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A longstanding core analytic tool of sociol-
ogy is the study of inequality through regres-
sion models (Blau and Duncan 1966; Morris 
and Western 1999). Another is the study of 
social change through age-period-cohort 
(APC) analysis (Mason and Fienberg 1985; 
Ryder 1965). Use of regression-based models 
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Abstract
Two long-standing research problems of interest to sociologists are sources of variations in social 
inequalities and differential contributions of the temporal dimensions of age, time period, and 
cohort to variations in social phenomena. Recently, scholars have introduced a model called 
Variance Function Regression for the study of the former problem, and a model called Hierarchical 
Age-Period-Cohort regression has been developed for the study of the latter. This article presents 
an integration of these two models as a means to study the evolution of social inequalities along 
distinct temporal dimensions. We apply the integrated model to survey data on subjective health 
status. We find substantial age, period, and cohort effects, as well as gender differences, not only 
for the conditional mean of self-rated health (i.e., between-group disparities), but also for the 
variance in this mean (i.e., within-group disparities)—and it is detection of age, period, and cohort 
variations in the latter disparities that application of the integrated model permits. Net of effects 
of age and individual-level covariates, in recent decades, cohort differences in conditional means 
of self-rated health have been less important than period differences that cut across all cohorts. 
By contrast, cohort differences of variances in these conditional means have dominated period 
differences. In particular, post-baby boom birth cohorts show significant and increasing levels of 
within-group disparities. These findings illustrate how the integrated model provides a powerful 
framework through which to identify and study the evolution of variations in social inequalities 
across age, period, and cohort temporal dimensions. Accordingly, this model should be broadly 
applicable to the study of social inequality in many different substantive contexts.
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in APC analysis closely relates the study of 
cohort change to the study of inequality—
substantively and methodologically—yet 
there have been no analytic tools for system-
atic examination of age and temporal (i.e., 
period and cohort) variations in inequalities 
beyond those captured by conditional means 
of regression models.

In this article, we fill this gap by intersect-
ing two recent developments in statistical 
models for analysis of social and demographic 
data. Specifically, we embed a Variance Func-
tion Regression (VFR) model within a Hier-
archical Age-Period-Cohort (HAPC) analysis. 
This facilitates decomposition not only of 
between-group inequality into age, period, 
and cohort components (i.e., variations in the 
conditional mean of an outcome across age, 
period, and cohort), but also a similar APC 
decomposition of within-group inequality 
(i.e., variations in the conditional variance or 
dispersion of an outcome across age, period, 
and cohort). More generally, the combined 
model allows integration of theories of social 
stratification and social change and opens the 
door to a better, more comprehensive under-
standing of the dynamics and heterogeneity 
of social processes by which individual lives 
unfold over the life course and are shaped by 
historical time and social context represented 
by cohort membership.

ModeLS to Be IntegRAted: 
A BRIeF oVeRVIew
We begin with a brief overview of the two 
models we aim to integrate. Standard regres-
sion-based approaches to studies of inequality 
are largely limited to between-group differ-
ences. Here, group means each category of a 
covariate. For example, gender has two groups: 
men and women. In this case, between-group 
inequality is inequality between men and 
women; within-group inequality is the remain-
ing inequality within the population of men or 
within the population of women. Within-group 
or residual inequality often far exceeds between-
group inequality. Scholars often describe resid-
ual inequality as due to measurement error or 

the influence of unobserved or hidden hetero-
geneity. A recently developed class of statistical 
models, termed Variance Function Regression 
(VFR) by Western and Bloome (2009), and, 
more generally, Heteroscedastic Regression 
(HR) in statistics (Smyth 1989), can address 
this limitation by simultaneously modeling the 
mean and the variance of an outcome variable 
as functions of covariates; these models take 
into account both between- and within-group 
differences. This class of models explicitly tar-
gets residual variance in regression models for 
analysis.

Conventional linear regression models 
assume that models’ residual error terms are 
independently and identically distributed with 
constant or homoscedastic variance, and, 
especially important for small samples for 
which asymptotic statistical properties of esti-
mators do not apply, that errors have normal 
probability distributions (see, e.g., Fox 2008). 
Violations of these assumptions affect estima-
tors of the standard errors of regression coef-
ficients and reduce the statistical efficiency of 
conventional least-squares estimators. Schol-
ars have developed a variety of statistical 
methods for diagnosing and correcting non-
constant error variances (Fox 2008). The key 
feature of VFR/HR is that it treats violations 
of homoscedasticity as more than a data prob-
lem that must be corrected to obtain well-
behaved estimators. Instead, it approaches 
these violations as having potential substan-
tive importance and builds regression models 
to account for them. In applications to the 
study of inequality, such as Western, Bloome, 
and Percheski’s (2008) study of trends in 
family income inequality in the United States 
from 1975 to 2005, residual variance can be 
interpreted as measuring within-group risk or 
insecurity.

Next, consider the three time-related 
dimensions—age, time period, and birth 
cohort effects—the distinction of which is 
crucial for proper inference in studies of tem-
poral change in many social domains. Age 
effects represent variation across different age 
groups brought about by physiological 
changes, accumulation of social experience, 
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or role or status changes. Period effects repre-
sent variation over time periods that affect all 
living age groups simultaneously, often 
resulting from shifts in social, cultural, eco-
nomic, or physical environments. Cohort 
effects are associated with changes across 
groups of individuals who experience an ini-
tial event, such as birth or marriage, in the 
same year or years; cohort effects may be due 
to successive age groups having different 
formative experiences in successive time 
periods (Yang 2010).

One common goal of APC analysis is to 
assess effects of one of the three factors on 
some outcome of interest net of influences 
from the other two (Mason and Fienberg 
1985). Conventional linear regression models 
fit to aggregate population rates or propor-
tions suffer from the model identification 
problem due to the exact linear dependency 
among age, period, and cohort variables 
(Period = Age + Cohort) in such data (Mason 
et al. 1973). A recently developed modeling 
approach, Hierarchical APC (HAPC) models, 
avoids this problem by using micro data and 
multilevel modeling frameworks. The HAPC 
approach conceptualizes time periods and 
cohort memberships as social historical con-
texts within which individuals are embedded 
and ordered by age and models them as ran-
dom rather than fixed effects additive to age 
(Yang 2006; Yang and Land 2006, 2008). 
This contextual approach broadens the theo-
retical foundation of APC analysis, helps deal 
with the identification problem, and also 
accounts for potentially correlated errors.1 
Empirical applications of the HAPC model to 
repeated cross-section survey data have esti-
mated distinct contributions of age, period, 
and cohort to temporal changes across the 
past few decades in such phenomena as ver-
bal ability (Yang 2006; Yang and Land 2006, 
2008), happiness (Yang 2008a), and obesity 
(Reither, Hauser, and Yang 2009).

These two types of models and the sub-
stantive questions they address are related. 
APC variations represent complex and tem-
poral patterns of inequality, and scholars 
often need to disentangle sources of social 

inequality attributable to age, time period, 
and birth cohort. In his seminal article, Ryder 
(1965) argued that cohort membership is a 
structural category that can be as important as 
other social structural features, such as socio-
economic status (SES), in determining behav-
ior. APC analysis is, in this sense, synonymous 
with cohort analysis (Smith 2008). To the 
extent that SES inequalities are defined by 
both between- and within-group differences 
(Western et al. 2008), social inequalities by 
age, period, and cohort should also be 
assessed in terms of between-group differ-
ences and within-group dispersions. Differ-
ences in either term can bring about 
subsequent social demographic change at the 
population level. However, an integrated 
model that decomposes these two differences 
across age, period, and cohort has not been 
available. Scholars have used VFR/HR mod-
els to examine inequalities in both terms but 
have not distinguished the age, period, and 
cohort sources of temporal variation. Studies 
have used HAPC regression models to exam-
ine temporal differences in conditional means 
but not within-group variances. This article 
illustrates the utility of the intersection of 
these two modeling frameworks with an 
application to the analysis of health dispari-
ties in the United States from 1984 to 2007.

ReSeARCH toPIC, StRAtegY, 
And ModeLS
Health Disparities

The empirical analysis in this study concerns 
health outcomes and disparities or inequali-
ties therein. We use the term health dispari-
ties to refer to either between- or within-group 
differences in health and distinguish the two 
aspects of inequality in specific circum-
stances. In the context of APC analysis, 
groups are defined by age, time period, and 
cohort categories. Between-group health dis-
parities refer to variations in the conditional 
mean (conditional on a set of individual-level 
sociodemographic variables) of health across 
age, period, and cohort. Within-group health 
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disparities refer to the conditional variance or 
dispersion of health within each category of 
age, period, or cohort. Changes in within-
group health disparities refer to variations in 
the conditional variance or dispersion of 
health across age, period, or cohort.

