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Preface Preface 

Myy doctoral thesis on issues in growth curve modeling of panel data has been 
finished.finished. When I started working on the project, some four years ago, and after a 
feww adaptations of the original research plan, the idea was to compare longitudinal 
multilevell  regression analysis with latent growth curve analysis. At that time, both 
techniquess had been applied in numerous studies in the social and behavioral 
sciencess for the analysis of panel data, but it did not seem to be clear what the 
precisee differences were, and what technique was appropriate in which situation. 

Readingg the corresponding literature, biased as I was through my structural 
equationn modeling background, it soon appeared to be clear to me that latent 
growthh curve modeling offered a much richer approach for the analysis of panel 
data.. Almost all models that can be analyzed with multilevel regression analysis can 
alsoo be analyzed using latent growth curve modeling; but the latter offers much 
more.. Reconsidering these issues, it was impossible for me to understand that 
anyonee would carry out a multilevel regression analysis on panel data, and 
thereforee I had difficulties in writing the chapter that was supposed to compare the 
twoo techniques. However, articles kept on being published that either applied 
longitudinall  multilevel regression analysis, or 'promoted' it as appropriate 
longitudinall  data analysis technique. Although I knew that multilevel regression 
analysiss had many advantages for cross-sectional data, I interpreted this as the 
multilevell  software fight for a better market share in the longitudinal analysis 
niche. . 

Att the moment, I realize that my view on the utility of multilevel regression 
analysiss for panel data was too negative, but at that time it had the logical 
consequencee that I started to focus more and more on the latent growth curve per 
see and issues that could pop up in its application. Consequently, the present thesis 
consistss of three chapters that discuss complications that might occur in any latent 
growthh curve analysis, and, if possible, solutions are presented to overcome these 
complications.. A specific chapter deals also with the application of latent growth 
curvee analysis to answer substantive research questions. Finally, the actual 
comparisonn of multilevel and latent growth curve modeling was written up, and, 
ironically,, this will be the first chapter of this thesis. Interested readers who are as 
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negativisticc as I was concerning multilevel analysis of panel data might want to skip 
th iss chapter, and proceed directly with the chapters on latent growth curve 
modelingg that d iscuss some interesting issues. My view is now not anymore as 
negativisticc as it was. Though I keep thinking that the existing structural equation 
modelingg software offers more extensions of the basic growth curve model, and even 
moree alternative model possibilities, t han the existing multilevel software, some 
advancedd longitudinal multilevel models cannot be translated into structural 
equat ionn models and give multilevel regression models right of existence of their 
own.. Why, however, should the techniques be compared at their ult imate 
possibil it ies,, when there is often no need for these advanced extensions in 
substant ivee quest ions? In many applications both techniques are sufficient, and 
wil ll  even provide the same parameters estimates, making it pointless to pass a 
judgmentt concerning the superiority of one above the other. 

Recently,, I reread J an de Leeuw's editor's introduction to the first edition of 
thee bestseller "Hierarchical Linear Models" (Bryk & Raudenbush, 1992) as reprinted 
inn the second edition of the same book (Raudenbush & Bryk, 2002, p.xix - xxii) . I 
wouldd like to end the scientific part of this prologue with some quotes from 
this:"...Hierarchicall  l inear models, or multilevel models, are certainly not a solution 
too all da ta analysis problems...Nevertheless, technically they are a big step ahead of 
thee aggregation and disaggregation methods...In educational research, as well as in 
geography,, sociology, and economics, these techniques wil l gain in importance in 
thee next few years, unt il they also run into their natural l imitations. To avoid the 
l imitationss they wil l be extended (and have been extended) to more levels, 
mult ivariatee data, path-analysis models, latent variables,...,and so on...It is a good 
ideaa to keep this in the back of your mind..." 
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Introduction Introduction 

AA broad range of statistical methods exists for analyzing data from longitudinal 
designs.. Each of these methods has specific features and the use of a particular 
methodd in a specific situation depends on such things as the type of research, the 
researchh question, and so on. The central concern of longitudinal research, 
however,, revolves around the description of patterns of stability and change, and 
thee explanation of how and why change does or does not take place (Kessler & 
Greenberg,, 1981, p. 1). 

Thee spectrum of longitudinal methods varies among the different disciplines of 
sociall  science. It ranges from the panel, or wave, design in sociology, to age-related 
repeated-measurementt methodology in developmental psychology, to various forms 
off  single subject designs in operant psychology, and to time-series arrangements in 
econometricss and political sciences. However, the central focus in all of these 
instancess is the ordered study of processes. Although the definition of process 
variess by discipline and emphasis, the common denominator is that process 
researchh centers on how and why a phenomenon behaves in time in relationship to 
bothh constancy and change (Baltes & Nesselroade, 1979, p.2). 

Onee of the most common designs for longitudinal research in the social 
sciencess is the panel design, in which a sample of cases is observed at more than 
onee point in time. While in a time-series design one subject (or a few}  is measured 
onn many occasions, and in a cross-sectional design more subjects are measured on 
onee occasion; panel designs are essentially a combination of both time-series and 
cross-sectionall  designs (Rogosa, 1979). An important feature of a panel design is 
that,, in contrast to static cross-sectional designs, change is explicitly incorporated 
intoo the design so that individual (or other unit-level) changes in a set of variables 
aree measured directly (Finkel, 1995, p. 1). 
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Panell  designs have been in use already for many years in social science. 
Psychometricians,, for example, used panel designs to study the reliability of their 
measurements;; developmental psychologists used panel designs for studying the 
developmentt of children at various ages; marketeers used panel designs to model 
thee changes of brand preference in marketing studies; and panel studies were 
appliedd in the study of change in political preference. Many of these studies were 
inspiredd by the work of Paul Lazarsfeld (e.g. Lazarsfeld & Fiske, 1938; Lazarsfeld, 
1948).. From his work, Lazarsfeld concluded that, in comparison to cross-sectional 
andd trend designs, the panel design had to be preferred in all aspects. 

Althoughh the concept of panel designs and the understanding of their 
possibilitiess actually dates back to the beginnings of modern-day survey research, it 
tookk until the late 60's for the design to gain more interest among social scientists. 
Thiss growing interest in panel designs can be explained partly by the growing 
interestt in developmental change and partly by the more common use of structural 
equationn methods for analyzing 'causal' relations between variables. By that time 
sociall  scientists came to understand that structural equation models could only 
reachh conclusions about dynamic processes on the basis of cross-sectional data 
underr very restrictive circumstances; and since panel studies were thought of as 
beingg able to investigate causal relationships, free from a priori assumptions, the 
analysiss of panel data with structural equation methods seemed highly promising in 
establishingg causal relationships. Though it was shown quickly that this was not 
reallyy the case, methodologists did find linear panel models extremely useful in 
specifyingg the processes involved in social scientific research. 

Severall  distinct statistical techniques are available for the analyses of panel 
data.. One of these techniques is growth curve analysis. Growth curve analysis has 
beenn said to overcome some of the limitations of more traditional approaches to the 
assessmentt of change, and it is currently receiving a lot of attention in the social 
andd behavioral sciences. Growth curve analysis is a statistical technique to estimate 
thee parameters, or latent factors, which represent the growth curves that are 
assumedd to have given rise to the structure of the repeatedly measured outcome 
variablee over time. Growth curve analysis can be applied to get a (unconditional) 
descriptionn of the mean growth over a certain period of time. However, the emphasis 
off  the technique lies in explaining the differences between subjects of the 
parameterss describing their growth curves; in other words, in the systematic inter-
individuall  differences in intra-individual change. 

Thiss dissertation focuses on issues in the analysis of continuous outcome 
panell  data using growth curve analysis. The aim of the present work is to enhance 
thee method of growth curve analysis, and to encourage its adequate application, by 
comparingg two generally accepted analytical techniques for growth curve modeling 
(Chapterr 1), by a detailed investigation of selected extensions of the basic growth 
curvee model (Chapter 2, 4 and 5), and by detailed application of growth curve 
analysiss to empirical data (Chapter 3), followed by a discussion of the results in 
Chapterr 6. It is, with great emphasis, not the purpose of this dissertation to 
contrastt growth curve modeling to alternative statistical approaches for the analysis 
off  panel data, in spite of the fact that such a comparison might prove a fruitful 
(future)) activity. It is, therefore, assumed in the following that the growth curve 
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modell  is an adequate candidate to represent the st ructure of the cont inuous 
outcomee variable over time. 

AA major reason to limi t the discussion in this thesis to growth curve analysis i s 
aa practical one. Growth curve analysis has been, and wil l be, frequently applied in 
thee social and behavioral sciences for the analysis of panel data. Thus, without 
questioningg the appropr iateness of growth curve analysis and the growth curve 
modell  in general, there is a great number of social scientists to which growth curve 
analysiss provides a useful way to investigate their research quest ions. It is stressed 
thatt the present focus does not imply that growth curve analysis is the current best 
practicee for all longitudinal investigations, nor that it is implied in any situation at 
all.. The fact that a (set of) technique(s) receives so much attention in the l i terature 
callss for a thorough study of the techniques themselves. 

Inn Chapter 1 the focus is on two techniques for the analysis of panel data; 
longitudinall  multilevel regression analysis (Bryk & Raudenbush, 1987, 1992; 
Goldstein,, 1986, 1987, 1995) and latent growth curve analysis (McArdle, 1986, 
1988;; Meredith & Tisak, 1990; Willett & Sayer, 1994). The former takes a multilevel 
regressionn perspective, and the latter a structural equation modeling perspective. 
Often,, the choice between longitudinal multilevel regression analysis and latent 
growthh curve analysis is not guided by pure substant ial and/ or methodological 
arguments;; the same holds for the choice between growth curve analysis and 
alternativee data analytic approaches. Cross-sectional multilevel regression analysis, 
forr example, is quite popular in the educational sciences. Consequently, a 
researcherr coming from this field wil l be attracted to longitudinal multilevel 
regressionn analysis when confronted with a longitudinal data set because multilevel 
analysiss is the current practice in his or her field, and this is the technique that he 
orr she is familiar with. Even if longitudinal multilevel regression analysis could be 
thee current best practice in a specific situation indeed, this can only be concluded if 
alternativee techniques are considered as well. Likewise, it is not difficul t to th ink of 
aa similar example with respect to the decision of whether growth curve analysis is 
thee appropriate technique. The techniques in this chapter wil l be compared in their 
flexibilit yy to produce possible extensions of the basic growth curve model. This 
chapterr is also the most general chapter of this dissertation, and it creates the 
contextt in which the further discussion wil l take place. For this reason it is placed 
att the beginning of the dissertation. The other chapters are presented in the order 
inn which they were written. 

Chapterr 2 investigates consequences of linear transformations of a key factor 
off  the latent growth curve model1: the time scale. Although it may not be obvious at 
firstt sight why timescales should be transformed, such transformations occur 
implicitl yy if the theoretical start of a process and the first measurement occasion do 
nott match. The idea of writing this chapter comes from the observation that the 
resultss from a multilevel regression analysis using a MLwi N software package 
(MLwiNl.10—Rasbash,, Healy, Browne 8B Cameron, 1998), did not converge to the 
resultss from several structural equation modeling programs. The reason for the 

Chapterss 2, as well as Chapter 4, take the latent growth curve model as point of reference, while the 
consequencess also hold for the longitudinal multilevel model. 
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nonconvergencee of these seemingly similar models is that MLwiN uses, by default, 
onee time unit prior to the first measurement occasion as the origin of the process, 
andd this approach is not common practice in structural equation modeling. 
Althoughh consequences of timescale transformations for growth parameters gain 
groundd by methodologists and applied researchers the question remains what the 
consequencess would look like for effects of exogenous covariates on the growth 
parameters.. Chapter 2 investigates this question. 

