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Abstract

Developed countries are experiencing an increasing growth of the ageing population. To main-

tain their welfare, it is necessary to identify the factors that affect the level of late life cognitive

functioning and infrastructures required for the maintenance of the cognitive function. Func-

tional limitations, health conditions and mental health are the main problems that old people

are facing. In this paper we investigate the individual trajectories, the demographic differences

and potential covariates effects on the partners of changes through the autoregressive latent tra-

jectory (ALT), a models based on structural equation models (SEMs). The target population is

from the United States of America (USA). A sample size of 4499 individuals with 50 years old

and above. 64.1% of the total sample are female, 85% white and 13.8% black are people. 90%

from the total sample are Hispanic. The results show that the initial trajectories in functional

limitation, health condition and mental health are statistical different when comparing females

with males, black with other people and Hispanic with non Hispanic. Health behaviour aspects

such as smoking, drinking, weight and total household income have significant effect on the

individual trajectory welfare. Finally the conclusion is that there a reciprocal bivariate relation-

ship between functional limitation, health condition and mental health.

Key words: Functional limitation, health condition, mental health, LCM, ALT
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1 Introduction

In developed countries with stability of the economy and good social security condition, indi-

viduals have higher chances to live longer than those in poor countries. With the increasing

growth of the ageing population in these countries or regions, e.g the European Union (EU),

United States of America (USA), Japan, China and others, it becomes interesting to study this

growth phenomenon specially when this growth is not accompanied either by the demographic

aspects or by the health conditions factors, that will enrich the welfare of this age group (Bialas,

2009).

United Nation (UN) (1999) predicts that the ageing population rate is growing about 1.5%

faster than 1.2% the rate of total population. It is expected to become even higher, as the

baby boom generation starts reaching the older ages in the main parts of the of world by the

years of 2025 - 2030. They also report that it will grow 3.5 % more comparing with the total

growth population. This growth will decrease after the referenced period, but in overall it will

continuously be higher than the total population growth.

The ageing population is confronted with some limitations, such as decreasing function

capacity and behavioural flexibility as the individuals are getting older (Wahl et al., 2006). In

addition many people are also facing problems of discrimination by the society and even by

their respective families. Health care and psychological problems are some of the rising issues.

Hence it is interesting to study the potential factors that may lead to the rapid changes in their

health condition in general, as well as the difference across individual characteristics (Marshall

et al., 2005).

The ageing population brings also some policy concerning, with respect to maintenance

and sustainability of the services for this age group, specifically on how to handle, for example,

public health and systems of pensions and retirement. Therefore, many researchers in the field

of sociology, psychology, epidemiology, economic, social science and medical researchers are

struggling to study these issues in order to improve the welfare of this group (Wahl et al., 2006).

Longitudinal data analysis has been one the most powerful and commonly used methods for

the ageing analysis. In this methodology the object in the study is measured repeatedly using

the same type of measurements. This method has wide applications and the main inferences are:

(1) inference about the population mean, (2) individual variation, (3) inspecting the covariates

effects on, (a) the population mean (b) individual variation, and finally (4) prediction of the

new observation (Willey, 2004).
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Latent Curve Models (LCMs) by Meredith and Tisak (1984,1990) allow random intercepts

and random slopes, and thus each object or individual to have a different trajectory over the

time. These random coefficients are incorporated in the structural equation models (SEMs)

by considering them as the latent variables. Finally the autoregressive latent trajectory (ALT)

by Bollen and Curran (2004) permits estimation of relations at the level of LCM factors and

between time-specific measures for each measure.

This paper studies the USA ageing population with respect to health condition, functional

limitation and mental health by using the ALT for longitudinal data. The interest is to find

social disparities in the population, health behaviour factors, households income and the bi-

variate relations between mental health, functional limitation and health condition. By doing

so, we can examine how the health behaviour aspects, income status across different group of

population are shaping the welfare of this group over time.

1.1 USA ageing population

USA is the third most populous country in the world with about 4.5% of the world’s population

and the current population is estimated at 308.7 million, which has grown more than double

since its 1950 level of 152.3 million and hence becoming quantitative and qualitatively different

from what it was (Shrestha and Heisler, 2011). It also has one of the highest growth rates of

ageing population in the world. The importance of this ageing study is not only to analyse the

changes on the shape of three important indexes (health condition, functional limitation and

mental health), but also to analyse the effects of some healthy behaviour and socio-economic

factors in the sense that next cohorts of elderly people will find new paths to successfully and

healthily improve their welfare and thus facilitate their participation in working life and in the

society.

About 20% of adults of 55 years old or older have mental health disorders (such as anxi-

ety, cognitive impairment, or mood disorder) that is not part of normal ageing (Farber, 2011).

In addition 15% - 20% of adults older than age 65 in the USA have experienced depression

(Farber, 2011).

Researchers have shown that social disparities in health exist throughout life, from the foetal

period until old age. The differences between education groups, occupational categories and

incomes have lower health risks, enjoy better general health and are less prone to experience

e.g. cardiovascular disease, diabetes, lung cancer, mental illness and traffic accidents, etc.

4



Figure 1 (from the U.S. Census Bureau) demonstrates the change on the demographic pyramid

the population aged 65 and older has increased, from 8.1% of the total population in 1950 to

12.8% in 2009, and is anticipated to reach 20.2% in 2050 (Shrestha and Heisler, 2011).

 

 

 

Source: CRS extractions from U.S. Census Bureau, International Data Base (IDB),

http://www.census.gov/ipc/ www/idb/country.php.

Figure 1: USA demographic pyramid from 1950, 2000 and projection for 2050
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1.2 Research question

Preventing health problems and practising some exercises are commonly regarded as the wel-

fare. However people should focus on the contribution of the growth process with specific

variables and their effects at a specific time, that is to consider the effects of the time varying

covariates and the possible relations between partners of changes in ageing population.

In general our interest is to investigate the health behaviour factors and socio-demographic

discrepancies in the ageing process, with the following specific questions:

1. How stable are the individuals’ trajectories of mental health, health conditions and func-

tional limitation?

2. What are directions of change on those trajectories with respect to social demographic

characteristics (gender, ethnicity, race, education)?

3. What are the effects of health behaviour (smoking, drinking and weight) and total house-

hold income on mental health, health conditions and functional limitation?

4. What are the bivariate relationships of those trajectories?

This is important, since if the potential factors in each trajectory are known and if there are re-

lationships on these variables, it may help politicians to introduce policies to reduce the healthy

problems and suffering of this age group, enhance the possibility to remain their activities

without further limitation.

2 Literature review

The literature review briefly summarizes the studies on ageing population, and respective main

statistical methods, that have been used for analysing this sort of data and phenomenon. The

focus later is on the ALT used in this paper.

2.1 Ageing researches background

The raising interest in the ageing data was in the fields of the gerontology, with the theories

emerged in Chicago school of urban sociology during the 1920s and 1930 (e.g. Park and

McKenzie, 1925). In the 1930s and 1940s, the germany psychologist Lewin promoted the idea
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that behaviours should be regarded as a function of both the person and environment. This

brought the interest on studies for the behaviour and social science.

Murray (1938) introduced also a theory that external forces had impacts on both objectively

and subjectively perceived levels of a person. This in turn provides an impulse within gerontol-

ogy studies by the end of 1940s. In addition to that strong considerations of biology and medical

condition, economic factors, family and social conditions, housing and neighbourhoods quality

were introduced for the ageing research in both cognition and body function.

“In 1977 Baltes and Willis articulated the point that chronological age is only one of sev-

eral potential ways to organize time trajectories in psychological ageing (...)” (Schaie and

wills, 2011 pp. 9). There are individual differences in various aspects of long-term change pat-

terns. Thus many researchers today are striving to identify viable alternative indices of ageing,

involving class, life course, and cultural indicators as three potential alternatives.

Researches have identified some candidate determinants, including fundamental aspects of

cognition as speed or slowing ( Salthouse, 1996 ), inhibition or distractibility ( Darowski et al.,

2008; Lustig et al., 2007 ), sensory-related common cause ( Baltes and Lindenberger, 1997 ),

and various neurological indices ( Cabeza et al., 2004; Hedden and Gabrieli, 2005 ). They sum-

marized that the life span functional perspective attributed to the potential for ageing is related

to personality or other self-systems, with the possibility of multiple determinants, dynamic in-

teractions among levels of analyses, and consequent individual differences in trajectories and

variability over long periods of ageing.

Many approaches have been suggested to study this sort of data including cross sectional

analysis, longitudinal analysis and cross lagged analysis. Zahodne et al. (2014) argued some

limitations of cross sectional studies since they only capture the related factors of the underlying

outcome.

