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Abstract

Background:

Aging is a multidimensional process with a remarkable inter-individual variability. This study is
focused on identifying groups of population with similar aging patterns, and to define the health
trajectories of these groups. Socio-demographic and health determinants of these trajectories are

also identified.

Methods:

Data from the English Longitudinal Study of Aging (ELSA) and the Health and Retirement
Study (HRS) were used. A set of self-reported health items and measured tests were used to
generate a latent health metric by means of a Bayesian multilevel IRT model, assessing the
ability of the metric to predict mortality. Then, a Growth Mixture Model (GMM) was conducted
in each study to identify latent classes and assess health trajectories. Kaplan-Meier survival
curves were obtained for each class and a multinomial logistic regression was used to identify

determinants of these trajectories.

Results:

The health score generated showed an adequate ability to predict mortality over ten years in
ELSA [AUC=0.74; 95% CI=(0.72,0.75)] and HRS [AUC=0.74; 95% CI1=(0.73,0.75)]. By means
of GMM, four latent classes were identified in ELSA and five in HRS. Chronic conditions, no
qualification and low level of household wealth were associated to the classes which showed a

higher mortality in both studies.
Conclusion:

The method based on the creation of a common metric of health and the use of GMM to identify
similar patterns of aging, allows for the comparison of trajectories of health across longitudinal
surveys. Multimorbidity, educational level and household wealth could be considered as

determinants associated to these trajectories.

Keywords: health trajectories, healthy aging, longitudinal surveys, health metrics, latent classes.



Introduction

Worldwide life expectancy has considerably increased over the last five decades!, with an
expected increment of people aged 60 or above from 11.2% in 2011 up to a 22% in 20502
However, there are inconsistent findings on whether this increase on the lifespan is accompanied
by a better health status®®. There is also a dramatic shift towards increased burden of non-
communicable diseases®. The World Health Organization's World Report on Ageing and Health’
as a result argues that to get a true sense of the dynamics of aging, the focus should be put on
health trajectories in order to optimize well-being and health gains from interventions. Therefore,
healthy aging has important implications, since multimorbidity and disability in the elderly

population has a remarkable impact in society and economy?®®.

Aging is a multidimensional process that implies a gradual accumulation of molecular
and cellular damage over time, which results in a progressive decline in physical and mental
capacities'®, increasing the risk for illness and death'!. Nonetheless, there are individual
differences in the way people age'?®. Consequently, developing health metrics to quantify
health levels of individuals in a way that could be aggregated to the populations levels is a major

challenge in understanding healthy aging trajectories*.

According to the International Classification of Functioning®® and the World Health
Organization's conceptualization of health status for measurement*, a measure of health requires
quantifying the functional ability of an individual. The definition comprises the individuals’
intrinsic capacity and its interactions with their environment. Health status can be measured

either through self-reported items capturing the presence of difficulties in a given domain of



functioning, or using measured tests of capacity, such as cognitive tasks, walking speed, or grip

strength®’,

To provide a definition of successful aging is a complex task, as mentioned in a
systematic review!®. Moreover, although health declines with age, individuals do not have
identical rates and timing of decline. Adopting a life course approach can help to understand why
different people and populations age differently’®-2!. Trajectories on health can have a step-

ladder pattern or show a precipitous decline at a determined point in time.

The present study aims at identifying groups of people with varying patterns of health
trajectories, their determinants, and socio-demographic patterns associated with those
trajectories. A common metric of health, utilizing data from the English Longitudinal Study of
Ageing (ELSA)?? and the Health and Retirement Study (HRS), is used to compare these

trajectories®..
Methods
Sample and Study design

Data from the first seven waves of the ELSA (2002-2014), and the first eleven waves of the HRS
(1992-2012) were used in this paper. Both studies are biannual, longitudinal and focused on
adults aged 50 and over, considering nationally representative samples from the English and the
US populations, respectively. Specifics of the ELSA sample, study design, and data collection
are available at the ELSA project website [https://www.elsa-project.ac.uk/]. All participants in
ELSA have given informed consent. Ethical approval for all the ELSA waves was granted
from the National Research Ethics Service (MREC/01/2/91). Participants in HRS provided

verbal consent to participate and an informed consent document. Collection and production of



HRS data was based on the requirements from the University of Michigan's Institutional Review
Board (IRB). Further details of the study design and sampling procedure are available on the

