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Persistent Inequality?

Answers From Hybrid Models for Longitudinal Data

MARC A. SCOTT
New York University

MARK S. HANDCOCK
University of Washington, Seattle

Many questions in social research must be evaluated over time. For example, in studies
of intragenerational mobility, measuring opportunity for economic advancement requires
longitudinal data. The authors develop and use a class of hybrid functional models to
demonstrate how different models can lead to extremely different substantive conclu-
sions. They provide guidelines for longitudinal data analyses in which variance parti-
tions are central to the inquiry. In their analysis of the National Longitudinal Survey of
Youth, the authors conclude that in a period of rising wage dispersion, the bulk of
inequality is persistent over the life course. Their models provide support for the scenario
in which wage inequality rises steadily while instability slowly diminishes over time.
They obtain mild evidence of increased wage instability for somewhat older workers in
the early 1990s, matching a recessionary trend. These findings contribute significantly to
understanding wage inequality in United States over the past 25 years.

Keywords: covariance structure; variance components; functional data analysis; wage
inequality; National Longitudinal Survey

1. INTRODUCTION

Longitudinal data require more sophisticated modeling techniques
because the responses are correlated within individuals. This correlation
structure can be quite complicated, and many parametric forms for
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4 SOCIOLOGICAL METHODS & RESEARCH

covariance have been developed over the years. The most familiar of
these are error-in-variables models such as compound symmetry and
time-series models such as ARIMA (see Diggle, Liang, and Zeger 1994
for others). While many of these models ““soak up variation™ quite well
and thus at least approximate the covariance structure of the process,
they are rarely oriented toward answering specific hypotheses and do
not always admit a meaningful variance components decomposition.
That is, the parameters are often not directly interpretable with respect
to specific research questions. In some instances, the covariance model-
ing is viewed as a nuisance that must be considered but is not of direct
interest. The focus of our research efforts has been in applications in
which the covariance structure is of intrinsic interest to practitioners.

In this article, we contrast a range of models for covariance struc-
ture; in particular, we relate commonly employed growth curve
models to a class of models that we developed to capture population-
level features of the covariance. We find dramatic differences in the
economic implications of three exemplary models and discuss the
role of the analyst and model in resolving such differences. We also
show that a goodness-of-fit concern that arose with the more com-
mon model can be better understood using the new class of proposed
models.

In the domain of wage inequality, the research questions that
may be addressed by cross-sectional versus longitudinal data are
fundamentally different. For example, Levy and Murnane (1992)
and Danziger and Gottschalk (1993) document an increasing cross-
sectional polarization in wages that began in the early 1970s and
continued into the 1990s. Such findings imply that cross-sectionally,
comparing, say, 1975 to 1985, the rich had become richer and the
poor poorer in real terms. But were the rich in 1975 still rich in
1985? This is a very different question and may be answered only
with individual-level wage data recorded over time. A more specific
concern was whether the opportunity to move into higher wage
brackets had become more or less available in this age of increased
inequality. Some might argue, as is often done in the context of edu-
cation, that as long as opportunity is available, it is a fair game or, in
this case, labor market.

In the mid-1990s, the debate shifted somewhat toward these
intragenerational mobility concerns. Gottschalk and Moffitt (1994)
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used the Panel Study of Income Dynamics (PSID) and found that
mobility in the 1980s was about at the same level as in the past.
The source of increased wage polarization was an increase in short-
term wage fluctuations; wages had become more unstable, adding
more variation to any cross section, but mobility was intact. Bernhardt
et al. (2001) used the National Longitudinal Survey of Youth (NLSY)
and instead found a decrease in mobility and no change in wage
instability. Both of these studies used variants of the common mixed-
effects growth curve model to handle the more complex longitudinal
structure. Our goal in this article is not to resolve the discrepancy
between these two authors directly but to explore how the choice of
model influences the findings in this very important debate.

This article is organized as follows. In section 2, we discuss the
literature on longitudinal data modeling, focusing primarily on how
covariation is modeled. In section 3, we introduce our modeling
class, its predecessors, and related techniques. In section 4, we
explore intragenerational wage inequality in the 1980s and 1990s,
contrasting three exemplary modeling approaches. In section 5, we
illustrate the use of hybrid models to answer specific research
hypotheses. In sections 6 and 7, we summarize and discuss the
implications of the findings.

2. MODELS FOR COVARIANCE

To date, a number of different approaches have been developed that
are appropriate for modeling covariance structure. Random coeffi-
cient models, as described in Longford (1993), model heterogeneity
via random perturbations to a known structure captured in a design
matrix. Their strengths include a well-established set of available
inferential techniques, provided one knows a priori the correct form
of the design for the covariance. Nonlinear extensions of random
coefficient models as well as nonparametric estimation of the coefficient
densities are described in Davidian and Giltinan (1995). All these meth-
ods either assume a highly restrictive form for the covariance or leave it
largely unspecified.