In addition to a large body of demographic 
and epidemiologic research on age variation 
and temporal trends in health and mortality 
that addresses between-group health dispari-
ties, scholars have taken three standard 
approaches to the study of changes in within-
group health disparities: (1) across the life 
course (e.g., Dannefer 2003; House et al. 
1994), (2) across cohorts (e.g., Chen, Yang, 
and Liu 2010; Warren and Hernandez 2007; 
Yang and Lee 2009), and (3) across time peri-
ods (e.g., Goesling 2007; Pappas et al. 1993). 
Within each approach, evidence shows sig-
nificant change in health disparities. For 
example, gaps in self-rated health, physical 
functioning, well-being, disease incidence, 
and mortality by education levels have wid-
ened over the life course (see Dupre 2007; 
Lauderdale 2001; Lynch 2003; Ross and Wu 
1996). The gap in self-rated health by educa-
tion level has also widened across birth 
cohorts (Chen et al. 2010; Lynch 2003), 
whereas intracohort gaps by sex and race 
have been constant across birth cohorts (Yang 
and Lee 2009). Evidence also shows increas-
ing socioeconomic inequality in health, disa-
bility, and life expectancy in the United States 
over the past several decades (e.g., Crimmins 
and Saito 2001; Feldman et al. 1989; Goes-
ling 2007; Hummer, Rogers, and Eberstein 
1998; Jemal et al. 2008; Liu and Hummer 
2008; Meara, Richards, and Cutler 2008; Pap-
pas et al. 1993; Preston and Elo 1995; Sch-
oeni et al. 2005). In addition, recent research 
documents significant period changes in gen-
der and race inequalities in happiness (Yang 
2008a) and period changes in sex differences 
in cause-specific and total mortality (Yang 
2008b). Increasing gender, race, and SES 
inequalities across the life course, birth 
cohorts, and time periods conceivably con-
tribute to increasing overall inequality or dis-
persion across these dimensions. This has not 

been examined previously, however, and mer-
its a formal test using properly constructed 
analytic models.

Another limitation of much prior research 
is that it treats these three approaches sepa-
rately, yet they are intertwined. For example, 
an increase in health disparities across time 
periods may result from either cohort replace-
ment, in which cohorts with larger within-
cohort health disparities succeed cohorts with 
smaller disparities, or an aging society, 
wherein the elderly, who usually have larger 
within-age health disparities than do younger 
people, increase their proportionate share in 
the population, or from some combination of 
the two. Similarly, a widening health dispar-
ity with age may be confounded with tempo-
ral patterns. That is, period patterns in health 
disparities may affect age variations in health 
disparities. Cohort patterns may also influ-
ence a widening health disparity across age 
groups. Studies that have tried to disentangle 
age and cohort patterns in health disparities 
have found distinct age effects and cohort 
variations in mean levels of health, as well as 
changing health disparities by education, 
income, gender, and race over the life course 
and across birth cohorts (Chen et al. 2010; 
Lauderdale 2001; Lynch 2003; Yang and Lee 
2009). Lynch (2003) also finds that each pat-
tern is suppressed when the other one is 
ignored. However, an integrated model that 
simultaneously assesses effects of age, period, 
and cohort in between- and within-group 
health disparities has not heretofore been pre-
sented.

The key outcome variable in this article is 
self-rated health, a widely used measure of 
general health status. Research shows that 
self-rated health is highly predictive of mor-
tality and strongly correlated with objective 
assessments of health, including physician 
diagnoses (Idler and Benyamini 1997). In 
fact, self-rated health is a good indicator of 
objective health and subclinical illness; some 
studies find it is more predictive of mortality 
among the elderly than are physician assess-
ments (Hays et al. 1996; Schoenfeld et al. 
1994). Close relationships between self-rated 
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health and objective health indicators also 
hold across population subgroups (Bosworth 
et al. 1999; Kennedy, Kasl, and Vaccarino 
2001). Recent studies suggest that the gap in 
self-rated health by education levels has wid-
ened across age, time period, or cohort (Goes-
ling 2007; Liu and Hummer 2008; Lynch 
2003). These findings are consistent with 
other studies investigating disease incidence, 
mortality, or life expectancy gaps by educa-
tion levels across age, time period, or cohort 
(e.g., Dupre 2007; Lauderdale 2001; Meara et 
al. 2008; Pappas et al. 1993). Based on these 
and related findings regarding its robustness 
as a single, summary index of an individual’s 
health status, we study self-rated health as a 
health outcome variable. We caution, though, 
that health is not a singular condition and our 
findings may not always generalize to health 
disparity trends associated with specific 
health outcomes.

Some prior research has produced evi-
dence of different temporal trends in health 
disparities by sex. For example, Feldman and 
colleagues (1989) found that educational dif-
ferentials in death rates widened for men but 
were relatively stable for women between 
1960 and 1984. The National Center for 
Health Statistics (1994) reported that the 
racial gap in life expectancy widened much 
more for men (from 6.9 to 8.3 years) than for 
women (from 5.6 to 5.8 years) between 1980 
and 1991. Preston and Elo (1995) found that 
educational disparities in adult mortality wid-
ened for men but contracted for working-age 
women. By contrast, Meara and colleagues 
(2008) found that educational disparities in 
life expectancy widened among women in the 
past two decades. In summary, these studies 
generally find that within-period health dis-
parities have widened for men but vary for 
women depending on the time periods and 
health outcomes examined. That is, substan-
tial evidence shows major gender differences 
in temporal trends in health disparities. There-
fore, we also investigate variations in gender-
specific self-rated health disparities across 
age, time period, and cohort;2 that is, we 
investigate how health disparities may change 

across age, time period, and cohort within 
each gender.

Our main purpose here is to present a 
method that facilitates disentanglement of 
age, period, and cohort variations in health 
disparities defined by differences in condi-
tional mean levels and conditional disper-
sions of health (i.e., between- and within-group 
health disparities). To do so, we integrate the 
Hierarchical Age-Period-Cohort (HAPC) 
model with the Variance Function Regres-
sion/Heteroscedastic Regression (VFR/HR) 
model. The HAPC model enables us to disen-
tangle age, period, and cohort effects. The 
VFR/HR model enables us to separate within-
group from between-group health disparities. 
We integrate these two statistical models and 
term the result a Hierarchical-Age-Period-
Cohort-Variance-Function-Regression Model 
(HAPC-VFR/HR).

Hierarchical Age-Period-Cohort 
Analysis

Use of multilevel models aids in estimation of 
age, period, and cohort components of tempo-
ral change because, within these models, 
cohorts or periods can be conceptualized as 
higher-level contexts rather than individual 
attributes similar to age. As such, they do not 
rest on the assumption of linearity and addi-
tivity of the three variables in the conven-
tional linear regression model, which 
inevitably incurs the identification problem 
(Yang 2010). Few scholars utilize multilevel 
models in analysis of temporal change, but 
some studies exist in demographic research 
on health (Lynch 2003) and developmental 
psychology and aging research on cognitive 
skills (e.g., Alwin 2009). These studies do not 
explicitly embody a full-blown APC analysis 
due to the identification problem; instead, 
they focus on age patterns only in the context 
of cohorts.

The key contribution in the HAPC 
approach to cohort analysis developed by 
Yang and Land (2006, 2008) is the simultane-
ous modeling of all three factors using micro 
data and mixed-effects or hierarchical models. 
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Note that individual-level data available in 
survey designs allow age intervals to differ 
from period intervals. Unequal age, period, 
and cohort intervals then break the exact lin-
ear dependency of the three variables in the 
APC accounting model suited for aggregate 
population-level data. This solution to the 
identification problem is unsatisfactory for 
two reasons (Yang 2010). It is still embedded 
in the simple linear regression model that 
assumes linearity and additivity of the three 
variables and thus does not completely avoid 
the identification problem. Results may be 
sensitive to the choice of interval widths, 
because longer widths may allow a higher 
degree of overidentification. More impor-
tantly, simple linear models do not account 
for potential correlated errors of individual 
sample respondents grouped into periods or 
cohorts. Ignoring multilevel heterogeneity in 
data may lead to underestimated standard 
errors.

The HAPC approach utilizes unique fea-
tures of multilevel survey design and presents 
a more thorough solution. It begins with the 
recognition that in this design, respondents 
are simultaneously nested in and cross-classi-
fied by two higher-level social contexts 
defined by time period and birth cohort. A 
reasonable alternative to the linear model, 
then, is a different family of models that do 
not assume fixed age, period, and cohort 
effects that are additive. This avoids the iden-
tification problem and can statistically char-
acterize contextual effects of historical time 
and cohort membership. The HAPC model—
specifically, the cross-classified random-
effects model (CCREM)—satisfies these 
criteria and can accommodate covariates at 
individual and contextual levels for better 
conceptualization of specific social processes 
generating observed patterns in the data. In 
addition to the verbal test outcome analysis 
illustrated in Yang and Land (2006), two 
examples of applications of such models to 
social data can be found in Yang’s (2008a) 
study of inequalities in subjective well-being 
and Reither and colleagues’ (2009) study of 
the obesity epidemic in the United States.

This HAPC-CCREM approach to APC 
analysis can be illustrated with a linear mixed-
effects or hierarchical regression model for 
data on an outcome variable Y for which we 
specify variability associated with individu-
als, cohorts, and periods as follows:

Level-1 or Within-Cell Model:3

Y X X X

e e N

ijk jk ijk ijk P Pijk

ijk ijk

= + + + +

+

β β β β

σ

0 1 1 2 2

20

...

