health were centered at the last year before death.

First, we estimated an LGM that can be parameterized as:
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where the wellbeing score, WB;; is independently estimated for vitality and mental health, for
person i at time t, and is a function of £0;, an individual-specific intercept parameter, 51; and
£2i, individual-specific linear and quadratic slope parameters that respectively capture
terminal decline and drop over time, and ej;, the residual error. The slope parameters £1;;and
2 are assumed to be normally distributed around a group mean, correlated with the f0;; and
uncorrelated with the residual errors, ej.

However, the LGM assumes that individuals are drawn from a single population with
common parameters. This assumption can be relaxed by applying a GMM to the LGM which
allows for differences in intercept and growth parameters for unobserved subpopulations. A
number of goodness of fit indices (GFI) were then used determine the most appropriate
number of classes to be drawn. The Akaike information criterion (AIC) and adjusted
Bayesian information criterion (BIC), were used to assess model fit on the basis that a smaller
fit indicated a model with better fit of the data to the model. The Lo, Mendell, and Rubin [37]
likelihood ratio test (LMR-LRT), the adjusted likelihood ratio test ( LRT), and the bootstrap
likelihood ratio test (BLRT) statistics were used to compare k classes with k-1 classes (see
Nylund, Asparouhouv & Muthen [38], for a more substantive discussion on fit indices for
identifying mixture classes). However, we were also guided by other factors in determining
the number of classes to extract. These factors included, issues of parsimony, theoretical
justification, and interpretability [39, 40]. For instance, we would find little utility in
extracting a further class if its proportion was very low and if its properties were similar to
another class. We then saved class probabilities from this unconditional model to compare
socio-demographic and physical health characteristics between individuals in the different

mental health and wellbeing classes.



Results
Population level terminal decline in mental health and vitality
We first estimated the extent of terminal decline in both vitality and mental health in
unadjusted LGMs. For vitality, significant linear (f =-1.43; SE = 0.17; p <.001) and
quadratic (f =-0.08; SE = 0.02; p <.001) slopes were reported with the model reporting
excellent fit to the data (y° = 56.153; df = 40; p = .046; RMSEA = .015 (95% CI: .002 - .024);
CFI = 0.986). For mental health, significant linear ( =-0.63; SE = 0.17; p <.001) and
quadratic ( = -0.05; SE = 0.02; p = .007) slopes were reported with the model reporting
excellent fit to the data (y° = 52.827; df = 40; p = .084; RMSEA = .013 (95% CI: .000 - .022):
CFI =0.989). This result provides evidence for an overall population decline in both
wellbeing and mental health and confirms other population-level evidence for terminal
decline and drop.
Identifying subpopulations of terminal decline in mental health and vitality

We extended our unadjusted LGMs and estimated multiple trajectory classes for both
vitality and mental health within a mixture modelling framework. Initial GMMs identified
negative variances for the linear and quadratic slope factors for both vitality and mental
health, so we therefore constrained our slope factors to zero. By constraining the variance of
slope factors to zero, the GMM now reflects a Latent Class Growth Analysis (LCGA) which
is a special form of GMM in which the variances and covariances are constrained to zero and
allow for faster convergence of the model parameters [41]. Comparison of the intercept and
slope factor estimates did not differ substantively when constraining these slope factor
variances to zero. Also, model fit indices between the constrained and unconstrained models
were comparable. Therefore, we constrained our slope factors to zero in all subsequent
analyses as a form of LCGA. This suggests that individuals within different classes are

homogenous in the way they change over time.