Tsai et al. (2005) studied the prevalence and risk factors of the depressive symptoms among

community-dwelling elders in Taiwan, they used longitudinal approaches which only captured

the joint influence, but not the related factors. In addition, Anstey et al. (2007) used ANCOVA,

hence did not examine the baseline measurements and longitudinal changes for each individual.

Instead they examined the link between changes in depression.

Chalise (2014) used logistic regression to model depression to determine the prevalence

of the depression and its predictors among elderly living in Briddashram. The main results

were good in the sense that it captured the influence of the instrumental activities of the daily

7



living on the functional limitation, which was also a predictor of loneliness. In addition Chalise

(2014) also found that symptoms of depression could cause or exacerbate physical disability in

older people.

Gallacher and Hofer (2003) used ANOVA to compare the serum level of S100B in patients

with and without delirium to detect the relation between S100B and delirium subtypes. In

overall they did not find a difference in S100B levels between the different subtypes of delirium.

The authors argued that this might have been possibly due to the small numbers of patients in

the different subgroups.

Weiss (2005) devoted a chapter arguing that given the complexity of some phenomenon

such ageing datasets, relying on the simple t-test or Anova test may reduce the efficiency and

elevate the level of bias.

Tsou (2014) extended Gallacher and Hofer (2003) by using multivariate linear regression to

study the association between the metabolic syndrome and sleep symptoms and sleep hygiene

for elderly. The author provided evidence that difficulty in falling asleep in the general is

more prevalent in elderly population, and that sleep complaints and unhealthy sleep hygiene

are considerably more prevalent than either the insomnia syndrome or other personal habits.

And yet, the report had some limitations given the fact that this was a cross- sectional survey,

and hence it might not be representative of the entire elderly population.

Wyk et al. (2014) used the multi-level mixed-effects regression analysis to evaluate whether

responses differed post-intervention, while accounting for clustered sampling of healthcare

practitioners within facilities, repeated measures within healthcare practitioners, and healthcare

practitioner-level predictors such as age, education, and work experience. In general observa-

tions from the same group are generally more similar to each other than the observations form

different groups. These models capture the amount of similarities by the correlation within the

groups on each level of study.

Alternative models for the ageing data raised the structural equation modeling techniques to

time-dependent associations between variables. The classical mixed-effect latent growth mod-

els allow us to deal with large amounts of incomplete data as well as direct age-based growth

interpretations (Ferrer and McArdle, 2003). These models were slightly reformulated in terms

of SEM approaches with latent difference scores (McArdle et al., 2004). A bivariate difference

score form of this model permits to test dynamic hypotheses by using standard statistical theory

and SEM software.
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McArdle et al. (2004) simultaneously analysed the longitudinal changes in the memory

performance, longitudinal changes in the brain structure, their interrelationship over time lags,

and the impact of other variables on these time-lagged associations. Basically the authors

performed four different models: (1) a multiple regression model; (2) mixed-effects growth

models; (3) a latent difference scores (LDS) model and (4) a bivariate LDS model, which is

an extension of the LDS model and can lead to more complex nonlinear trajectory equations

with the hypotheses about (a) parallel growth, (b) the covariance among latent components, (c)

proportional growth, and (d) the dynamic coupling. In overall the bivariate LDS outperforms

the other three, in the sense that it turns to be a general model and allows to study the dynamical

relationships across variables, the sequence of relationships among the memory measures and

the brain structure measures. Hence their results showed that individual differences in these

age-lagged changes operate in a coupled over time fashion, with the tomography lateral ven-

tricle size scores (LVS) acting as a leading indicator in time of Wechsler memory score data

(scaled WMS) declines.

Chen, et al. (2012) investigated potential relationships between depressive symptoms and

disability and compared LDS with ALT. They initially used the latent growth curve mod-

els (LGCMs) to evaluate the association between the older adults initial health status and

their changing trajectories over time, without time-variant and time-constant control variables.

While the LGCM performed poorly, the ALT provided a good result because time-constant and

time-varying covariates were included as control variables for the endogenous variables.

Zahodne et al. (2014b) used the ALT and LCM to examine the association of depression

and disability. With these models they were able to identify the causal relationship between dis-

ability and depressive symptoms over time. They showed that depressive symptoms preceded

memory decline, but not contrary.

Bollen and Curran (2004) showed that both the LDS and ALT are nested models which al-

low nested likelihood ratio comparisons. In addition, the LDS model assumes a single indicator

for each equation. The authors summarize that one model might be preferred over the other

based on substantive and theoretical considerations:

• if the researcher is interested in the study of the change in a latent variable, then LDS is

preferable (note that this is not our case).

• when there are additional effects due to prior values of the repeated measure, ALT model

is the suitable approach.
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2.2 Longitudinal data analysis

In longitudinal data the observation is a single measurement on a subject, that can be individ-

uals, countries or other subjects measured over the time. The defining feature of these type of

data is that the multiple observations within subject can be ordered across time (Weiss, 2005).

Longitudinal data can be considered as a particular case of repeatedly measured data, where

a single measurement is collected repeatedly on each subject, which may or may not be dis-

tributed over time. It can consist of many time series measured on a sample of subjects. How-

ever it differs from the traditional time series in sense that they have fewer repeated measure-

ments.

Singer and Willett (2003) explained that the focus are in either the within-individual change,

that is how does each person change over time, or change in inter-individual differences, to

predict differences among people in their changes. This sort of data gives an appealing heuristic

for framing for such research questions and underpins the statistical models. The importance

of the longitudinal data is in sense of their complete information about possible profiles of

individual subjects, which can be used to predict the future for new subjects.

The three major approaches in Weiss (2005) in analysing longitudinal data are: (1) marginal

analysis, when the interest is in average response; (2) transition models, when the focus is on

how the value of Y for case i at time i, Yit, depends on the past values of Y and other variable

(i.e., a conditional model); (3) random effects models, if focus on how regression coefficients

vary over individuals.

When dealing with the longitudinal data, given the correlation with the repeated measures,

the choice of the model is important. The profile analyse is directly related with the covariance

model Σ(θ) generated by the data where θ is the set of parameters. Usually it is not recom-

mended to work with unstructured covariance model. For the balanced data set (with possible

missing data), where the sample size n is moderately large we can use the unstructured covari-

ance. However this is not often the case and hence the parametrized covariance model is used,

where the all the variance and covariances are functions of a small number covariance param-

eters say θ. Then we have the covariance model. There are many different covariance models,

depending on the specification of the data set, see Weiss (2005, Chap 8) for further details.
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2.3 Latent curve models - LCM

SEM becomes a very popular technique for analysing multivariate data. “Its mathematically

equivalent visual analogue, path analysis, represent techniques to model causal and correla-

tional influences on both observed and unobserved variables” (Neale and Schmitt, 2005, pp.

2). This technique has become also a powerful alternative to analyse longitudinal data, based

on several models developed namely, (a) the cross-lagged regression, (b) factor models based

on latent growth curves, (c) a dynamic model based on latent differences scores, and recently

(d) latent curve models with particular attention to autoregressive latent trajectories (Bollen and

Curran, 2004; Ferrer and McArdle, 2003).

Structural cross-lagged regression model is a classical model based on the pioneer work by

Jöreskog (1970,1974,1979) and Jöreskog and Sörbom (1970), which specifies inter-relations

between the two variables at level of scores, that may incorporate either observational variables

or non-observational (or latent) variables. Basically it has three main components (a) an au-

toregressive component (β), which represents the effect of some variables at previous time that

is constant across time, (b) a cross-lagged regression (γ), or the effect of the other variables at

previous time, and a constant across lags, and (c) a residual. Usually to capture the changes

over time the model is written in terms of first differences.

The alternative model can be the structural factor model based on the latent growth curve

(LGC), from the work of the Rao (1958), Tucker (1966) and developed in the nineteenth century

by McArdle (1988). The feature of model is that it measures two variablesX and Y with at least

four occasion, each including the intercept and slopes. The latent difference scores dynamic

model by McArdle & Nesslrade (1994) combines the feature of the previous models. It follows

a classical change score model and has the form:

∆y[t]n = αy × ysn + βy × y[t−1]n + γy × x[t−1]n (1)

∆x[t]n = αx × xsn + βx × x[t−1]n + γx × y[t−1]n (2)

where t represents the time, x and y are the underlying repeated measurements of the individual

n, ∆ represents the changes or difference over time t, the ys and xs termed the slopes. The three

components in these models can potentially capture the interrelationship across and over time.