A different approach to covariance modeling comes from the
functional data analysis literature, in which the data are sampled so
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frequently that they can be taken to be functions. The framework
for this approach is given in Ramsay and Silverman (1997), and
key models were developed by Rice and Silverman (1991), Kneip
(1994), and Besse, Cardot, and Ferraty (1997). Lindstrom (1995) com-
bines ideas from both mixed-effects and functional approaches, while
Barry (1995) provides a Bayesian model for the covariance function.
Works by Ke and Wang (2001) and Guo (2002) are attempts to incor-
porate more flexible modeling approaches in a broader class of models;
these have strong roots in the smoothing spline ANOVA (Wang 1998)
and SEMOR (Lindstrom 1995) modeling classes. Brumback and Rice
(1998) show that certain forms of covariance yield smoothing spline
trajectory predictions for each subject.

The conceptual framework that motivated the development
of our models is known as latent curve analysis. It began with
Rao (1958) and was developed in Meredith and Tisak (1990). The
Meredith and Tisak modeling class was specified quite generally;
unconstrained, their latent curves resemble principal components
and suffer some of the limitations of that framework. For example,
there is no formal mechanism for incorporating unbalanced or
incomplete records when estimating the required covariance matrix,
and estimates are likely to be highly variable. Our development
offers a model-based alternative. By placing a limited constraint on
the curves, we eliminate some of the estimation problems asso-
ciated with Meredith and Tisak and customize the modeling class
so that it directly addresses specific research hypotheses. The mod-
els are conceptually rooted in the functional data analysis paradigm
described in Rice and Silverman (1991), in which individual differ-
ences take the form of latent curves, constrained to lie in some func-
tion space. In the economic context, the curves represent permanent
differences between individual trajectories (signal), and whatever
remains can be deemed transient (noise). We will show that these func-
tion spaces can be chosen to inform substantive hypotheses and that
the resulting variance components will have a useful interpretation.

In Scott and Handcock (2001a), we developed this new class of
latent curve covariance models and called them ‘“proto-splines.”
Scott (1998) and Scott and Handcock (2001b) developed software
for maximum likelihood estimation and inference for this class.
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Related work by James, Hastie, and Sugar (2000) framed similar
models as principal component models in the functional data arena
and applied these to biological growth data. Inference in that work
was based on the bootstrap. The approaches are complementary in
several ways. We developed asymptotic inference for the complete
data case (approximate in the more general case), while James et al.
used bootstrap for inference and emphasized application to sparsely
sampled data. We established, and in this article expand, a modeling
framework for relating this functional data analysis approach to
social research questions. James (2002) developed related formula-
tions for generalized linear models in the biological domain.

3. MODEL FORMULATION

Suppose that a subject i is observed at specific design points, ;, and
let Y;(t) =Yj; be the observation at time z. Our basic latent curve
model is

K
i) =p®)+ Y w0, (0) + € (), (1)
v=1

where () is a mean function, to be discussed subsequently; ¢, (7)
is a basis curve; w;, ~ f(-) are individual specific coefficients for
the vth curve drawn from some distribution f to be specified; and
€;(#) is an error term. Specification of the basis curves ¢, (called
principal functions in Ramsey and Silverman 1997) is a central
challenge in models of this type. They provide the foundation
(literally, the design) for how individual differences are generated.
Most mixed-effects models implemented in statistical software
packages are special cases of this latent curve model, for which basis
curves are specified prior to model estimation. We depart from this
approach by estimating the basis curves concurrently with all other
model parameters. We estimate ¢, from the data subject to the con-
straint that they lie within a limited class of functions; the function
class is selected so that fitted versions adjudicate between competing
substantive hypotheses.
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A good example of a flexible class of functions that can be used
in this manner are the family of cubic splines. These smooth,
piecewise polynomials are defined in a fixed interval in which one
or more “knots” are placed. The knots can be thought of as joints,
allowing the curve to bend up or down dramatically at these inflec-
tion points. One can test whether the process under investigation
undergoes a change in trajectory by choosing knots at key points in
time. The fitted latent curve sets the inflections permanently—unlike
other modeling classes, the shape of the curve does not vary across
subjects. Thus, it represents systematic variation or meaningful struc-
ture existing in the entire population. There are other function spaces
that may be equally informative in different contexts, such as those
that allow for jump processes or change points.

We now assume that the function space has been chosen and
formally describe how the ¢, are to be estimated. Let {yr j} be an
orthonormal basis to a smooth function space H of dimension S <7,
where T is the number of distinct design points. There is no restric-
tion on these basis functions, and in particular, they need not be a
spline basis. The main idea to proto-splines is to use only a subset of
the {y;} to construct each latent curve ¢,,. This departure from most
functional analysis models forces the curves to come from a proper
subspace of ‘H. If H is a spline basis, then this implies that the result-
ing ¢, were partially formed or “proto”-splines. Most approaches to
smooth estimates of covariance must impose an external orthogonal-
ity constraint between each ¢,,; a lack of external constraints was one
of the motivations behind the proto-spline approach.

For this comparative analysis and most of the discussion, the
single proto-spline model will suffice. This means that we have only
to estimate a single function ¢, and it will use all S of the available
basis functions in {y j}. For illustrative purposes, one can let {1 j} be
the orthogonal basis of second-order polynomials (over time), or
{1, t, £} (appropriately orthogonalized). The ¢, estimated is analo-
gous to a principal component, as it explains a large portion of the
covariance. The latent curve is a deterministically weighted sum of
basis functions.