HRS website [hrsonline.isr.umich.edul].
Measures

A set of 45 items were initially identified in the ELSA baseline, comprising self-reported health
questions related to impairments in body functions, limitations in Activities of Daily Living
(ADLs), and limitations in Instrumental Activities of Daily Living (IADLs); and also a set of
measured tests covering cognitive functioning and walking speed. A full description of the 45
items is provided elsewhere!’. Thirty of these 45 items were identified in at least one of the HRS
waves and were identified as common items to anchor the scale. The statistical model considered
for creating the metric of health allows for the inclusion of the anchoring items as well as the
additional items in ELSA but not in HRS. Original questions in ELSA and HRS varied in the
number of response categories. Self-reported health questions comprised between two and five
response options and some category labels were slightly different in ELSA and HRS. For this
reason, a previous harmonization effort was carried out in the present study: after examining the
content and potentially different response categories in each question across waves and studies,
the original items were coded according to the presence or absence of difficulties (coded as 0 and
1, respectively). For measured tests, the sample was considered separately in each wave of each
study and the lower quartile of each distribution determined in each case. Then, the original
variable was dichotomized in each wave of each study indicating presence (values lower and
equal to the 25" percentile of the distribution, coded 0) and absence (values higher than the 25"
percentile of the distribution, coded 1) of difficulties. Higher values in the latent health score

obtained from these items indicate a better health status.



Socio-demographic variables as gender, age, formal qualification, ethnicity, and household
wealth, were also used in the statistical analysis. Formal qualification was defined in both
surveys as having a degree or certificate recognized by the English or the US education system,
respectively. Household wealth was measured as the respondent’s net value of total wealth
(including second home) less all debt. Participants were also asked if a doctor had ever told them
that they are suffering from any of the diseases that were included in a list of chronic conditions,
and the presence of chronic conditions was categorized in 0, 1, or 2+. Ethnicity was considered
only in HRS, since the heterogeneity observed, and comprised four categories: whites, African-
American, Hispanic and others. On the other hand, this variable was not included in the specific
analyses carried out in ELSA, since the homogeneity of the ELSA sample in terms of ethnicity

(the percentage of whites at ELSA baseline was 97.0%).

For mortality in ELSA, data from participants who provided informed consent to linkage to the
National Health Service Central Register at baseline were used, and the mortality status was
updated at February 2012; while in HRS mortality was determined by matching study records to
the National Death Index and using information from the household members participating in the

study.
Statistical analysis

A common metric of health was created simultaneously for ELSA and HRS waves, using a
Bayesian multilevel Item Response Theory (IRT) method. All parameters were simultaneously
estimated using the Markov Chain Monte Carlo approach?*. Based on the concepts of anchor

items and specific-study items, the procedure described in Caballero et al.}” was employed,



considering “study” (HRS/ELSA) as level-variable and transforming the latent score into a 0-100

scale, with higher values indicating a better health status.

Before running the IRT model, the measurement invariance of the 30 common items was
tested across both studies. A sequential approach was considered, testing the goodness-of-fit of
four nested models which represented respectively configural, metric, strong and strict
measurement invariance. A detailed description of the procedure is provided in the

Supplementary Material (Appendix 1).

A mixed-effect multilevel regression model was carried out to assess whether the metric
IS sensitive to aging. Additional details about the statistical approach employed to create the
above-mentioned common metric of health and the mixed-effect multilevel regression model, are

provided as Supplementary Material (Appendix 1).

The ability of the metric of health to predict mortality over ten years was assessed using
Receiver Operating Characteristics (ROC) Curves and adjusting by gender. The mortality
analysis was separately carried out for ELSA and HRS, taking health status at 2002 as the
predictor in both cases and using the mortality status in 2012 as the outcome. A total of 11,906
participants in ELSA Wave 1 and 12,652 participants in HRS Wave 6, both interviewed in 2002,

were considered.

Healthy aging trajectories were then analyzed separately for each study. A Growth Curve
Mixture Modeling (GMM)? framework was used to identify a finite set of homogeneous groups
based on health trajectories across waves in each study. To decide the optimum number of
subgroups/classes, the Sample-size Adjusted Bayesian Information Criteria (SABIC), as well as

the Lo, Mendell, and Rubin likelihood test (LMR-LRT) were used. The appropriate number of



classes to be used in the GMM was based on a Latent Class Growth Analysis (LCGA) model
previously implemented. LCGA is a special type of GMM, whereby the variance and covariance
estimates for the growth factors within each class are assumed to be fixed to zero. Additional
criteria used to select the final model with the corresponding number of classes were: 1)
successful convergence; 2) entropy values over 0.70; 3) no less than 1% of total sample in a
class; and 4) average of the posterior probabilities of class membership over 0.70. Class
membership was based on the highest average of the posterior probability. Growth parameters of
each class were estimated, fixing interclass variances of intercepts and slopes to be equal to

avoid possible convergence problems.