That is, α is associated with the latent variable ysn xsn, β is the feedback, the effect of each

variable in the previous period, and γ states the changes, the effect of the other variable at

previous change. Basically the model tests the bivariate change using standard SEM, under the
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assumption of normality, and takes the differences in the likelihood functions which follows

chi-square distribution (Ferrer and McArdle, 2003).

2.3.1 Auto-regressive latent trajectory model- ALT

Thus far we discussed several approaches for analysing longitudinal data, one of the recent

approach is the ALT, which is an extension of the two broad methods, namely, the AR and the

LGCM (Bollen and Curran, 2004, 2006).

Bollen and Curran (2004) proposed the ALT by incorporating the cross-lagged and latent

curve models, which turns out to be a more flexible hybrid. In addition, they also proposed

a matrix expression that allows a parametrization of this broad class of longitudinal models

including ALT, by imposing certain restriction. In addition this model permits to establish the

identification and estimation for this general model, which permits also likelihood ratio tests to

distinguish between alternative model parametrizations (Bollen and Curran, 2006).

ALT is closely related with SEM and the estimation is made by ML estimation, which

then is necessary to make the additional assumption that observed variables are derived from

population distributions with roughly the same multivariate kurtosis as a multivariate normal

distribution Bollen and Curran (2006).

3 Methodology

In this section the models and methods are presented. As the literature recommended it is

always necessary to search for the basic trajectory of the underlying subject by using the LCM

before estimate any ALT model. Therefore the starting point is the simple LCM for a more

comprehensive understanding.

3.1 Model

The starting model is a univariate linear unconditional LCM, which later is extended to the

general expression. Let yit be the outcome variable of the individual i at time t, then we define

the linear LCM as follow

yit = αiy + βiyλt2 + εyit (3)
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with

αit = µαy + ζαyi (4)

βit = µβy + ζβyi (5)

where µαy and µβy are the mean intercepts and slope across all cases, ζαyi and ζβyi are the

disturbances with the mean zero, uncorrelated with εyit, and represent the random variability

around the mean intercept and mean slope. In addition it allows ζαyi and ζβyi to be correlated

in a linear model. αiy is the random intercept for case i and βiy is the random slope for case i.

The λt2 is a constant within time t, where λ12 = 0 and λ22 = 1. The remaining values of the λt2

allow the incorporation of the values of non-linear trajectories. In the case of linear trajectory

as stated λt2 = t − 1 for all i and t, Cov(εyit, βiy) = 0 and Cov(εyit, αiy) = 0 for all i and

t = 2, 3, ..., T , E(εyit, εylt) = 0 for all t and i 6= j E(εyit, εyit) = σ2
εt for each t. Additional

assumption is that Cov(εyit, εyi,t+k) = 0 for k 6= 0 so that the errors are not correlated over

the time. The models (4) and (5) represent the distinct intercept and slope, that describe the

latent trajectory of a variable over the time. It is straightforward to extend the linear model

to a quadratic model. For the nonlinear quadratic component, the interest is to capture rapid

changes on the underlying outcome, such that

yit = αi + λtβ1i + λ2tβ2i + εit (6)

where λ2t is the squared value at time t and β2i represents the individual varying value for the

quadratic component of the trajectory. We treat all three parameters as random variables

αi = µα + ζαi
(7)

β1i = µβ1 + ζβ1i (8)

β2i = µβ2 + ζβ2i (9)

The assumptions are the same as in (3). The main difference is the incorporation of λ2tβ2i.

We can also combine equation (3) with the standard fixed autoregressive parameters to capture

the time specific effect between the repeated measures as

yit = αiy + βiyλt2 + ρyyi,t−1 + εyit (10)

with all the assumptions remaining including the individual latent intercept (4) and slope

(5). To avoid the non-linear constraints, Curran and Bollen (2004) proposed to treat the first
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observation yi0 as predetermined. However, they also pointed out that standard LGCM is no

longer nested under the ALT model. And to establish nesting of the LGCM under this prede-

termined version of the ALT, they proposed also to treat the first observation in the LGCM as

predetermined. Thus, yi1 will be treated as predetermined, such that

yi1 = υ1 + εyi1 (11)

where υ1 is the mean intercept. To extent (10) to a conditional univariate ALT model with

time invarying covariates (TIC) the model allows to incorporate exogenous measures to the

equations (4) and (5), such that

αit = µαy +

Q∑
q=1

γαqziq + ζαyi (12)

βit = µβy +

Q∑
q=1

γβqziq + ζβyi (13)

where γαyq and γβyq represent the fixed regression of the random intercept and slope com-

ponents of the Q-exogenous predictor variables (ziq). As the ALT treats the initial repeated

measures as endogenous in the system. The equation for the random trajectories only reflect

the inclusion of the covariates

yit = υ1 +
P∑
p=1

γαpy1zipt + εyi1 (14)

where υ1 represents a regression intercept and εi1 the individual specific residual, γ again

represents the fixed regression of the predetermined yi1 on the P time varying covariates (TVC)

zip,t . The assumptions are that the residual ζαi
, ζβi and εi1 have zero mean and are uncorrelated

with the exogenous variables. The residual may be correlated across equations, but not within

equation and they are not autocorrelated.

The univariate model can be extended to a bivariate case which captures the relationship

between two outcome variables. It is defined as

yit = αyi + Λyt2βyi + ρytyt−1yi,t−1 + ρytxt−1xi,t−1 +
P∑
p=1

γypzip,t + εyit (15)

xit = αxi + Λxt2βxi + ρxtyt−1yi,t−1 + ρxtxt−1xi,t−1 +
P∑
p=1

γxpzip,t + εxit (16)

The error terms (ε’s) have means of zero, are not autocorrelated, and are uncorrelated with the

right-hand side variables and random coefficients, though εyit might correlate with εxit . The
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initial terms yi1 and xi1 are treated as predetermined such that

yi1 = υy1 + εyi1 (17)

xi1 = υx1 + εxi1 (18)

The random intercepts and slopes for yit with time invariant covariates zi1 and zi2 are

αyi = µyα + γαy1zi1 + γαy2zi2 + ζyαi (19)

βyi = µyβ + γβy1zi1 + γβy2zi2 + ζyβi (20)

and

αxi = µxα + γαx1zi1 + γαx2zi2 + ζxαi (21)

βxi = µxβ + γβx1zi1 + γβx2zi2 + ζxβi (22)

The set of γ′s represents the fixed regressions of the random trajectory components on the

two correlated exogenous variables. If the initial repeated measures for x and y are treated as

endogenous, no further modifications are necessary. However, if the initial repeated measures

are treated as predetermined, then xi1 and yi1 are regressed on the set of exogenous measures,

such that

yi1 = υy1 + γy1zi1 + γy2zi2 + εyi1 (23)

xi1 = υx1 + γx1zi1 + γx2zi2 + εxi1 (24)

The same assumptions described for the univariate conditional ALT model hold here as

well. Finally we can extend the model to a more general matrix expression, i.e.

ηi = µ + Bηi + ζ (25)

Oi = Pηi (26)

The first equation is the structural relation between the variables, ηi is a vector that contains

both the repeated measures and the random intercepts and slopes. µ is a vector of means or

intercepts. B is a coefficient matrix that gives the relationship of ηi on each other and ζi is the

disturbance vector for the variables in ηi, where it is assumed that E(ζ) = 0. O is the matrix

of the observed variables and P includes the identity matrices for the repeated measures and

exogenous variables. The second equation captures the observed variables Oi from the latent
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variables of structural equation. We can reformulate equation (25) as

ηi = µ + Bηi + ζi

= (I− B)−1(µ + ζi) (27)

for the equation (26) we have

Oi = (I− B)−1(µ + ζi) (28)

Hence, the model implied mean vector and the covariance matrix are

E(Oi) = (I− B)−1µ (29)

Σ(θ) = P (I− B)−1 Ψ(I− B)−1′P′ (30)

where Ψ = Σξξ is the error covariance matrix. These implied moment matrices are helpful in

determining the identification of the model parameters, in testing the model fit, and in parameter

estimation. Specifically

ηi =



yi
xi

zi

αi

βi


,µ =



µy

µx

µz

µα

µβ,


,B =



Byy Byx Byz Byα Byβ

Bxy Bxx Bxz Bxα Bxβ

Bzy Bzy Bzz Bzα Bzβ

Bαy Bαx Bαz Bαα Bαβ

Bβy Bβx Bβz Bβα Bββ


, ζi =



εyi

εxi

εzi

εαi

εβi


yi and xi are two variables repeatedly measured for T time periods, zi is a q × 1 vector

of exogenous determinants of the latent trajectory parameters or repeated measures, αi is the

2×1 vector of βyi and βxi are the random slopes for the two repeated measures. µ is the vector

mean for each previous cases. B contains possible influences in the model, for example Byy is

the effects of the repeated y’s variables on each other, Bβy contains the impact of the exogenous

zi on the random slopes βyi and βxi, for the yi and xi. ζi is the errors vector. Restrictions can

be imposed to the matrix B. For instance, given that y, x, z, α and β have no effects on z.