$1()="Y i), )
J
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where the 7; are estimated from the data, establishing the shape of
the latent curve ¢;.
Restating our single curve model,

Yi () = n() + win ¢ (1) + € (7). 3)

For identifiability, the random coefficient w; is presumed to be stan-
dard Gaussian, and we allow ¢ to have norm other than one. Part of
what makes our latent curve approach novel and more flexible is that
¢ is only constrained —its exact form is driven entirely by the data.
We attribute a hybrid interpretation to models such as these; they are
not quite population-average models, nor are they individual specific,
in the common usage of those terms. Here, ¢; represents a population
feature, as there are no subscripts for subjects in any of its compo-
nents. Individual curves are built up through a shift of w;|¢;(¢) from
the mean, so that subject-level variation is wholly captured through
rescaling via the random coefficient. Figure 1 depicts two different
latent curves estimated from the NLSY data. The curves differ
because they have been constrained to come from somewhat different
function spaces. Figure 2 uses the quadratic fitted curve in Figure 1 to
generate four individual-specific curves surrounding the mean process.
These curves correspond to w;1 =2, 1,0, —1, —2, multiplying the
single latent curve (131 (the mean process is thus a fifth curve). We
will see that interpreting this latent curve as a feature of the popu-
lation will help us differentiate findings from competing models.

We have discussed the relationship of our proto-spline models
to latent curve and functional data models. Proto-splines are also
related to a nonstandard class of mixed-effects models known as
reduced-rank models (see James et al. 2000). The nonstandard and
rather complex form the covariance takes in our class of models
requires further analysis to establish the asymptotics. We explore
their relationship below.

What follows is a comparison of a K proto-spline model and
a standard mixed-effects model. For notational convenience, we
suppress reference to time in the functions, representing ¥ ;(#) and
Zi(r) as and Z;, respectively. Let Z; ={¥;, ¥p, ..., ¥} be a
design matrix constructed using the basis functions for the space H.
The coefficients 7; are assumed to be ordered so that if there are
K different groups used in the model, with the kth group coefficients
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Figure 1:  Proto-Spline Curves for Quadratic and Cubic Spline Model Formulations

given as v, = Mgy -- - nknk)T, then these can be stacked into a

T x K matrix I‘:@,le Yk The difference between these two
models can be understood by examining their representations. The
proto-spline model class is

Yi=Xip+ Zil';i + €, “4)

where X; is a design matrix tracking the mean and 6; ~ Ng (0, Ig).
The likelihood-equivalent mixed-effects model is

Yi =X+ Zi6] + ¢, 5)

where 67 ~ N7(0, I'T”). Given this identification, one might suppose
that through a change of variables, one could estimate this model
using standard mixed-effects software. But there is no transformation
of covariates here; rather, there is a transformation of covariance
structure. The proto-spline formulation (2) has K random effects,
while (5) has 7', and this new structure is positive semi-definite (thus,
the reduced rank designation). As such, the covariance associated
with model (5) is not implemented in standard statistical software.
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Figure 2: Five Exemplary Permanent Wage Realizations for the Quadratic Proto-
Spline Model Formulation

Restricting our attention to the single proto-spline model (K = 1),
formulation (2) contains a scalar random effect, ¢;, while the vector
67 defined in (5) contains T effects. Although this covariance struc-
ture I'T” governing ¢; is degenerate, it does not introduce problems
with inference because the degeneracy is removed in the full likeli-
hood, once residual variation is included. We estimate this model
using maximum likelihood; see James et al. (2000) for an alternative
estimating procedure. If one examines the structure I'T” more closely,
it is apparent that each element of the vector 67 is linearly dependent
on each of the others, so in essence, only one random effect is gener-
ated by this covariance structure when K = 1. The dependent rela-
tionships correspond to the relative magnitudes of the components
Nkj of yi. So the likelihood-equivalent model (5) is a reduced-rank,
nonstandard mixed-effects model.

Scott (1998) and Scott and Handcock (2001b) prove that for a
balanced design, the maximum likelihood estimates for proto-splines
are consistent and asymptotically Gaussian. We use these findings in the
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estimation and approximate inference associated with our application,
to which we now turn.

4. APPLICATION TO THE ANALYSIS OF WAGE INEQUALITY

To contrast the hybrid functional class of models with traditional
mixed-effects models, we explore their ability to address an impor-
tant question in labor economics. Returning to our motivating exam-
ple, we look at inequality of wage outcomes for young workers in
the United States and competing explanations for this phenomenon.
The issue is whether wages have become more volatile or more per-
manently divergent. Rather than compare different economic periods,
we focus on the variance partition itself. We use models to identify
permanent and transient portions of a collection of wage trajectories
and then explore how the partition evolves over time. What is surpris-
ing is that the partition depends highly on the model class being fit.

We will be investigating a data set from the NLSY: A represen-
tative sample of young men ages 14 to 21 was interviewed in 1979
and has been interviewed yearly since then, with 1994 being the last
year included in our analyses. For comparability with other cohorts
and studies, we also selected only non-Hispanic whites ages 14 to 21
in the first year of the survey, with a resulting sample size of 2,427.
These workers were followed for a total of 16 years. On average,
they worked 11 of those years, yielding close to 26,000 total observa-
tions. A detailed description of the construction of the data set is
given in Bernhardt et al. (2001).