Model fit indices for mixture models for mental health and vitality are summarized in
Table 1. For Mental Health, lower AIC and adjusted BIC values were reported for up to 6
classes, whilst bootstrap LRT indicated that 6 classes were a better fit to the data than a 5-
class model. However, these findings need to be balanced by the very low proportions
reported in the 6 class model whereby 3 of the classes reported proportions of less than 5%.
Consequently, for mental health, we report the findings of the 5-class model where only 2
classes now reported proportions below 5%. As these classes were identified in the 3 and 4-
class mixture analyses, we retained them as valid unique groups since they were consistently
reported in earlier mixture analyses and as they differed substantially from the trajectories of
the other classes. For vitality, lower AIC and adjusted BIC values and a significant bootstrap
LRT were reported for up to 6 classes. However, no significant differences on the LRT or
adjusted LRT were indicated from models estimating 3 or more classes. Similar to the
findings for mental health, very low proportions were reported for 3 classes in the 6 class
model; 1 class reported proportions of less than 10% - 1 class with less than 5% and another
with less than 1% . Consequently, we report the findings of the 5-class model where only 1
class now reported proportions below 5% (4.5%) and was identified in earlier mixture
analyses suggesting that this group was identified as substantially different from other

classes.

INSERT TABLE 1
INSERT FIGURE 1

INSERT FIGURE 2
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Visual representations of the different trajectories reported for these different vitality
and mental health classes are presented in figures 1 and 2. A visual inspection reveals three
stable groups for vitality (Figure 1), with two groups reflecting different types of decline; one
class (class 5) reflects a minority (6.9%) of individuals who reported a gradual terminal
decline in vitality in the years preceding death, whilst a second decline group (class 2)
reflects a group of individuals (4.5) who are relatively stable and report a significant terminal
drop only in the years immediately preceding death. The majority of individuals showed little
change in the scores across all observations, with classes differences reflecting changes in
intercept rather than decline in vitality scores. For mental health (Figure 2), 3 stable groups
were also reported. In contrast to vitality, only one decline group was identified for mental
health (class 4, 6%) which reflected a terminal drop, a period of stability followed by a
sudden precipitous drop in the years leading to death. One class (Class 2, 3.7%) reported
increasing mental health in the years preceding death, a finding that was not identified in the
analysis of vitality. The other three classes showed little change in mental health over the
time preceding death, with a majority of decedents (69.3%) showing stable and relatively

high mental health scores across all observations.

INSERT TABLE 2

INSERT TABLE 3
Fixed estimates for the intercept and slope factors for each mental health and vitality mixture
class are presented in Tables 2 and 3 respectively. Overall, and as expected, substantial linear
declines were reported for those who reported terminal decline in vitality. Similarly,
substantive linear and quadratic decline was reported for those in the Terminal Drop classes
for both mental health (Class 4) and vitality (Class 5). As variables were T-Scored direct

comparisons can be made and it is clear the terminal drop estimates are of comparable size.
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The increase in mental health for those in the Improvers class (Class 2) was clear and
substantive. For vitality, small but significant linear declines were reported for the Stable-
Low (Class 3) and Stable-High (Class 4) classes. However, we would balance this significant
findings by the large sample size, and given the size of these effects, we would argue that
these effects indicate only small changes in comparison with the Terminal Decline and

Terminal Drop classes which reported change several times that of these “stable’ groups.

Discriminating socio-demographic characteristics of subpopulations of terminal decline
Socio-demographic characteristics of each class are reported for mental health (Table
2) and vitality (Table 3). There were significant age differences between mental health
classes (F =5.51 (4, 1772) p < .001). However, Bonferroni-adjusted comparisons between
classes indicated that only those in the Stable-High class (Class 5) were significantly older at
baseline than those who were Stable-Low (Class 1; p = .005) and those in the Improvers class
(Class 2; p =.033). No other age differences were reported. Significant differences between
classes were indicated for post-school education () = 21.04 (4), p < .000). Specifically, in
comparison to those who were in the Stable-Low class (Class 1), post-school education was
more likely reported by those who were in the Stable-High (Class 5; OR = 7.45 (5.38) p =
.005) or Stable-Average classes (Class 3; OR =5.86 (4.31) p =.016). No other differences for
post-school education were reported suggesting education is not associated with terminal-
drop. No differences in partner-status were reported between mental health classes (y = 4.53
(4), p = .340). We then examined differences between mental health classes on vitality and
physical health covariates. Significant differences in level of vitality were reported between
mental health classes (F = 74.97 (4, 1772) p < .001). Bonferroni-adjusted comparisons
indicated that those in the Stable-High mental health class (Class 5) reported higher vitality in

