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Preface

The last 20 years has witnessed a greater accumulation of longitudinal data in the
social sciences than any other period. Accompanying this growth of data has been
an interest in methods to analyze such data. Growth curve models or latent curve
models have been among some of the most recently popular longitudinal techniques.
Although new to some researchers, the historic roots of these techniques are deep.
Indeed, these models have their origins in biostatistics, statistics, demography, and
other disciplines. Their different disciplinary origins have given the same technique
different orientations.

Our book is about growth curve models as they have developed in the latent
variable and factor analysis tradition. Borrowing from Meredith and Tisak (1984,
1990), we refer to these as latent curve models (LCMs). They are models in which
we have random intercepts and random slopes that permit each case in the sample
to have a different trajectory over time. The random coefficients are incorporated
into structural equation models (SEMs) by considering them as latent variables. By
so doing, we are able to capitalize on all of the strengths of SEMs and to apply
them to latent curve models. These include the ability to use maximum likelihood
techniques for missing data, to estimate a variety of nonlinear forms of trajectories,
to have measures of model fit and diagnostics to determine the source of ill-fit, the
inclusion of latent covariates and latent repeated variables, and so on.

One of our goals is to provide a reference source on the LCM approach to
longitudinal data. This is a field that is undergoing rapid development, but we do
our best to provide many of the most recent developments. The book synthesizes a
large amount of work on LCMs as well as providing original results. For instance,
we develop new results on the identification of several types of LCMs. We include
some of our recently proposed work on the autoregressive latent trajectory (ALT)
model and suggest new models for method factors in multiple indicator, repeated
latent variable models. Researchers with a background in structural equation models
and an interest in longitudinal data are ideally suited for this book.

We have said what the book is about. It also is worthwhile to state what it is not.
It is not a comprehensive guide to all approaches to growth curve models. There is
a valuable literature in biostatistics on growth curve models and another tradition
from multilevel models. There is a great deal of overlap in these approaches and

xi
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LCMs, and in parts of the book we point out the connections and sometimes the
equivalency of models and results. However, a reader looking for comprehensive
treatments of growth curve models from these other traditions will not find it here.
Those seeking an extensive treatment of these models from a structural equation
perspective are our intended audience.

Our book is a multiyear project that would not have happened without the
help of numerous people. The most important group has been the Carolina Struc-
tural Equation Modeling (CSEM) group that we co-direct. This rotating group of
intelligent graduate students and postdocs has been indispensible. They provided
feedback on all of the chapters. They provided research assistance in developing
empirical examples and a critical audience with whom to discuss results. We con-
sider ourselves incredibly fortunate to have had such a talented group with which
to work.

Personal support is at least as important as the professional support in making
this book happen. We are lucky to have wives who provide both. We also have the
good fortune to each have two daughters who helped us to maintain our perspective
on the important things in life. We dedicate the book to our families.

Kenneth A. Bollen
Patrick J. Curran

Chapel Hill, North Carolina



C H A P T E R O N E

Introduction

Every discipline in the social sciences seeks to understand the sources of stability
and change in variables. A psychologist, for instance, maps the development of
cognitive abilities in children. An economist traces the economic growth of nations
or the sales of companies. A sociologist tracks crime rates across communities. The
time interval for change might be daily, weekly, monthly, or annually. The unit
of analysis might be children, businesses, or countries. Regardless of the subject
area or the time interval, social and behavioral scientists have a keen interest in
describing and explaining the time trajectories of their variables.

Although the analysis of longitudinal data has a long and rich history in the
social sciences, the past several decades have witnessed a sharp increase in interest
in this topic. This resurgence of concern has a variety of sources. First, there is a
growing appreciation of the limits of relying solely on cross-sectional data. Many
theoretical hypotheses inherently focus on change, and longitudinal data are neces-
sary to fully evaluate such hypotheses. Second, given the wider appreciation of the
advantages of longitudinal research designs, there is much greater availability of
panel data. Many longitudinal data sets exist that follow children, adults, commu-
nities, or countries over many time periods. The increased availability of large and
complex longitudinal data sets demands the development of increasingly rigorous
statistical analytic methods. Finally, there seems to be greater dissatisfaction with
many traditional longitudinal analytic designs. For example, a developmental the-
ory may predict that delinquent behavior develops naturally in children over time
and a treatment intervention is designed to deflect this natural trajectory meaning-
fully. Using a statistical model that evaluates the treatment effect by comparing
pre- and posttest group means may not provide an optimal test of the theory that
hypothesized change in terms of individual developmental trajectories. Analytical
methods are desired that allow for a better correspondence between the theoretical
model that gave rise to the research hypotheses and the statistical model that is
used to test these hypotheses empirically. For these and many other reasons, the
analysis of longitudinal data has become an increasingly important topic in social
science research.