, ~ ( , )

Level-2 or Between-Cell Model:
β γ τ

τ

0 0 0 0 0

0

0

0

jk j k j u

k v

u v u N

v N

= + + , ~ ( , ),

~ ( , )

Combined or Mixed-Effects Model:

Y X X X u

v e

ijk ijk ijk P Pijk j

k ijk

= + + + + +

+ +

γ β β β0 1 1 2 2 0

0

...

for i = 1, 2, . . ., n
jk
 individuals within cohort 

j and period k;
j = 1, . . ., J birth cohorts; and
k = 1, . . ., K time periods (survey years);

where within each birth cohort j and survey 
year k, respondent i’s outcome, Y

ijk
, is mod-

eled as a function of explanatory variables/
covariates X

1ijk
, X

2ijk
, . . ., X

Pijk
, (which are 

grand mean centered for continuous variables 
and usually include grand mean centered age 
and possibly higher-order functions of age 
such as age-squared), and the intercept varies 
by birth cohort and time period.4

In this CCREM, β
0jk

 is the intercept or cell 
mean, that is, the mean Y of individuals who 
belong to birth cohort j and were surveyed in 
year k; β

1
, . . . β

p
 are level-1 fixed effects; e

ijk
 is 

the random individual effect, that is, the devia-
tion of individual ijk’s Y from the cell mean with 
covariates X = x, which are assumed to be nor-
mally distributed with mean 0 and a within-cell 
variance σ2 ; γ

0
 is the expected mean at zero 

values of all level-1 variables averaged over all 
periods and cohorts; u

0j
 is the residual random 

effect of cohort j, that is, the contribution of 
cohort j averaged over all periods, on β

0jk
 , 

which is assumed to be normally distributed 

(1)

(2)

(3)
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with mean 0 and variance τ
u
; and v

0k
 is the 

residual random effect of period k, that is, the 
contribution of period k averaged over all 
cohorts, assumed to be normally distributed 
with mean 0 and variance τ

v
 . In addition, β

0j
 = 

γ
0
 + u

0j
 is the cohort Y score averaged over all 

periods with all individual-level covariates at 
grand mean level; and β

0k
 = γ

0
 + v

0k
 is the period 

Y score averaged over all cohorts with all indi-
vidual-level covariates at grand mean level.

The HAPC-CCREM model specified in 
Equations 1 through 3 is a random intercepts 
model that specifies that significant random 
variation across cohorts and periods occurs 
only in the intercepts and not in the slopes of 
regressors at the individual level. Specifica-
tion of such a model for a specific empirical 
application should be preceded by prelimi-
nary testing using standard methods (see, e.g., 
Raudenbush and Bryk 2002) to determine 
whether there is evidence of random variation 
across time periods or cohorts in the level-1 
slope coefficients. If evidence suggests such 
significant variation, the model should be 
modified to incorporate this variation.

Variance Function Regression

Variance Function Regression/Heteroscedastic 
Regression5 has two parts: a regression for an 
outcome variable, Y

i
, and a regression for the 

logarithm of the residual variances, log(σ2

i
 ) 

(Western and Bloome 2009):

Y X X X ei i i P Pi i= + + + + +β β β β0 1 1 2 2 ...

log( ) ...σ λ λ λ λi i i R RiZ Z Z2
0 1 1 2 2= + + + +

where observations on individual sample 
members are indexed by i; X

1
, X

2
, ..., X

P
 is a 

set of P explanatory variables for Y
i
; Z

1
, Z

2
, ..., 

Z
R
 is a set of R explanatory variables (possi-

bly equal to X
1
, X

2
, ..., X

P
 ) for the logarithm 

of the residual variance log(σ2

i
 ), with residual 

random error term e
i
 for Y

i
. The quantity σ2

i
   

is the square of corresponding residuals, ê
i

2 , 
from the first regression. From a substantive 
viewpoint, the first regression describes how 
covariates affect the Y

i
 response variable and 

account for deviations of the within-group 
sample means from the average or grand 
mean Y

–
 (i.e., between-group inequality), while 

the second regression explains how covari-
ates affect within-group variability of the 
response variable around the group means 
(i.e., within-group inequality).

Intersecting the HAPC and VFR/HR 
Models

We integrate the VFR/HR model with the 
HAPC model by using the HAPC model to 
estimate the two equations in the variance 
function regression model, treating cohort 
and period as random effects in the context of 
a repeated cross-section survey research 
design across a broad range of ages—so that 
the question of the relative contributions of 
age, time period, and birth cohort temporal 
dimensions are relevant. To do so, we engage 
in a two-step estimation algorithm.

Step 1: Estimate the β regression coefficient 
vectors for between-group inequality across 
age, period, and cohort.

We use the restricted maximum likelihood 
(REML) estimator (Raudenbush and Bryk 
2002) of the CCREM to estimate Equation 4 of 
the VFR regression model. Equations 1 through 
3 present the algebra for this algorithm.

This step produces a set of estimates of 
fixed-effects coefficients (for individual-level 
explanatory covariates), random-effects coeffi-
cients (for cohorts and periods), and a random 
variance components matrix that evaluates the 
contributions of these individual-level and 
period and cohort contextual variables to the 
explanation of variance in the conditional 
expected value or conditional mean of the out-
come variable. In the context of this study, this 
step estimates variations in the conditional mean 
of self-rated health across period, cohort, age, 
and other individual-level covariates.

Step 2: Estimate the λ regression coefficient 
vectors for within-group inequality across 
age, period, and cohort.

(4)

(5)
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We next calculate residuals (êijk 
= Y

ijk
 - X′

ijk 
β ) 

from the Step 1 regression for each sample 
respondent i and compute the squared residu-
als, ê

ijk
 or denoted as σ

ijk
. We then apply the 

residual pseudo-likelihood (RSPL) estimator 
of the CCREM to estimate Equation 5 of the 
VFR/HR regression model.6 For normal dis-
tributed errors, squared residuals will have a 
gamma distribution, and Equation 5 is then 
estimated in generalized linear mixed model 
form, that is, as a gamma regression of ê

ijk
 on 

the X
ijk

 using a log link function (Western and 
Bloome 2009; see also Nelder and Lee 1991).7

The algebra for this algorithm can be 
stated as follows:

Level-1 or Within-Cell Model:

log( )

...

σ λ λ λ

λ

ijk jk ijk ijk

P Pijk

X X

X

2
0 1 1 2 2= + +

+ +

Level-2 or Between-Cell Model:
 λ

0j
 = π

0
 + ω

0j
  + ϕ

0k
, ω

0j 
~ N (0, ψ

ω
)

ϕ
0k

 ~ N(0, ψ )

Combined or Mixed-Effects Model:

log(σ
ijk

) =π
0
 + λ

1 
X

1ijk 
+ λ

2 
X

2ijk

+ ... + λ
P
 X

Pijk
 + ω

0j 
+ ϕ

0k

where λ
0jk

 is the intercept or cell mean, that is, 
the mean log(σ2) of individuals who belong to 
birth cohort j and were surveyed in year k; p

0
 

is the expected mean of log(σ2) at the zero 
values of all level-1 variables averaged over 
all periods and cohorts; ω

0j
 and ϕ

0k
 are resid-

ual random effects of cohort j and period k, 
respectively, assumed to be normally distrib-
uted with mean 0 and variance ψ

ω
 and ψ

ϕ
. In 

addition, λ
0j
 = π

0
 + ω

0j
 is the cohort log(σ2) score 

averaged over all periods with all individual-
level covariates at grand mean level; and λ

0k
 = 

π
0
 + ϕ

0k
 is the period log(σ2) score averaged 

over all cohorts with all individual-level 
covariates at grand mean level.

This step produces a set of estimated  
fixed-effects coefficients (for individual-level 
explanatory covariates), random-effects coeffi-
cients (for cohorts and periods), and a random 
variance components matrix that evaluates  

contributions of these variables to the explana-
tion of variance in the logarithm of the residual 
variances, log(σ

i

2   ) , for each sample respondent 
i. In the context of this study, this step estimates 
variations in the variance or dispersion of self-
rated health across period, cohort, age, and other 
individual-level covariates. We should empha-
size that the predicted σ2 for age, period, or 
cohort represents a general form of dispersion 
of health across age, period, or cohort, whereas 
previous empirical research on health disparities 
focuses on specific inequality by one or two 
dimensions such as sex, race, or SES. An 
increase or decrease in any one specific dimen-
sion will contribute to the increase or decrease 
in the general dispersion, but this has not been 
studied in the current literature. Instead of 
examining changing effects of each specific 
dimension on health, this study investigates 
how the general dispersion of self-rated health 
may change across age, period, and cohort.