comparison with all other groups (p < .001), whilst those in the Stable-Low class (Class 1)
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reported lower vitality in comparison with all other groups (p < .00). No other differences
were reported. Differences vitality change were also reported between mental health classes
(F=72.82 (4, 1772) p <.001). All classes were significantly different (p < .001) except for
those in the Stable-Average (Class 3) and Improver (Class 2) classes. Significant differences
were reported between mental health classes on physical health intercept (F = 11.33 (4, 1772)
p <.001). Bonferroni comparisons indicated that those in the Stable-High class (Class5)
reported significantly higher physical health in comparison with those in the Stable-Low
(Class 1; p <.001), Stable-Average (Class 3; p <.001), and Terminal Decline (Class 4; p <
.05) classes. No other significant differences in level of mental health were reported between
mental health classes. Significant differences were reported in physical health change
between mental health classes (F = 6.38 (4, 1772) p <.001). Those in the Stable-High class
(Classb) reported significantly lower rates of change in physical health in comparison with
the Stable-Low (Class 1; p < .01) and Stable-Average (Class 3; p < .05) classes. Those in the
Terminal Decline class reported significantly lower rates of change in physical health in
comparison with the Stable-Low (Class 1; p < .01) and Stable-Average (Class 3; p <.05)
classes.

There were significant differences between vitality classes on baseline age (F = 3.42
(4, 1772) p = .009). However, Bonferroni adjusted comparison of classes indicated that those
in the Stable-Average class (Class 1) were older at baseline than those who were Stable-Low
(Class 3; p =.039) only. No other age differences were reported. No significant differences
between vitality classes were reported for partner (y = 5.45 (4), p = .245) dor education (y =
9.26 (4), p = .055) status. Significant differences were reported between vitality classes on
Mental Health intercept (F = 101.67 (4, 1772) p < .001). Bonferroni post-hoc comparisons
indicated that those in the Stable-High class (Class 4) reported higher mental health than all

other groups (p <.001). Those in the Stable-Average (Class 1) and Terminal Drop classes
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(Class 2) reported higher mental than those in the Stable-Low (Class 3) and Terminal-Decline
classes (Class 5; p <.001). Significant differences were reported between vitality classes in
Mental Health changes (F = 12.72 (4, 1772) p < .001). Specifically, those in all stable classes
reported significantly lower changes in vitality in comparison with those in the Terminal
Drop (Class 2) and Terminal-Decline (Class 5) classes (p < .001). Significant differences in
physical health were reported between vitality classes (F = 189.79 (4, 1772) p < .001).
Bonferroni post-hoc comparisons indicated that those in the Stable-High class (Class 4)
reported higher physical health than all other classes (p < .001). Those in the Stable-Average
class (Class 1) reported higher physical health than all other groups (p <.001) except for the
Stable-High class (Class 4). No other differences were reported. Significant differences in
change in physical health were reported between all vitality classes (F = 81.82 (4, 1772) p <
.001).
Discussion
Overall, despite a substantial body of work that has identified mortality-related decline in
mental health and wellbeing [6-10], we provide evidence that terminal decline and drop are
not typical patterns of behaviour within a general population in later life. Instead, our findings
suggest that for most, mental health and wellbeing are relatively stable in the years preceding
death. Whilst small proportions of the population reported terminal drop in both mental
health and wellbeing and terminal decline in wellbeing, a surprising result was that a small
proportion of the sample (3.7%) actually reported increases in mental health in the years
approaching death.