Latent Curve Models: A Structural Equation Perspective, by Kenneth A. Bollen and Patrick J. Curran
Copyright  2006 John Wiley & Sons, Inc.
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2 INTRODUCTION

There is a remarkable array of analytical techniques available for longitudinal
empirical data. Examples of these methods include autoregressive models, repeated
measures multivariate analysis of variance (MANOVA), raw difference scores,
residualized change scores, and random and fixed effects panel data models. Rarely
can we conclude that one of these models is inherently correct or incorrect. Rather,
these models differ in how well they capture the theoretical orientation guiding the
research and how well their assumptions correspond to the characteristics of the
empirical data. From this perspective, a particular analytic approach may be well
suited for one application but quite poorly suited to another. In this book, the focus
is on methods to analyze the temporal trajectories of cases where each case can
have a distinct trajectory.

The goal of this chapter is to orient the reader to this type of longitudinal
model and to provide background on its origins. In the next section we introduce
the conceptualization of these models by contrasting it with that of autoregressive
methods and by introducing an empirical data set. In the third section we discuss
three basic questions that characterize nearly all trajectory analyses. A brief review
of the history of these methods follows, and a discussion of the organization of the
rest of the book concludes the chapter.

1.1 CONCEPTUALIZATION AND ANALYSIS OF TRAJECTORIES

The majority of traditional analytical methods focus on change by examining the
relation between two adjacent time points and predicting change using parame-
ters that are common across cases. For example, the simple autoregressive model
mentioned above is

yit = αt + ρt,t−1yi,t−1 + εit (1.1)

where yit and yi,t−1 are the observed values of y for individual i at time t and time
t − 1, respectively; αt is the time-specific intercept; and ρt,t−1 is the autoregressive
coefficient pooled over all cases in the sample. The disturbance (εit ) has a mean
of zero, is not autocorrelated, and is uncorrelated with yi,t−1. The i subscript
indexes the cases in the sample, and the t subscript indicates time. Notice that
the autoregressive parameter, ρt,t−1, has subscripts that permit it to change over
time, but that for a given time point it takes the same value for all cases. We
can modify Eq. (1.1) to include additional lagged values of y (e.g., the influence
of yi,t−2) or other explanatory variables with their coefficients (e.g., the influence
of an exogenous measure xi,t−1), but from this analytical perspective the forces
governing change are its past values and the values of covariates.

This book represents a different perspective. The approach posits the existence of
continuous underlying or latent trajectories. The pattern of change in the repeated
measures provides information on the trajectories. Latent means a process that is
not observed directly. The trajectory process is observed only indirectly using the
repeated measures. Importantly, this trajectory can differ by individual case. For
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example, say that we had assessed reading ability on a sample of children every
other year over a period of eight years. A theory of cognitive development might
predict that there exists an unobserved underlying ability to read that develops as a
continuous function of time. Our interest in the time-specific measures of reading
ability is because these repeated measures enable us to estimate the underlying
reading trajectory that gives rise to the measures over time. The focus is not on the
dependence of current reading level on past reading level across all children, but
instead, on the estimation of an underlying developmental trajectory across all time
points within each child. Our goal, then, will be to estimate a line, or trajectory, that
best fits the repeated observations over time for each case. That is, we would like
to smooth over our repeated observations to get a more parsimonious estimate of
the underlying trajectory that gave rise to the repeated measures. It is this trajectory
estimate that is of primary interest in subsequent modeling. An empirical example
helps to further illustrate these issues.