Empirically, the variance of the wage process increases as indivi-
duals age. This can be clearly seen in Figure 3, in which the total
variance of wages increases from about 0.10 to 0.30 over 20 years of
the life course (hourly wages have been adjusted for inflation, and
the natural logarithm of these is our response variable). This increase
is consistent with the scenario in which wages “fan out” over time—
individuals develop an overall trajectory, and differences in those tend
to grow. Part of the explanation may be that wages are much more
volatile for older workers, and given labor market trends during this
period, such as significant corporate downsizing, this theory cannot
be dismissed without further analysis. In other words, the increase in
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Figure 3: Empirical Variance of the Wage Process Over Time, With 95 Percent
Confidence Bands

variation observed as workers age may be driven by an increase in
transient wage fluctuations. This argument mirrors Gottschalk and
Moffitt (1994) in their claim that increased wage volatility accounts
for growth in overall wage dispersion across two time periods but this
requires further investigation. To reach any conclusion about whether
the bulk of variation is permanent or transient, we refer to models and
their variance component decompositions. The question we address in
this article is which model—or which class of models—we should
choose and the implications of the choice.

We briefly discuss the mean function as it relates to our eco-
nomic analysis. The covariates that are associated with a worker’s
trajectory, such as demographics, job acquisition, turnover, comple-
tion of educational milestones, enrollment status, and moves in and
out of different industries and occupations, form a historic profile.
Fixed-effects regression coefficients capture the way these covariates
shape the expected (or mean) trajectory.

In the context of exploring permanent and transient variation in
wages, an exogenous covariate captures permanent differences. The
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clearest example is age, with the expectation that 16-year-olds earn less,
on average, than 30-year-olds. Any analysis that did not model the role
of age or a close proxy would seem inadequate. Can we say the same
about education or experience, or the role of frequent job changing?
These covariates are partially endogenous, so that extra-mean variation
is correlated with them. This may be induced by an unobserved covari-
ate, such as ability, which may be correlated with a covariate such
as education. In the longitudinal setting, the endogeneity-correcting
approach of Chamberlain (1984) can be used to adjust the value and
interpretation of such covariates.

It is interesting to note that in ordinary regression, one is reallocat-
ing variation from unexplained to explained, while in the longitudinal
setting, one is apportioning between three types: fixed (via the mean),
structured variation, and unstructured. The first two are permanent,
while the last is transient. Endogenous covariates complicate mat-
ters as they contribute to both structured and fixed components
of variation. They unambiguously contribute to permanent variance,
however. While we are concerned with the role of endogenous covari-
ates and explore this in depth (including corrections for endogeneity)
in Bernhardt et al. (2001), we restrict our attention in this analysis to
a mean structure based only on the exogenous covariate age. This will
in no way limit our comparison of modeling approaches, as the same
mean process is being used throughout. In applications for which
pure growth trajectories over time are the primary focus, questions
of endogeneity are less central.

COMPARATIVE MODELS

We begin by specifying several standard mixed-effects models,
with the random intercept model (RI) as a common starting point.
In this model, individuals are assumed to possess an unobserved,
person-specific trait that identifies the extent to which they differ
from the mean response.

Yi()=X;(OB+a; +€(2), (6)

in which X;(#) captures mean effects, and «; captures the unobserved
trait. In some disciplines, an interpretation, such as “motivation,” is
attached to this trait. We are agnostic to such identifications and
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simply view these terms as capturing some unobservable differences,
which may be the aggregation of one or several characteristics, meas-
urable or otherwise. For our purposes, we want the covariance struc-
ture induced by all these unobservables to be modeled appropriately in
the permanent portion of the variation. We emphasize that «; does not
vary over time.

In this and all of our models, the mean effect chosen consists of
a quartic in age. This choice was made empirically but was based
as well on Murphy and Welch (1990); we tested a nonparametric
specification and found the polynomial superior in terms of the
Bayesian information criterion (BIC; Schwarz 1978). The dependency
of covariance on proper mean specification makes this choice impor-
tant (Diggle et al. 1994). The random effect «; is assumed to be
Gaussian, with constant variance. To allow for different economic
trends, we add an error structure that is heteroscedastic (variance
depending on the year of observation). This error structure was com-
pared to several others and was also justifiable in terms of BIC. The het-
eroscedastic error structure was common to all models, and estimation
was by the method of maximum likelihood.

We note that a RI model can be thought of as the most basic
latent curve model in that it captures population-level structure.
However, it assumes that the “shape” of that curve is known from
the outset or, equivalently, ¢ (¢) = 1. In this model, there is nothing
unknown or even estimated, with the exception of the variance of
the random coefficient «;. As mentioned above, this form assumes
that individual differences exist at all ages, with the implication that
one’s first few jobs define one’s lifetime expectations. This is
clearly not the case, but perhaps the RI model can be justified on
the grounds that it captures whether individual means (across time)
are above or below expectations. Focusing on mean differences
across time ignores the fact that these curves have more complex
trajectories.