Iteration and Maximum Likelihood 
Estimation

Even though both of these steps produce 
restricted maximum likelihood or residual 
pseudo-likelihood estimators from the 
CCREM, they must be iterated to obtain maxi-
mum likelihood (ML) estimators for the vari-
ance function regression model (Aitkin 1987). 
As Western and Bloome (2009) indicate, fitted 
values (σ2

ijk
) from an application of the two 

steps should be saved and used in a weighted 
regression of Y

ijk
 on X

1ijk
, X

2ijk
,. . ., X

Pijk
 with 

weights (1/σ
ijk

) . Estimates of residuals from 
Step 1 are then updated, Step 2 is computed, 
and so forth until convergence. Western and 
Bloome (2009) note that the ML estimator may 
perform poorly in small samples, in which case 
an REML or Bayes estimator can be used. In 
our empirical application, sample sizes are 
very large, so adjustments in the REML made 
for the loss of degrees of freedom resulting 
from estimation of regression parameters will 
be very small, if not trivial. Therefore, for pur-
poses of empirical application of the HAPC-
VFR/HR model in this study, we apply the ML 
estimator.

(6)

(7)

(8)

˘

ˇ

ˇ
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dAtA And MetHodS
Data

Our analysis is based on annual data from the 
National Health Interview Survey (NHIS) for 
the 24-year period from 1984 to 2007.8 The 
NHIS is a multistage probability sample sur-
vey of the civilian non-institutionalized U.S. 
population conducted by the National Center 
for Health Statistics (2009). NHIS collects 
health information for each member of a fam-
ily or household sampled, as reported by one 
primary respondent. To reduce reporting and 
measurement errors, we limit our analysis to 
the primary respondent. The sample size for 
men is about 16,670 each year (in total, 
16,670 x 24 = 400,080) and about 12,575 for 
women (in total, 12,575 x 24 = 301,800).

The NHIS’s sampling frame is redesigned 
every 10 years and was redesigned in 1995. 
Nonetheless, the fundamental design of the 
1995 to 2007 NHIS is similar to that of the 1985 
to 1994 NHIS. Three changes in the sampling 
design and weighting structure are notable. 
First, since 1995, the number of primary sam-
pling locations increased from 198 to 358. Sec-
ond, black and Hispanic populations were 
oversampled in the 1995 to 2007 NHIS, while 
only blacks were oversampled in the 1985 to 
1994 NHIS. Third, weighting structure changed 
after 1996. These three changes potentially 
affect variances (i.e., health disparities in our 
study) among samples after 1995 and 1996. We 
therefore use sample weights in all analyses 
reported here to adjust for the multistage sam-
pling design. We also created an indicator/
dummy variable named “redesign” (1984 to 
1994 = 0; 1995 to 2007 = 1) to adjust regression 
model estimates for any effects of sampling 
design changes since 1995.

Variables

The outcome variable, self-rated health, 
remained largely unchanged across periodic 
revisions of the NHIS questionnaires, which 
facilitates analysis of trends. It has five 
response categories: poor, fair, good, very 
good, and excellent.

Our objective is to examine age-period-
cohort variations in self-reported health and 
disparities therein after controlling for indi-
vidual-level demographic and social variables 
that previous research (e.g., Bird et al. 2010) 
has linked to health, namely, gender, race, 
marital status, work status, education, and 
income. The NHIS measured income using 
several categories. We first calculated the 
midpoint of each income category, converted 
the midpoints to 2007 U.S. dollars, and used 
$10,000 as the metric for the income variable. 
Education was measured as single years of 
formal education and ranges from 0 to 18 
years. Work status is a binary variable in 
which 1 = full- or part-time job and 0 = not 
employed. We also control for several varia-
bles that are established correlates of health: 
sex (1 = male, 0 = female), race (1 = white, 0 
= non-white), and marital status (1 = married, 
0 = unmarried). Among respondents, 57 per-
cent are men, 82 percent are white, 55 percent 
are married, and 67 percent are employed. 
Table 1 presents summary statistics for these 
data.

Model Specification and Estimation

The nature of the self-rated health outcome 
variable—in the form of five ordered response 
categories (poor, fair, good, very good, and 
excellent)—complicates specification and 
estimation of the combined HAPC-VFR/HR 
model. Earlier, we described this model in a 
linear mixed-effects regression format. We 
apply this specification to the NHIS data by 
scaling the self-rated health outcome variable 
as a five-point scale with responses numbered 
from 1 to 5. We do this, first, because this 
choice facilitates comparisons with prior 
research using similar self-rated health data 
(see, e.g., Schnittker 2007). Second, the 
equal-intervals assumption of the five-point 
scale is, in fact, a good specification for self-
rated health responses in the NHIS data. We 
obtained evidence of this from an ordered 
logit regression analysis of this outcome vari-
able.9 Third, after presenting empirical results 
of this analysis, we will describe various tests 
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of robustness of the findings to the NHIS 
dataset and to this model specification. We 
will also describe extensions of the HAPC-
VFR/HR model to more complicated model 
specifications that more faithfully accommo-
date the ordered nature of the self-rated health 
variable.

With respect to the two-step algorithm for 
estimation of the model stated earlier, analy-
sis of the estimated conditional expectation 
function or mean outcome variable describes 
how the age, period, and cohort temporal 
dimensions affect the reported health out-
come. These regressions tell us about differ-
ences in mean levels of self-reported health 
among groups defined by age, time periods, 
and birth cohorts as well as other measured 
covariates. Prior studies of health status have 
examined these differences in group-specific 
means, and the HAPC model permits decom-
position of temporal changes into age, period, 
and cohort components. By comparison,  
the integrated HAPC-VFR/HR analysis of the 
regression model for the logarithm of the 

residual variances explains how dispersions 
of self-reported health status change tempo-
rally within these groups, that is, how health 
disparities change across age, period, and 
cohort. The integrated HAPC-VFR/HR model 
allows us to detect temporal changes in 
within-group variations and their decomposi-
tion into age, period, and cohort components.

ReSuLtS
Figure 1 displays sample means of self-rated 
health in the NHIS for 1984 to 2007 after 
adjusting for sample weights and smoothing 
annual estimates with a three-point moving 
average, but without controlling for individ-
ual-level covariates and disentangling age-
period-cohort effects. Overall, for the whole 
sample, self-rated health increased from 1984 
to 1990, decreased until the mid-1990s, 
increased afterward, and decreased again 
after the late-1990s. Men and women exhibit 
similar period-to-period trends, but women’s 
self-rated health increased earlier and more 

table 1. Summary Statistics for Self-Reported Health Data from NHIS, 1984 to 2007

Outcome Description N Mean SD Min Max

Health Self-reported health: 1 
= poor, 2 = fine, 3 = 
good, 4 = very good, 
5 = excellent

701,888 3.76 1.13 1 5

Level-1 Variables
  Sex 1 = man, 0 = woman 701,888 .57 .49 0 1
  Race 1 = white, 0 = other 

races
701,888 .82 .38 0 1

  Age Respondent’s age at 
survey year

701,888 46.55 17.30 18 85

  Education Respondent’s years of 
schooling

701,888 12.65 3.17 0 18

  Marital 1 = married, 0 = others 701,888 .55 .50 0 1
  Employed 1 = employed, 0 = 

others
701,888 .67 .47 0 1

  Income/10,000 Household income at 
survey year

701,888 4.58 2.76 .068 10.41

  Redesign 1 = 1995 to 2007, 0 = 
1984 to 1994

701,888 0 1

Level-2 Variables
  Cohort Five-year birth cohorts 18 1899 to  

1904
1985 to  

1989
  Period Survey year 24 1984 2007
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than did men’s. These differences in overall 
trends significantly reduced the self-rated 
health gap between men and women by the 
late-1990s, and the reduced gap continued to 
the end of the series in 2007.

Figure 2 portrays the observed variance in 
self-reported health in the NHIS from 1984 to 
2007 without controlling for individual-level 
covariates and disentangling age-period-cohort 
effects, but adjusting for sample weights and 
applying a three-point moving average to 
smooth the estimates. Overall, for the whole 
sample, self-reported health disparity decreased 
from 1984 to 1990, leveled off until around 
1995, decreased afterward, and then rose again 
after 1998 to 1999. Among each group, men 
and women show similar period-to-period var-
iations in health disparities.

Variations in Health and Health 
Disparities by Age, Period, and 
Cohort, 1984 to 2007

Table 2 reports estimates of parameters, stan-
dard errors, and model fit statistics for the 

HAPC-VFR/HR models of self-rated health in 
NHIS data from 1984 to 2007. We obtained 
results using the maximum likelihood estimation 
method described earlier. The β columns present 
results for the first-stage regression of the HAPC-
VFR/HR model (which estimates variations in 
mean health across groups), and λ columns 
present results for the second-stage regression of 
the HAPC-VFR/HR model (which estimates 
variations in dispersion of health across groups).

As the β columns show, consistent with 
findings from previous studies, being male, 
white, married, more educated, having a job, 
and having more income are associated with 
better self-rated health. For example, being a 
male significantly increases the expected 
value of self-rated health by .03 points on a 
five-point scale.10 Regarding race, being 
white is associated with a highly significant 
.165 point increase in expected value of self-
rated health. Being married significantly 
increases the expected value of self-rated 
health by about .02 points. Regarding educa-
tion, each year of additional education is 
associated with a statistically significant .06 

Figure 1. Observed Means of Self-Rated Health, NHIS, 1984 to 2007
Note: Trends are adjusted for sample weights and smoothed by a three-point moving average.