Based on socio-demographic variables, a multinomial logistic regression analysis was
conducted to examine the likelihood of being in each class previously determined in the GMM.
In ELSA and HRS, the modal class (the class with the largest sample size) was used as the
reference category. In order to conduct a mortality analysis and assess survival rates associated
to each class, survival curves by class were generated using Kaplan-Meier estimates. Survival

rates across time were considered as the outcome in the Kaplan-Meier curve.

The overall sample (n = 55,684) who participated in any of the waves of ELSA or HRS,
was considered in the Bayesian multilevel IRT analysis conducted for creating the common
metric of health and the mixed-effect multilevel regression model. All the waves were
considered for these analyses. On the other hand, the general profile associated to healthy aging
trajectories was assessed considering, in each study, the subset of participants interviewed at
baseline (n = 11,906 in ELSA and n = 12,648 in HRS). Data management, descriptive analyses

and multilevel models were implemented in Stata?®. GMM analyses were carried out in Mplus?’,



and the sirt package®® in R?® was employed to conduct the analysis based on the Bayesian

multilevel IRT approach.
Results

A total of 55,684 subjects participated in at least one wave of either ELSA or HRS studies. A
combined data set was created, with 18,396 participants (54.5% of women) from ELSA and
37,288 participants (56.2% of women) from HRS. In ELSA, a total of 360 subjects from the
11,906 who participated at baseline (3.02%) did not provide informed consent to linkage to the
National Health Service Register and were excluded from the mortality analysis. Participants
who provided this consent in ELSA were significantly older than those who did not (64.11 *
10.84 vs. 62.04 + 10.62; t (11,904) = 3.57; p<0.001), while significant differences between both
groups were not found in terms of gender [ (1) = 2.45; p=0.12] nor formal qualification [? (1)

= 0.50; p=0.48].

A latent score on health was created across the ELSA and HRS data. The Expected-A-Posteriori
(EAP) reliability was 0.86. The 30 common items identified showed strict measurement
invariance across both studies. Specific details about the measurement invariance are shown in
the Supplementary Material (Appendix 1, Table S1). The metric of health was sensitive to aging,
as also shown in the Supplementary Material (Table S2). The metric showed also an adequate
ability to predict mortality in ELSA [AUC = 0.74; 95% CI = (0.72, 0.75)] and HRS [AUC =

0.74; 95% CI = (0.73, 0.75)], with higher scores associated with a lower mortality over 10 years.
Identifying health trajectories in the ELSA study

According to the criteria for determining the number of classes, a four-class GMM was

considered for identifying groups of subjects in ELSA based on health trajectories. A modal



class was detected (Class 3), comprising a 63% of the total sample. Significant decreasing trends
(p < 0.001) in health across time were found for all classes (Table S3). Class 1 showed the
strongest decreasing trend, although comprised the smallest proportion of subjects. The general

profile at ELSA baseline for each class is showed in Table 1.

Considering the modal class as reference, the population was older in the remaining
classes as it can be seen in the multinomial logistic regression model (Table 3). When
comparing with the modal class, Class 4 (the second largest group) was associated with
multimorbidity [OR=1.93; 95% CI=(1.57, 2.38)], less formal qualification [OR=0.78; 95%
CI=(0.67, 0.91)] and a lower level of household wealth [OR=1.74; 95% CI=(1.49, 2.03)].
Kaplan-Meier curves associated to classes 1 and 4 showed the highest mortality rates during the

follow-up.

Identifying health trajectories in the HRS study

Five classes were identified in HRS. Table S4 displays the estimated growth parameters
for each class. Results revealed a modal class (Class 4), comprising a 57% of the total sample.
Decreasing significant trends in health scores across time were found for four out of the five
classes. Class 3, which presented the worse health status at baseline (lowest mean intercept), had
associated a non-significant (p = 0.115) slope mean. The general profile at HRS baseline is

showed in Table 2 for each class.