In the class of standard mixed-effects models, there is a hierarchy
typically employed with growth curves. If the zeroth-order poly-
nomial is insufficient, then try a first-order polynomial, and so forth.
Pinheiro, Bates, and Lindstrom (1994) outline such model building
in more general terms. We fit a first-order (random slope) model to
this data, but we limit our discussion to the second-order random
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quadratic (RQ) model, which has many of the same properties and
provides a superior fit in terms of BIC. This model is

Yi()=X;(0OB+ Zi(1)6; + € (1). @)

X (¢) is a basis for quartic polynomials, such as (1, ¢, tz, t3, t4), and
Z(t) is a basis for quadratic polynomials, such as (1,z,%), and
6;i ~ N(0, G), where G is a 3 x 3 unspecified covariance matrix. The
vector ¢; can take on any value, so in effect, every (mean zero) quadratic
curve may be generated by the term Z(¢)6;. The random effects are dis-
tributionally constrained by the covariance G, so curves have very dif-
ferent occurrence probabilities. The mean curve X (¢) 8 and individual
deviation Z()6; comprise the permanent portion of the wage trajectory,
but these are not directly summarized in the model’s covariance para-
meters. No single parameter is sufficient; the variances of the compo-
nents of the vector ¢; cannot be fully interpreted without considering the
covariance terms. Instead, a meaningful summary of model-based, age-
specific permanent variance is given by the diagonal of Z () GZ().

In contrast to the two polynomial models is the single latent
curve proto-spline (SPS) model:

Yi(t) = Xi() B+ wi¢ (1) + € (1), ®)

with X (7) as before, and w; ~ N(0, 1). Because ¢ (¢) is a continu-
ous curve, identical for each subject in the population, any informa-
tion about systematic differences between individuals gets transmitted
across time by following the shape of this curve (think of the curve as
a conduit). The specification of a function space that captures a mean-
ingful set of transmittal mechanisms remains as a crucial step in the
analysis. We initially chose the function space of quadratic curves
but eventually employed a cubic spline function space. Quadratics
are a fairly limited family for proto-spline curves because there can
be no inflection points. In these models, the structured covariance is
clearly identified with permanent differences between individuals.

FITTED MODELS AND VARIANCE
PARTITION SUMMARIES

We find that the maximum likelihood estimates for our three
models tell somewhat different stories. The RI model estimates the
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between-trajectory permanent variance to be constant at 0.1144.
The RQ model estimates a variance of 0.1051 for the intercept, but
this is negatively correlated (—0.673) with the slope, so individual
differences are attenuated rather than exaggerated over the life
course. For the SPS model, the shape of all extra-mean permanent
differences is easily summarized by (ﬁl(t), the common shape of
variation, which is scaled by a single random coefficient (Figure 1).
The solid curve represents the strongest single systematic variation
in the stochastic process, much as the first principal component of a
covariance matrix would, under the constraint that it comes from
the family of quadratic curves. The dashed curve in Figure 1 is the
proto-spline fit for a model that uses a cubic polynomial basis and
will be discussed in section 5. A summary of the permanent variance
generated over time is constructed by squaring the values of ¢ (7)
at each age.

Each model generates a different variance partition; how these
change over time is important and characterized by Figures 4 and 5.
Note that the cohort is tracked over 16 years, but these years vary
depending on when the worker entered the survey. So someone who
was 16 in 1979 is 27 in 1990, while someone who is 21 in 1979 is 27
in 1985. Here, we report the (weighted) mean variance at each age.
In the NLSY design, age and cohort effects are confounded. This
does not, however, lessen our ability to pick up differences in year-
to-year labor markets; the variances still change over time—we simply
cannot separate the market versus age effects.

Examining Figure 4, we see a clear difference in how the two
standard random-effects models decompose the total variation. The
RQ starts out with a permanent variance of 0.10, which then drops
down to under 0.05 by age 18 and rises substantially to 0.30 by
age 35. Contrast this to the RI model, which by definition sets this
to a fixed level (0.11). The 95 percent confidence bounds are given
for the permanent variance estimates. These are based on Normal
theory asymptotics but are likely to be quite accurate given the large
sample size (the median number of observations per age is about
1,500; all but three ages have more than 500 observations contribut-
ing to the estimate). The SPS model’s permanent variance estimates
through age 25 are extremely precise; this occurs as a result of a com-
bination of constraints due to function space, the population-average
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Figure 4: Permanent Variance of the Wage Process Over Time, All Three Models

nature of the latent curve, and the actual process being modeled. The
latter apparently provides substantial evidence of little to no permanent
variation early on. Each model’s estimates are, however, conditional
on the model itself and, as such, do not incorporate model uncertainty.
In section 5, we compare predictions from each model to further evalu-
ate their validity. In section 7, we revisit the issue of model uncertainty
from a Bayesian perspective. The permanent variance estimates for
all three models are most divergent before age 24 and after age 33, and
these differences are highly significant. So we are witnessing significant
differences over time in what should be labeled permanent variance.
The SPS model suggests that permanent variation is extremely
small in the early labor market experience. It predicts that substan-
tial growth in permanent differences follows, but the prediction is
significantly less than the RQ model estimates at the oldest ages.
We must consider the definition of “permanent” differences a bit
further. The RI model implicitly defines permanent wage to be aver-
age wage, while the RQ model allows it to take any quadratic form.
The SPS model requires that the wage levels at young ages inform
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Figure 5: Transient Variance of the Wage Process Over Time, All Three Models