966  American Sociological Review 76(6)

point increase in the expected value of self-
rated health. Being employed has an even 
larger impact: a statistically significant .39 
point increase in the expected value of self-
rated health. Finally, every $10,000 increase 
in household income is associated with a sta-
tistically significant .07 point increase in the 
expected value of self-rated health. Effects of 
age are curvilinear (quadratic) in that self-
rated health declines with age and then begins 
to increase in late life around age 68. The 
1995 NHIS sample redesign significantly 
decreased the expected value of self-rated 
health by about .06 points for women and .08 
points for men. Absent the sample redesign, 
we would see an even larger increase in self-
rated health in the late-1990s for men and 
women than that shown in Figure 1. Esti-
mates of residual variance components at 
level 2 indicate significant period and cohort 
effects net of effects of individual-level 
covariates, while the period effect is larger 
than the cohort effect, as reported in the Vari-
ance Components section of Table 2.

The top graph in Figure 3 clearly portrays 
this quadratic age-dependence of the condi-
tional mean of self-rated health. Figure 3 also 
contains graphs of annual and smoothed esti-
mates of cohort and period effects on mean 
self-rated health from the HAPC part of the 
integrated model. These show that late baby 
boomers born between1955 and 1964 gener-
ally have better self-rated health than do ear-
lier or later birth cohorts. An exception is the 
1899 to 1904 cohort, whose relatively large 
positive effect may be due to a selective sur-
vival effect as well as the small number of 
respondents from this early cohort in the 
NHIS data. In addition, before 1998, period-
to-period changes in self-rated health exhibit 
a very slight increase accompanied by cycles 
up and down, with a significant decline after 
1998. Comparing graphs of the estimated 
cohort and period effects in Figure 3 to the 
overall trends in Figure 1 and the number of 
significant β coefficients and the size of resid-
ual variance components by cohort and period 
in Table 2, it is clear that periods explain 

Figure 2. Observed Variances in Self-Rated Health, NHIS, 1984 to 2007
Note: Trends are adjusted for sample weights and smoothed by a three-point moving average.
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table 2. Estimated HAPC-VFR/HR Models of Self-Rated Health, NHIS, 1984 to 2007

β λ

 coefficient se coefficient se

Fixed Effects
 Intercept 3.281*** .009 .403*** .022
 Age −.142*** .002 .071*** .005
 Age2 .034*** .001 −.041*** .001
 Male .030*** .003 −.009* .005
 White .165*** .003 −.080*** .004
 Married .022*** .003 −.024*** .004
 Education .060*** .000 −.026*** .001
 Employed .388*** .003 −.338*** .004
 Income/10,000 .065*** .001 −.042*** .001
 Redesign −.061*** .009 −.068*** .008
 Redesign*Male −.021*** .005 .016* .007

Random Effects
 Cohort
  1899 .027* .012 .201*** .033
  1905 −.005 .010 .124*** .029
  1910 −.008 .009 .030 .027
  1915 .002 .008 −.003 .025
  1920 −.005 .007 −.021 .024
  1925 −.020** .007 −.029 .023
  1930 −.009 .007 −.024 .022
  1935 −.001 .006 −.029 .022
  1940 .003 .006 −.041 .022
  1945 −.009 .006 −.066** .021
  1950 .007 .005 −.088*** .022
  1955 .018*** .005 −.103*** .022
  1960 .023*** .006 −.097*** .023
  1965 .003 .006 −.066** .024
  1970 −.006 .007 −.039 .025
  1975 −.026*** .008 .044 .027
  1980 −.007 .009 .077** .029
  1985 .012 .011 .129*** .033
 Period
  1984 −.011 .007 .018** .006
  1985 −.006 .007 .005 .006
  1986 .006 .008 −.005 .006
  1987 −.007 .007 −.009 .006
  1988 −.013 .007 .006 .006
  1989 .008 .007 −.008 .006
  1990 .020** .007 .000 .006
  1991 .017* .007 −.006 .006
  1992 .002 .007 −.008 .006
  1993 −.005 .007 .006 .006
  1994 .004 .007 .001 .006
  1995 −.012 .007 .000 .006
  1996 −.004 .008 .001 .007
  1997 .025*** .007 −.004 .006
  1998 .025** .008 −.005 .006

(continued)
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modestly more of the overall trend in self-
rated health from 1984 to 2007 than do 
cohorts.

As a key output of the VFR/HR part of the 
integrated model, the λ columns in Table 2 
show how individual-level covariates affect 
within-group health disparities. Estimated 
within-group health disparities for males, 
whites, married persons, the more highly edu-
cated, employed individuals, and persons 
with more income are smaller than disparities 
among their counterparts, that is, females, 
blacks, unmarried persons, the less educated, 
unemployed individuals, and those with less 
income. For example, the predicted log of 
within-group variance in male’s self-rated 
health is .009 units smaller than that for 
females. Regarding race, the predicted log of 
within-white variance in self-rated health is 
.08 units smaller than the within–non-white 
variance in self-rated health. Being married 
significantly decreases the predicted log of 
within-group variance in self-rated health by 
about .02 units. Regarding education, each 
year of additional education is associated 

with a statistically significant .03 units 
decrease in the predicted log of within-group 
variance in self-rated health. Being employed 
has an even larger impact: a statistically sig-
nificant .34 units decrease in the predicted log 
of within-group variance in self-rated health. 
Finally, every $10,000 increase in household 
income is associated with a statistically sig-
nificant .04 units decrease in the predicted log 
of within-group variance in self-rated health. 
The 1995 sample redesign significantly 
decreased the predicted log of variance in 
self-rated health by about .07 units for women 
and .05 units for men. Without the sample 
redesign, we would see a smaller decline in 
the variance of self-rated health in the years 
after 1994 than that shown in Figure 2.

In addition, the integrated HAPC-VFR/HR 
model yields estimates of expected or pre-
dicted variations in health disparities across 
age, period, and cohort (or within-age, within-
period, and within-cohort health disparities). 
Estimates of residual variance components at 
level 2 indicate significant cohort and non-
significant period effects net of effects of 

β λ

 coefficient se coefficient se

  1999 .025** .008 .000 .006
  2000 .015 .008 .003 .006
  2001 .007 .008 .002 .006
  2002 .003 .008 .001 .006
  2003 .002 .008 .000 .006
  2004 −.023** .008 −.005 .006
  2005 −.021** .008 −.004 .006
  2006 −.011 .008 −.001 .007
  2007 −.046*** .008 .011 .007

Variance Components variance se variance se

 Cohort .0002* .000 .008** .003
 Period .0003** .000 .000 .000

Model Fit
 BIC 1941250  
 –2 Res Log Pseudo- 

 Likelihood
2351732  

*p < .05; **p < .01; ***p < .001 (two-tailed tests).

table 2. (continued)
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individual-level covariates as reported in  
the Variance Components section of Table 2. 
Figure 4 presents graphs of these estimated 
effects. After controlling for demographic and 
socioeconomic statuses, estimated health dis-
parities during young adulthood are relatively 
small, indicating that almost everyone is rela-
tively healthy. Health disparities increase 
with age, reaching a peak around age 55 (see 
the top figure in Figure 4), after which a 
decline sets in.

Figure 4 also shows that within-cohort 
health disparities decreased from the 1899–
1904 cohort to the 1925–1929 cohort, leveled 
off in cohorts born during the Great Depres-
sion and World War II, and then decreased in 
baby boomer cohorts followed by substantial 
increases in post-baby boomer cohorts (this 
increasing trend is most pronounced in recent 
cohorts). After controlling for individual-level 
covariates and age and cohort effects, esti-
mates of within-period health disparities 
graphed in Figure 4 are very flat between 1984 
and 2007. When compared with Figure 2, it 
appears that cohort effects contribute to fluc-
tuations of crude variance in self-rated health 
over time. For example, the recent increase in 
health disparities around 2000 in Figure 2 cor-
responds to increasing proportions of post-
baby boomer cohorts (born after 1964) in the 
population—that is, cohorts with larger within-
cohort health disparities than the preceding 
cohorts (see Figure 4). The number of signifi-
cant λ coefficients by cohort and period in 
Table 2 further confirms this argument. The 
statistically insignificant variance component 
for the period effects in Table 2 also implies 
that variance in self-rated health does not sig-
nificantly vary across periods.

Variations in Gender-Specific Health 
and Health Disparities by Age, 
Period, and Cohort, 1984 to 2007

Table 3 presents estimates of gender-specific 
models of self-rated health and health dis-
parities. We see that being white, married, 
more educated, employed, and having more 
income are associated with better self-rated 

health for men and women, except married 
men’s self-rated health is not significantly 
better than that of unmarried men (see β col-
umns in Table 3).