Additionally (1) y and x have no influence on α (2) y and x have no influence on β, this matrix

can be expressed as

B =



Byy Byx Byz Byα Byβ

Bxy Bxx Bxz Bxα Bxβ

0 0 0 0 0

0 0 Bαz Bαα Bαβ

0 0 Bβz Bβα Bββ


16



Under the same assumption, P and O are

P =


IT 0 0 0 0

0 IT 0 0 0

0 0 Iq 0 0

 ,Oi =


yi
xi

zi


where IT is T × T matrix and Iq a q × q matrix. In the univariate model making some

restriction on given matrices, since it has only one response variable yi it yields to

ηi =


yi
zi

αi

βi

 ,µ =


µy

µz

µα

µβ,

 ,B =


Byy Byz Byα Byβ

0 0 0 0

0 Bzα 0 0

0 Bzβ 0 0

 , ζi =


εyi

εzi

εαi

εβi


Further, the matrix expression for a bivariate conditional ALT model with time varying and

time invarying covariates is

B =



Byy Byx Byz Byα Byβ

Bxy Bxx Bxz Bxα Bxβ

0 0 0 0 0

0 0 Bαz 0 0

0 0 Bβz 0 0


,P =


IT 0 0 0 0

0 IT 0 0 0

0 0 Iq 0 0

 ,Byα =



0

1

1

1

1


Byβ =

[
0 1 2 ... T − 1

]′
and

O =
[

yi xi zi
]′

3.1.1 Conditions of the identification for the ALT

Identification concerns whether it is possible to find unique values for the model parameters

θ when the population moments (usually µ and Σ) of the observed variables are known. The

parameters of the model can be considered to be identified (known) or under-identified (un-

known). And they are considered over-identified, when the known are more than the unknown

parameters. For the implied moments (29) and (30), the ALT will be identified with three or

more waves of data (Bollen and Curran, 2004).
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In a univariate case, without further restrictions on the model parameters, five waves of data

are sufficient to identify the unconditional and conditional ALT model. The issue is to identify

an ALT with four or three waves. For a model with four waves the common assumption in AR

models is that the autoregressive coefficient is equal over time (ρ = ρy2y1=ρy3y2=ρy4y3). Hence,

given the four indicators yi1, yi2, yi3 and yi4, the linear trajectory is

yit = αi + λtβi + ρyi,t−1 + εit (31)

where λt = t − 1 with t = 2, 3, 4. Consequently, after rewriting the model in the matrix form

and taking expectations on both sides, we have
µy2

µy3

µy4

 =


1 1 µy1

1 2 µy2

1 3 µy3



µα

µβ

ρ


Assuming that the 3× 3 matrix on the right-hand side is non-singular, then

µα

µβ

ρ

 =


1 1 µy1

1 2 µy2

1 3 µy3


−1 

µy2

µy3

µy4


Since the means of the observed variables (µyt) are known to be identified, the equation

demonstrates the identification of µα, µβ and ρ provided that the inverse on the right-hand

side exists. Substitution into the equation (30) of the matrices that correspond to this ALT

model gives the implied covariance matrix for this model. Manipulation of the equations for

the variances and covariances of the yit variables with each other establishes the identification

of V AR(αi), V AR(βi), V AR(y1i), COV (αi, βi), COV (αi, y1i), COV (βi, y1i) and V AR(ε1i)

with V AR(ε4i). The linear ALT model is over-identified for T ≥ 5 even with the ρ parameters

freely estimated.

3.1.2 Estimation and model testing

The ALT is based on the SEM as referred and the estimation is done by the ML estimation.

However since missing data are often the case for this sort of analysis it is necessary to treat

them. The listwise deletion and pairwise deletion are commonly used methods to treat missing

data. They lead to biased and inconsistent estimators and hence are not recommended (Alli-

son, 2003). Basically there are two better methods to handle missing data, namely, the direct
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maximum likelihood estimation and the multiple imputation. The data are typically in the form

of a sample covariance matrix S, a p × p matrix and a sample mean vector ȳ with p measures,

computed from complete data under the assumption of normality. In this paper the method

used is the direct maximum likelihood estimation, written in the form that makes it easy to

develop a likelihood ratio test of the estimated model, where the estimated model is compared

to a saturated model specifically.

FML = ln |Σ(θ)| − ln |S|+ tr[Σ−1(θ)S]− p− [ȳ− µ(θ)]′Σ−1(θ)[ȳ− µ(θ)] (32)

However this likelihood is rewritten in a form that holds for each individual case in the sample

lnLi(θ) = Ki −
1

2
ln |Σi(θ)| − 1

2
[zi − µi(θ)]′Σ−1i (θ)[zi − µi(θ)] (33)

where the i indexes the observation in the sample, zi is the vector of observed variables for the

ith case, and Ki is a constant unrelated to θ. Then the likelihood function for all cases is

lnL(θ) =
N∑
i=1

lnLi(θ) (34)

Schafer and Olsen (1998) noted that with reasonably large sample sizes, the direct maximum-

likelihood should lead to essentially the same results as multiple imputation procedures. But

the direct maximum-likelihood method is slightly more efficient than multiple imputation be-

cause they do not rely on simulations. The hypotheses test as the usual chi-square test statistic

compares the lnLi(θ) of the hypothesized model with the saturated model and forms a likeli-

hood ratio test statistic of whether the population moment matrices equal the implied moment

matrices, that is, µ = µ(θ) and Σ = Σ(θ). The numerical minimization procedure to estimate

θ maximizes the likelihood function (31). The asymptotic covariance matrix of theta is given

by the inverse of the information matrix

ACOV(θ̂) =

(
−E

[
∂2lnL(θ)

∂θ∂θ′

])−1
(35)

which is consistent, asymptotically unbiased, asymptotically normal, and asymptotically

efficient. Further direct MLE is more efficient and less biased than methods involving data

imputation or deletion of partial data and yields unbiased estimates when data are missing

completely at random (MCAR) or missing at random (MAR) (Neale, 2000; Rubin, 1976).
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3.2 Model evaluation and selection

The fitted models are assessed and evaluated by global criteria, that is usually a prerequisite

to interpret parameter estimates. Then under multivariate normality and under the null hy-

pothesis of a good fit, TML = FML × (N − 1) is χ2 distributed with degrees of freedom

df = [p(p + 3)/2] − q∗, where p is the number of variables and q∗ is the effective number of

free model parameters. Another recommended and useful index is the root mean square error

of approximation (RMSEA; Browne and Cudeck, 1993; Steiger and Lind, 1980).

RMSEA =

√
max

(
F̂ML − df

N−1 , 0)

df
(36)

The simultaneous null hypothesis being tested are the mean and covariance structure hy-

pothesis of

H0 : µ = µ(θ),Σ = Σ(θ)

The numerator under the radical (36) is an estimate of model misfit in the population, in general

small value (RMSEA < 0.05) reveal a good fit of the model. The RMSEA is preferred for the

fact that it is an estimator of misfit in the population rather than simply a measure of misfit in

the sample and it gives the confidence intervals providing a measure of precision (Bollen and

Curran, 2004). Other fit indices are the Tucker-Lewis index - TLI (Tucker and Lewis, 1973)

TLI =
Tb/dfb − Th/dfh
Tb/dfb − 1

(37)

where Tb represents the test statistics for the baseline model, Th for the hypothesized model,

dfb for the degrees of freedom for the baseline model, and dfh for the degrees of freedom of the

hypothesized model. We used also the incremental fit index - IFI (Bollen, 1989a)

IFI =
Tb − Th
Tb − dfh

(38)

where IFI=1 is an ideal fit. It is possible to exceed 1, but values much larger than 1 suggest

over-fitting the data and less than 0.9 are unacceptable. We also included the standardized root

mean square residual (SRMR) by Jöreskog and Sörbom (1996), a summary measure of the

magnitude of the residuals. SRMR is the square root of the average squared absolute difference

between observed correlations and model-implied correlations (and thus smaller values are

better). It is also recommended to check the residuals as follows. Let r = S−Σ(θ). The fitted

residuals are:

r̂ = S−Σ(θ̂) (39)
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The standardized residuals are:

standardized(r̂i) =
r̂i

st.err(r̂i)
(40)

The standardized residuals are assumed to follow asymptotically standard normal distribu-

tions. That is why absolute values of standardized residuals larger than 2 signify, that there is

still covariance among the observed variables left to be explained by the model.