those at older ages via a latent curve that is based on population-level
information. So the latter model amasses evidence as to how the past
influences the present and future for the population as whole. The
three models (and definitions) tell different stories: permanent differ-
ences are constant (RI), they dip and then grow dramatically (RQ),
and they are insignificant for young workers but become more and
more relevant over time (SPS). The latter is most consistent with the
job churning and matching process, in which a combination of more
and less successful employment experiences dominates the early
period, eventually stabilizing.

The complementary transient variation is displayed in Figure 5.
The RI model indicates some decline over time, while the RQ model
fit shows less of this effect and is overall much lower. It is clear that
the latter model apportions substantially more variation to permanent
differences between workers and that this grows over time. For the
RI model, there is very mild evidence of an upswing in transient
variation for workers beginning at age 34, but this is not so for the
RQ model. The SPS model is quite literally in between its two
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competitors, with a dramatic dip in transient variation by age 27
and a significant upward tick for the oldest workers. This variance
decomposition is highly consistent with the job churning and match-
ing process, each of which is hard to measure directly. It is consistent
with wages permanently fanning out and transient variance subsiding.
The upswing at the older ages could indeed be an economic trend
consistent with a recessionary period beginning in the early 1990s.

A goodness of fit cannot be evaluated on the variance partitions
as neither is observed empirically. However, we can look at the com-
bination of these two components and see whether they resemble the
observed total variation. This is presented in Figure 6, and it is clear
that the RI model is doing a poor job of fitting the shape of the
empirical variation (represented by the thickest line). The RQ model
shows very poor fit for older workers and somewhat poor fit for the
youngest workers. The total variance is matched best by the SPS
model, giving us evidence that our overall picture of the wage
process is well described by the corresponding decompositions.

We summarize these findings further in section 6, but for now
we describe the three different conclusions one might reach from
these models as follows: Transient variance dominates (RI); perma-
nent variance dominates while transient variance is somewhat
stable—the period of job churning is not accompanied by substan-
tially more volatility (RQ); permanent and transient variances are
about of equal impact on overall variation, with transient effects
dominating early and permanent effects dominating later, and the
partitions are consistent with job churning and downsizing scenar-
ios (SPS). It seems pretty clear that wages fan out permanently, but
nonsubtle differences between the RQ and SPS models remain.

5. ADDRESSING RESEARCH QUESTIONS WITH HYBRID MODELS

How can we use these models to delineate between competing
hypotheses? We focus on the permanent variance component and
illustrate the strength of hybrid functional models in this arena by
examining two features of the RQ model partitions that are highly
questionable, substantively. The first is that permanent variance is
higher at age 16 than at age 20. The second is that permanent
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Figure 6: Total Variance of the Wage Process Over Time, Empirically, and for All
Three Models

variance is well above 0.20 for workers in their mid-30s. Given the
lack of fit implied by the total variation curves in Figure 6, there is
evidence that both conclusions may be inaccurate.

In formulating a model that can inform the first of these concerns,
we ask why would permanent variation go through a period of decline
and then pick up again from ages 16 to 23? The scenario implied by
the RQ model fit is likely to resemble the following. Workers who
start out a bit higher than the mean see those initial benefits decline
or at least stagnate over time, while workers starting out much lower
apparently make back those initial losses through later growth. This
is consistent with an “education effect” in which some workers experi-
ence large wage growth postschooling, surpassing the gains of the less
educated (but more experienced) workers in the long run. If we con-
sider two prototypical trajectories, one with high growth and the other
beginning higher but then stagnating, the variance would indeed be
described by a “crossover” period with lowest variance, and the infor-
mation about initial wages would be transmitted through the churning
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Figure 7: Two Stylized Trajectories Surrounding the Overall Mean for the RQ Model
(Under This Scenario, Permanent Variance Would Reach a Minimum at
Age 21)

period. A stylized depiction of this scenario is provided in Figure 7.
An alternative is that there is more wage volatility in this early period,
wherein workers may have much higher or lower wages initially, but
these have little influence on the remaining trajectory.

We note that the “education effect” scenario suggests the presence
of two distinct subgroups. These may be well identified in the data,
either through covariates or as well-separated clusters. However, edu-
cation effects are by no means uniform in the NLSY, and clusters are
easily masked by a large overall level of variation in trajectories.
A latent class extension to proto-spline models, described in Scott and
Handcock (2001c¢), could be used to gauge support for a two-subgroup
model. However, a single-curve proto-spline model, with the proper
choice of function space, works as well and illustrates the utility of this
modeling class.