Chapterr 3 investigates the relations between trajectories of school related 
conceptss by means of a multivariate growth curve analysis. In the final model, the 
developmentall  processes of self-confidence, school-investment, and language 
acquisitionn of children during their elementary school period are related to each 
other,, as well as to intelligence. This model provides an extension of the basic latent 
growthh curve model in the sense that it incorporates the factor structure of the 
repeatedlyy measured variables, the possibility of nonlinear growth, and it 
incorporatess a time invariant covariate. Reconsidering the analysis procedure we 
becamee aware of possible problems with the use of these extensions of the basic 
latentt growth curve model. 

Inn Chapter 4 it is shown that the standard way of incorporating time-invariant 
covariatess in a latent growth curve analysis may be unnecessarily restricted in 
certainn instances, and a more general way of modeling the time-invariant covariate 
wil ll  proposed. Chapter 5 investigates opportunities and pitfalls of the nonlinear 
latentt growth curve model, and the higher order growth curve model. It 
concentratess on the topic of longitudinal measurement invariance in reaching 
conclusionss about ongoing processes. The final Chapter 6 presents an integration of 
thee previous chapters. 

Ass is becoming current practice in the social and behavioral sciences in The 
Netherlands,, all chapters of this thesis have been published, accepted or submitted 
forr publication in international journals. Although there is order in the way they are 
presentedd in this thesis, the chapters are self-contained and can be read separately. 
Thee chapters are kept as similar as possible to their published or submitted 
counterparts,, causing a small variation in notation between the chapters, and some 
overlapp in content. I hope that this will not affect the readability of the thesis in its 
entirety. . 
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AnalyzingAnalyzing longitudinal data using 
multilevelmultilevel regression and latent 

growthgrowth curve analysis 

Thiss chapter investigates the differences between the standard multilevel regression 
andd structural equation modeling framework regarding growth curve analysis. The 
basicc growth curve model has the same specification in both frameworks, but in 
manyy instances structural equation modeling is more flexible than multilevel 
regressionn analysis. This flexibilit y concerns the integration of the factorial 
s t ructuree of the repeatedly measured variable, estimating basis function coefficients 
too investigate the shape of the growth curves, alternative residual structures, 
missingg data on predictor variables, and extensions to larger structural models. 
Multilevell  regression analysis, on the other hand, is more flexible in incorporating 
higherr levels into the model and in the possibilities in analyzing data with varying 
occasionss between subjects. However, the distinction between multilevel regression 
andd latent growth curve analysis is now blurring, and it may only be a question of 
timee before the two approaches wil l have merged into one another. Until that time, 
thiss chapter may help to facilitate the choice between multilevel regression analysis 
andd latent growth curve modeling. 

22 The corresponding reference is: Stoel R.D., van den Wittenboer, G. & Hox J.J. (2003a). 
AnalyzingAnalyzing longitudinal data using multilevel regression and latent growth curve analysis. To 
appearr in Metodologia de las Ciencias del Comportamiento, 5, 21-42. 
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1.11 Introduct io n 

Longitudinall  data originating from a panel design are common in the social and 
educat ionall  sciences. A wide array of statistical models is available for the analysis 
off  panel data. In recent years, methods that take a growth curve perspective have 
becomee in fashion. Such growth curve models provide a way to account efficiently 
forr the dependency caused by the fact that the same subjects have been assessed 
repeatedly.. Other names for essentially the same model are: random-effects model 
{Lair dd & Ware, 1982), hierarchical model (Bryk & Raudenbush, 1987}, random 
coefficientss model (de Leeuw & Kreft, 1986), and mixed model (Longford, 1987). 
Severall  distinct techniques are available for analyses of this kind of model. In this 
chapterr we focus on two such techniques for the analysis of longitudinal data: 
multilevell  regression (MLR) analysis (Bryk & Raudenbush, 1987, 1992; Goldstein, 
1986,, 1987, 1995), and latent growth curve (LGC) analysis (McArdle, 1986, 1988; 
Meredithh & Tisak, 1990; Willett 6B Sayer, 1994). 

Recentt years show an increasing amount of applications of both longitudinal 
MLRR and LGC analysis; see for instance Chan, Ramey, Ramey and Schmitt (2000), 
Garst,, Frese and Molenaar (2000), Li, Duncan, Duncan, McAuley, Chaumeton and 
Harmerr (2001), Muthén and Khoo (1998), Plewis (2000), and Raudenbush and Chan 
(1992;; 1993). Several reasons exist for the current popularity of these techniques. 
Onn the one hand powerful software packages have become available for specifying 
andd analyzing these longitudinal models (SAS Proc Mixed—Littell, Milliken , Stroup 
&&  Wolfinger, 1996; Uplus—Muthén & Muthén, 1998; LISREL8.52— Jöreskog & 
Sörbom,, 2002; Amos4.0—Arbuckle, 1999; MLwiNl.10—Rasbash, Browne, Healy, 
Cameron,, & Charlton, 2000.; HLM5—Bryk, Raudenbush & Congdon, 1999). On the 
otherr hand, there is a growing amount of methodological l i terature in the form of 
tutor ialss and specialized papers dealing with longitudinal MLR analysis and LGC 
analysiss (for example, see Chou, Bentler & Pentz, 1998; Duncan, Duncan, Strycker, 
Lii  8& Alpert, 1999; Little, Schnabel & Baumert, 2000; Rovine & Molenaar, 1998, 
2000;; Singer, 1998). However, probably the most important reason for the 
populari tyy of these longitudinal growth models is their apparent elegance in 
represent ingg both collective and individual change as a function of time. 

Thee two approaches are highly similar. If they are used to represent the same 
sett of longitudinal data and assumpt ions, their models yield identical est imates of 
thee relevant parameters (Chou et al., 1998; Hox, 2000; MacCallum, Kim, Malarkey 
&&  Kiecolt-Glaser, 1997). This is not surpr is ing because both approaches share the 
samee objectives and have a similar representation. Although the different 
assumpt ionss underlying structural equation modeling (SEM) and MLR analysis 
makee them not comparable in general, SEM is comparable to MLR analysis when 
growthh curves are studied (Chou et al., p.252). Differences appear in the 
possibilitiess in which the growth model can be extended, and in the ease in which 
suchh extensions can be specified in the available software. 

Appliedd researchers are often confused about the differences and similarities 
betweenn the two approaches to growth curve modeling. The purpose of this chapter 
i ss to alert researchers to selected analytical issues that should be considered in the 
decisionn to apply one of these approaches to growth curve modeling, and to clarify 
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thee differences and similarities. That is, we focus explicitly on standard MLR and 
LGCC analysis because these are approaches that are commonly available in the field 
off  psychological and educational research. New programs like GLLAMM (Rabe-
Hesketh,, Pickles & Skrondal, 2001) and advanced extensions of older multilevel and 
SEMM programs are now beginning to bridge the gap between the two approaches. 
However,, these new programs and extensions require a high standard of technical 
knowledge,, and are not yet in common use. 

Too make matters concrete, we shall refer throughout this chapter to a 
hypotheticall  study in which data on the language acquisition of 300 children were 
collectedd during primary school at 4 consecutive occasions. Furthermore, data were 
collectedd on the children's gender and intelligence, as well as, on each occasion a 
measuree of their emotional well-being. The interest of the study is in whether there 
iss growth in language acquisition, and whether there are differences between the 
childrenn concerning their growth curves. Given the interindividual differences in the 
growthh curves, the study wants to investigate whether intelligence explains (part of) 
thee interindividual variation in the growth curves and whether emotional well-being 
cann be used to explain the time specific deviations from the mean growth curve. A 
finall  goal of the study is to investigate whether the growth in language acquisition 
(off  their mother tongue) in primary education can be used to predict the 
achievementt of foreign language acquisition at the first year of secondary education. 
Thee covariance matrix and means vector are presented in Table 1.1. 

TableTable 1.1: Estimated covariance matrix and means vector 

yi i 

y2 2 

y3 3 

y4 4 

X l l 

* 2 2 

x3 3 

* 4 4 

Z Z 

w w 

yi i 

1.581 1 

1.275 5 

1.519 9 

1.772 2 

.991 1 

.162 2 

.071 1 

.075 5 

.341 1 

.653 3 

yi yi 

4.152 2 

4.910 0 

6.832 2 

-.082 2 

1.441 1 

-.125 5 

.230 0 

1.278 8 

2.419 9 

yi yi 

8.903 3 

11.264 4 

-.264 4 

.167 7 

1.204 4 

.459 9 

2.096 6 

3.986 6 

y4 4 

17.500 0 

-.329 9 

.181 1 

-.273 3 

1.975 5 

3.010 0 

5.681 1 

Xl l 

2.170 0 

.133 3 

-.064 4 

.027 7 

-.084 4 

-.201 1 

x2 2 

2.560 0 

-.090 0 

-.038 8 

.068 8 

.180 0 

x3 3 

2.345 5 

.095 5 

.007 7 

.147 7 

x4 4 

2.243 3 

.055 5 

.431 1 

z z 

.956 6 

1.167 7 

w w 

2.805 5 

means means 

9.827 7 

11.723 3 

13.655 5 

15.647 7 

-.107 7 

-.137 7 

-.070 0 

-.024 4 

-.036 6 

4.297 7 

Note.Note. y=language acquisition, x=emotional well-being, z=intelligence, and w= foreign 
languagee acquisition 

1.22 Traditiona l multilevel regression and latent growth curve analysis 

Longitudinall  MLR analysis is based on a hierarchical linear regression model; LGC 
analysiss on structural equation modeling. Both MLR and LGC analysis incorporate 
thee factor 'time' explicitly. Within the MLR framework time is modeled as an 
independentt variable at the lowest level, the individual is defined at the second 
level,, and explanatory variables can be modeled at all existing levels. The 
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interindividuall  differences in the parameters describing the growth curve are 
modeledd as random effects. The LGC approach adopts a latent variable view with 
thee dimension time incorporated explicitly in the specification of the latent 
variables.. The parameters of the individual curves are modeled as latent variables, 
i.e.. initial level3 and linear growth rate, with a covariance and mean structure. The 
latentt variables in LGC analysis correspond to the random effects in MLR analysis, 
andd th is makes it possible to specify exactly the same model as a LGC or MLR 
model.. If this is done, exactly the same parameter est imates wil l emerge. 

Sincee MLR and LGC analysis assume each individual's growth pattern to be 
representedd by a unique curve, both approaches can be subsumed under the 
generall  term 'growth curve analysis'. Both make it possible to investigate quest ions 
aboutt intra- and interindividual differences in developmental change. A detailed 
descript ionn of both approaches is beyond the scope of this chapter. We refer to 
Raudenbushh and Bryk (2002), Longford (1993), Goldstein (1995), Van der Leeden 
(1998),, Hox (2000; 2002), Snijders and Bosker (1999), and Browne and Rashbash 
(2002)) for a descript ion of MLR analysis and statistical derivations; and to Meredith 
andd Tisak (1990), Willett and Sayer (1994), MacCallum et al. (1997) for a description 
off  LGC analysis. 

Inn a simple growth curve model, there are no important differences in the 
setupp of the model. A general multilevel equation for a 2-level growth model is (see 
alsoo Hox, 2000, p. 19): 

yuyu = xbi+xbi+ x\i Tti+ xjXf, ++  eti 

notnot = poo + po\ z, + r0i 

n\in\i = P\o + flu z> + ru 

eeriri ~N(Q,c/~N(Q,c/ee) ) 

rr 0i 0i 

_ r i < . . 