Finally for models that are not nested, the criteria that are used as recommended are the

information-based model selection criteria Akaike information criterion (Akaike, 1973, 1987)

and Bayesian information criterion (Schwarz, 1978; Raftery, 1993),

AIC = Th + 2q∗ (41)

BIC = Th − q∗ ln(N) (42)

where q∗ is the number of free parameters estimated in the model and T is the number of

waves of data, the lower the best.

3.3 Metrics of time

As Bollen and Curran (2006) pointed out, there are two ways that this type of data structure

can be addressed, wave of assessment and chronological age. The former treats the wave

as the metric of time and use age of respondent as a covariate in the study. The latter approach

is to exploit the inherent missing data structure. Although the second is more appropriate for

the case of study, given the fact that this approach introduces more missing data in addition

with the already in the data, here is used the first approach, which is still interesting however

slight modifications are introduced on the parameter interpretation, for better understanding see

Bollen and Curran (2006, pp 74).

3.4 Data and variable selection

The data set are from the Health and Retirement Study (HRS) version M August 2013 available

on the website (http://hrsonline.isr.umich.edu/data/index.html). It is a longitudinal data set for

elderly population from the United States with 50 years old or above. We also merged the data

from the Consumption and Activities Mail Survey (CAMS) dataset, in order to access other

variables related with the household spendings. The CAMS survey was mailed to households
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selected at random from households that participated in the HRS. The final dataset used in

this paper consists of five biannual waves, starting from 2001 up to 2009, with total of 4499

invidious after removing the some cases where the respondents are the spouses.

To investigate the research questions the selected variables are socio-demographic vari-

ables, change in health and mental health described below. The description of all the variables

in the dataset can be found on the available documentations of the HRS and CAMS, however,

below some description on each of the main selected measures are presented.

Functional limitation denoted by ADLC represents changes from the previous to the current

interview, in functional limitation indices for activities of daily living, it summarizes physical

health problems where the response is whether the activities are difficult or not (namely, some

difficult to walk across room, dressing, bathing or shower, eating, get in/out bed, and using the

toilet). It is ranged from -5 to 5 (negative and positive changes the lower the worse).

Health condition denoted by CONDE represents the changes in high blood pressure, ever had

diabetes, ever had cancer, ever had lung disease, ever had heart problems, ever had stroke, ever

had psychological problems, and ever had arthritis. It is ranged from 0 to 8, the lower the better.

Mental health denoted by CESD includes measures of overall mental health conditions. This

measure was summarized over 8 variables (depression, everything an effort, sleep was restless,

was happy, felt lonely, felt sad, could not get going and enjoyed the life) ranged from 0 to 8,

higher values indicates that the individuals has more problems.

Independent variables in the analysis included covariates selected for their consistence with

the waves and also known to be factors that influence health outcomes such as, weight, smok-

ing, drinking, socio demographic characteristics (age, gender, race and Hispanic) and socio-

economic characteristics (household income and education). We would like to include the

physical activities, with job and sports, however it turns out that this variable are not consis-

tent in all waves and hence there are not considered. Because the distribution of household

income is skewed, it is log-transformed to approximate normality. Smoking and drinking sta-

tus are based on past and current smoking and drink behaviour, where the respondent answered

whether they have ever smoke cigarette or drink any alcoholic beverages.

4 Results

The results of this paper are all computed in R using Package “lavaan” by Rosseel et al. (2014).
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4.1 Descriptives of the data

We start this section to introduce some descriptive statistics of the data. The descriptive statis-

tics of social and demographic characteristics of the respondents of this study are given in Table

1. 4499 individuals have aged from 50 and above where the oldest person is 102 years old, the

total average age is 66 (slightly different comparing the race 67.16 for white and 64.59 for

black). In the sample, more than 64% are female. 85% of the individuals in the sample are

white people, followed by 13.1% of black people. With respect to ethnicities 92.7% are His-

panic. About 51.6% of the individuals are married, 27.5% are widowed 14.5% are separated

and divorced people. Only 3.8% of the individuals affirmed never married before. As expected

widowed people have mean age higher than other group (73.55), and their total household in-

comes are also relatively lower that those who are married and those living in partners.

Table 1: Demographic descriptives statistics at baseline time -2003

Variables Percentage(%) Female Proportion(%) Age HCTOTALa

Race

White 85 63.6 67.16 (9.695) 10.233 (0.683)

Black 13.1 69.3 64.59(8.927) 10.161(0.717)

Other 1.8 67.5 63.02(7.08) 10.093(0.754)

Ethnicity

Hispanic 92.7 64.4 64.62(8.765) 10.234(0.684)

Not 7.3 65.8 66.91(9.651) 10.024(0.742)

Marital Status

Married 51.1 - 62.17(8.228) 10.4153(0.610)

Partner 2.5 - 62.17(8.495) 10.4153(0.619)

Separated 2.0 - 63.58(8.479) 10.2744(0.690)

Divorced 12.5 - 64.0(8.145) 9.9403(0.663)

Widowed 27.5 - 73.55(9.557) 9.9950(0.810)

Others 3.9 - 64.91(7.783) 9.9146(0.935)

a. HCTOTAL - total household income reported in nominal dollars Numbers in parentheses are standard deviations N = 4499

23



4.2 Univariate ALT models

In this section we discuss the univariate case for both the GCM (linear and quadratic) and the

ALT. Results from Table 2 give goodness of fit for the linear GCM, the quadratic GCM and

the ALT for all response variables (CONDE, ADLC and CESD). Since the linear GCM and

the quadratic GCM are nested one can use the χ2 test with the degree of freedom equal to

the difference of number of parameters estimated in each model. Note that CM1 = 472.436,

CM2 = 250.228 CM3 = 133.528, all of which are larger than the 95% quantile of a chi square

distribution with particular degrees of freedom. The quadratic GCM outperforms the linear

GCM. Comparing the quadratic GCM with the ALT, the ALT is better with lower AICs and

BICs. For other goodness of fit, it also reveals that neither the linear GCM nor quadratic GCM

provide more satisfactory fit to the data than the ALT as shown on the Table 2 all statistics

such as CFI, TLI, RMSEA and SRMR are in the required range, with particular attention on

the RMSEA1 = 0.019, RMSEA2 = 0.012 and RMSEA3 = 0.0013 all smaller than 0.05. In all

cases, the IFI indicates good model fits with all larger than 0.9 and below 1.

Table 3 gives the time invarying covariates - TIC for all the univariate ALT models. With

respect to health condition the mean intercept and slope are statistical significance with 2.282

and 0.755 respectively. Education is not included since it was not statistically significant in

several models, we believe that this might be due to the fact that health condition is regarded

as physical problems. Male people have initial mean intercept of 0.389 higher than female and

the initial mean slope of 0.128 lower than female. There is no statistical difference between

the Hispanic and non Hispanic people in terms of their trajectories with respect to either the

mean intercept and slope. Black people have significant difference on the initial mean intercept

comparing with others about 0.132 higher, also the initial mean slope is -0.044 and relatively

lower than white and other people. With respect to functional limitation, for the same reasons

we have not included the education, the mean intercept and slope are statistically significant

both negative -0.204 and -0.148. Male people have the initial mean slope of 0.034 high than

female, there is also a statistical difference comparing Hispanic than non Hispanic people about

0.087 higher in their trajectories. With respect to mental health the mean intercept is statistically

significant as 7.234 while the the mean slope is not. We included years of education, which

can be interpreted as follow a united of education year reduces mental health problems in 0.111

controlling all other aspects. Male people have initial mean intercept lower than female of

0.354. The mean intercept for Hispanic is 0.402 lower than non-Hispanic.
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Table 2: Goodness of fit for univariate conditional ALT models (health condition, functional limitation and mental health)

RaceRaceRace

CONDEa ADCLb CESDc

Estimates Linear Quadratic ALT Linear Quadratic ALT Linear Quadratic ALT

χ2 867.86 ∗ ∗ 395.43** 208.07** 373.629** 248.615** 161.931** 153.750** 86.986** 145.407**

df 130 122 121 130 106 106 108 88 109

∆χ2
df − 472.43 - - 248.615 - - 133.528 -

CM − 472.436** - - 250.028** - - 133.528** -

CFI 0.956 0.984 0.995 0.846 0.940 .977 0.988 1.00 0.991

TLI .944 0.978 0.993 0.804 0.919 .970 0.985 1.000 0.988

RMSEA 0.053 0.033 .019 0.030 .021 0.012 0.014 0.000 0.013

SRMR 0.045 0.044 0.023 .017 .011 .006 .017 0.009 .016

AIC 154543.541 154087.117 141240.325 151775.768 151634.215 151572.071 131878.701 159534.985 114860.384

BIC 154653.284 154216.370 141515.499 152028.190 151931.511 151691.254 132114.544 159817.627 115118.688

1. CM Model Comparison -2*loglik1-(-2)*loglik2, with df=difference between the two models 2.** significant at 1%a. CONDE-healthe condition, b. ADLC -functional limitation and c. CESD-mental health
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Table 3: Estimated parameters of TIC for the univariate ALT models