1.1.1 Trajectories of Crime Rates

Our first empirical example consists of crime rates among 359 communities in New
York State taken from 1995 Uniform Crime Reports (UCR) data.1 The crime rate
is the sum of the number of offenses reported to police departments for murder,
robbery, aggravated assault, rape, burglary, motor vehicle theft, larceny, and arson
converted to rates per 100,000 population. Taking the natural logarithm (ln) of
this variable reduces its levels of skew and kurtosis. Crime rates spike upward
on weekends, and computing bimonthly figures smoothes out the fluctuations that
occur due to differing numbers of weekends within months (e.g., Hipp et al., 2004).
Therefore, we use bimonthly crime rates per 100,000 population for the first eight
months of 1995 for police units in New York State. Two predictors of these crime
trajectories measured in 1990 are poverty, as measured by the percentage of the city
population whose income is at or below 125% of the poverty level, and population
density, formed as the community population divided by the square kilometers in
the community.2

Table 1.1 presents the means, standard deviations, and correlations for the four
repeated measures of ln(crime rates) taken on the 359 communities. Several char-
acteristics can be observed. First, the correlations among the repeated measures are
moderately high (ranging from 0.71 to 0.83). Lagged crime measures are clearly
associated. Second, the means of the repeated measures increase over time, whereas
the standard deviations do not have such a consistent trend. This trend reflects a
tendency for crime rates to increase from the winter to the summer months. It will
be important to select a statistical model that allows for these patterns in the means
and the standard deviations.

1The UCR consists of reports on crime activity from all police units in the United States to the Federal
Bureau of Investigation. These police units include city police, university police, and county sheriffs. In
general, the UCR has a very high response rate, as police units covering about 97% of the population
respond (U.S. Department of Justice, 1995).
2Both of these variables are taken from the 1990 U.S. Census Summary Tape File (STF) 3-A (U.S.
Department of Justice, 2000).
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Table 1.1 Means, Standard Deviations, and Correlations for
Four Repeated Measures of ln(Crime Rate) for 359
Communities in New York State

Time 1 Time 2 Time 3 Time 4
Crime Crime Crime Crime

Time 1 crime 1.0
Time 2 crime 0.833 1.0
Time 3 crime 0.790 0.805 1.0
Time 4 crime 0.709 0.728 0.819 1.0

Mean 5.319 5.516 5.611 5.763
Standard deviation 0.791 0.754 0.753 0.781

Table 1.2 Poverty, Population Density, and Four Waves of ln(Crime
Rates) for Five Communities from the Uniform Crime Reports

Population Time 1 Time 2 Time 3 Time 4
Community Poverty Density Crime Crime Crime Crime

1 16.04 0.48 4.01 4.01 5.79 4.69
2 23.05 1.82 6.55 6.68 6.77 7.03
3 18.52 0.77 5.48 5.83 5.82 5.81
4 16.68 0.62 4.43 5.81 5.74 6.62
5 19.34 1.49 6.12 6.35 5.80 4.79

It is very important to consider not only the summary statistics on the repeated
measures pooling over all cases, but also to closely examine the individual-level
data. Table 1.2 presents the observed data on poverty, population density, and the
four repeated measures of crime rates for the first five communities in the sample.
These data allow us to consider several interesting questions. First, is there any
monotonic increase or decrease in the crime rates over this period? Examining
the raw data for the first four communities suggests an upward tendency, but it
is far from consistent. For example, for the first community, the four repeated
crime measures were 4.01, 4.01, 5.79, and 4.69, indicating no change for the
first two times and a larger crime rate followed by one not as large as the third
time. The fifth community exhibits a tendency to decrease. Examining just these
five communities reveals potentially interesting characteristics of these crime rates
across the communities.

Although it is interesting to begin with an examination of the time-specific
measures of ln(crime rate) for each community taken at each time point, recall
the posited underlying or latent trajectory of crime for each community. That
is, it is of less interest that the first community received scores of 4.01, 4.01,
5.79, and 4.69 at each of the four time points than it is to use these repeated
observations to estimate an underlying trajectory that gave rise to these specific
repeated measures over time. A logical starting point is to consider fitting a line
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FIGURE 1.1 Observed and predicted crime rates for the first community.

that best fits the repeated measures observed within the first community. Chapter
2 treats this in much greater detail, but we can use ordinary least-squares (OLS)
regression to estimate this line (or trajectory) for the first community. The OLS
regression line relating ln(crime rate) to time within the first community is presented
in Figure 1.1.