-~N(0,Z-~N(0,Zvv)) Zv = 
_°\2oi i aalx. lx. 

(1.1) ) 

wheree Tt, is a variable denoting the measurement occasion [0, 1, 2, 3]. The initial 
levell  and linear shape for each individual subject are expressed by the coefficients 
mimi and xu with expectations yöbo and /?io, and random deviations ro, and r^; X2 
representss the effect of the time-varying covariate xa; /ho and flu represent 
respectivelyy the effects of the time-invariant predictor z, on the initial level and 
l inearr shape, and finally, en is a residual at the measurement level. 

Thee same model can easily be expressed as a LGC model in the usual SEM 
language: : 

33 Although the term level' might be a more appropriate name for this latent variable (see Stoel & van 
denn Wittenboer, 2003), it wil l be confusing in combination with the standard multilevel terminology. 
Thereforee we will use the substitute term Initial level', with the remark that the first measurement 
occasionn does not always correspond to the true origin of the growth process. 
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ytiyti== Mt Wi + ht T]M + fit xu + en 

Jj0i=Jj0i=  M> + # z,-+ Qa (1.2) 

»7iii  = ^ + Y\ zi + £u 

Here,, yu also represents the measure of individual i on occasion t. However, the 
initiall  level and linear shape are now represented by the latent factors, ï]0i and TJU, 
withh expectations v0and vu and random departures, & and £i„  respectively. Time is 
introducedd by constraining the factor loadings, Ao, and Au>  to known values of 
respectivelyy [1, 1, 1, 1] and [0, 1, 2, 3]; ^ r e p r e s e n ts the effect of the time-varying 
covariatee xa; /o and yx are the effects of the time-invariant covariate on the initial 
levell  and linear shape. The variances of £>, and gu, and their covariance are 
representedd by respectively, ^oo, y/\\, and ^0i-

Thee estimation of both MLR and LGC models is usually done by the Maximum 
Likelihoodd method. The Maximum Likelihood (ML) method is an iterative estimation 
procedure,, which produces estimates for the population parameters that maximize 
thee probability of observing the data given the model (cf. Eliason, 1993). ML 
estimationn proceeds by maximizing the likelihood function. Given the relatively large 
samplee size, maximum likelihood estimation is expected to produce estimates that are 
asymptoticallyy efficient and consistent. In this chapter Full Maximum Likelihood 
(FML)) estimation is used for the MLR models, and ML estimation for the LGC. Both 
FMLL and ML include the variance components and regression coefficients 
simultaneouslyy in the estimation, and can be regarded as equivalent. 

Alternativee estimation methods like Restricted Maximum Likelihood (RML), 
Markovv Chain Monte Carlo (MCMC), and Bootstrapping methods (cf. Mooney & Duval, 
1993),, are beyond the scope of this chapter. These alternative methods have their own 
peculiaritiess and may sometimes be preferred to ML estimation. Simulation based 
MCMCC methods, for example, do give better estimates for some problems and can be 
appliedd to more complicated models where there is no equivalent iterative procedure 
availablee at the moment (Browne & Rashbash, 2002). We refer to Goldstein (1995), 
Brownee & Rashbash (2002), Loehlin (1987) and Bollen (1989) for a description of 
thesee alternative estimation methods. 

Ass an il lustration of the equivalence of the two techniques, we wil l now present 
aa growth curve analysis of the data on language acquisit ion us ing both MLR (using 
MLwi NN 1.10) and LGC analysis {using Mplus 1.04). The data used in this example 
consistt of the scores on language acquisition of the 300 children, measured on 4 
occasionss (yu), the repeatedly assessed measure of emotional well-being (xu), and the 
measuree of intelligence (z;); the covariates represent standardized variables. 

Analyzingg the data us ing both the MLR and LGC approach with Maximum 
Likelihoodd estimation leads to the parameter est imates presented in Table 1.2. The 
firstt column of Table 1.2 presents the relevant parameters; the second and third 
columnss show the parameter est imates of respectively MLR, and LGC analysis. The 
residuals,, en, as well as the effect of emotional well-being at each occasion, m 
respectivelyy /2, are hypothesized to be equal over time. The LGC model, as a special 
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typee of s t ructural equat ion model, is often represented by a path diagram. The 
modell  and the parameter estimates of then LGC model are, therefore, also 
representedd in Figure 1.1. 

TableTable 1.2: Maximum Likelihood estimates of the parameters of 
Equationn 1, us ing multilevel regression and latent growth 
curvee analysis 

Parameterr MLR LGC 

FixedFixed part 

fioo;fioo; vo 
fro;fro;  vi 
Poi\Poi\ Yo 
Pn\Pn\ Yi 
Pf,Pf, Y2t 

RandomRandom part 
OOee\\ O e 

VvO,VvO, Woo 

<fvl\<fvl\  Wli 

<Jvoi',<Jvoi', y/oi 

9.8911 (.056) 
1.9555 (.048) 
.3988 (.058) 
.9033 (.049) 
.5499 (.013) 

.2511 (.014) 

.7755 (.078) 

.6422 (.057) 

.0033 (.047) 

9.8911 (.056) 
1.9555 (.048) 
.3988 (.058) 
.9033 (.049) 
.5499 (.013) 

.2511 (.014) 

.7755 (.078) 

.6422 (.057) 

.0033 (.047) 
Note.Note. S tandard errors are given in parentheses. The Chi-
squaree test of model fit for the LGC model: x2(25) = 37.84 
(p=.95);; RMSEA=.00. For the MLR model: -2*loglikelihood = 
3346.114. . 

Ass one can see in Table 1.2 the parameter est imates are the same and, as a 
consequence,, both approaches would lead to the same substantive conclusions. 
Thee conclusions can be summarized as follows. After controlling for the effect of the 
covariates,, a mean growth curve emerges with an initial level of 9.89 and a growth 
ratee of 1.96. The significant variation between the subjects around these mean 
valuess implies that subjects start their growth process at different values and grow 
subsequent lyy with different rates. The correlation between initial level and growth 
ratee is zero. In other words, the initial level has no predictive value for the growth 
rate.. Intelligence has a positive effect on both the initial level and growth rate, 
leadingg to the conclusion that more intelligent children show a higher score at the 
firstt measurement occasion and a greater increase in language acquisit ion than 
chi ldrenn with lower intelligence. Emotional well-being explains the time specific 
deviationss from the mean growth curve. That is, children with a higher emotional 
well-beingg at a specific t ime point show a higher score on language acquisition than 
iss predicted by their growth curve. 
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FigureFigure 1.1: Graphic representation of the growth model with a time-varying 
andd time-invariant covariate 

.003 3 

.642 2 

.251/ / 

y3 3 

in in 
.549 9 

x3 3 

Note.Note. Latent factor intercepts are conceptualized as regression on 
aa constant equal to one (See Hancock et al, 2001). The curved 
double-headedd arrows represent the correlation between the 
latentt factors. 

Thee most striking difference between these models is the way time is 
introduced.. In the multilevel model time is introduced as a fixed explanatory 
variable,, whereas in the LGC model it is introduced via the factor loadings. So, in 
thee longitudinal MLR model an additional variable is added, and in the LGC model 
thee factor loadings for the repeatedly measured variable are constrained in such a 
wayy that they represent time. The consequence of this is that with reference to the 
basicc growth curve model, MLR is essentially a univariate approach, with time 
pointss treated as observations of the same variable, whereas the LGC model is 
essentiallyy a multivariate approach, with each time point treated as a separate 
variable.. This is an important distinction because it wil l help us later on to explain 
why: : 

-- MLR analysis does not allow factor loadings to be estimated 
-- MLR models usual ly assume constant parameters over time, including 

residuall  variances and the effects of time-varying covariates 
-- LGC models allow more flexible specification of residual correlation 

st ructures s 
-- MLR analysis is better at handl ing missing responses and different 

numberss of measurement occasions 

13 3 



Thatt MLR analysis is essentially a univariate approach while LGC analysis can be 
consideredd a mult ivariate approach is nicely i l lustrated by looking at the way the 
da taa are set up. Table 1.3 and 1.4 present the data of 2 randomly chosen subjects 
fromm the language acquisit ion study for respectively MLR and LGC analysis. 

TableTable 1.3: Data format for the longitudinal 
MLRR model for two randomly selected subjects 

^ ^ ^ r i a b l e e 

sub jectt  ^ ^ \ ^ 

1 1 

1 1 

1 1 

1 1 

2 2 

2 2 

2 2 

2 2 

y y 

10.36 6 

11.64 4 

12.99 9 

14.31 1 

10.52 2 

12.82 2 

12.00 0 

16.51 1 

X X 

.83 3 

1.15 5 

.17 7 

-2.13 3 

-1.02 2 

2.67 7 

-1.59 9 

2.96 6 

Z Z 

.44 4 

.44 4 

.44 4 

.44 4 

- .06 6 

- .06 6 

- .06 6 

- .06 6 

t t 

0 0 

1 1 

2 2 

3 3 

0 0 

1 1 

2 2 

3 3 

Tablee 1.3 shows that the values of language acquisition (y) are treated as 
scoress on just one variable while the same holds for emotional well-being (x). The 
scoress of intelligence (z) are represented by one variable with each score repeated 4 
t imess for each subject. Time (t) is treated as an observed variable that wil l enter the 
modell  as a fixed covariate. The data setup for LGC analysis in Table 1.4 shows that 
eachh variable measured at a specific occasion is treated as a separate variable. Time 
i ss not modeled as an observed variable, but instead via constraints of the basis 
functionn {i.e. the factor loadings). 

TableTable 1.4: Data format for the LGC model for two randomly selected subjects 

^ ^ ^ a r i a b le e 

subjectt ^ \ 

1 1 

2 2 

yo yo 

10.36 6 

10.52 2 

y\ y\ 

11.64 4 

12.82 2 

yi yi 

12.99 9 

12.00 0 

yi yi 

14.31 1 

16.51 1 

Xfs Xfs 

.83 3 

-1.02 2 

X\ X\ 

1.15 5 

2.67 7 

Xl Xl 

.17 7 

-1.59 9 

xx3 3 

-2.13 3 

2.96 6 

z z 

.44 4 

-.06 6 

Inn this chapter we wil l show that differences arise if the growth model is 
extendedd or if certain assumpt ions are violated. We wil l discuss instances in which 
MLRR and LGC analysis possess distinctive properties. In some instances MLR 
analysiss looks more suitable, or may even be required; in others LGC analysis must 
bee preferred. We wil l describe such instances, and discuss the differences between 
thee two approaches. 
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1.33 Extensions of the measurement model 

Often,, multiple indicators of the underlying construct are available. SEM offers a 
numberr of possibilities for modeling multiple indicators using a common factor 
measurementt model. Illustrative examples of a LGC model with multiple indicators 
cann be found in Garst et al. (2000), and Hancock, Kuo, and Lawrence (2001). The 
multiplee indicator growth model, or curve-of-factors model (McArdle, 1988), is a 
higherr order factor model. It merges a common factor model for the multiple 
indicatorss at each occasion with a growth curve model of the common factor scores 
overr time (Duncan et al., 1999). In other words, the common variation in the 
multiplee indicators is accounted for by the first-order factors, while the second-
orderr factors serve to explain the mean and covariance structure of the first-order 
factors.. Using similar restrictions as in the single indicator growth model, the 
second-orderr factors can be given the interpretation of initial level and linear shape. 
Thus,, instead of analyzing the sum scores or parcels, as is the s tandard practice 
withinn MLR, the observed variables can be put directly into the analysis. A graphic 
presentat ionn of a growth curve model with multiple indicators is presented in Figure 
1.2. . 