CONDEa ADLCb CESDc

variables αi βi αi βi αi βi

Eduyear - - - -0.111** 0.004

Male 0.389** -0.128** 0.034* -0.006 -0.354** 0.023

Hispanic 0.132 -0.040 0.087** -0.025 -0.402** 0.013

Race1 (Black) 0.132* -0.044* 0.007 -0.006 -0.203 -0.005

Race1 (Other) -0.030 -0.002 0.006 0.017 -0.771 -0.152*

µ 2.282** 0.775** -0.204* -0.148** 7.234** 0.105

V ar 0.993 0.104 0.108 0.017 1.378 0.027

* significant at 5% level and ** significant at 1 % level

a. CONDE-health condition, b. ADLC-function limitation, c. CESD-mental health

Results in the Table 4 show the univariate model of the mental health condition. The autore-

gressive term ρ’s are not statistically significant (0.016, 0.031, 0.041 and−0.015). Nevertheless

the linear growth of the age has a negative affect on mental health and the magnitude tends to

increase over the time (−0.141,−0.126,−0.136,−0.168 and −0.161). On the other hand we

can be see the quadratic growth term of the age as expected square term of the age (the accel-

eration of the change over the time) has a positive effect (0.001, 0.001, 0.001, 0.001) which is

statistically significant on waves 0, 3 and 4. Smoking and drinking have impacts on the health

condition. Smoking has particular effects on the first two periods 2003 and 2005, while the

negative effect of drinking on the index is significant on the fourth period 2007 (-0.180). The

variations of CESD explained by the model are over 51.1%, 53.1%,54%, 57.8% and 49.5% for

each year.

Table 5 contains the results of the univariate ALT models on health condition and functional

limitation. The health condition problems tend to increase over the time (0.468, 0718, 0.972

and 1.202), with all autoregressive terms ρ′s statistically significant. One can see that from

ρ2001 = 0.468 to ρ2009 = 1.202 the individuals demonstrate increasing change in age, weight,

smoking and drinking are strong predictors of health condition problems, although are only

statistical significant at the at 2003 and 2007 periods. Interestingly smoking has more effect

that weight, it is expected a 0.063 difference in 2005 health condition net of the latent curve of

an individual’s health condition change with respect to smoke while weight is 0.006 at the same
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Table 4: Estimated TVC parameters of the univariate ALT model on mental health (CESD)

wave

Estimates 0 1 2 3 4

ρ − 0.016 0.031 0.041 -0.015

Age -0.141* -0.126* -0.136** -0.168** -0.161*

Age2 0.001* 0.001 0.001 0.001** 0.001*

Smoke - 0.083** 0.068** 0.117 0.144

Drink - -0.116 -0.115 -0.180** -0.043

HCTOTALb - -0.069 -0.079 0.011 -0.009

V ar(ε) 1.517 1.439 1.454 1.329 1.766

R2 0.511 0.531 0.540 0.578 0.495

* significant at 5% and ** significant at 1 % N=2029

ρCESD the autoregressive term a. CESD - mental health, b. HCTOTAL-household income

period. TheR2 values are relatively higher from 76% to 83.2%, with particular attention for the

period of 2003 where 92.2% of variability of the health condition is explained by the equation.

Table 5 contains also the functional limitation model. All the ρ parameters are statistically

significant with decreasing and negative effects on the functional limitation ρ2003 = −0.185

to ρ2009 = −0.160. The predictors with significant effect on functional limitation are the age

and weight. It is expected a 0.002 difference in 2005 and 2009 functional limitation net of the

latent curve of an individual’s change with respect to weight.
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Table 5: Table 5: Estimated TVC parameters of the univariate ALT model on health condition and functional limitation

CONDEa ADLCb

Estimates 0 1 2 3 4 0 1 2 3 4

ρ − 0.468** 0.718** 0.972** 1.202** − -0.185** -0.366** -0.261** -0.169**

Age 0.028* 0.018** 0.010** 0.003** -0.007** 0.002* 0.003** 0.005** 0.009** 0.013**

Weight 0.017** 0.011** 0.006** 0.000 -0.003** 0.000 0.002** 0.002** 0.001** 0.000

Smoke - 0.063** 0.060** 0.022 -0.005 - 0.013 0.008 0.017 0.016

Drink - -0.033* -0.012** -0.023 -0.020 - -0.033 0.002 -0.063 -0.045

V ar(ε) 0.349 0.127 0.224 0.260 0.343 0.199 0.162 0.140 0.148 0.397

R2 0.760 0.922 0.875 0.864 0.832 0.427 0.374 0.388 0.457 0.763

* significant at 5% level and ** significant at 1 % level, ρCONDE and ρADLC are the autoregressive term

a. CONDE - health condition, ADLC - functional limitation N=3091 and b. ADLC N=3060
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4.3 Bivariate ALT models

Table 6 presents the goodness of fit for all bivariate models. All criteria (CFI, TLI, RMSEA

and SRMR) indicate that all the bivariate models provide good fits to the data, for example the

RSMSEA in all the case are less than 0.05 (0.025, 0.020 and 0.025 respectively). This Table

includes also the confidence interval of the RMSEA of each model. One can see that the upper

bounds of the 95% confidence intervals of the RMSEA’s are all smaller than 0.05, i.e. [0.023,

0.026], [0.018, 0.022] and [0.023, 0.026] respectively. The same conclusion can be seen from

the SRMR with all values less 0.05. IFI and TLI are all in the required range and close to 1.

We also have considered the AIC and BIC for the competitive models (not presented) and the

present models are selected by parsimonious models (the lowest criteria). The results of the

time invarying covariates for the bivariate conditional ALT model of the functional limitation

and mental health are presented in Table 6 and Table 7 below, see also the Figure 1 (in appendix)

that illustrates the path diagram.

Table 6: Goodness of fit for the conditional bivariate ALT Models
Indices ADLCa vs CONDE ADLCa vs CESDb CESD vs CONDEc

χ2 842.490** 623.203** 837.765**

df 225 225 225

CFI 0.982 0.960 0.985

TLI 0.972 0.946 0.979

RMSEA 0.025 0.020 0.025

[0.023, 0.026] [0.018,0.022] [0.023,0.026]

SRMR 0.039 0.023 0.046

AIC 438002.947 473925.319 469321.673

BIC 438644.108 474248.480 469645.073

AIC and BIC the values for the best model 2.** significant at 1%

a. ADLC - functional limitation, b. CESD - mental health and c. CONDE - health condition

Table 7 gives the time invarying covariate for the bivariate conditional ALT model of the

functional limitation and mental health. The first two columns give the random intercepts and

slopes for the functional limitations with mean intercept and slope, µα = 1.088 and µβ = 0.746.

This reveals that the initial values of ADLC differ across individuals either in the terms of

29



Table 7: Estimated TIC parameters of the bivariate ALT model

ADLCa CESDb

variables αi βi αi βi

Male 0.023* 0.000** 0.415** 0.003**

hispanic 0.066** -0.010* 0.892** -0.096**

Race1 (Black) 0.022** -0.002** 0.474** -0.056**

Race1 (Other) -0.031 -0.035* 0.291 -0.071

µ 1.088** 0.746** 6.181** 0.139

V ar 0.148 0.024 1.660 0.025

* significant at 5% level and ** significant at 1 % level

a. ADLC - functional limitation and b. CESD - mental health

intercept or slope. With respect to functional limitation we see that male people have higher

initial mean intercept than female (about 0.023). Different with the univariate case, here we

see that there is a significant difference comparing Hispanic with non Hispanic, it reveals that

Hispanic change 0.066 more than non Hispanic people. It reveals also the difference comparing

black and non black people, black people have the initial mean intercept of 0.022 more than

the white and other people. Particular interest here is on the race where the black people and

other race both have negative slopes (-0.002 and -0.035, respectively) in comparison with white

people. With respect to mental health the mean intercept trajectory is 6.181 which is statistically

significant while the mean slope is not significant. Males have the initial mean intercept 0.415

units higher than females and have the mean slope 0.003 higher than females. Hispanic people

have the initial mean intercept 0.892 higher than non Hispanic, with a negative random slope

of -0.096 lower than non Hispanic people. It also shows that black people have the initial mean

intercept of 0.474 higher than white and others and the initial mean slope of -0.056 relatively

lower than other races.