Although the repeated observations did not fall on a perfectly straight line, we
are estimating the existence of the trajectory for the first community by finding
a line that best fits the first community’s four bimonthly data points. That is, the
line in Figure 1.1 is nothing more than the regression of ln(crime rate) on time
within the first community. As with any line, it is characterized completely by
an intercept (say, α̂) and a slope (say, β̂). Because the initial assessment (Jan-
uary–February) is set equal to zero, the intercept represents the model-implied
value of ln(crime rate) at the initial time period.3 Keep in mind that the α̂ and β̂

values characterize the first community. This means that the first community has
its own estimated intercept term and its own estimated slope term. This trajectory
(sometimes called a growth curve or a time path) is an estimate of intracommunity
(or within-community) change for the first community. We have thus smoothed
over the four repeated measures and have a more parsimonious estimate of the
process of change for the first community that is consistent with our theoretical
model.

This provides an estimate of intracommunity change in crime rate for the first
community, but also of interest are intercommunity differences in intracommunity
change. That is, it is helpful to have a trajectory for each community (e.g., intra-
community change) and then to examine the characteristics of these trajectories

3We present a detailed discussion of alternative methods for coding time in Chapter 4.
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FIGURE 1.2 Model-implied linear trajectories of crime rates for the first five communities.

across all of the communities (e.g., intercommunity differences). To work toward
this goal, a useful starting point is simply estimating a unique trajectory for each
community using the same OLS regression method as above. So for 359 commu-
nities there would be 359 individual regression lines, one for each community. To
demonstrate this, we fit individual regression lines to the first five communities in
our data set, and these five trajectory estimates are displayed in Figure 1.2.

Figure 1.2 highlights several important concepts. First, the fitted trajectory lines
are displayed, but the time-specific crime rates are not. The regression lines repre-
sent a smoothed version of the repeated observations over time, and a comparison
of the observed points to the fitted line would reveal the quality of the fit of the
linear trajectory to the observed data. Second, the estimated underlying trajectories
are different for each of the five communities. So each line in Figure 1.2 represents
the OLS regression of crime rate on time estimated separately for each commu-
nity, and this necessitates a separate subscript to distinguish the intercept and slope
for each community. These parameter estimates now become α̂i and β̂i , respec-
tively, where i = 1, 2, 3, 4, 5 indicate which α̂ and β̂ are associated with which
specific community i.

Finally, given the existence of five estimated α̂ values and five estimated β̂

values, it is possible to find the mean of the α̂’s and the mean of the β̂’s. More
specifically, combining these individual trajectory estimates allows estimation of
the overall trajectory for the entire set of communities. Further, given the estimation
of the mean trajectory, we can examine variability of each community’s trajectory
around these group means. This variability reflects that some communities are
reporting higher levels of initial crime rates, while others are reporting lower initial
levels; further, some communities are reporting steeper increases in crime over
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time, while others are reporting less steep increases and even decreases. These
estimates of variability in community trajectories around the group mean trajectory
capture the presence of intercommunity differences in intracommunity change. The
larger the magnitude of these variance estimates, the greater evidence there is for
individual community variability in trajectories. In Chapter 2 we present these
results in detail.

Thus far, the repeated observations allow estimation of a trajectory for each
community and for estimating a mean trajectory for the group. The variability of
the individual trajectories around this group mean is also available. This model is
commonly referred to as an unconditional trajectory model because we estimate
the means and variances of the trajectories but are not modeling the trajectories as
a function of other predictor variables.

However, a key analytic goal is to determine if the individual variability of the
trajectories is predictable using other community characteristics. That is, given the
presence of significant variability in our set of α̂ estimates, does the magnitude
of these α̂’s vary as a function of, say, community poverty? Are higher levels of
poverty associated with higher initial levels of crime? Similarly, are higher levels
of poverty associated with steeper increases in ln(crime rate) over time? Given that
we are interested in the distributions of the α̂ and β̂ estimates conditioned on one
or more predictor variables (e.g., using other community measures to predict our
individual trajectory estimates), this model is commonly referred to as a condi-
tional trajectory model. We discuss methods by which covariates can predict these
trajectory parameters in conditional growth models in Chapter 5.