Whilst socio-demographic differences were identified between mental health and
wellbeing classes, few of these covariates actually distinguished between stable and decline
groups. For example, those in the Stable-High mental health class (Class 5) reported higher

levels of vitality in comparison with those in the Stable-Low mental health class (Class 1), no
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difference with either the terminal decline or improver classes were reported. The only
example for substantive differences between stable and decline groups occurred for those in
the Terminal Decline class (Class 4) who reported the largest declines in physical health and
vitality of all mental health classes. Similarly, for vitality, differences between stable classes
and decline classes were indicated for change in mental health and physical health only.
Those in the decline (Class 5) and drop (Class 2) classes reported the largest declines in other
health covariates, in comparison with the stable groups. Previously, Burns et al [10] indicated
limitations of much population-level analyses of terminal decline which typically ignore
cause of death. Similarly, we cannot discount that different causes of mortality and illness
progression may impact on particular wellbeing and mental health trajectories in the different
classes. Unfortunately, DYNOPTA data precludes our investigating cause of death further.
Our investigation did include a measure of education as a proxy for socio-economic status,
but other areas warrant further investigation, including occupation and income. With more
sensitive indicators stronger correlates of and trajectories in older age and in the period
leading to death may be identified.

A number of methodological issues warrant addressing. In our analysis, we initially
implement GMM s to identify sub-population trajectories for mental health and wellbeing.
However, despite convergence, our initial analyses identified negative variances for the linear
and quadratic slope factors for both our health variables in various classes, and we therefore
constrained our slope factors to zero. By constraining our slope factors to zero, we actually
implemented a Latent Class Growth Analysis (LCGA) as a special form of GMM. The
reasons are not difficult to identify; whilst our participants provided between 2-4 observations
over several years prior to death, we were left with considerable sparse and unbalanced
distribution of the observations. The use of LCGA, whereby the variances and covariances

are constrained to zero, has previously been reported as a suitable alternative and allows for
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faster convergence of the model parameters [41]. As we reported, comparison of our intercept
and slope factor estimates did not differ substantively when constraining these slope factor
variances to zero, so we therefore are confident in the efficiency of our model estimates.
Furthermore, by restricting our random slope variances to zero, we can be more confident
that each sub-population class comprises a homogenous group of individuals who change in
the same way. Alternatively, utilizing a Bayesian estimation, whereby the prior distribution
for variances are defined as positive, may be one other alternative to consider in order to
allow the random slope variances to be freely estimated.

In conclusion, terminal decline and terminal drop are not typical for older adults as
they approach their death. Whilst other findings have questioned the veracity of terminal
decline to describe mental health and wellbeing changes, in particular recognising the role of
intra-individual changes in other health conditions [10], the current study has implemented a
general mixture approach to identify that classes of subpopulations do not report mental
health or wellbeing decline in the years leading to death. Importantly, only a small proportion
of the population reported terminal decline/drop in mental health and wellbeing, whilst a

small proportion actually reported an increase in mental health.
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Table 1 Model fit Indices for latent growth mixture models for mental health and vitality: the DYNOPTA study

Mental Health Vitality
Class AIC BIC LMR-LRT LRT BLRT AIC BIC LMR-LRT LRT BLRT
2 30172 30218 220.06 212.95 220.06* 30517 30563 63.70* 61.64* 63.70*
3 30093 30148 86.78* 83.97* 86.78* 30502 30552 16.41 25.38 16.41*
4 30026 30086 81.89 79.25 81.89* 30483 30543 26.23 25.39 26.23*
5} 29968 30037 73.12 70.76 73.12* 30453 30522 38.48 37.24 38.48*
6 29924 30002 51.97 50.29 51.97* 30439 30517 39.64 38.36 39.64*

*p <.001 for k-1 classes AIC: Akaike information criterion; BIC: adjusted Bayesian information criterion; LMR-LRT: Lo, Mendell, and Rubin

likelihood ratio test; LRT: the adjusted likelihood ratio test; BLRT: bootstrap likelihood ratio test
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Table 2 Socio-demographic characteristics and Fixed Effects for mental health trajectories by mixture class

Intercept 0

Linear Slope p1

Quadratic Slope 52

Class size (N (%))

Partnered (N (%))

Post-school education (N (%))
Baseline Age (M (SD))

Vitality Intercept (M (SD))
Vitality Slope (M (SD))