FigureFigure 1.2: Graphic presentat ion of a LGC with full measurement 
invariance. . 

Note:Note: Intercepts of indicators are conceptualized as regression on a 
constantt (See Hancock et al, 2001). Factorloadings and intercepts for yu 
aree fixed to, respectively 1.00 and zero prior to estimation; factorloadings 
off  yt2 are constrained to be equal (a); intercepts of yti are fixed to zero; 
interceptss of yt2 are constrained to be equal (b). 
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Thee ability to model mult iple indicators under a common factor is actually one 
off  the main advantages of SEM in general, as is confirmed by the extensive 
l i teraturee on issues concerning common factors and st ructural models (e.g. Bollen, 
1989).. Whenever multiple indicators of an outcome are available, the possibilities of 
MLRR analysis const i tute only a subset of the potentials using LGC analysis. 

Iff  mult iple indicators of a given construct are available at each occasion, SEM 
allowss for an explicit test of the assumption of measurement invariance. This 
assumpt ionn underl ies any longitudinal factor model and ensures a comparable 
definitionn of the latent construct over t ime (Garst et al. 2000; Hancock et al., 2001; 
Kennyy & Campbell, 1989; Oort, 2001; Plewis, 1996). An explicit test of this 
assumpt ionn is necessary before any further analysis can be performed. In practice, 
thee assumpt ion of measurement invariance implies equal factor loadings and equal 
indicatorr intercepts across time for each repeatedly measured indicator. A violation 
off  the assumpt ion hinders the assessment of change because it wil l be confounded 
wit hh change of the meaning of the construct over time. For an adequate assessment 
off  change it is important that the construct under investigation does not have an 
alteredd content {i.e. meaning) over time. 

Raudenbush,, Rowan and Kang (1991) proposed a way to perform a 
confirmatoryy factor analysis within the MLR model. In this approach the indicators 
aree modeled on a separate level together with the assumpt ion of them being parallel 
measuress (i.e. residual variances and factorloadings of the indicators within each 
factorr are equal). We refer to Hox (2002) for a recent illustration of multilevel 
confirmatoryy factor analysis (also, see Li, Duncan, Harmer, Acock & Stoolmiller, 
1998).. The multiple-indicator growth model could, in principle, be analyzed by MLR 
usingg the method of Raudenbush et al. However, the restrictions on the factor 
st ructuree are implicit in the model and cannot be relaxed, and the assumption of 
measurementt invariance can, therefore, not be tested explicitly. Factor loadings and 
residuall  variances are assumed to be equal within each occasion, but no restrictions 
acrosss time can be made. As a consequence, the solution provided by Raudenbush et 
al.. is only a partial solution to the problem. 

Thee problem of measurement invariance can nicely be illustrated with the 
languagee acquisition data described in the previous section. Suppose that language 
acquisitionn was measured using two indicators at each of the four time points instead 
off  just a single indicator. This can be analyzed in a LGC model using the two separate 
indicatorss instead of taking the average to create a single score at each time point as 
iss standard practice in MLR analysis. In this section, the results of the LGC analysis 
onn the individual indicators are presented. The model is presented in Figure 1.2. It is 
estimatedd with and without the measurement invariance constraints. The chi-square 
differencee test can be used to test the two models since the model with the constraints 
iss nested within the model without the constraints. If the constraints lead to a 
significantt deterioration of the model fit , it must be concluded that the assumption of 
measurementt invariance is violated, and it must be concluded that the indicators can 
nott be assumed to measure the same latent construct at each point in time. 

Thee model without constraints for measurement invariance has the following 
overalll  fit measures: z2(19) = 33.52 (p=.02); RMSEA = .050. Although the fit of th is 
modell  is acceptable, a substant ive interpretation may not be given to the parameter 
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est imatess since it is not sure if the repeatedly observed indicators measure the 
samee latent variable on the same scale. Therefore, the model has to be estimated 
wit hh the appropriate constraints for measurement in variance. This model has the 
followingg overall fit  measures: x2(25) = 138.94 (p=.00); RMSEA = .123. Comparing 
thee unrestr icted model with the restricted model gives a x2 difference of 138.94 -
33.522 = 105.42 with 25 - 19 = 6 degrees of freedom (p=.00): a significant 
deteriorationn in model fit . The assumpt ion of measurement invariance is clearly 
violatedd in these data, and alternative ways of modeling the data must be explored. 
AA possible alternative, not presented here, is to model two separate growth curves 
forr each repeatedly measured indicator in a multivariate LGC model. 

Ann interesting, but intricate, feature of the analyses presented here is the 
generalizationn of the results of this section to the resul ts of Section 2, where means 
off  the two indicators were analyzed at each occasion. In a strict sense, the violation 
off  the assumpt ion of measurement invariance implies that analyzing the means, or 
anyy weighting of the two indicators, is not permitted. However, analyzing means, or 
scalee scores, impedes the test of measurement invariance. In that sense, it adds to 
thee current discussion on measurement invariance and 'item-parceling' (See 
Bandalos,, 2002; Byrne, Shavelson & Muthén, 1998; Stoel, Van den Wittenboer & 
Hox,, 2003c), by demonstrat ing the danger of bluntly taking averages of indicators 
inn structural equation modeling. For the ease of exposition, however, the analyses 
inn the remaining of this chapter are performed on single indicators, assuming they 
eachh accurately measure the construct of language acquisition. 

1.44 Est imat ing th e shape of the growth curve 

Thee issue to be discussed in this section also has to do with the estimation of factor 
loadings,, and is therefore related to the issue discussed in the former section. The 
growthh curve models discussed up to now all assume linear growth. The factor time 
iss incorporated explicitly in the model, by constraining the factor loadings (LGC 
analysis)) or by including time as an independent variable (MLR analysis). In most 
instances,, the fixed values of the factor loadings, and the values of the time variable 
representt the occasions at which the subjects where measured. As described by 
McArdlee (1988) and Meredith and Tisak (1990) within the LGC approach, it is 
possiblee to estimate a more general LGC model in which the factor loadings, or 
basiss function values, for the growth rate are estimated. Thus, instead of 
constrainingg the basis function for the growth rate to e.g. [0,1,2,...,T], the basis 
functionn is set to [0, 1, bs, b4,...,br]. In other words, the factor loadings bz to br are 
leftt free to be estimated, thereby providing information on the shape of the growth 
curve.. For purposes of identification, at least two basis coefficient values need to be 
fixed.. The remaining values are estimated to provide information on the shape of 
thee curve. Muthén and Khoo (1997) explain this as the estimation of the time 
scores.. The essence is captured effectively with the following citation of Garst (2000, 
p.259).. "Statistically, a linear model is still est imated, but the nonlinear 
interpretationn emerges by relating the estimated time scores to the real time 
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frame...Therefore,, a new time frame is est imated and the transformation to the real 
t imee frame gives the nonl inear interpretation". 

Althoughh this model has a similar representation in MLR analysis (c.f. 
MacCallumm et al., 1997), it cannot be estimated using this approach. As a 
univar iatee approach, the repeated measurements are treated as realizations of just 
onee dependent variable, and time is represented by another independent variable. It 
iss required that the values of the independent variable are known. 

Too il lustrate the LGC model with an estimated basis function, suppose that a 
researcherr wants to test if a nonlinear model provides a better fit to the language 
acquisit ionn data than a l inear growth curve model. A nonlinear growth curve model 
iss est imated in which the last two basis function values are estimated. Table 1.5 
presentss the relevant parameter estimates; the estimates of the linear LGC model 
aree included for comparison4. 

TableTable 1.5: Maximum Likelihood est imates of the linear LGC model and 
thee LGC model with estimated basis function values 
Parameterr linear LGC LGC with estimated basis 

functionn x, 
FixedFixed part 

InitialInitial  level 9.804 (.07) 9.823 (.08) 
GrowthGrowth Rate 1.939 (.08) 1.916 (.10) 

RandomRandom part 
c^c êe;c^;c £̂£ .951 (.06) .948(.06) 
cfriiipoocfriiipoo .837 (.13) .848 (.13) 
Ö^V/;; y/}, 1.486 (.14) 1.452 (.17) 
Jvor,Jvor, y/oi .340(.09) .348(.09) 

basisbasis function [0, 1, 2, 3] [0 ,\ , 1.989 3.044] 
CHISQCHISQ X

2(8) = 13.19 (p= 10). X
2(6) =11.54 (p= 07). 

RMSEARMSEA .046 .055 
Note.Note. Standard errors are given in parentheses. 

Ass can be seen from Table 1.5 the parameter est imates of the LGC model with 
est imatedd basis function are very close to the parameter est imates of the linear 
LGC.. This is not so strange because the linear model already provided a good fit . 
However,, the est imates are not identical. Judged from the estimated basis function 
values,, there is a small amount of nonlinearity present in the latent growth curves. 
Thatt is, the est imated factor loadings are not completely equivalent to the values of 
thee measurement occasions. Note that the chi-square difference between the l inear 
andd the nonl inear model is not significant: x2(2) = 1.65, (p>.05), implying that the 
moree parsimonious linear model should be preferred. The larger the deviation of the 
est imatedd basis function values from the values under linear growth (e.g. [0,1,2,3]), 

44 The model is estimated without the time-varying and time-invariant covariate. 
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thee stronger is the nonlinearity of the latent growth curves, ultimately leading to a 
significantt chi-square difference test statistic and rejection of the l inear model. 

Ann interesting aspect of the MLR model is that the value of the deviance 
(-2*log-likelihood)) is the lowest when the values of the time variable, Tu, are fixed to 
thee values of the estimated basis function of the LGC model. Thus, in principle, it 
mustt be possible to find these values by repeatedly estimating the MLR model while 
changingg the values of the time variable Th. This has not been suggested elsewhere 
inn the l iterature; on the contrary, some authors explicitly state that a growth curve 
modell  with an estimated basis function cannot be estimated using MLR analysis 
(e.g.. MacCallum et al. 1997; Chou et al., 1998). As a preliminary i l lustration, the 
likelihoodd ratio test between the MLR model with the time variable fixed to [0, 1, 2, 
3]]  and the model with the time variable fixed to [0, 1, 1.989 3.044] is equal to the 
likelihoodd ratio test for the LGC model (4551.023 - 4549.374 = 1.65 with 2 degrees 
off  freedom). This i l lustrates that this is indeed the optimal solution from a MLR 
perspective. . 

1.55 Alternativ e error  structures and t ime-varyin g covariates 

Inn the analysis of the language acquisit ion data, it was assumed that the residuals 
aree homoscedastically and independently distributed over time and that the effects 
off  emotional well-being, the time-varying covariate, are constant across time. 
Althoughh they led to a good model fi t for these data, these assumpt ions are too 
strictt in many practical si tuat ions. Alternative structures for the level-1 residuals 
andd different effects of the time-varying covariate at each occasion can be 
incorporatedd into the model in both MLR and LGC analysis. However, the 
approachess differ to some degree in the flexibilit y of incorporating the alternative 
st ructuress for the residuals. 

Ass a multivariate approach and a special case of the more general SEM, LGC 
analysiss is very flexible regarding these issues. Each occasion is treated as a 
separatee variable, and it is a natural extension of SEM to estimate each of the 
variances,, and /or covariances. Moreover, since the time-varying covariate is treated 
ass a different variable at each occasion, it is easy to estimate a separate effect at 
eachh occasion. As a matter of fact, LGC analysis automatically assumes different 
parameterss for different variables unless additional constraints are specified. The 
effectivenesss of a variety of reasonable error st ructures, and time-varying effects, 
cann systematically be compared and the structure that is most appropriate for the 
part icularr problem adopted (Willett & Sayer, 1996). 