1.1.2 Data Requirements

As we explicate more fully in Chapter 2, a minimum of three repeated observations
are necessary to identify and to estimate underlying linear trajectories and the other
parameters in the model. In general, to estimate a polynomial trajectory of degree
d, it is necessary to have obtained d + 2 repeated observations for identification
purposes. So three repeated measures permit a straight line (e.g., a polynomial
of degree d = 1); four observations fit a quadratic trajectory (d = 2); and so on.
Conceptually, this is easy to understand. With only two observations, the line of
best fit simply connects the two observations and thus reflects a perfect fit of the
trajectory to the data. In contrast, the line of best fit for three observations in general
reflects some imperfect relation between time and the repeated variables and thus
allows a test of the adequacy of model fit. Because of this, our emphasis is on
data where there are at least three repeated observations for a large proportion of
observed units.4

1.1.3 Summary

Conceptualizing stability and change in terms of individual trajectories allows for
the articulation and assessment of a wide array of research questions that are not

4As we discuss in Chapter 3, we can have missing data for some observations. So it is possible to
estimate these models even if fewer than three repeated measures are available for some cases. See
Chapter 3 for details.



8 INTRODUCTION

easily accommodated with other techniques. For example, each case can have a
separate trajectory, and a mean group trajectory and variability around the mean
are available. We can then incorporate predictor variables and model individual
differences in trajectories across cases.

As we explore throughout the book, many interesting and complex questions
can be posed about stability and change in a variable. As a starting point, it is
helpful to develop a general organizing framework to begin thinking about these
many questions of change over time.

1.2 THREE INITIAL QUESTIONS ABOUT TRAJECTORIES

Our focus is on the trajectories of variables across cases. Although many questions
about the trajectories are possible, three questions are common in many latent
trajectory analyses. These questions relate to (1) the characteristics of the mean
trajectory of the entire group, (2) the evaluation of individual differences in tra-
jectories, and (3) the potential incorporation of predictors of individual differences
in trajectories. To give substance to these issues, we return to our ln(crime rate)
example. Recall that we have four repeated measures of crime rates over eight
months for 359 communities in New York State. Further, we have time 1 measures
of the percent poverty and the population density for each community. We propose
considering three initial questions about the trajectories underlying crime rates.

1.2.1 Question 1: What Is the Trajectory for the Entire Group?

This initial question simply asks: When pooling over all 359 communities in the
New York sample, what is the mean trajectory of crime over the four bimonthly
measurements? That is, what is the average initial level of the crime rate trajectory?
On average, does crime change as a function of time? If so, what is the functional
form of change over time? Is this rate of change strictly linear, or is there a
curvilinear component in which the rate of change accelerates or decelerates with
the passage of time? Evaluation of this first question thus provides an initial insight
into the characteristics of the mean trajectory of the crime rates for the entire
sample of New York communities under study. The mean values of the trajectory
parameter estimates are sometimes referred to as the fixed-effects components of
the trajectory model.

1.2.2 Question 2: Do We Need Distinct Trajectories for Each Case?

Understanding the mean trajectory of crime rates is important, but there is additional
information yet to be gained. Of particular interest is whether there is meaningful
variability of community trajectories around the mean trajectory. That is, is the
mean trajectory reflective of every community in the sample, or are there cases
that depart from the group-level trajectory? Depending on our sampling design,
we may find that although the mean initial level of crime rate for the group is
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a particular value, some communities are reporting initial values well above this,
whereas others are well below. Further, although the mean rate of change in crime
rates for the group is a specific number, some communities may be increasing at
a more rapid rate and some are not increasing at all. The degree to which it is
necessary to allow each community to take on a distinct trajectory is a question
of intercommunity differences in intracommunity change. If all communities are
within sampling fluctuations of the mean trajectory, there is no evidence of com-
munity differences in trajectories; the mean trajectory is thus representative of the
trajectory of every community. In contrast, the more the individual community tra-
jectories diverge from the overall group, the greater evidence there is for individual
differences in trajectories of change. These variances are sometimes referred to as
the random-effects components of the trajectory model.

1.2.3 Question 3: If Distinct Trajectories Are Needed, Can We Identify
Variables to Predict These Individual Trajectories?