Physical Health Intercept (M (SD))

Physical Health Slope (M (SD))

Class 1: Class 2: Class 3: Class 4: Class 5:
Stable - Low Improvers Stable - Average  Terminal Drop Stable - High
B(SE) B(SE) B(SE) B(SE) B(SE)
21.43 (3.06)*** 4574 (4.91)***  43.18 (2.01)***  28.48 (2.22)***  53.84 (.69)***
-1.89 (1.57) 3.84 (1.58)** 1.90 (1.01) -6.87 (.79)*** -.25 (.30)
-.18 (.15) =65 (.16)*** 22 (.11) =48 (.09)*** -.01 (.03)
62 (3.4%) 65 (3.7%) 312 (17.6%) 107 (6.0%) 1231 (69.3%)

35 (56.5%)

2 (3.2%)
66.21 (10.79)
36.87 (2.44)
65 (1.18)
39.70 (4.84)

-.83 (1.44)

31 (47.7%)

7 (10.8%)
66.85 (10.25)
42.45 (4.98)
-.98 (1.83)
43.05 (7.35)

-1.78 (2.12)

177 (56.7%)
51 (16.4)
68.87 (9.08)
40.49 (4.54)
-.64 (1.41)
41.57 (6.64)

-1.38 (1.92)

68 (63.6%)
14 (13.1%)
69.03 (8.41)
40.50 (6.24)
-2.15 (2.14)
41.91 (7.19)

-2.09 (2.34)

683 (55.5%)
245 (19.9)%)
69.91 (7.64)
45.57 (6.03)
-1.67 (1.35)
43.96 (7.53)

-1.77 (2.02)
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“"p<.001"p <.01 p < .05; *effect was significant with an alpha of .046 which only just reaches statistical significant (p < .05) and is not of

substantive size in comparison with the slope effects for those in the Improver (Class 2) or Terminal Drop (Class 4) classes.
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Table 3 Socio-demographic characteristics and Fixed Effects for vitality trajectories by mixture class

Intercept

Linear Slope

Quadratic Slope

Class size (N (%))

Partnered (N (%))

Post-school education (N (%))
Baseline Age (M (SD))

Mental Health Intercept (M (SD))
Mental Health Slope (M (SD))
Physical Health Intercept (M (SD))

Physical Health Slope (M (SD))

Class 1: Class 2: Class 3: Class 4: Class 5:
Stable - Average  Terminal Drop Stable - Low Stable — High ~ Terminal Decline
B(SE) B(SE) B(SE) B(SE) B(SE)

44.21 (1.50)***  31.91 (2.00)*** 38.94 (1.53)***  55.85 (.98)***  31.75 (1.99)***
-1.05 (.74) -8.59 (.84)***  1.85(.76)* -50 (.10)** -2.38 (.241)***
-.07 (.08) -.69 (.09)*** .18 (.08)* -.09 (.05) 12 (.15)
823 (46.3%) 72 (4.5%) 235 (13.2%) 524 (29.5%) 123 (6.9)

386 (46.9%)
150 (18.2%)
69.92 (7.70)
47.98 (6.88)
-.83 (1.27)

4155 (5.81)

-1.56 (2.02)

31 (43.1%)
17 (23.6%)
67.26 (10.01)
47.94 (8.96)
-1.61 (2.22)
39.54 (4.61)

-4.59 (2.45)

99 (42.1%)
32 (13.6%)
68.17 (9.34)
40.77 (10.58)
-.56 (1.47)
38.23 (4.94)

-.54 (1.36)

219 (41.8%)
105 (20.0%)
69.47 (8.24)
52.36 (5.02)
-.73(.92)

49.73 (6.90)

-2.19 (1.70)

48 (39.0%)
15 (12.2%)
69.74 (7.78)
42.07 (9.61)
-1.30 (2.30)
38.58 (32.24)

-.92 (1.81)

“p<.0017p<.01p<.05
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Figure 1 Classes of Vitality Trajectories
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Figure 2 Classes of Mental Health Trajectories
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