Regardingg the residuals, some software packages designed for MLR analysis 
supportt preprogrammed residual s t ructures (e.g. SAS Proc Mixed). Other packages 
providee such structures in the form of macros, which can be downloaded from the 
Internett (e.g. MLwiN) . The number of available covariance pat terns is limited, 
however.. In the standard setup, the MLR model does not allow for changing effects 
off  the time-varying covariate. However, using interactions between the time-varying 
covariatee with dummy variables for the occasions, it is possible to est imate different 
effectss for the time-varying covariate at each occasion. Given the similarities 
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betweenn MLR and LGC analysis, it is expected that the same parameter est imates 
emerge.. The equation for the MLR model with varying effect of the time-varying 
covariatee is presented in the Appendix. 

Forr the language acquisit ion data, the estimation of the growth curve model 
wit hh different effects of the time-varying covariate gives, indeed, the same parameter 
est imatess for the MLR model and the LGC model. In addition, the likelihood ratio 
testt gives the value of 20.58 with 3 degrees of freedom in both approaches leading 
too a rejection of the model with constant effects. The effects of the time-varying 
covariatee at the 4 occasions are respectively, .476 (.03), .510 (.02), .597 (.02), and 
.6366 (.03): the effect of well-being on time specific deviations from the growth curve 
seemss to be getting stronger during pr imary education. In other words, in the 
coursee of t ime well-being becomes a better predictor of why children have a better, 
orr worse, level of language acquisition than expected from their individual growth 
curve. . 

1.66 Three and mult ipl e level models 

Lett us assume that the children from the language acquisit ion data were sampled 
fromm a sample of 30 classes. The data set t hus exists of 3 hierarchical nested levels 
insteadd of two: the repeatedly measured outcome variable is assigned to first level, 
subjectss are assigned to second level, and schools to highest level. Thus, 
measurementss are nested within subjects, who are subsequently nested within 
schools.. When the 3-level structure is ignored, the assumpt ion of independently 
andd identically distr ibuted (i.i.d.) observations is violated. This is the classical 
a rgumentt for the use of multilevel models because children within the same 
classroomm wil l be more similar than chi ldren from different classrooms. Unjustly 
ignoringg the multilevel s t ructure leads to underest imated standard errors, and thus 
too spuriously significant effects. The MLR model together with the available software 
iss especially suited to est imate this type of 3 level models, or even models with more 
levelss in the hierarchy5. Inclusion of more than two levels might pose problems 
withi nn the SEM framework. 

Considerr the linear growth model again, in which the repeatedly measured 
subjectss are nested in classes. Typical quest ions to be answered with such a model 
aree quest ions like: How does language acquisit ion change as a function of time? 
Doess the pat tern of change vary from subject to subject? Can this variation be 
explainedd using the time-varying and t ime-invariant covariates, respectively 
emotionall  well-being and intelligence? Are children within the same class more 
similarr than between classes (i.e. is there intra-class correlation)? If so, does the 
pat ternn of change vary between classes? Can this variation be explained using 
class-levell  covariates (e.g. the number of children in one classroom)? 

Quest ionss like these can be investigated relatively straightforward using 
existingg multilevel regression software. Incorporating extra levels in the hierarchy 

55 For, example, MLwiNl.1 0 (Rashbash et al., 1998) can handle up to 50 Levels; HLM5 (Raudenbush, 
Brykk & Congdon, 1999) routinely up to 3. 
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const i tutess a natural extension, and thus poses no special problems. As mentioned 
above,, special extensions have been developed as well for SEM, making it possible 
too est imate growth models with more than two levels {Muthén, 1994, 1997). 
Becausee the random effects are modeled as latent factors within LGC analysis, it is 
possible,, indeed, to estimate both random intercepts and random slopes on the 
thirdd level. Thus, a three level growth model (occasion nested in subjects, which are 
nestedd in classes) can fully be estimated within SEM, but the procedure is far more 
complexx than within MLR analysis. Moreover, the setups for models with more than 
threee levels become increasingly complex. However, the method of Muthén is 
currentlyy limited to random intercepts on higher levels. Moreover, it uses limited 
informationn instead of full information maximum likelihood; as a result, s tandard 
errorss tend to be biased downwards (Hox 66 Maas, 2001). Readers interested in a 
detailedd enunciat ion of the method of Muthén are referred to Muthén (1997), or Hox 
(2002). . 

1.77 Missing data 

Onee of the advantages of the MLR analysis is its ability to handle missing data 
(Brykk & Raudenbush, 1992; Hox, 2000; Snijders, 1996). As a univariate technique, 
MLRR analysis does not assume "t ime-structured data" (Bock, 1979), so that the 
numberr of measurement occasions and its spacing need not be the same for all 
individuals.. Thus, the absence of measurements on a subject on one or more 
occasionn poses no special problems; and /or the subjects may be measured at 
differentt occasions. In such instances, the time variable, as a fixed independent 
variable,, wil l just have different and /or a different number of scores for the 
subjects.. In an extreme case there may be many measurement occasions, but there 
mayy be just one observation at each occasion. This can be seen as an advantage of 
thee MLR model. As a result, MLR analysis easily models longitudinal data with a 
lesss extreme pattern of observations, such as for example panel dropout. The ability 
off  MLR analysis to easily handle cases with missing values on the outcome variable 
(i.e.. missing occasions) is the natural result of the fact that MLR does not assume 
balancedd data to begin with. MLR has no special provisions for incomplete data 
otherwise,, so it cannot deal with missing values on the covariates. 

LGCC analysis as such, on the contrary, assumes t ime-structured data (fixed 
occasions).. Special procedures are needed if the number and spacing of the 
measurementt occasions varies. One possibility is to estimate the growth model 
us ingg all available data of all cases using full-information maximum likelihood 
estimationn (Muthén, Kaplan & Hollis, 1987; Wothke, 2000). This approach is also 
calledd raw data ML approach and consti tutes a principled way to deal with 
incompletee data in any part of the data matrix. In brief, the procedure sorts the 
observationss into different missing data pat terns with all pat terns subsequently 
beingg analyzed in a multiple group design with appropriate constraints across the 
groups.. Thus, the same model is estimated for all groups, and the subjects with 
missingg data are not removed from the analysis. At least four SEM packages 
providee such full-information maximum likelihood estimation (Amos, Mx32—Neale, 
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2002,, Mplus and Lisrei 8.5). Similar to MLR, full-information maximum likelihood 
doess not make the restrictive assumption of Missing Completely At Random 
(MCAR),, but instead it is based on the less restrictive assumpt ion that the missing 
valuess are Missing At Random (MAR; Littl e & Rubin, 1987). MAR assumes that the 
missingg values can be predicted from the available data. It is not our purpose here 
too give a broad explanation of this procedure and of the different estimation 
techniques.. However, the advantage of MLR analysis concerning missing 
observat ionss only holds for missing observations on the dependent variable. 
Wheneverr explanatory variables are missing, the growth model as such, cannot be 
est imatedd by MLR analysis. If an explanatory variable is missing, the usual 
t reatmentt within MLR analysis is to remove the subject from the analysis by 
listwisee deletion whereas the LGC model can still be estimated using the full -
informationn maximum likelihood approach. 

1.88 Extens ions of the structura l model 

Frequently,, research hypotheses are not restricted to the pat tern of change in a 
singlee process, but they focus instead on simultaneously modeling the change in 
severall  outcome variables (c.f. cross-domain analysis, Willett & Sayer, 1996; 
MacCallumm et al. 1997) or on modeling relationships between growth parameters 
andd variables serving as outcomes of those parameters (e.g. Garst et al., 2000). In 
thee language acquisit ion study, for example, the interest is in whether growth in 
languagee acquisit ion (of their mother tongue) in primary education, and intelligence 
cann be used to predict the achievement of foreign language acquisit ion (w) at the 
firstt year of secondary educat ion. As an illustration, Figure 1.3 presents the path 
d iagramm of this extended LGC model, with foreign language acquisit ion regressed on 
thee growth rate and intelligence. 

AA distinction between MLR analysis and LGC analysis relates to this kind of 
extensionss of the "structural part" of the model. Compared to SEM, the multilevel 
approachh is severely limited in modeling extensions of this kind. The current 
softwaree merely allows the inclusion of measured predictors on all existing levels, 
andd the estimation of the covariances between growth parameters in a multivariate 
modell  (e.g. MacCallum et al., 1997). Posterior Bayes estimates (see Raudenbush & 
Bryk,, 2002) of the initial level and growth parameters can be computed, and be 
subsequent lyy included as predictors in a separate multiple regression analysis6. 
Thiss would, however, require the use of two software packages, but it can, 
nevertheless,, have advantages in specific situations. SEM, on the other hand, is 
moree flexible. It is possible to estimate all means and covariances associated with 
thee latent growth parameters, or they can be modeled explicitly. As a consequence, 
SEMM is better prepared to est imate (1) (directional) interrelationships among several 
growthh processes, (2) s imul taneous and joint associations of these growth processes 
andd covariates, and (3) mediated effects of covariates (see also Willett & Sayer, 

66 Another option could be to estimate a multivariate model with the outcome variable(s) included. The 
covariancee matrix of the growth parameters now includes also the outcome variable, and it can be 
analyzedd separately within the SEM framework 
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1994).. In other words, the growth curve model as modeled in SEM, can be part of a 
largerr structural model, in which, for example, the effects of the latent initial level 
andd linear shape factor on other variables can be modeled simultaneously, as is 
shownn in Figure 1.3. 

FigureFigure 1.3: Graphic representat ion of the LGC 
modell  with the outcome variable foreign 
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languagee acquisition. 

Too demonstrate the inclusion of such an extended growth curve model, the 
modell  in Figure 1.3 is estimated for the language acquisition data. The parameter 
estimatess for the growth part of the model are similar to those presented in Table 
1.22 and Section 1.5. The extended model provides the following fit measures: x2(28) 
== 36.99, p=.12; RMSEA = .033. The effects of respectively intelligence, the initial 
level,, and the growth rate of language acquisition on foreign language acquisition 
are:: .362 (.087), .385 (.068), and .783 (.070). Thus, the effect of intelligence on 
foreignn language is significantly different from zero. In addition, both the initial level 
andd the growth rate have an effect on foreign language acquisition in the first year 
off  secondary education. 

Thee model could also have been analyzed within the multilevel framework with 
onee of the approaches mentioned above. Since just one outcome variable was used, 
aa multiple regression analysis was performed with the measure of intelligence and 
thee posterior Bayes estimates of the initial level and growth rate as predictor 
variables.. The effects of the predictors on foreign language were, respectively: 1.22 
(.056),, .385 (.068), .781(.071). These est imates are very similar to the est imates for 
thee LGC model. Please note that the effect of intelligence on foreign language 
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inc ludess the indirect effects: 1.22 = .362 + (.385*.398) + (.781*.903). Measures of 
modell  fi t are lacking in this approach. 

1.99 Discussion 

Inn this chapter differences between the s tandard MLR and SEM framework 
regardingg growth curve analysis are investigated and il lustrated. Although the basic 
growthh model has the same specification in both frameworks, it tu rns out that in 
manyy instances, SEM is more flexible than MLR analysis. This flexibilit y concerns, 
(1)) the possibility of testing important assumpt ions explicitly (Section 1.3), (2) 
est imat ingg the shape of the growth curves (Section 1.4), (3) incorporating alternative 
s t ruc turess for the level-1 residuals (Section 1.5), (4) accommodating missing data, 
especiallyy on predictor variables (Section 1.7), and (5) incorporating the growth 
modell  in a larger s t ructural model (Section 1.8). It is i l lustrated how the 
mult ivariatee perspective of LGC analysis, explains some of its advantages with 
respectt to the MLR analysis. Treating the repeated measurements as different 
variabless resul ts in a much more flexible approach, than treating them as 
observat ionss of just a single variable. 