In HRS, the modal class (Class 4) was associated with younger people with formal
qualification and without chronic conditions, according to the results obtained in the multinomial
logistic regression (Table 3). When comparing with Class 4 (reference category), multimorbidity

was associated with belonging to Class 1 [OR=3.82; 95% CI=(3.33, 4.37)] and specially Class 3



[OR=10.53; 95% CI=(7.60, 14.58)]. In general terms, Class 3, which had the highest percentage
of people with chronic conditions, showed the highest rate of mortality. On the other hand, Class

5 (with the highest health score at baseline) showed the highest rates of survival across time.
Discussion

This article provides a methodological approach to identify a finite set of homogeneous
population groups based on health trajectories across time. Before assessing health trajectories, a
common latent metric of health was jointly estimated using nationally representative samples
from the English and US populations. The conceptualization of this health metric is based on
intrinsic capacity and functional ability, and summarizes the underlying health status of an
individual as an overall latent composite of different domains of human functioning®*. The
metric of health employed in the present article is based on functioning domains as Walking,
Sight, Hearing, Balance, Dizziness, Memory, Orientation in time, Cognition, Pain, Energy,
Sleep, Incontinence, Mobility, and limitations in ADLs and IADLs’. The metric also showed an
adequate ability to predict mortality, and it was sensitive to aging, according to the analyses

conducted.

The creation of a latent health metric after using information from self-reported items and
measured tests, is a procedure which has already been implemented in other researches either to
compare health status across studies®, to compare health status across waves of the same study’,
or to identify relevant factors related to health status within a single study®%-32. The present
article is set in the context of the Ageing Trajectories of Health: Longitudinal Opportunities and

Synergies (ATHLOS) project (http://athlosproject.eu/), assessing health trajectories and socio-

demographic determinants in longitudinal surveys.


http://athlosproject.eu/

When measuring healthy aging trajectories, the remarkable variability in the aging
process between individuals'? is a key challenge. In that regard, the GMM-based methodology
presented in this study allows to: 1) determine a specific number of latent classes that age
similarly; and 2) estimate healthy aging trajectories of these groups®. This information from
class membership could be used to identify factors and determinants of healthy aging

trajectories.

According to the results obtained from the multinomial logistic regression model,
systematic relationships were detected in terms of health status at baseline, formal qualification,
and household wealth across the different classes identified in ELSA and HRS. The modal
classes identified in both studies showed a slight decline trend on health across waves and were
associated to higher levels of formal qualification and household wealth. These findings are
consistent with previous results, where years of education and income were positively related to
a better health status'®3-*°, Education and family income have been also found to be relevant
factors to understand the variations in health trajectories when people age®. Moreover, our
results showed that health status at baseline was strongly related to a better health status across
waves in both studies, which highlights the importance of reaching young elderly with a good

health status.

The presence of chronic conditions was another factor systematically related to those
classes with worse health status and stronger health decline across time in both ELSA and HRS.
Specifically, multimorbidity showed a strong association with belonging to those classes, which
is consistent with previous results conducted in US® and English’ populations, which revealed a

negative association between multimorbidity and health.



Results from the Kaplan-Meier survival curves suggested differences in mortality rates
across classes identified in the GMM in both ELSA and HRS studies. Regarding the general
socio-demographic profile of the classes with the highest mortality rates in both studies, these
classes had lower levels of formal qualification and household wealth. Moreover, they also
presented a worse health status at baseline, as well as a higher prevalence of chronic conditions.
These findings are consistent with previous results, where years of education and income were

positively related to a better health status®*-°.

It is worth noticing that the class with worst health status (i.e., lowest health scores at
baseline and accelerated aging decline) in the HRS study comprised the largest proportions of
African-American and Hispanic populations. These ethnic differences in aging are consistent
with previous research that revealed significant differences in health between whites and non-
whites®40, In that regard, some studies suggest that the differences in health between white and
non-white populations could be associated with ethnic differences in the use of health care

services 4142,

The method proposed in this paper has been implemented in a dataset comprising two
nationally representative samples focused on people aged 50 and over, which allows for
generalizing conclusions to other samples of the same populations. Moreover, the
methodological approach implemented in this article has two important contributions. Firstly, it
allows for the simultaneous estimation of a common health metric for different longitudinal
studies, based on a set of self-reported health questions and measured tests that may vary across
studies. Secondly, the generated latent health score can be used to identify aging trajectories
within each study, which allows for analyzing latent health changes across time in different

homogenous groups of the general population.