Figure 5 contains graphs of the depend-
ence of self-rated health on age, time period, 
and birth cohort as estimated in Table 3’s 
models. Age-dependence curves in Figure 5 
show that men’s and women’s self-rated 
health declines with increasing age, but trends 
reverse around age 69 for men and age 72 for 
women. Men report better self-rated health 
than do women at all ages. The gender gap in 
health is largest in the early adult years, nar-
rows until around age 61, and widens after-
ward.

Figure 5 also contains graphs of the esti-
mated period and cohort effects on the condi-
tional expected values of self-rated health 
status. Estimated cohort effects are relatively 
flat across cohorts for men, except that baby 
boomers born between 1950 and 1959 have 
significantly better self-rated health than do 
other cohorts. By comparison, conditional 
expected values of self-rated health changed 
dramatically across cohorts for women: these 
values declined from the 1899–1904 cohort to 
the early baby boomers (i.e., the 1945–1954 
cohort) and then rose for middle and late baby 
boomers and afterward. This results in a wid-
ened and then narrowed self-rated health gap 
between men and women. Estimated period 
effects on self-rated health for men and women 
in Figure 5 show similar trends as the observed 
means of self-rated health seen in Figure 1. In 
general, estimated β coefficients in Table 3 
suggest period effects contribute slightly more 
than cohort effects to changes in self-rated 
health for men and women from 1984 to 2007.

Estimated within-group health disparities 
in Table 3 (in the λ columns) for individuals 
who are white, married, more highly edu-
cated, employed, and have more income are 
smaller than disparities among their counter-
parts, for men and women, except that health 
disparities are not significantly smaller for 
married women than for unmarried women.

Figure 6 contains graphs of the estimated 
within-group health disparities by age, time 
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table 3. Estimated HAPC-VFR/HR Models of Self-Rated Health by Gender, NHIS, 1984 to 
2007

β λ

 Men se Women se Men se Women se

Fixed Effects
 Intercept 3.318*** .012 3.285*** .016 .394*** .025 .375*** .019
 Age −.162*** .002 −.120*** .004 .082*** .006 .059*** .005
 Age2 .037*** .001 .025*** .001 −.044*** .001 −.032*** .001
 White .115*** .004 .206*** .005 −.078*** .006 −.078*** .006
 Married .004 .004 .028*** .004 −.016** .005 −.004 .006
 Education .059*** .001 .064*** .001 −.029*** .001 −.023*** .001
 Employed .464*** .005 .316*** .005 −.373*** .006 −.302*** .006
 Income/10,000 .061*** .001 .070*** .001 −.045*** .001 −.037*** .001
 Redesign −.076*** .010 −.071*** .011 −.047*** .009 −.076*** .008

Random Effects
 Cohort
  1899 .021 .017 .069** .025 .203*** .041 .123*** .031
  1905 −.015 .015 .032 .021 .131*** .035 .058* .027
  1910 −.035** .013 .052** .019 .019 .031 −.010 .024
  1915 .006 .011 .031 .017 −.004 .028 −.033 .022
  1920 .002 .010 .015 .015 −.002 .026 −.063** .020
  1925 −.020* .009 −.001 .014 −.001 .025 −.067*** .019
  1930 −.008 .009 .000 .014 .014 .024 −.069*** .019
  1935 .010 .008 −.027* .013 −.009 .023 −.028 .018
  1940 .021** .008 −.052*** .013 −.037 .023 −.002 .018
  1945 .006 .007 −.072*** .012 −.063** .023 −.019 .017
  1950 .022** .007 −.060*** .012 −.097*** .023 −.020 .017
  1955 .025*** .007 −.037** .012 −.120*** .023 −.030 .018
  1960 .014 .007 −.002 .013 −.111*** .024 −.037* .018
  1965 −.007 .008 −.007 .014 −.083** .026 −.024 .019
  1970 −.010 .009 −.006 .015 −.043 .028 −.019 .021
  1975 −.037*** .011 −.004 .017 .045 .030 .046* .023
  1980 −.001 .012 .014 .019 .051 .033 .081** .026
  1985 .007 .015 .055* .023 .105** .040 .112*** .032
 Period
  1984 −.019* .008 .002 .011 .019* .008 .009 .007
  1985 −.019* .008 .021 .011 .008 .008 .001 .007
  1986 −.003 .009 .022 .012 −.002 .008 −.005 .008
  1987 −.014 .008 .005 .010 −.005 .007 −.009 .007
  1988 −.021** .008 .003 .010 .015* .007 −.006 .007
  1989 .003 .008 .016 .010 −.005 .007 −.009 .007
  1990 .014 .008 .029** .010 −.005 .007 .006 .007
  1991 .018* .008 .014 .010 −.014 .007 .004 .007
  1992 .009 .008 −.013 .010 −.007 .007 −.007 .007
  1993 .009 .008 −.028** .010 −.001 .007 .010 .007
  1994 .015 .008 −.016 .010 .004 .007 −.001 .007
  1995 .001 .008 −.035** .011 −.008 .008 .005 .007
  1996 .005 .010 −.020 .012 .000 .008 .001 .008
  1997 .024* .010 .028** .010 −.002 .008 −.004 .007
  1998 .021* .010 .028** .010 −.005 .009 −.003 .007
  1999 .030** .010 .023* .010 .001 .009 −.002 .007

(continued)
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period, and birth cohort from Table 3. Esti-
mated within-age health disparities have a 
bell shape that peaks around age 56 for men 
and women. Compared to men, within-age 
health distributions for women are slightly 
more spread out. Women’s dispersions are 
larger than men’s at all ages; they increase at 
a slower rate before age 56 and decrease at a 
slower rate after age 56.

Similar to results of age variations, 
within-cohort and within-period heteroge-
neities are larger for women than for men. 
Figure 6 shows that for women, within-
cohort variances decreased from the 1899–
1904 cohort to the 1930–1934 cohort, 
increased in cohorts born in the late stages of 
the Great Depression and World War II, then 
decreased in baby boomer cohorts and 
increased in recent cohorts. For men, within-
cohort variances fluctuate more across 
cohorts: they decreased from the 1899–1904 
cohort to the 1915–1919 cohort and then 
were relatively flat until they substantially 
declined again for cohorts born in the Great 
Depression and World War II and baby 
boomer cohorts born between 1945 and 
1959; this was followed by substantial 

increases afterward, especially in more 
recent cohorts. After controlling for individ-
ual-level covariates and age and cohort 
effects, graphs in Figure 6 show that within-
period variances are relatively flat from 
1984 to 2007 for men and women. The lack 
of significant random-effects coefficients for 
period, and the statistically insignificant var-
iance components of period effects for men 
and women in Table 3, also suggest that 
variance in self-rated health does not signifi-
cantly vary across periods. These gender-
specific analyses further support the 
inference that cohort effects contribute more 
than period effects to changes in health dis-
parities from 1984 to 2007, for both men and 
women (see Figure 2). The striking gender 
difference in changes in within-cohort health 
disparities merits further research.

Robustness Analyses and Extensions 
of the HAPC-VFR/HR Model

We noted earlier that our application of the 
linear mixed-effects specification of the 
HAPC-VFR/HR model is based on its ease  
of interpretation. But this model is not fully 

β λ

 Men se Women se Men se Women se

  2000 .016 .010 .015 .010 .002 .009 .002 .007
  2001 .008 .010 .008 .010 .001 .009 .001 .007
  2002 .005 .010 .001 .010 .001 .009 .000 .007
  2003 .009 .010 −.006 .010 −.003 .009 .002 .007
  2004 −.027** .010 −.021* .010 −.002 .009 −.004 .007
  2005 −.017 .010 −.026* .010 −.008 .009 .002 .007
  2006 −.014 .011 −.011 .011 .000 .009 −.001 .007
  2007 −.054*** .010 −.041* .011 .014 .009 .007 .007

Variance Components
 Cohort .0004* .0002 .002* .0008 .008* .0032 .004* .0015
 Period .0005** .0002 .001** .0002 .0001 .0001 .0001 .0001

Model Fit
 BIC 1097607 840963  
 –2 Res Log  

   Pseudo-Likelihood
1369748 982421  

*p < .05; **p < .01; ***p < .001 (two-tailed tests).

table 3. (continued)
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sensitive to either the ordered categorical 
nature of survey responses to the self-rated 
question or to the non-normal frequency dis-
tribution of the five-point scaling of responses. 
Accordingly, we describe several analyses to 
assess the robustness of our empirical find-
ings and some methodological extensions 
necessary to adapt the model to the self-
reported health outcome variable.