Onn the other hand, MLR analysis is much more flexible in incorporating 
higherr levels into the model. For cross-sectional data it is, using current software, 
nott possible to est imate a fully equivalent multilevel model using SEM. However, 
th iss flexibilit y is not as pronounced for a growth curve model that consists of only 
threee levels (measurements, subjects, schools). It is straightforward to specify and 
est imatee such a model us ing the method of Muthén (1994). The flexibility , and 
advantages,, of MLR analysis are becoming more important when a model 
incorporatess more than three levels. Another advantage of MLR analysis is that the 
numberr of measurement occasions and its spacing need not be the same for all 
subjects.. In other words, MLR does not require t ime-structured data; each subject 
i nn the data set can be assessed at a different number of measurement occasions 
wit hh randomly assigned temporal spacing. In this case, the explanatory variable 
'time'' just takes on different values for each subject. 

Thee distinction between MLR and LGC analysis is now blurring. Advanced 
st ructurall  equation modeling software is now incorporating some multilevel 
features.. The latest versions of Mplus, for example, wil l go a long way towards 
bridgingg the gap between the two approaches (see e.g. Muthén, 2000; Muthén & 
Muthén,, 2001). On the other hand, MLR software is incorporating features of LGC 
modeling.. Two MLR software packages allow linear relations between the growth 
parameterss (HLM, and GLLAMM) , and the latter allows the estimation of factor 
loadings.. In addit ion, S-PLUS, HLM, and PRELIS as part of the LISREL 8.53 
programm offer a variety of residual covariance st ructures for MLR models. We believe 
thatt this tendency wil l cont inue, and that eventually the two approaches to growth 
curvee modeling wil l merge into one another. However, until that time this chapter 
mayy help to facilitate the choice between multilevel regression analysis and latent 
growthh curve modeling for answering substant ive quest ions. 
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Appendixx t o Chapter  1 

Lett there be four measurement occasions, and let dt (for T=l, 2, 3, 4) be 
dummyy variables for the measurement occasions such that if T=k, djt=l and 
dt**  =0. For example: if T=l, di=l and d2=0, cfêO and d4=0. Using interactions 
betweenn the time-varying covariate with dummy variables for the occasions, it 
iss possible to estimate different effects (mt) for the time-varying covariate at 
eachh occasion. Now, Equations 1.1 can be written as: 

yti~yti~ <%+ #li Tti+  X2lX\id]+ Wn. X2id2+ ^23 Xjidy + 7T24X4id4+ eti 

xbixbi = fin + fiaiZi + roi (1.3) 

n\\n\\ = Pw + P\\z>< + ru 

Off  course, this model can be represented also with three dummies instead of 
four. . 
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2 2 

TimeTime dependence of growth 
parametersparameters in latent growth curve 

modelsmodels with time-invariant 
covariatescovariates7 7 

Recently,, there has been renewed interest in the lack of invariance of growth 
parameterss in latent growth curve models. This lack of invariance is a consequence 
off  specific values of the growth parameters, initial s ta tus and growth rate, which 
dependd on the time scale. Different time scales lead to different est imates of the 
growthh parameters, as well as their (residual) variances and covariances. Thus far, 
noo explicit resul ts have been derived, however, on effects of exogenous covariates 
thatt are put into the relationship. In this chapter it is shown that the effect of 
covariatess on the initial s ta tus and growth rate wil l depend also on the time scale 
involved.. As a consequence, questions arise about the appropr iateness of a selected 
timee scale as wil l be i l lustrated by an empirical example. 

7Thee corresponding reference is: Stoel, R. D., & Van den Wittenboer, G. (2003). Time dependence of 
growthh parameters in latent growth curve models with time invariant covariates. Methods of 
PsychologicalPsychological Research, 8, 21-41. 
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2 .11 I n t r o d u c t i o n 

Latentt growth curve models {McArdle, 1986, 1988; Meredith & Tisak, 1990; Willett 
&&  Sayer, 1994) represent repeated measures of dependent variables as a function of 
t imee and other measures. The relative standing of an individual at a specific time 
pointt is modeled as a function of an underlying process, the parameter values of 
whichh vary randomly across individuals. Latent growth curve methodology can be 
usedd to investigate systematic change, or growth, and interindividual variability in 
thiss change. A special topic of interest is the correlation of the growth parameters, 
thee so-called initial s ta tus and growth rate, as well as their relation with time-
varyingg and t ime-invariant (e.g. IQ ) covariates. Good introduct ions of basic, as well 
ass more advance latent growth curve models are given by, for instance, Duncan, 
Duncan,, Strycker, Li and Alpert (1999), MacCallum, Kim, Malarkey and Kieholt-
Glaserr (1997), Muthén and Khoo (1998), Stoolmiller (1995), and Willett and Sayer 
(1994). . 

Althoughh latent growth curve methodology is not the only candidate for the 
analysiss of longitudinal data from a panel design, it is certainly an elegant and 
pars imoniouss way to represent systematic change. Alternative possibilities are 
autoregressivee models, and in particular the true individual change models of 
Steyer,, Eid and Schwenkmezger (1997) (see also McArdle, 2001; Steyer, Partchev & 
Shanahan,, 2000). Judg ing from the amount of applications (e.g. Chan, Ramey, 
Rameyy & Schmitt, 2000; Garst, Frese & Molenaar, 2000) and the amount of 
methodologicall  l i terature, however, latent growth curve methodology provides a 
generallyy accepted framework for the analysis of longitudinal data collected from a 
panell  design. 

Thee contention that conclusions drawn from latent growth curve analysis are 
sensitivee to the way time is incorporated in the model is less well documented. This 
lackk of invariance of the growth parameters can be seen as a consequence of the 
timee scale involved. When different t ime scales are incorporated in the models, 
differentt values of the initial s ta tus and the growth rate wil l be obtained, as well as 
off  their (residual) variances and covariances (Garst, 2000; Mehta & West, 2000; 
Rogosaa 8t Willett, 1985; Rovine & Molenaar, 1998; Rudinger & Rietz, 1998; 
Stoolmiller,, 1995). In the literature on latent growth curve models, however, no 
at tent ionn has been paid to the fact that estimated effects of exogenous covariates 
(e.g.. IQ) on the initial s ta tus and growth rate may also depend on the time scale 
involved.. Merely a short comment (Stoolmiller, 1995, p. 118) suggests the 
interference. . 

Inn this chapter, the mathematical relationship between the growth parameters 
andd t ime-invariant covariates as a function of the selected time scale wil l be 
derived.. In fact, the above relationship between time and growth parameters wil l be 
generalizedd to t ime-invariant covariates. Roots of the argument stem from Garst 
(2000),, who confined himself to the covariance of initial s ta tus and growth rate, and 
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aa slightly analogous problem has been discussed in the more general area of 
regressionn analysis for a variety of models8 (e.g. Aiken & West, 1991). 

Thoughh never investigated in the area of latent growth curve analysis, 
consequencess of the relationships are far-reaching: the time scale involved may 
affectt the conclusions based on the model. Referring to the increasing number of 
applicationss of growth curve models, it should be noted that the opportunities of 
latentt growth curve methodology, as well as the pitfalls, must be fully understood 
byy researchers, when selection of the time scale arises. 

Thee subsequent chapter is built up as follows. Section 2 provides a short 
descriptionn of latent growth curve models and illustrates the argument with a 
simplee example highlighting the lack of invariance of growth parameters. Section 3 
formallyy describes the way in which relations between growth parameters and 
possiblee covariates depend on the metric of the time scale used. In Section 4 an 
empiricall  example will be presented to illustrate the theoretical findings, and the 
chapterr ends up with a discussion of the practical implications. 

2.22 Tim e dependence in the linear  latent growth curve model 

Rogosa,, Brandt and Zimowski (1982) and Rogosa and Willett (1985) were the first 
whoo pointed out, in general, that there is a relation between the initial status and 
thee time at which it is defined. Different selections for the time of initial status in 
thee same data led to different correlations between initial status and growth rate, 
rangingg from zero to significantly positive or negative. In their conclusion they 
stated,, "there is no such thing as the correlation between change and initial status, 
althoughh the determination of a unique correlation seems to have been the goal of 
muchh empirical research" (Rogosa and Willett, p. 225). This explicit conclusion is 
bothh interesting and important, especially in the more specific area of latent growth 
curvee modeling, where the relations between intercepts, growth rates and covariates 
aree main topics of interest. Although mentioned briefly in several articles and 
handbookss (Duncan et al., 1999; McArdle, 1988; Rogosa, 1995; Willett & Sayer, 
1994),, a detailed analysis of the consequences and implications is still lacking. 
Recently,, renewed interest in the lack of invariance of the growth parameters in the 
linearr growth curve model has emerged (Garst, 2000; Mehta & West, 2000; Rovine 
&&  Molenaar, 1998; Rudinger & Rietz, 1998). Early ideas of Rogosa et al., and 
Rogosaa and Willett have been followed up, and provided some important insights. 
Thee crux of the problem stems from the fact that the initial status is not the natural 
originn in many social science applications, but that it is an occasion defined by 
factors,, other than the origin of the process one is investigating. Often, simply the 
scoress at first measurement occasion are taken as representing the initial status. 

Thee point of departure of this chapter is the latent growth curve model with 
one,, time-invariant, covariate. Extensions to more complex growth models are 
straightforward,, but not important to understand the main argument. The latent 

ss An interesting simulation example of the correlation between intercept and slope in regression 
analysiss can be found at the following web-address of the University of Leuven: 
http://www.kuleuven.ac.be/ucs/java/index.htm. . 
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growthh curve model with one time-invariant covariate can be expressed as a 
confirmatoryy factor model: 

JVijj  ^AoiTjoj+h i rjy + ty (2.1) 

where e 

tyjtyj = vb + m xj + fa (2.2) 
r?\j=r?\j=  v\ + yuXj + fa (2.3) 

I nn Equat ions 2.1 to 2.3, ytj refers to the measure of individual j on time point i that 
i ss predicted by two latent factors 770; and rjy, with Aoiand Anas their respective factor 
loadingss and residual £•„. The stochastic variable x, represents the perfectly 
measu redd time-invariant covariate with expectation E(x) = 0. The complications 
inducedd by recognizing that XJ may be fallible are not important for unders tanding 
thee correlates of change (Rogosa & Willett, 1985, p. 205). The factors ipj and tjij, 
withh E{rjo)=vo; E(rji)=vi,  are predicted by Xj and two residuals fa and fa. Besides 
s t anda rdd assumpt ions of s tructural equation modeling (Bollen, 1989), the following 
addit ionall a ssumpt ions are made: 

1.. The growth of each individual is linearly related to the passage of time. This 
a s sumpt ionn implies linear growth from the origin of the process (which may be 
outs idee the measured time interval) unt i l the last measurement occasion, and the 
s amee functional form for the growth curves of all individuals. 
2 .. The assumpt ion of common causation: the sources of between-occasion variation 
andd of individual differences are identical (Mandys, Dolan & Molenaar, 1994). This 
a s sumpt ionn implies tha t the variation between individuals (within-group variance) 
m u s tt be caused by the same factors a s the variation in the means (between 
occasionn variance). 