Some limitations of the present study should be considered. First of all, ELSA and HRS
have a different number of waves, and the follow-up time varies between the two studies.
Moreover, both studies are mainly focused on population aged 50 and over; although a smaller
comparison sample of adults aged 18-49 years has been included in both studies, there is not
enough information in relation to younger cohorts. In that regard, further research should be
carried out focusing on other population age-groups, especially exploring differences among
healthy individuals in their pace of aging**** and considering also that the relationship between
education and health declines with age*. In addition, the small sample size in some of the latent
classes identified by the GMM approach requires caution when interpreting and generalizing
results of these trajectories. Other potential limitation could be the presence of a different set of
items in both studies (45 in ELSA, while only 30 of these items were available in some of the
HRS waves); however, one of the advantages of the Bayesian multilevel IRT approach
considered is that can deal with items varying across studies and waves!’. In terms of predictive
ability, the metric of health obtained has shown a good performance. The use of the approach
proposed is especially relevant in the context of the ATHLOS project, where self-reported health

items and measured tests can vary across waves and studies.

In conclusion, a methodological approach to assess trajectories of health in longitudinal
studies has been proposed in the present article, allowing for the analysis of determinants of
these trajectories. A common metric of health was created, allowing for the inclusion of study-
specific items. This metric was sensitive to aging and showed a good performance to predict
mortality, providing a reliable measure of health and enabling the identification of a finite
number of homogeneous classes based on the health scores obtained across the different waves

of longitudinal studies. In general terms, the classes with lower health scores at baseline and



stronger decline trends on health showed the highest rates on mortality in the English and the US
populations. The presence of chronic conditions, the lack of formal qualification, and a low level

of household wealth were associated to a worse health trajectory.
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Table 1. Baseline general profile of the four classes identified in the GMM in the ELSA study.

Effect

Class 1 Class 2 Class 3 Class 4 p size
Number of subjects 81 340 7,491 3,994 - -
Age, Mean (s.d.) 74.59 (11.36) 69.76 (10.19) 60.72 (9.28) 69.58 (10.98) <0.001 0.44
Male, n (%) 37 (45.68) 161 (47.35) 3543 (47.30) 1,502 (37.61) <0.001 0.09
'(\;'33)” health score at ELSA baseline 57 a5 10 76) 6325 (7.68) 65.20 (8.69) 43.78 (850) <0001 1.17
Formal qualification, n (%) 48 (59.26) 177 (52.06) 5,133 (68.52) 1,637 (40.99) <0.001 0.26
Belonging to the 1-2" quintile of
household wealth (in Pounds), n (%) 35(43.21) 151 (44.41) 2,195 (29.30) 2,999 (57.65) <0.001 0.27
Number of chronic conditions <0.001 0.31

0, n (%) 43(53.09) 170 (50.00) 4,552 (60.77) 792 (19.83)
1, n (%) 22 (27.16) 136 (40.00) 2,343 (31.28) 1,772 (44.37)
2+, n (%) 16 (19.75) 34 (10.00) 596 (7.96) 1,430 (35.80)

Note: Cramer's V was used as effect size measure in the comparisons across categorical variables, while

Cohen's f was used as effect size measure in the comparisons across continuous variables.



Table 2. Baseline general profile of the five classes identified in the GMM in the HRS study.

Effect
Class 1 Class 2 Class 3 Class 4 Class 5 p size
Number of subjects 3942 116 1,161 7,182 247 -
Age, Mean (s.d.) 55.76 (5.59) 58.80 (6.84) 56.24 (5.67) 54.68 (5.58) 57.60(6.31) <0.001 0.13
Male, n (%) 1,552 (39.37) 71 (61.21) 441 (37.98) 6,655 (50.89) 146 (59.11) <0.001  0.12
'(\;'33)” health score at HRS baseline 4o 57 7 60 56,08 (9.24) 35.10 (8.35) 60.90 (7.97) 6228 (7.48) <0001  1.05
Formal qualification, nd(%) 2,565 (65.07) 71 (61.21) 520 (44.79) 5,927 (82.53) 172(69.64) <0.001  0.27
Belonging to the 1%-2" quintile of
houseﬁolg wealth (in Dgllars), n (%) 1,963 (49.80) 67 (57.76) 858 (73.90) 2,082 (28.99) 89(36.03) <0.001 0.29
Ethnicity <0.001 0.10
Whites, n (%) 2,685 (68.22) 64 (55.17) 623 (53.75) 5,572 (77.62) 174 (70.45)
African-American, n (%) 744 (18.90)  31(26.72) 325(28.04) 924 (12.87) 43 (17.41)
Hispanic, n (%) 426 (10.82) 16 (13.79) 182(15.70) 525(7.31) 26 (10.53)
Other, n (%) 81 (2.06) 5 (4.31) 29 (2.50)  158(2.20) 4 (1.62)
Number of chronic conditions <0.001 0.33
0, n (%) 859 (21.79)  37(31.90)  74(6.37) 3,772 (52.52) 113 (45.75)
1,n (%) 1,373 (34.83) 30(25.86) 238 (20.50) 2,466 (34.34) 83 (33.60)
2+, 1 (%) 1,710 (43.38) 49 (42.24) 849 (73.13) 944 (13.14) 51 (20.65)