Since individual differences in SPS models are built up through
rescaled versions of a single curve, a function space that allows early
wage levels to inform the remaining trajectory—without requiring
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that they do so—will differentiate between the education and alterna-
tive hypotheses. We fit another SPS model using a cubic spline func-
tion space with knots chosen to allow bends at ages 18, 21, 24, and
32; the first three are critical to the hypothesis being tested, while the
last will address our concern regarding variance at older ages. By
allowing the proto-spline curve to bend in several locations, the point
at which wage differences become permanent is apparent in the fitted
curve (/51. Since that curve reflects extra-mean differences, an initial
drop in permanent variation would entail a change of sign from nega-
tive to positive at the crossover point (the permanent variance is cap-
tured in the square of this curve). The resulting fit from this more
flexible function space is given as the dashed line in Figure 1. It fails
to cross zero, even negligibly, suggesting little to no evidence for
initial differences carrying forward into later wage trajectories. The
transient and permanent variance prediction for the cubic spline SPS
model was practically indistinguishable from the quadratic SPS, so
for simplicity of presentation, we exclude the former from most
model summaries.

Given our conclusions regarding the first hypothesis, we now eval-
uate the second: Could differences between older individuals be as
large as is suggested by the RQ model? We anticipated this question
in our choice of function space with the inclusion of a knot at age 32.
If permanent variance were larger for older workers, the proto-spline
curve should bend to reflect this. The fitted cubic spline curve in
Figure 1 shows no indication of increased permanent variation for
workers in their mid-30s. The evidence is thus quite substantial against
the decomposition of wage variation implied by the RQ model. More-
over, a reasonable alternative—that there has been a mild increase
in wage volatility for older workers—is more consistent with the
downsizing trend of that period and is clearly suggested by the proto-
spline fit.

We conclude that the permanent variance decomposition for
the RQ model is potentially misleading, particularly at the most
extreme ages. We developed the notion of the model dependence of
partitions in some detail in Scott and Handcock (2001a), but in this
study we go further and claim that a very common approach to var-
iance partitioning is overly sensitive to short-term variation. The
model can also be characterized as allowing many points to exert high
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influence on the covariance structure. Some insight into the failure of
RQ models, especially at the extremes, can be gained in this case.

In these data, we do not have a single complete trajectory. Instead,
workers are followed for 16 years but starting at different ages
between 14 and 21. We witness profiles from ages 14 to 29, 15 to 30,
and so forth, with profiles from ages 21 to 36 for the oldest members
of the cohort. We note that some workers are actually observed as
late as age 37, and we drop any single person-period observed at age
14 or 15 because the labor market for very young workers is substan-
tively different. The set of person-specific profiles effectively spans
the full age range of 16 to 37 but is never complete for a single
worker. The mixed-effects RQ model is less able to accurately bor-
row strength from the information from different periods to describe
the whole trajectory. It cannot “patch together” the local information
from parts of trajectories into a common one because it lacks a
mechanism to transmit information from one period of observation to
another. In contrast, the common continuous curve in proto-spline
models provides such a mechanism.

Further evidence of overfitting in the RQ model involves the
following comparison. We extrapolated model-based predicted curves
to the full age range (16-37), using best linear unbiased predictions
(BLUPs). We then used these predictions in two different ways.
Using the full age range for each worker, we computed empirical
permanent variance curves from the predictions. These reproduced
the RQ model-based permanent variance curves very well. We then
repeated this analysis but restricted the age range included for each
worker to the observed ages for that worker. In other words, we did
not extrapolate beyond the points of observation. The empirical per-
manent variance based on this restriction was initially much flatter
and showed little of the crossover implied by the model parameters.
If the RQ model were picking up something “real” in the first period,
then it should have been reflected in the restricted estimates. It is
more likely that by following the data too closely, the curvature at the
extremes is overestimated, misclassifying the variance. Further evi-
dence of what is a truly permanent wage in this domain comes from
the cubic spline proto-spline model, which would have picked up and
transmitted early differences through the early period of churning
but did not.
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TABLE 1: Model Summary

Comparison of Models

Bayesian Information

Model df Criterion (BIC) Log Likelihood
Random intercept 14 21001 —10429
Random quadratic 19 15917 —7862
Proto-spline 16 19652 —9745

6. MODEL SUMMARY

We have evidence that hybrid functional models track the empirical
variation in the process better than competing models and that they
are able to address rather sophisticated questions in a substantive
field. It is interesting to note that they do not measure up quite as
well when standard model selection approaches using information
criteria are applied. In Table 1, the BIC and log likelihoods for
three of the models presented are compared. The SPS model per-
forms better than the RI model, but the RQ model has the best over-
all BIC. This is partially due to divergent purposes in modeling:
BIC selects a parsimonious model that best fits the observed data,
while the SPS model and even the RI model capture long-term var-
iation in a manner that assigns a meaningful, hybrid interpretation
to the variance components. The SPS approach allows the shape of
the person-specific effect to be more complex than a simple inter-
cept shift, depicting the long-range dependence within trajectories
in a common shape. The RQ has no such aims and in fact may be
overfitting, in terms of what is substantively important.