Equat ionss 2.1 to 2.3 present the more general latent growth model (Meredith 
&& Tisak, 1990} tha t allows also for nonlinear growth curves. Linear growth, 
however,, requires certain parameters in the basis function (Meredith & Tisak, p . 
108)) to be constrained to specific values. To obtain the linear growth curve model, 
cons t ra in t ss have to be placed on the factor loadings Aoi and An, also known as the 
bas i ss functions defining the time scale. First, by constraining Aoi = 1, TJOJ becomes 
thee initial s t a tus factor, and by constraining Au= i, rjy becomes the linear growth 
ra tee factor. If the growth rate factor represents a \anit of change', then each basis 
functionn coefficient represents the number of un i t s of change that occur between 
t ha tt occasion and the origin of the process (Rovine & Molenaar, 1998). 

Thee implied covariance matrix E of Equations 2.1 to 2.3 is: 

22 = Ay (TOr + ^ )A y ' + 0 E (2.4) 
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wheree Ay is the (i x 2) matrix of basis function coefficients, T is the vector of 
regressionn coefficients relating the time-invariant covariate to the growth 
parameters ,, <I> is a scalar representing the variance of the time-invariant covariate, 
*FF is the (2 x 2) covariance matrix of the growth parameters , and @8 is the covariance 
matrixx of the residual terms eg. 

Ass an example, Figure 2.1 depicts a latent growth curve model with 4 
consecutivee measurements of a dependent variable y. The measurements of y sue 
expressedd as a function of a residual e and the two latent factors 770 and 771. By 
fixingg the basis functions at specific values 770 and 771 are given the interpretation of 
initiall s ta tus and growth rate, respectively. Thus, 770 represents the expected s ta tus 
att the start of the process, and 71 represents the average growth rate of the true 
s ta tuss over time. The covariance between initial s ta tus and growth rate is modelled, 
ass well as a perfectly measured time-invariant covariate x, covarying with both 770 
andd 771. In Figure 2.1 the Ao's are fixed at 1, and the fa's are fixed a t 0, 1, 2, and 3, 
respectively.. With this specification the first measurement occasion ti corresponds 
too the origin of the process. 

Becausee there is seldom a na tura l origin of time in social science research, the 
interpretationn of the initial s t a tus is controlled by establishing the origin at an 
arbitraryy point in time (Willett and Sayer, 1994, p. 367). In Figure 2 . 1 , the origin is 
definedd at the first measurement occasion by fixing the loading of y\ on 771 to zero. 
Thee origin of the process is therefore identified at the first measurement occasion, 
whichh is the s tandard practice. If the loading of the first measurement occasion had 
beenn fixed at a value other than zero, the origin of the process would have been 
identifiedd at another point in time. 

FigureFigure 2.1: Simplified linear growth model with a fixed 
basiss function. 

Note.Note. Only the covariance structure is shown in this model. 
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Forr instance, suppose that our model describes the growth process of 
assertivenesss in adolescents on five consecutive yearly intervals. The age of all 
subjectss at the first measurement occasion is 12 years9. Fixing the loading of the 
Firstt measurement to zero in this case formally means that the process of 
assertivenesss starts at age 12. Another growth model for assertiveness could be a 
modell in which the process starts right at the birth of an individual and, therefore, 
122 years prior to our first measurement. Although linearly extrapolating the growth 
curvee in this way involves certain risks, the argument can technically be 
incorporatedd in the growth model. In order to do so, one has to fix k\ to 12, 13, 14 
andd 15, respectively. Then, z/i represents the status of the subjects twelve years 
afterr the start of the process. In other words, the true initial status is shifted on the 
timee axis. The origin of the process is straightforward in this example. It is less 
straightforward,, however, in situations where there is no natural origin and 
researcherss have to define the origin of the process themselves. The consequences 
off this can be serious, especially in situations where exogenous covariates are 
involvedd to explain the interindividual differences in the growth parameters. 

2.33 Transformations of the time scale 

Too show the effect of a different time scale on the growth parameters, it is assumed 
thatt the time scale % defined by [fi = 0, t2 = 1,..., tk=k-l], to be transformed into a 
neww time scale t*  by the linear function in Equation 2.5. Extending the ideas of 
Garstt (2000), who confined himself to the initial status and growth rate, we will 
investigatee consequences of varying time scales of the form 

tf=atf=a + j3ti (2.5) 

onn the effect of time-invariant covariates. In Equation 2.5, a represents a shift on 
thee time axis and /? will be the scaling factor that represents a change in the unit of 
time.. The transformation of U corresponds to a transformation of the basis function 
inn Ay to Ay*: 

I" 11 ' ' 1 
11 h 

yy h_ 

1 1 

0 0 
a a 

P. P. 

11 a + /3t{' 

11 a + J3 t2 

11 a+0tk_ 

99 Mehta and West (2000) provide solutions when the age of the subjects is not equal at the first 
measurementt occasion. 
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and d Ayy = Ay*  I»" 1 (2.7) ) 

Next,, the implied covariance matrix E of Equation 2.4 can be written as: 

Z - 0 EE = Ay*P * (T<Dr' + W) P r A y (2.8) ) 

whichh is equal to 

A/(T*Or"" + T*) Ay (2.9) ) 

thee implied matrix E - ©e. 

Equationss 2.8 and Equation 2.9 show how the transformation P of the basis 
functionn is absorbed by the transformation P-1 of the matrix TOr'+^F. Since the 
matrixx r*C>r*'+ '̂* provides the parameters of interest, we elaborate further on the 
identicall matrix PMIW+Y) p-r, 
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Equat ionn 2.10 shows how the parameters in the growth model change as a function 
off a transformation of the metric of the time scale. The transformed parameters can 
noww be expressed as a function of the original estimates: 

Yl=yYl=y00-y>-y>  (2.ii) 

y,*=^y,, (2-i2) 

** 2a a' ._ , _. 
Vnn = V i i - - T - V 2 i + ~ ^ 7 ^ 2 ( 2 ' 1 3 ) 

V211 = - T ^ 2 i - - ^ r V , 2 2 ( 2 - 1 4 ) 

^ 2 2 2 

/? 2 2 
(2.15) ) 

off which Equations 2.11 and 2.12 refer to time-invariant covariates and Equations 
2 .133 to 2.15 specify the relationship between initial s ta tus and growth rate already 
shownn in Garst (2000). From Equations 2.11 to 2.15 it is concluded that: 
1.. Multiplying the basis function with a constant ƒ? leads to a change of all the 
pa ramete rs .. Changing the time unit involved leads to a change in the values of all 
relevantt parameters . 
2.. Adding a constant a to the basis function, or subtracting, changes the residual 
var iancee of the initial s ta tus , the covariance between initial s ta tus and growth rate, 
andd the effect of the covariate on initial s ta tus . Stated more explicitly in terms of the 
topicc of this chapter , the relationship between the covariate and the initial s t a tus 
dependss linearly on 'shifts' of the time scale according to Equation 2.11 if the 
scalingg factor p has been fixed. 

3 .. The dependence of the growth parameters on the time scale holds only if there is 
var iancee in growth rates between subjects. If all individuals grow at the same rate, 
thee growth parameters do not change, because the variance of the growth rate then 
equa lss zero (c.f. Rogosa, 1995). If t he measurement unit (/J) of the time factor 
changes ,, in the case of nonzero variance of the growth rate, all the growth 
paramete rss change proportionally. A shift of the origin of the process (or), on the 
otherr hand , results in changes of some of the growth parameters only. Both 
changess are equally straightforward, but the effect of changes in a is less 
predictablee on intuitive grounds . It may potentially be more dangerous in applied 
set t ingss than the change of ƒ?. Therefore, the remainder of this chapter will mainly 
focuss on a change, and /? will be kept a t a value of 1. 

4.. There exists a point in time t° (Rogosa & Willett, 1985) where the correlation 
betweenn initial s ta tus and growth rate equals zero. This point can be found, since 
rewritingg Equation 2.14 with ^21*= 0 a nd /?= 1, gives: 
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yi\-ayi\-a \fti = 0 (2.16a) ) 

or r 

a°=^-a°=^- (2.16b) 
V22 2 

Equationn 16b shows tha t the number of time uni ts we have to shift the time axis cfi, 
iss equal to the ratio of the covariance between initial s ta tus and growth rate, and 
thee (residual) variance of the growth rate. To compute 19, we simply subt rac t cfi from 
thee first element of the basis function: 

f°° = /1 - a° (2.17) 

Inn any collection of linear growth curves, the variance of t rue scores will be a 
quadrat icc function of time, with a minimum at f° (Mehta & West, 2000, p. 26), the 
timee point where the residual covariance between initial s t a tus and growth rate is 
equall to zero. This is however not t rue if the growth rate is the same for all 
individualss (i.e. if the variance of the growth rate factor equals zero). 

2 .44 Growt h cu rv e a n a l y s is of e x a m p le data 

Too illustrate the consequences of change in growth parameters , da ta are analyzed 
thatt were taken from the National Longitudinal Survey of Youth (NLSY) of Labor 
Markett Experience in Youth; a s tudy initiated in 1979 by the U.S. Depar tment of 
Laborr to examine the transit ion of young people into the labor force. The da ta were 
collectedd using face-to-face interviews of both child and mother taken in two-year 
intervalss between 1986 and 1992, making the measurement uni t of time equal to 
twoo years. A detailed description of the data and data collecting procedures can be 
foundd in Baker, Keck, Mott and Quinlan (1993), and Curran (1997). The 
measurementss in the present example are from a battery of a s sessmen t s of 
Curran1 0 ,, who presents the complete data of 261 children on four consecutive 
measuress of children's antisocial behavior, and one (time-invariant) measure of the 
degreee of cognitive stimulation provided to the child at home. Antisocial behavior 
wass measured using the Behavior Problems Index (BPI) antisocial behavior subtes t 
(Bakerr et al.). It consists of the mother 's report on six items concerning the child's 
antisociall behavior during the last three months . The degree of cognitive 

100 The data can be found at http://www.unc.edu/~curran. 
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s t imulat ionn provided to the child was assessed using the cognitive stimulation 
subscalee of the modified version of the Home Inventory (Baker et al.). It consists of 
144 dichotomously scored items as reported by the mother . Although we would 
preferablyy carry out the analysis using the observed item scores, we were not able 
too retrieve the raw data , leaving u s with the s u m scores, obtained by Curran. The 
generall subs tant ive goal of the study from which the da ta were derived was to get a 
bet terr unde r s t and ing of the relationship between parental emotional and cognitive 
suppor t ,, antisocial behavior of the child, and child reading recognition. In this way 
theyy a t tempted to draw conclusions tha t might be interesting for developmental 
theoryy and may guide t rea tment intervention research in this area. Bearing in mind 
tha tt a subsample was used consisting of subjects with complete records on the sum 
scoress of a selected set of variables only, substant ive conclusions based on the 
resul tss presented here should be treated with care. On the other hand, our main 
objectivee is not a substant ive one, but to illustrate the relationship that has been 
derivedd in the previous paragraph. Table 2.1 shows the sample mean vector and the 
covariancee matrix for the four measurement occasions of antisocial behavior and 
thee measu re of cognitive stimulation. 

Tablee 2.1 
Samplee means and covariances of antisocial behavior (ti- U) and cognitive stimulation. 

Antisociall behavior 
t\t\ h h U Cognitive Stimulation 

Meann vector 1.575 f7862 1.862 2.073 9.019 

Covariancee matrix 

t\t\ 2.101 

titi  1.395 3.435 

ftft 1.372 1.904 3.450 

UU 1.458 2.275 2.491 4.529 

Cognitivee stimulation -.357 -1.036 -.855 -1.163 6.319 

Note.. N = 261; Source: Curran (1997) 
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Thee growth curve models with different time axes are fit to the covariance 
matr ixx and mean vector of Table 2.1 using Uplus 1.04 (Muthén & Muthén, 1998). If 
thee values of the basis function are changed systematically, Table 2.2 shows that 
thee growth parameters change accordingly. It displays the relevant parameter 
es t imatess of the six fitted models with different specifications of the time axis in the 
bas iss function. The fitted growth models are equivalent, since they all yield the 
samee expected covariance matrix. As a consequence, they all have the same fit 
mea su r e ss [x2(7, N = 261) = 6.925, p = .44; RMSEA=.000]. The difference between the 
modelss is found in the specification of the intercept of the basis function for the 
growthh rate {An). 