Table 8 gives results of TVC for the bivariate model in Table 6. In the functional limita-

tion equation, all the autoregressive terms are statistical significant in all waves with negative

effects over the time (-0.128, -0.307,-0.264,-0.136 for each preceded period), which means that

individuals are reducing their functional limitation, and it is also negatively associated with the

mental health changes (-0.039, -0.032, -0.049, -0.078 in each wave respectively). With respect

to the time varying covariates, we have age, weigh, drink and total household income (we could

30



not include smoking in the bivariate for the fact that in most of the cases the models did not

converged and in others it increases the AIC and BIC). Clearly age itself has a negative effect

on functional limitations as can be seen. However the quadratic term of the age shows that,

as the individual ages increases rapidly it will effect positively the changes of trajectories on

ADLC and CESD over the time about 0.01, with all the others factors controlled. Weight does

not have a strong effect on functional limitation, however the same as what we expected drink-

ing have a negative effect although not strong and not statistically significant in all the waves,

only at the fourth wave, that is people who drink tend to decrease their functional limitation

0.060 higher than those non-drinkers. Household incomes do not have any impact on functional

limitation. On the right-hand side of Table 8, the mental health equation is presented. There is

a significant negative association, or interrelationship between functional limitation and mental

health, which shows a negative effect over the time, with the last two waves statistically sig-

nificant -0.102 and -0.112. The functional limitation time specific effect controls other factors.

The autoregressive term of mental health is positively incrementing over time (0.068, 0.085,

0.099, 0.061). Age has negative effect on mental health, with quadratic term also reviling a

the acceleration on mental changes as the individual get older. Total household income reveals

a strong negative effect from the waves 1 to 3 (-0.115, -0.158, -0.096). The same analyses

have been done for the functional limitation and health condition, mental health and health

condition again with the aim of track the interrelationship of the indices, with time varying and

invarying covariates. Table 9 contains information about the time invarying covariates for both

bivariate models, on the left part of the Table 9 one can see that the initial random intercept

trajectories (functional limitation and health condition) are statistically significant, with mean

intercepts 5.837 and 3.978 respectively. For the functional limitation Hispanic people have the

initial mean intercept 0.059 units higher than non-Hispanic. The random mean slope is only

statistically significant for health condition with initial value 1.254. The initial mean intercept

of males is 0.155 units higher than females and the mean slope of males is 0.048 lower than

females. With respect to race the initial mean intercept for black is 0.258 higher than other

races, with initial mean slope of 0.084 lower comparing with non black people.
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Table 8: Estimated TVC parameters of the bivariate ALT model on functional limitation vs mental health

Wave Wave

Estimates 0 1 2 3 4 0 1 2 3 4

ρADLC − -0.128** -0.307** -0.264** -0.136** − -0.047 0.000 -0.102** -0.112**

ρCESD − -0.039** -0.032** -0.049** -0.078** − 0.068** 0.085** 0.099** 0.061

Age -0.037** -0.071** -0.083** -0.093** -0.115** -0.170** -0.145** -0.136** -0.159** -0.171**

Age2 0.000 0.001** 0.001** 0.001** 0.001** 0.001** 0.001** 0.001** 0.001** 0.001**

Weight - 0.001** 0.001** 0.001** 0.000 - 0.004* 0.003* 0.002 0.004*

Drink - -0.035 -0.016 -0.060* -0.033 - -0.013 -0.057* -0.045 -0.042

HCTOTALc - 0.038* 0.004 -0.032 -0.010 - -0.115** -0.158** -0.096** -0.074

V ar(ε) 0.371 0.179 0.148 0.103 0.149 1.823 1.776 1.713 1.683 2.032

R2 0.535 0.534 0.593 0.626 0.863 0.498 0.527 0.548 0.566 0.510

* significant at 5% level and ** significant at 1 %, ρCESD and ρADLC are the autoregressive term; N=4073

a. ADLC - functional limitation, b. CESD - mental health and c. HCTOTAL - Total household income
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The right panel of Table 9 contains the TIC for the bivariate mental health and health con-

ditions. The individual trajectories of the individuals are different in both equations with mean

intercepts 6.271 and 1.324, respectively. As before for the mental health, males have particu-

lar disadvantages than females, Hispanic than non Hispanic, and black than non black people,

that is, for instance an individual who is male, Hispanic and black will have initial value of

mental change of (6.271 + 0.404 + 0.899 + 0.487 = 8.061), while a female who is white and

non-Hispanic has the initial value 6.271. The random intercept is statistically significant for

health condition as before.

Table 10 gives the functional limitation and health condition bivariate ALT part with the

TVC. As discussed previously the functional limitation changes are decreasing over the waves,

it is negatively effected by the health condition with stronger effect on the last two waves (-

0.059 and - 0.088), it also reveals the negative effect of the drinker individuals in comparison

with non drinkers, and the positive affect of the total household income particularly for on the

first and the last waves (0.037 and 0.001, respectively). The right part of Table shows the health

condition equation, where the functional limitation plays in turn a negative effect with on this

variable too (the matrix form can be seen in the appendix B). Mental health and health condition

have strong interrelationship, as can be seen on the Table 11. As before the autoregressive term

of the mental health has a positive effect on it self, while the health condition has a negative

effect on mental health, the magnitude of the health condition is -0.053, -0.073, -0107 and -

0.106 for the waves 1, 2, 3 and 4. For the mental health one can see that the total household

income has an effect, that is, one can expect a -0.097, -0.140,-0.082 difference in waves 2, 3

and 4 HCTOTAL net of the latent curve of an individual’s functional limitation. Looking at the

R2 they are moderated from 50.5% to 56.5%. On the other hand for the health condition one

can see that the weight has a particular effect on the index 0.002, 0.001 and 0.001 on the waves

2, 3 and 5 respectively. The R2’s now are strong of 77.5%, 93.2%, 89%, 88.6% and 86.5% for

each period.
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Table 9: Estimated TIC parameters of the bivariate ALT models (ADLC vs CONDE) and (CESD vs CONDE)

ADLCa CONDEb CESDc CONDE

variables αi βi αi βi αi βi αi βi

Male 0.019 -0.006 0.155** -0.048** 0.404** 0.001 0.159** -0.048**

Hispanic 0.059* -0.023 -0.022 0.010 0.899** -0.095** -0.012 0.010

Race1 (Black) 0.020 -0.003 0.258** -0.084** 0.487** -0.041 0.260** -0.084**

Race2 (Other) -0.039 -0.036 0.052 -0.024 0.291 -0.063 0.056 -0.024

µ 5.837* -0.640 3.978** 1.254** 6.271** 0.359 4.188** 1.324**

V ar 1.709 0.032 1.232 0.112 1.686 0.027 1.229 0.112

* significant at 5% level and ** significant at 1 % level

a. ADLC - functional limitation, b. CONDE - health condition and c. CESD - mental health
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Table 10: Estimated TVC parameters of the ALT model on functional limitation vs health condition

Wave Wave

Estimates 0 1 2 3 4 0 1 2 3 4

ρADLC − -0.137** -0.316** -0.269** -0.150** − -0.039** -0.032** -0.047** -0.080**

ρCONDE − -0.030* -0.024 -0.059** -0.088* * − -0.127** -0.307** -0.265** -0.137**

Age -0.035** -0.065** -0.070** -0.077** -0.094** -0.043** 0.133** 0.086** 0.015 -0.029*

Age2 0.000** 0.001** 0.001** 0.001** 0.001** 0.000 0.000 0.000 0.000 0.000

Weight 0.001 0.000 0.001 0.000 0.001** 0.000 0.002** 0.001** 0.000 0.001*

Drink -0.030 -0.013 -0.059* -0.028 0.001** 0.000 -0.024 -0.019 -0.013 -0.006

HCTOTAL 0.037* 0.001 -0.031 -0.010 0.001** 0.000 -0.001 -0.006 -0.024* -0.014**

V ar(ε) 0.367 0.173 0.154 0.254 0.136 0.380 0.130 0.230 0.250 0.311

R2 0.532 0.532 0.591 0.628 0.850 0.779 0.932 0.890 0.867 0.867

* significant at 5% level and ** significant at 1 %, ρADLC and ρCONDE are the autoregressive term. N=4233

a. ADLC - functional limitation, b. CONDE - health condition and c. HCTOTAL - Total household income
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Table 11: Estimated TVC parameters of the bivariate ALT model on mental health vs health condition