Note: Cramer's V was used as effect size measure in the comparisons across categorical variables, while
Cohen's f was used as effect size measure in the comparisons across continuous variables.






Table 3. Multinomial logistic regression models for predicting classes identified in ELSA and HRS.

Class 1 (n=81)

ELSA
Class 2 (n = 340)

Class 4 (n = 3,994)

Class 1 (n = 3,942)

Class 2 (n = 116)

HRS

Class 3 (n=1,161)

Class 5 (n = 247)

Variables OR (95 % CI)

OR (95 % Cl)

OR (95 % CI)

OR (95 % CI)

OR (95 % CI)

OR (95 % Cl)

OR (95 % CI)

Age
Health at baseline
Formal qualification (ref. no)

1.15%** (1.12, 1.18)
0.92 (0.89, 0.95)
1.49 (0.93, 2.40)

Gender (ref. male) 1.19 (0.76, 1.87)
Belonging to the 1st-2nd
quintile of household wealth

(ref. no)

1.54 (0.97, 2.45)

Number of chronic
conditions (ref. 0)

1 0.65(0.38, 1.11)

2+ 1.57 (0.85, 2.90)
Ethnicity (ref. whites)

African-American -

Hispanic -
Other -

1.09%** (1.08, 1.11)
1.00 (0.99,1.01)
0.85*** (0.67, 0.91)

1.10 (0.88,1.38)

1.66*** (1.32, 2.10)

1.38** (1.09, 1.76)
1.36 (0.92, 2.02)

1.07*** (1.06, 1.08)
0.72%** (0.71, 0.73)
0.78*** (0.67, 0.91)

1.21%* (1.04, 1.41)

1.74%%* (1.49, 2.03)

1.50%%* (1.27, 1.77)
1.93*** (157, 2.38)

1.02%** (1.01, 1.03)
0.85*** (0.83, 0.84)
0.54*** (0.48,0.62)

1.21** (1.09, 1.36)

1.73*** (1.55, 1.95)

1.73*** (1.53, 1.96)
3.82*** (3.33, 4.37)

1.20%* (1.04, 1.39)

1.34** (1.10, 1.63)
1.09 (0.76, 1.56)

1.12%** (1.09, 1.16)
0.95*** (0.93, 0.97)
0.64* (0.42, 0.97)

0.89 (0.59, 1.35)

2.77%** (1.84, 4.17)

1.01 (0.62, 1.66)
3.33%%* (2.11, 5.24)

1.87** (1.17, 2.99)

1.95* (1.07, 3.55)
2.39 (0.92, 6.23)

1.02** (1.01, 1.04)
0.68*** (0.67, 0.69)
0.37*** (0.30, 0.46)

1.33** (1.07, 1.64)

2.81*** (2.25, 3.50)

2.69%** (1.91, 3.80)
10.53*** (7.60, 14.58)

1.42** (1.10, 1.84)

1.60%* (1.16, 2.21)
1.51 (0.79, 2.89)

1.10%** (1.07, 1.13)
1.03** (1.01, 1.04)
0.61** (0.45, 0.83)

1.08 (0.82, 1.42)

1.30 (0.97, 1.74)

1.04 (0.78, 1.40)
1.51* (1.06, 2.14)

1.22 (0.85, 1.76)

1.23(0.78, 1.94)
0.82 (0.30, 2.25)

Full multinomial logistic regression model coefficients in the ELSA (reference category = Class 3; n = 7,491) and HRS (reference
comparison category = Class 4, n = 7,182) studies. Ethnicity variable was considered only in the HRS study.



Figure 1. Health trajectories in ELSA and HRS studies, and survival curves by class.

Note: Since the small sample size of people from ELSA Class 1 who continued in the study after the first five waves, health
trajectories for this class are shown for the period 2002-2010. The observed trajectories were based on the mean scores on health
status observed, while the estimated trajectories were based on the mean values on health status predicted by the GMM model.