Say that the response to Question 1 indicates that there is a mean trajectory of
crime rates of some particular form (e.g., an overall linear trajectory). Further, say
that the response to Question 2 indicates that there is meaningful variability of the
individual trajectories around the mean intercept and mean slope. The third ques-
tion addresses whether we can incorporate other explanatory variables to better
understand the variability observed in individual trajectories. Do some variables
predict which communities start with a higher crime rate relative to those commu-
nities that start at lower levels? Similarly, can we use a set of explanatory measures
to understand what type of community will increase more steeply in crime relative
to those that increase less steeply? This third and final question thus allows us to
explore our ability to model individual variability in trajectories and to make an
attempt at predicting which cases will start high versus low and which will increase
steeply and which will not. The incorporation of predictors leads to the conditional
trajectory model to which we referred previously.

1.2.4 Summary

There are many questions that we could pose when evaluating trajectories of
change. However, three initial questions are a helpful starting point to understand-
ing trajectory analysis. The first question allows us insight into group-level change,
the second question explores the presence of individual variability in change, and
the third question attempts to model individual differences in change as a func-
tion of other explanatory variables of interest. Taken together, this allows us to
begin working toward the development of a comprehensive understanding of the
individual and group processes of change.

1.3 BRIEF HISTORY OF LATENT CURVE MODELS

The methods that we discuss in this book are not all new. In fact, parts of the
methodology that we present have roots more than a century old. In this section
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we sketch some of the major developments that have led to the contemporary
latent curve models (LCMs) that are the focus of our book. It is not our inten-
tion to present an exhaustive literature review or to present the background to all
approaches to analyzing growth curve models. Rather, our goal is to focus on LCMs
and to show that they derive from over a century of tradition of studying individ-
ual and group change. Even the idea of using latent variables or factor analysis to
study such change has roots that are nearly a half century old. See Bollen (2005)
for a more detailed discussion of the relation between growth curve models and
factor analysis. Thus, the LCM is newly popular, but it is not a new idea. Below
we identify several time periods that correspond to developments that contributed
to the contemporary form of LCM.

1.3.1 Early Developments: The Nineteenth Century

Although philosophical discussions of change have been traced back as far as
Aristotle (Zeger and Harlow, 1987), the earliest development of statistical analysis
of data over time appears to be early in the nineteenth century. The studies were
oriented toward the change in aggregates or groups rather than in individuals.
Gompertz (1820) presents one of the first discussions of modeling stability and
change from a trajectory perspective. The key development of Gompertz (1820,
1825) was the method of estimating a single trajectory that would characterize
continuous mortality rates over time for a group of individuals. The general goal
of this work was to use mathematical modeling to estimate the “nature of the
function of mortality” (p. 230), a topic that today we would classify as a topic of
demography.

In the early nineteenth century, predictions of mortality were based on extrapo-
lating values from actuarial tables which were prone to significant error. Gompertz
(1820) proposed using polynomial mortality curves to provide better estimates of
predicted mortality rates. He stated that “. . . besides the usual mode of . . . work-
ing from calculated tables . . . subject to the errors of numerous interpolations . . .

it may be easier to work them directly without such reduction, or by reducing
the terms to geometrical progressions for short periods . . .” (p. 235). Further, he
considered his proposed methods to be rather general, such that his object was
to “. . .propose a plan of analysis and notation, which I conceive may be applied
with utility to most problems likely to occur, and capable of suggesting a variety
of new speculations in the pursuit of this science” (p. 216). This is the earliest
application that we have identified that addresses what we might consider to be
“trajectory analysis” with the focus on finding “laws” of development for a group
of individuals.

During this same time period, Verhulst (1845, 1847) was working on a similar
problem. Specifically, Verhulst was attempting to develop mathematical models of
population growth over time, and he proposed that population increases may best
be described using a logarithmic function of time. As with Gompertz, Verhulst was
primarily interested in discovering “laws” of population growth over time, and he,
too, focused on a demographic topic. That is, his focus was on the trajectory of
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population growth for the entire group, and he did not consider variability between
individual trajectories.

Finally, Quetelet (1835) focused on mathematical models of growth of the
human body. He opens his 1835 paper by stating, “Man is born, grows up, and
dies, according to certain laws which have never been properly investigated” (p.
317). A key difference between Quetelet and other early theorists was that in addi-
tion to seeking lawful developmental processes, he also expressed an interest in
difference in human development as a function of other mitigating influences. For
example, he describes the relation between physical development and factors such
as socioeconomic status and gender. However, he still did not explicitly move from
the desire to find lawful relations over time into the estimation of interindividual
differences in intraindividual change.