We make a further claim that the proper comparison is between
RI and SPS models. This is based not on the number of parameters
in the model, which are accounted for by BIC, but on the number of
random structured components in the model. We find very little dis-
cussion of this point in the literature. The RI and SPS models each
have one random component driving the differences between indi-
viduals over time. The RQ has three. Three “random degrees of
freedom” offer substantial flexibility that gets reflected in the log
likelihood but not in the degrees of freedom accounted for by BIC.
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TABLE 2: Analysis of Variance

Model-Based Extra-Mean Variance Partitions

Random Random
Source Intercept Percentage Quadratic Percentage Proto-Spline Percentage
Permanent variance 0.1144 45.4 0.1427 62.9 0.1166 52.1
Transient variance  0.1377 54.6 0.0842 37.1 0.1072 479
Total variance 0.2520 100.0 0.2268 100.0 0.2238 100.0

This may be at the cost of potential overfitting, of which we have
amassed substantial direct and indirect evidence. We note that BIC
may be helpful in comparisons of proto-spline models employing
different function spaces or different knot choices, particularly
when the remaining model structure is very similar.

In Scott and Handcock (2001a), we develop a double proto-spline
model, which includes the effects of two independent latent curves in
each trajectory. This model contains two random degrees of freedom
(one for each curve). We fit this model to our data and found its BIC
was better than that for a random slope mixed model (the natural com-
parison), and it approached the BIC of the RQ model, which has three
random degrees of freedom.

We have repeatedly emphasized the strength of hybrid functional
models to address substantive hypotheses. We now report the var-
iance partition associated with each model. This partition reflects each
model’s best attempt to separate signal from noise under different
definitions of signal. Age-weighted summaries of the decompositions
previously reported in Figures 4 through 6 are given in Table 2. We
first note that permanent variance represents the majority of variation
in all but the RI model. Substantively, there is a clear need for a model
that captures more than mean differences in trajectories, so the var-
iance partition for this simpler model is suspect. What may be less
immediate is the difference in the proportion of permanent variance for
the RQ and SPS models, which are 63 percent and 52 percent, respec-
tively. The original motivation for this analysis involved a comparison
between cohorts facing very different labor markets, and any temporal
change in the proportion reported above reflects a change in long-
term mobility prospects for workers. Thus, the choice of model
and the resulting variance partition have serious consequences.

Downloaded from http://smr.sagepub.com at UNIV WASHINGTON LIBRARIES on October 2, 2009


http://smr.sagepub.com

Scott, Handcock / PERSISTENT INEQUALITY? 27

These last two partitions show similar total variation, but both
overestimate the empirical variance, which is 0.2043. This was hinted
at in Figure 6, since our best models still tend to be above the empiri-
cal estimate. The cubic spline proto-spline findings, not reported above,
suggest a further decrease in transient variation, to 0.0976 and a total
variance of 0.2152. We take this as evidence that we could improve
our modeling somewhat still.

7. DISCUSSION AND CONCLUSION

We have presented a model for the variation in longitudinal data that
formalizes and extends the original idea of latent curve analysis pro-
posed by Meredith and Tisak (1990). The approach is rooted in the
theory of stochastic processes and functional data analysis. The
model is hybrid in nature, with an interpretation somewhere between
those of population-average and individual-specific longitudinal models.
The hybrid interpretation, combined with the proper choice of func-
tion space, can help to resolve important substantive hypotheses. In a
labor economic application using the NLSY, we customized our func-
tion space to investigate several hypotheses concerning permanent var-
iance in young worker trajectories. In this context, the continuity of
the curve and its interpretation as a population-level feature provided a
substantively meaningful link from one period to another.

A strength of hybrid functional models, of which proto-splines are
an important class, is their interpretability. The interpretation is part
of a philosophically distinct modeling approach and thus not only
generates new knowledge with its use but also establishes a new way
to think about and “allocate” the variance components associated with
longitudinal data. It is clear from our development that the choice of
the function space and, in our application, the cubic spline knots are
key to appropriate modeling of the covariance, and we have demon-
strated the sensitivity of findings to model specification.

Given this sensitivity, further exploration of model uncertainty
is recommended. What was striking about the variance decompositions
for these three models was that they overlapped very little, particularly
at the early and late ages, and how “certain” each model’s findings
were (most confidence bands were quite small and nonoverlapping
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across models). A Bayesian model-averaging approach, in which
model uncertainty is specified a priori, would allow us to say more
about the variance partitioning and the viability of the various
proposed models, a posteriori (see Hoeting et al. 1999).

Based on our comparative analyses, we conclude that the proto-
spline model provides the variance decomposition most consistent
with the NLSY data set and our knowledge of that economic period.
Permanent variance accounts for about 52 percent of the total varia-
tion. How this evolves over time is a key component of the decom-
position, and, as witnessed in Figure 4, the most plausible scenario
involves steady but nonaccelerating growth in wage disparity. The
change in transient variance over time, depicted in Figure 5, suggests
initially high levels that drop substantially by the mid-20s. This is
consistent with an initial period of “job churning” for young workers.
Notably, there is an uptick in transient variance for older workers,
which is consistent with the effects of firm downsizing in this period.
The economic structure implied by the three models in Figures 4 and 5
is quite different, and we have amassed sufficient evidence to cast
doubt on the commonly employed constant or quadratic random-effects
models. To get meaningful estimates of inequality’s persistence, we
must look to hybrid functional models for covariation.
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