Wave Wave

Estimates 0 1 2 3 4 0 1 2 3 4

ρCESD − 0.066** 0.085** 0.098** 0.046 − -0.013** 0.002** -0.008** -0.013**

ρCONDE − -0.053* -0.073* -0.107* -0.106* − 0.459** 0.677** 0.918** 1.137**

Age -0.173** -0.131** -0.108** -0.115** -0.107* 0.134** 0.084* 0.047** 0.017 -0.025*

Age2 0.001** 0.001** 0.001** 0.001** 0.001** -0.001** 0.000 0.000** 0.000** 0.000**

Weight - 0.001 0.001 0.000 0.001 - 0.002** 0.001* 0.000 0.001*

Drink - 0.019 -0.024 -0.015 0.006 - -0.019 -0.011 -0.011 -0.006

HCTOTALc - -0.097** -0.140** -0.082** -0.071 - -0.010 0.005 -0.020 -0.014

V ar(ε) 1.797 1.780 1.716 1.693 1.957 0.387 0.131 0.230 0.254 0.313

R2 0.505 0.527 0.548 0.565 0.516 0.775 0.932 0.890 0.886 0.865

* significant at 5% level and ** significant at 1 %, ρCESD and ρCONDE are the autoregressive term N=4218

a. CESD - mental health, b. CONDE - health condition and c. HCTOTAL - Total household income
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5 Discussion

In this paper we study some relevant issues in the ageing population in USA. We are interested

in mental health, health condition and functional limitation changes of the individuals over the

time. The target population is individuals who are 50 years old and above selected from the

HSR and CAMS. The sample size is 4499. The majority of them are female (64.1%) with

mean age of 66 years. 85% of the total are white people and 13.1% are black people. 92.7%

of the total individuals are Hispanic. In our analysis the aim was to study the stability of those

individuals, in terms of functional limitation, mental health and health condition. We track the

direction of the changes, as well as to evaluate the risk factors (health behaviour, household

income and education) for their change. The study discuss the discrepancy with respect to

demographic characteristics and finally study the interrelationship of the three indices.

As expected the results show that all the three indices were not stable, that is, the individuals

are changing over the time, with statistical significant reduction of health condition of 2.282,

0.204 for the functional limitation and increasing change in mental health problems at 7.234.

Male individuals and Black people have statistically different initial trajectory comparing with

others (1.761 lower in the mean intercept, and 0.603 higher in the mean slope) with respect

to health condition. While for the functional limitation male and Hispanic people reveal to

have statistical difference on the mean intercept comparatively with other individuals (0.034 +

0.087 = 0.121 in the mean intercept). And finally for the mental health it turns out that higher

education tends to reduce changes in mental health, male and Hispanic people have initial

trajectories statistically different with others (7.234 - 0.354 - 0.402 = 6.478).

For the dynamic health behaviour factors, smokers and drinkers are more likely to develop

mental health problems. In addition to smoking and drinking, weight is also a strong factor

to affect health condition problems, while for weight does not have strong effects on function

limitation. All the bivariate models reveal mutual precedence, or an feedback relationship of

the bivariate ALT models. We would summarize that a good health behaviour (with to drinking

and smoking) plays a rule for a welfare on the old population, and so are the demographic

characteristics and total household income.

Chalise (2014) determined the prevalence of depression and its predictors, he captured the

influence of the instrumental activities of daily living functional, he also found that woman was

another predictor of depression. Our results are comparable and consistent with Chalise (2014),

we show that male people have an initial mean intercept lower that female (Table 3) to model

37



mental health which includes depression. We also added other characteristics such Hispanic

to the model, it turns out that with respect to mental health, the initial mean intercept of the

Hispanic people are lower than non Hispanic people.

We can regard our findings in line with the results from Zahodne et al. (2014b) which re-

vealed discrepancy of the trajectories between males and females, Hispanic and non Hispanic

people. They also found that depressive symptoms preceded memory decline, which can be

regarded here as specific cases of health condition and mental health condition. In this paper

we extended their findings also by including other time varying covariates (weight, smoking,

drinking and total household income). The American people are known to be one of the most

consumers of cosmetics, beauty products and health which are expensive and thus we included

the total household income for practical reasons. In our findings total household income re-

vealed to strongly affect the mental health and not other indices. The bivariate models our

findings show that there are relationship between the functional limitation, health condition

and mental health.

5.1 Conclusion

To summarize the results. We found that functional limitation, mental health and health condi-

tion during the underlying period are not stable. Male and black people having statistical differ-

ences in the initial trajectory comparing with others with respect to health condition. Male and

Hispanic people are statistically different comparing with other individuals in terms of func-

tional limitation. And finally for the mental health, it turns out that higher education tends to

reduce changes in mental health, male and Hispanic people have initial trajectory statistically

different with others. The ALT model turned out to outperform both the linear and quadratic

GCM. All the bivariate models revealed a mutual precedence, or a feedback relationship of the

bivariate ALT models we would summarize that a good health behaviour (drink and smoke)

plays a rule for a welfare on the old population, and so is the demographic characteristics and

total household income (in accordance to our data analyse). We can conclude that ALT shows

that the three indices preceded each other mutually.
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5.2 Limitations and extensions

The approach used in the paper is still under development and hence several aspects are still

needed to be improved, for example with respect to the methodology it should be interesting to

extend it for ordinal response variables, because currently the software cannot handle ordinal

and dummy variables, that are often used to construct the indices for this sort of data. Another

interesting point based on the results of our study is that male, black and Hispanic people

have different trajectories. It should be interesting to investigate the factors that leads for this

differentiation or discrepancy with respect to demographic characteristics in order reduce it and

possibly improve their welfare. We would like also to recommend for the policy researchers to

take into account our results in order to reduce do some more efforts with respect to reduce the

usage of the alcohol and drinking special for this ageing group as well as to study mechanisms

for reduce the discrepancy among the male and females, black with non black and Hispanic

in comparison with non Hispanic people. As discussed the univariate model and the bivariate

models were not able the use the parallel covariates effects from one to other, in such cases the

models did not converges. This might have been due to the constructions of the indices because

of the time restrictions we used directly the indices in the data set and may have drawbacks.
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A Appendix
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Figure 2: Path diagram with time varying and time invarying covariates for Bivariate A and

Univariate B ALT model

B Appendix B

We can specify the ALT with TIC and TVC covariates model for the functional limitation and

health condition. ηi as defined in Equation (27) contains level two predictors and time-varying

covariates follow
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ηi =



yi
xi

zi

αi

βi


where yi and xi are T × 1 vector of the repeated measures as defined in Equation (15) and

(16), αi is typically just a scalar (i.e., the latent intercept as defined in Equation (19)), and βi is

an o× 1 vector of latent slopes, where o is the order of the polynomial growth function (in our

case, o = 1, a linear). Accordingly, µ reduces to a (T + 1 + o)× 1 vector containing the means

of the repeated measures and of the latent intercept, latent slopes respectively

µ =



µy

µx

µz

µα

µβ


B =



Byy Byx Byz Byα Byβ

Bxy Bxx Bxz Bxα Bxβ

0 0 0 0 0

0 0 Bαz 0 0

0 0 Bβz 0 0


where

Byα =



0

1

1

1

1


,Bxα =



0

1

1

1

1


,Byβ =



0

1

2

3

4


Bxβ =



0

1

2

3

4


Byy and Bxx contains the autoregressive parameters which we can substitute with the esti-

mated on the results part (Table 10), such that

Byy =



−

−0.137

−0.316

−0.269

−0.150


,Byx =



−

−0.030

−0.024

−0.059

−0.088


,Bxy =



−

−0.039

−0.032

−0.047

−0.080


Bxx =



−

−0.127

−0.307

−0.265

−0.137


The time varying covariates effects zt = (zage,t, zage2,t, zweight,t, zdrinking,t, zHCTOTAL,t) are given

in the following
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Byz =



−0.035 0.000 0.001 −0.030 0.037

−0.065 0.001 0.000 −0.013 0.001

−0.070 0.001 0.001 −0.059 −0.031

−0.077 0.001 0.000 −0.028 −0.010

−0.094 0.001 0.001 0.001 0.001



Bxz =



−0.043 0.000 0.000 0.000 0.000

0.133 0.000 0.002 −0.024 −0.001

0.086 0.000 0.001 −0.019 −0.006

0.015 0.000 0.000 −0.013 −0.024

−0.029 0.000 0.001 −0.006 −0.014


the level two or the equation (19),(20), (21) and (22) Bαz and Bβz z(zmale, zhispanic, zrace1, zrace2)

given as follow

Bαz =

 0.019 0.059 0.020 −0.039

0.155 −0.022 0.258 0.052



Bαz =

 −0.006 −0.023 −0.003 −0.036

−0.048 0.010 −0.084 −0.024
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