In sum, there are clear lines of development of trajectory analysis that can be
traced back to the early nineteenth century. The work of Gompertz, Verhulst, and
Quetelet combine to provide the theoretical foundation upon which later develop-
ments in trajectory modeling rest.

1.3.2 Fitting Group Trajectories: 1900–1937

Studies from the early twentieth century continued to focus on aggregate change.
The majority of these early applications utilized rather complex functional forms
of growth (e.g., nonlinear polynomials and logistic curves) to examine change for
an entire group of individuals. That is, these early works attempted to address
the group-level trajectory described in Question 1. For example, Robertson (1908)
used logistic curves to model the growth of white rats and then attempted to
apply these same models to the growth of humans. He concluded that human
development required multiple logistic curves superimposed upon one another to
adequately characterize the patterns of change. As with earlier theorists, Robertson
was working under the assumption that there is an underlying law of growth that
is to be discovered and modeled.

Reed, Pearl, and colleagues drew upon Robertson’s early work as they evaluated
developmental trajectories in problems as diverse as the weight of the human
brain, national food consumption, influenza, and the population problem (e.g., Reed,
1921; Pearl, 1924, 1925; Reed and Pearl, 1927; Reed and Love, 1932). Their goal
was to develop mathematical equations to describe growth processes with greater
accuracy than was possible with other methods available at that time. Although they
believed that the fitting of an equation to summarize a growth process increased
the accuracy of prediction, they also believed that a given mathematical model
did not necessarily aid in an understanding of the causes and regulatory factors of
growth.

In sum, the first third of the twentieth century gave rise to many alternative
formulations of mathematical forms of trajectories applied to a wide array of
biological and social science problems. Despite the advances made in the vari-
ety of functional forms of trajectories, the goal was still to estimate a single
underlying trajectory that best characterized the process for the entire group under
consideration.
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1.3.3 Fitting Individual and Group Trajectories: 1938–1950s

Whereas the analytical developments and empirical applications of the early
twentieth century focused primarily on the trajectory of change for the entire group,
the 1930s gave rise to the significant development of estimating unique trajectories
for each individual within the group and modeling these trajectories as a function
of other predictor variables. Of key importance is the work of Wishart (1938),
who applied growth curves to weight gain in bacon pigs. His focus was on an
experimental design with pigs randomly assigned to diets of low, medium, or high
protein content, and the trajectory of the weight of the pigs was the outcome of
interest. Wishart fit by hand a parabolic equation to the weight of each pig over
a 16-week period. He then used these pig-specific growth trajectory estimates as
the dependent variables in an ANOVA model to predict the rate of growth from
the experimental conditions and gender. To our knowledge, this is the first attempt
to consider not only the developmental trajectory for the entire group of individ-
ual cases, but to treat the individual trajectory estimates as varying randomly over
individual cases.

Some years later, Griliches (1957) used a similar approach to modeling the rate
of growth of hybrid corn in various regions of the United States. Griliches fit S-
curves to the percentage of hybrid corn acreage of each of the regions and computed
the origin, slope, and ceiling of these trajectories. These trajectory estimates for
each region were then regressed on various measures to predict growth and yield
over time.

The work of Wishart (1938) and Griliches (1957) highlights the major shift in
moving from focusing on the estimation of the trajectory for the entire group to
estimating the specific trajectory for each individual in the group. This allowed
both the examination of individual differences in trajectories and the prediction of
trajectories by other explanatory variables.

1.3.4 Trajectory Modeling with Latent Variables: 1950s–1984

Until the early 1950s, all trajectory models were estimated using ANOVA,
ANCOVA, and MANOVA types of analytic approaches. That is, the individual
trajectory estimates were typically computed by hand, and differences in the means
of the trajectory estimates as a function of group membership were then examined.
A significant shift in this general analytic strategy occurred in the middle of the
twentieth century, and several key developments moved the estimation of trajectory
models into the latent variable framework. In this framework, the growth process
is governed by processes that are not observed directly, only indirectly through the
repeated measures.

To our knowledge, the first person to propose using latent variables within the
factor analytic framework to do trajectory modeling was Baker (1954). Baker rea-
soned that a factor analytic model could “indicate separate influences operating
on the relative growth of individuals. These separate influences may be identi-
fied as environmental, physiological, or genetical effects. In any case the structure
of the growth phenomenon is clearly exhibited with respect to time” (p. 137).