Alternative coding of the response 
variable. As a first robustness analysis, we 
considered alternative approaches to the 
extraction of a measurement signal from the 
ordered response categories of the self-rated 
health question. One possibility is to dichoto-
mize responses into, for example, fair or poor 
versus excellent, very good, or good (see, e.g., 
Lynch 2003). We conducted HAPC-VFR/HR 
analyses—in linear probability and logit 
regression specifications—of a dichotomized 
self-rated health outcome for NHIS data. 
Findings regarding effects of individual-level 
covariates and the period, and cohort random 
effects on the mean of self-rated health, are 
consistent with those reported here for the 
five-point scale and are available from the 
authors on request.11 The second step analysis 
on the variance of self-rated health, however, 
is not straightforward, because the mean and 
variance are functionally related for a binary 
dependent variable, that is, variance = mean 
times (1-mean). Therefore, the VFR/HR 
model must be adjusted before it can be 
applied to a binary variable. Some scholars 
suggest adding an overdispersion parameter 
Ψ to capture the extra-Bernoulli variation 
(i.e., variance = Ψ times mean times [1-mean]) 
and writing the overdispersion parameter Ψ as 
a function of covariates in its own regression 
(Western and Bloome 2009).12

Replication of empirical findings 
using a different dataset. As a second 
assessment of the robustness of findings from 
the NHIS data, we analyzed General Social 
Survey (GSS) data from 1984 to 2008. The 
GSS is relatively consistent in question format 
and sampling design. It includes a self-rated 

health question (with four ordered response 
categories) in most surveys, except 1986. The 
downside of the GSS is its relatively small 
sample size of around 2,000 respondents 
every year. For the refined HAPC-VFR/HR 
analyses described here, this produces esti-
mates with relatively large stochastic 
variability over time. Taking this into account, 
trends in observed means of self-reported 
health status and variances therein generally 
are similar to those reported for the NHIS 
data. Empirical findings from an application 
of the linear mixed-effects specification of the 
HAPC-VFR/HR model are similar as well 
and are available from the authors on request.

Other model specifications. In brief, 
the empirical findings reported earlier survive 
these two robustness analyses. Beyond this, 
the linear mixed-effects specification of the 
HAPC-VFR/HR model must be generalized 
to other forms that take into account the 
ordered categorical nature of the self-rated 
outcome variable. This requires specification 
of a corresponding generalized linear model 
with a random effects version of the model 
(Fox 2008). Specification and estimation of 
such a version of the HAPC-VFR/HR model 
is not only more difficult to interpret, but it is 
also methodologically challenging for the 
second-step regression.13

Initial work with ordered logit specifications 
of these generalized models, however, produces 
findings consistent with analyses from the linear 
mixed-effects specification of the HAPC-VFR/
HR model. This is also due to the very large 
pooled NHIS samples analyzed (more than 
700,000 sample observations in total; see Table 
1). These very large sample sizes bring the 
asymptotic consistency and normality distribu-
tional properties of the maximum likelihood-
based estimator for non-normally distributed 
data into play very strongly.

dISCuSSIon And 
ConCLuSIonS
The study of social inequality is one of the 
defining problems of sociology, and social 
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change in inequality can be represented in 
temporal variations of inequality across time 
period and birth cohort. Prior research treats 
these sources of variations separately. In any 
given dataset, however, they are potentially 
confounded with each other as well as with an 
individual’s age. By integrating a variance 
function regression analysis, which facilitates 
separation of within- from between-group 
inequality, with an HAPC model, which 
facilitates estimation of age, period, and 
cohort effects in a nonlinear fashion, we 
achieve a Hierarchical-Age-Period-Cohort-
Variance-Function-Regression Model 
(HAPC-VFR/HR).

We demonstrated the utility of this integra-
tion with an analysis of self-reported health 
disparities in the United States from 1984 to 
2007. The core idea of the HAPC-VFR/HR 
model is to estimate mixed (fixed and random) 
effects regression specifications of the two 
equations in the variance function regression 
model as a function of age, period, and cohort 
and other individual-level covariates, treating 
cohort and period as random effects. Thus, the 
first mixed-effects regression describes how 
age, period, and cohort affect the mean of self-
rated health net of a set of individual-level 
covariates (i.e., gender, race, marital status, 
work status, education, and income); the second 
mixed-effects regression explains how within-
group health disparities change across age, 
period, and cohort. We obtained results using 
the maximum likelihood estimation method.

We find evidence of all three sets of effects 
on the conditional mean of self-rated health: 
(1) self-rated health decreases with age to the 
late 60s and then increases in late life due to 
selective mortality (see, e.g., Kulminski et al. 
2008); (2) late baby boomers (born 1955 to 
1964) report better health than do other 
cohorts; and (3) self-rated health has signifi-
cantly declined since the late 1990s. Net of 
age effects, however, period effects appear to 
contribute relatively more than cohort effects 
to changes in the conditional mean of self-
rated health in the past two decades.

In terms of variations in within-group 
health dispersions across age, period, and 

cohort, we find strong age effects: health dis-
persion increases with age, peaks at age 55, 
and diminishes afterward, consistent with 
prior research that finds convergence in SES 
health disparities in late life. This conver-
gence may be due to mortality selection, that 
is, sicker people, who are disproportionately 
of lower SES, are more likely to die earlier or 
be disabled, which removes them from the 
survey (Dupre 2007). But this convergence 
may also result from universal biological 
frailty (Yang and Kozloski 2011), diminished 
socioeconomic differences in exposure to risk 
factors, postponement of morbidity and func-
tional limitation for higher SES people, or 
equalization of health care usage and protec-
tions through Medicare coverage at age 65 
(House, Lantz, and Herd 2005; House et al. 
1994).

We also find cohort and period effects. 
Within-cohort health disparities generally 
decreased from the 1899–1904 cohort to the 
baby boomer cohorts and substantially 
increased for post-baby boomer cohorts. After 
taking into account age and cohort effects, 
within-period health disparities are flat since 
1984. In contrast to what we find for the con-
ditional mean of self-rated health, cohort 
effects appear to contribute much more than 
period effects to changes in the variance of 
self-rated health over the past two decades. 
Because post-baby boomer cohorts (espe-
cially cohorts born after 1980) have much 
larger within-cohort health disparities than do 
preceding cohorts, and within-age health dis-
parities increase with age until around age 55, 
one can expect that health disparities in the 
general population will further increase in the 
next one or even two decades as these cohorts 
age and replace preceding cohorts.

Several mechanisms may be contributing 
to the enlarged health disparities for post-
baby boomer cohorts. First, income inequal-
ity increased dramatically in the past three 
decades in the United States, strengthening 
the protective effects of advantageous social 
status (e.g., family income, employment, col-
lege education, and marriage) on health 
(Zheng and George 2009). This may contribute 
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to the enlarged health disparities in recent 
cohorts. Second, since 1980, young adult 
cohorts have had an increased prevalence of 
immigrants (documented and undocumented). 
This may be associated with increased condi-
tional means of self-rated health in recent 
cohorts (due to “healthy migrant” effects; 
Singh and Siahpush 2001) and with our find-
ing of increased cohort variances in these 
conditional means (due to cohorts’ increasing 
heterogeneity). Third, compared to “healthy 
migrant” effects, which contribute to the 
upper tail of conditional dispersions (i.e., 
higher residual self-reported health), the dra-
matically increased obesity risk in cohorts 
born after 1970 (Reither et al. 2009) may 
contribute to the lower tail (i.e., lower resid-
ual self-reported health). The presence of 
either or both of these effects would produce 
the increases in the conditional variance 
measures (the lambdas) for the post-1975 
birth cohorts that we reported in Tables 2 and 3. 
Substantial SES, gender, and race differences 
in the risk for obesity further increase recent 
cohorts’ conditional health dispersions. 
Fourth, relatively young cohorts have grown 
up in the information age of the Internet. 
Information on the Web is generally available 
to everyone, but the past two decades have 
seen a digital divide in access to and use of 
the Web (Norris 2001); this may be related to 
the increasing recent cohort variances in 
health knowledge and, consequently, health 
outcomes (Brodie et al. 2000). Future research 
could readily test these postulated explana-
tions using the HAPC-VFR/HR model.

This article also examines age, period, and 
cohort variations in self-rated health and 
within-group health disparities by gender. 
Previous research suggests a significant self-
reported health gap between men and women 
in early adulthood (MacIntyre, Hunt, and 
Sweeting 1996), a gap that narrows and even 
disappears in old age (Arber and Cooper 
1999; Case and Deaton 2003). Our results 
suggest a narrowing of the self-reported 
health gap until around age 61 and then a 
widening afterward. This is consistent with a 
process by which men are more likely than 

women to experience more severe forms of 
some chronic conditions (e.g., cardiovascular 
disease and certain lung disorders) and are 
more likely to die from these chronic condi-
tions at earlier ages (Case and Paxson 2005). 
This first reduces the self-reported health gap 
and then widens it later due to selective sur-
vival, leaving relatively stronger men but a 
relatively larger share of women with poorer 
health alive at older ages.

Compared to the relatively flat curve of the 
conditional mean of self-rated health across 
cohorts for men, the cohort trend for women 
follows a V-shape, that is, the conditional 
mean of self-rated health declines from ear-
lier cohorts to the early baby boomers cohort 
and then rises afterward. This results in an 
enlarged and then shrunken health gap 
between men and women, which may con-
tribute to the narrowed gender health gap in 
recent periods found in other studies (e.g., 
Schnittker 2007). This also raises a puzzle in 
our study: What causes distinct cohort pat-
terns in gender-specific health? Were female 
infants more negatively affected than male 
infants by WWI, the Great Depression, and 
WWII? Or, were female infants more likely to 
survive hardship but were in bad health, while 
male infants were more likely to die from 
these negative social events, leaving rela-
tively healthier male infants? Further research 
is needed to solve this puzzle. By compari-
son, the gender-specific period trend in health 
is consistent with the trend for the whole 
population, that is, both men and women 
increasingly report worse health after the late 
1990s.

In terms of variations in within-age health 
disparities, men are more homogeneous than 
women in self-rated health for all ages, and 
especially for later ages. Men tend to report 
better health than women in early adulthood 
(MacIntyre et al. 1996), which makes their 
within-age health disparities smaller at that 
life stage. However, men are also more likely 
than women to get severe chronic diseases in 
middle age (Case and Paxson 2005), which 
possibly results in smaller differences in 
within-age health disparities between men 
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and women in middle adulthood. But men are 
also more likely to die from these chronic 
diseases (Case and Paxson 2005), thus leav-
ing relatively healthier men at later ages, 
leading to a faster drop in within-age health 
disparities than seen in women in late life.

Men also have smaller within-cohort het-
erogeneity than do women for all cohorts, 
especially for cohorts born in the late stage of 
the Great Depression, WWII, and baby boom-
ers. This raises a puzzle similar to the distinct 
cohort patterns in gender-specific health: 
What causes distinct cohort patterns in gen-
der-specific health disparities? Men and 
women appear to have had significantly dif-
ferent experiences and endured different 
effects from several historical events in the 
mid-twentieth century. These puzzles point to 
a potentially important future project. In 
terms of within-period health disparities, they 
are relatively flat for men and women and for 
the whole population. These gender-specific 
analyses further support the idea that cohort 
effects contribute more than period effects to 
changes in health disparities from 1984 to 
2007.

By using the HAPC-VFR/HR model, we 
have provided a more complete picture of the 
evolution of changes in self-rated health and 
health disparities in the United States from 
1984 to 2007. Specifically, this study has 
made two significant contributions to the 
health disparities literature. First, health dis-
parities across age, time period, and birth 
cohort are intertwined but have not been sys-
tematically disentangled in existent studies 
due to lack of an integrated model. Using the 
HAPC-VFR/HR model, this study demon-
strates that changes in self-rated health dis-
parities in the past two decades are much 
more of a cohort than a period story. Future 
research in this area should thus pay more 
attention to the cohort perspective. Second, 
prior literature has focused on changes in 
health inequality defined by specific aspects 
of social stratification such as gender, race, 
and SES across age, period, or cohort, with-
out an overall picture of changes in the gen-
eral dispersion of health across these three 

dimensions. The HAPC-VFR/HR model 
offers an analytic tool to capture the general 
dispersion of health across these three dimen-
sions. This provides the basis for future 
research to examine the contribution to the 
general dispersion made by each aspect of the 
social stratification system.

Inequality or disparity in statuses occurs in 
many domains of social life, such as income, 
wealth, education, and heath care access, to 
name but a few. The HAPC-VFR/HR model 
provides a powerful framework through 
which to identify and study the evolution of 
variations and social inequalities in these out-
comes across age, period, and cohort tempo-
ral dimensions. Accordingly, this model 
should be broadly applicable to the study of 
social inequality in many different substan-
tive contexts.
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notes
 1. To estimate HAPC models, Yang and Land (2006) 

apply the statistical methodology of mixed (fixed and 
random) effects or hierarchical regression models, 
treating effects of individual-level covariates as fixed 
and cohort and period effects as random. An alterna-
tive approach to model specification could be based 
on a purely fixed-cohort-and-period-effects regres-
sion model, which does not require large numbers of 
cohorts or periods for reliable statistical estimation 
and assumes that period and cohort effects are inde-
pendent of individual-level regressors. Yang and 
Land (2008) examine these assumptions and compare 
the fixed- versus random-effects model specifications 
for APC analysis.

 2. Case and Paxson (2005) found that men and women 
are equally likely to report poor health when they 
have the same condition. They also found that men 
are more likely to report better health but die earlier, 
because men experience more fatal diseases but 
women suffer more from chronic conditions. This 
implies that self-rated health reflects underlying 
objective health conditions without regard to gender 
and is a valid measurement to investigate gender-
specific health disparities.

 3. We cross-classify respondents in the repeated cross-
section sample surveys by the time periods of the 
surveys in which they responded and the birth cohorts 
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to which they belong. Each cell is an intersection of a 
cohort and a period.

 4. It is technically possible to group data from an age by 
period matrix with cohort year as the within-cell pre-
dictor. But as Yang (2007) notes, the age variable in 
APC analyses is associated with the biological pro-
cess of aging internal to individuals. By contrast, 
period and cohort effects reflect influences of forces 
that are external to individuals and operate in differ-
ent ways. We thus believe that the most substantively 
sensible specification is one that treats age as an indi-
vidual or within-cell explanatory variable, with 
period and cohort treated as contextual or level-2 
variables.

 5. Following the recent work of Western and Bloome 
(2009) in bringing to sociologists’ attention the het-
eroscedastic regression model, we use the term variance 
function regression throughout this article, although this 
model has been called double generalized linear models 
(DGLM) (Smyth 2002; Smyth, Huele, and Verbyla 
2001), double hierarchical generalized linear models 
(DHGLM) (Lee and Nelder 2006), and generalized 
additive models for location, scale, and shape 
(GAMLSS) (Rigby and Stasinopoulos 2005). Model 
specifications and estimation algorithms developed in 
the DHGLM and GAMLSS approaches to heterosce-
dastic regression have a number of differences. Neither 
modeling approach has been applied to the estimation of 
heteroscedastic regression models for ordered logit 
models (see note 13).

 6. We used the SAS PROC MIXED and PROC GLIM-
MIX procedures to estimate the first- and second-step 
regressions, respectively. The default estimator of 
GLIMMIX is RSPL, which maximizes the residual 
log pseudo-likelihood and provides unbiased predic-
tors of the random effects. The pseudo-maximum 
likelihood estimator uses a consistent and asymptoti-
cally normal estimator rather than a maximum 
likelihood estimator for the variance parameters. In 
models for a normally distributed outcome variable 
with an identity link, RSPL is equivalent to REML 
(Littell et al. 2006), but RSPL is consistent and 
asymptotically normally distributed for non-normal 
data as well.

 7. The outcome variable in our analyses, self-rated 
health, is not normally distributed; it is skewed to the 
left. Residuals calculated from the Step 1 regression 
have a symmetric distribution that has short tails 
compared to a normal distribution. Because of the 
very large sample size, estimates of coefficients from 
the Step 2 regression still have good statistical prop-
erties. This is due to the fact that for independently 
and identically distributed data, the RSPL method 
produces estimates of fixed and random effects of a 
mixed model that are consistent and asymptotically 
normally distributed; even the identically distributed 
assumption can be relaxed (Demidenko 2004).

 8. We do not use waves of NHIS data prior to 1984 for 
two reasons: (1) the self-rated health question 

contains four response categories (poor, fair, good, 
excellent) instead of the five categories in the analy-
ses reported here, and (2) a sampling design change 
after 1984 further complicates the data.

 9. The ordered logit regression model posits an underly-
ing latent continuous variable corresponding to an 
ordered categorical response variable along which 
sample responses can be arrayed (Fox 2008). The 
continuous variable is conceived of as dissected into 
m regions by m – 1 thresholds or boundaries of vary-
ing width. The ordered logit model permits estimation 
of thresholds that can be used to assess whether the 
equal-intervals assumption for the categorical vari-
able is violated. Examining the NHIS self-reported 
health variable, we found that the variability of dis-
tances from threshold to threshold is about 5 percent 
of the width of the estimated distances. This is not 
sufficient to produce empirical findings that differ 
substantively from the analyses described here that 
are based on the equal-intervals specification.

10. It merits emphasizing here that expected effects are 
conditional on all other covariates in the model. For the 
sake of space limits, this is not reiterated in the text.

11. Manor, Matthews, and Power (2000) similarly find 
that a dichotomous coding of self-rated health 
responses produces similar results to those obtained 
with alternative statistical methods that accommodate 
the ordered nature of self-rated health (e.g., polyto-
mous regression, cumulative odds, continuation ratio, 
and adjacent categories models).

12. An anonymous reviewer also suggested this 
adjustment.

13. Neither of the two approaches to statistical estimation 
of VFR/HR models for generalized linear mixed 
models with non-interval outcome variables (see note 
5) has been applied to the specification and estima-
tion of ordered logit models for ordinal response 
variables. Thus, this application requires a careful 
methodological development. The second step of 
estimation of VFR/HR ordered logit models is com-
plicated by the fact that the conventional estimation 
of such models fixes the error variance to 1 to set the 
scale of the latent variable. To estimate the second 
step of a VFR/HR, there must be an error term with an 
unconstrained variance at this step. One possible 
approach is to add overdispersion parameters to cap-
ture extra-Bernoulli variance in responses; see the 
discussion in the text around note 12. But other pos-
sible specifications exist as well. A separate article 
will develop and present alternative specifications of 
the HAPC-VFR/HR model for ordinal response vari-
ables complete with software code for model 
estimation.
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