Beforee interpreting the results, the assumption of common causat ion as 
suggestedd by Mandys et al. (1994) is tested first. Latent growth curve analysis 
implicitlyy a s sumes that both the mean s t ructure and the covariance s t ructure are 
too be produced by the same factors. This implies that the variation between 
individualss (within-group variance) mus t be produced by the same factors a s the 
variationn between the means (between-occasion variance). Common causat ion may 
nott always be present , however. As advocated by Mandys et al., the assumpt ion 
shouldd always be tested whenever means are included in the model, as is the case 
inn latent growth curve analysis. The test of common causat ion is performed by 
comparingg the goodness of fit of a model with, and without a mean s t ructure . Since 
modelss with mean s t ruc tures are nested in models without mean s t ructures , the j 2 

differencee goodness-of-fit test can be used. Using goodness-of-fit indices of a model 
withh and without a mean s t ructure specified, the hierarchical likelihood ratio may 
testt the assumpt ion of common causation. 

Thee model without mean structure has the following fit measure x2 (5) = 4.59, 
pp = .47. When computing the difference with the mean s t ructure (from Table 2.2), a 
chi-squaree difference of x2 (2) = 2.34, p =.31 results for the test of common 
causat ion.. Therefore it is concluded tha t there is no serious deterioration of the 
modell fit when means are included into the model, and that the assumpt ion of 
commonn causat ion becomes plausible. 

Givenn common causat ion, we may focus on transformations of the basis 
functionn by adding a cons tant . In other words, the effect of changing the point in 
timee of the initial s t a tus of the growth process gets into focus. The transformation of 
thee basis function with a constant may have several rationales. If the start of the 
growthh process corresponds to the t ime of the first measurement occasion, then 
Modell 1 has to be used. Model 2, 3 and 4 specify models in which the origin of the 
growthh process is located prior to the first measurement occasion. Technically it is 
alsoo possible to center the time scale (Model 5), or to use the last measurement 
occasionn a s t h e initial s t a t u s ' (Model 6). 

Ass can be estimated (or computed by hand from Equations 2.11 to 2.15), the 
growthh parameters change if the basis functions take other values. Table 2.2 shows 
clearlyy that a corresponding change c a n be observed in the residual variance of the 
initiall s ta tus (^n), the residual covariance between initial s ta tus and growth rate 
(y/21),(y/21), and the effect of the covariate on the initial s ta tus (yb). Also included in the 
modell are the expectations of the initial s ta tus and growth rate (vt) and v\ 
respectively).. Change of MD is shown a s well. 
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Thee column of Table 2.2, belonging to Model 1, shows the parameter est imates 
forr the model in which the first measurement occasion gets the value of zero. It 
representss the growth model with the origin of the process (the t rue initial status) 
definedd at the first measurement occasion. This model is taken as the base model to 
comparee with. Since the values of the basis function are specified as [0, 1, 2, 3], the 
parameterss have the straightforward interpretation tha t the first measurement 
occasionn corresponds with the t rue initial s t a tus . In addition, no assumpt ion has to 
bee made about the growth curve outside the observed time interval. From a 
statisticall perspective this specification delivers the least complicated model, and 
withh respect to substantive goals it h a s the easiest interpretation. The t rue growth 
curvee has expectations 1.615 for the initial s ta tus (vb) and .150 (vi) for growth rate. 
Tablee 2.2 shows significant variation from these expectations [y/u = 1.224 and y/22 = 
.131),, and a significant negative effect of the covariate on both the initial s t a tus and 
growthh rate (70- -.080 and y\ = -.036). 

Usingg the parameter est imates of Model 1, it is possible to compute IP, the time 
pointt where y/21 equals zero (see Equations 2.16b and 2.17): a = .075/0 .131 = .57; t° 
== 0-.57 = -.57. As can be seen t° is located .57 time uni ts prior to the first 
measurementt occasion. Column Model 2 of Table 2.2 shows the parameter 
est imatess for the growth model with f> = -.57 defined as the t rue origin of the 
process.. The estimated parameter values could also be computed by hand from 
Equationss 2.11 to 2.15. 

Ass can be seen, y/21 equals zero, and the residual variance of the initial s ta tus 
y/\iy/\i factor reaches the minimum value of 1.181, as predicted. The effect of the 
covariatee on the initial s t a tus is not significantly different from zero (}t = -.060), and 
thee est imate of the initial s t a tus is smaller (H) = 1.529) than in the base model. 
Thus ,, in contrast to Model 1, Model 2 shows no effect of the covariate on the initial 
s ta tus . . 

Modell 3 and Model 4 of Table 2.2 define the initial s ta tus prior to the first 
measurementt occasion and prior to (°. The basis function of Model 4 represents a 
timee scale with an initial s ta tus of 10 time uni ts prior to the first measurement 
occasion.. This would be a setting where the measures are taken at ages 10, 11 , 12, 
andd 14. As shown by Equations 2.11 to 2.15, the residual variance of the initial 
s t a tuss increases, and the residual covariance between growth rate and initial s t a tus 
a ss well as the estimate of the initial s t a tus changes from negative to positive. On the 
otherr hand, if the initial s ta tus is defined later than *° as in Model 5 and Model 6, 
thee residual variance of the initial s t a tus increases again (showing that f ha s 
minimumm variance indeed). The residual covariance and the est imate of the initial 
s ta tuss tu rn out to be increasingly positive by now, and the effect of the covariate on 
thee initial s ta tus tu rns out to be negative. 

AA more detailed picture of the relationship is found in Figure 2.2 to 2.4, where 
plotss based on the data analysis are shown of estimated parameter values (y-axis) 
againstt values of a (x-axis). The relations of }t>  and y/21 with a in Figure 2.2 and 2.3 
aree perfectly linear. They show that the relationship, already postulated in 
Equationss 2.11 and 2.14 respectively, will be found exactly when a is shifted on the 
timee axis. Figure 2.4 depicts the relation between y/n and a, which is exactly the 
relationshipp according to Equation 2 .13. ^n reaches a minimum value of 1.181 at 
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a=.57.. The residual covariance between the growth rate and the initial s ta tus , as 
welll a s the residual variance of the initial s t a tus and the relation of a covariate with 
thee intercept react exactly on shifts of a on the time axis as predicted by the derived 
modell equat ions . 

FigureFigure 2.2: Plot of the parameter est imates of yo against a. 
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FigureFigure 2.3: Plot of the parameter est imates of ^21 against a. 
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FigureFigure 2.4: Plot of the parameter est imates of y/u against a. 
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2.55 Discussion 

Rogosaa and Willett (1985) present a detailed discussion of the correlation between 
initiall s t a tus and growth rate (see also Garst, 2000; Mehta & West, 2000; Rovine & 
Molenaar,, 1998). The argument is elaborated further in Rovine and Molenaar, 
showingg that the covariance also depends on the time scale if basis function values 
aree used to estimate the shape , or basis function, of the latent growth curve 
(Meredithh & Tisak, 1990). The analysis in this chapter shows explicitly tha t the 
argumentt mus t be extended to the effects of covariates: effects of covariates on the 
growthh parameters in linear latent growth curve models depend on the time scale 
involved.. Although latent growth curve methodology has been presented as a 
flexiblee framework to analyze longitudinal data, with the possibility to analyze 
systematicc differences in growth by including covariates, one should apparently 
bearr in mind that the est imates of the population parameters are sensitive to the 
incorporatedd time scale. Since maximum likelihood is a scale-free estimation 
methodd (Long, 1984, p. 58), transformations of the factor loadings will completely 
bee absorbed by corresponding changes in the factor (co)variances. They, therefore, 
yieldd the same expected covariance matrix, and t hu s the same fit measures . This 
typee of factor indeterminacy problem has been voiced in the past for the general 
latentt variable model (McArdle & Cattell, 1994; McDonald, 1985). However, we 
believee we make a un ique contribution by showing how, and why, this problem 
persistss in linear latent growth curve modeling. 

Whilee the time scale may be selected arbitrarily, for example by taking the first 
measurementt occasion as representing the initial s t a tus , the interpretation of the 
correspondingg parameter est imates is certainly not arbitrary. It is inextricably 
boundd to a specific time scale and a linear transformation of that scale leads to a 
changee of all parameters involved. It creates the same sort of confusion that has 
alreadyy been noted in the area of regression analysis (Aiken & West, 1991; Mehta & 
West,, 2000). 

Besidess effects on the residual variance and the grand mean of the initial 
s ta tuss factor, as well a s the residual covariance between the initial s t a tus and the 
growthh rate, the resul ts of this chapter clearly show that effects of exogenous 
covariatess on the initial s ta tus have a conditional interpretation; i.e. conditional on 
thee selected time of initial s ta tus . Statistically these parameters can be estimated 
easily,, but their theoretical interpretation is ambiguous. Why is the residual 
covariancee between growth rate and the level computed at this specific point in 
time?? Why is the first measurement occasion taken a s representing the initial 
s ta tus?? A strong substantive argument is needed to answer these quest ions. An 
examplee might come from intervention studies, where change as a result of the 
interventionn is expected only after the intervention. If such an argument cannot be 
presented,, the parameters represent nothing more than the est imates at an 
arbitraryy selected level of the process. A change in the time of the first 
measurementt might have serious consequences for the substantive conclusions. 
Sincee part of the confusion might be due to the term 'initial s ta tus ' , it may be useful 
too employ the alternative term level' (McArdle & Hamagami, 1991; Rovine & 
Molenaar,, 1998). 
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Althoughh one can u se this , in principle, a s an advantage by studying how the 
relat ionshipp of the est imated level of an outcome with a covariate changes over 
t ime.. The gain in knowledge is limited because the changing relationship of the level 
andd the covariate is completely determined by its prior est imated value and the 
changee of the time scale (Equation 11). In addition, once the growth model has been 
specified,, and est imates of the level and growth rate factor have been obtained. The 
var iancee of the level, at any point of the process, can be computed by hand 
(Equationn 13). If one is really interested in investigating the relation of the level of a 
variablee and covariates, autoregressive models might be more appropriate. In 
addit ion,, if the interest is in the t rue change over consecutive occasions and 
interferingg covariates, t rue individual change models (McArdle, 2001 ; Steyer et al., 
1997;; Steyer et al., 2000) might even be a better alternative. In t rue individual 
changee models, the growth curve parameters are replaced by latent difference 
variabless (e.g. the latent difference between adjacent occasions). Subsequently, 
thesee latent difference variables can be explained by covariates. True individual 
changee models are beyond the scope of this chapter , however, because time is 
incorporatedd in a different way than in latent growth curve models. 

Inn linear latent growth curve models, the question is, essentially, whether 
theree exists a real initial s t a tus , or worded differently, if time is measured on a ratio 
scale.. If the assumpt ion of time being measured on a ratio scale has been violated, 
thee initial s t a tus can only be identified arbitrarily. In this case, growth already took 
placee before the first measurement occasion. In other words, subjects will have 
reachedd their level a t the time of the initial s ta tus , partly because of their past 
growth.. The si tuat ion is much different, however, if time is measured on a ratio 
scale.. Then, the process unde r investigation has a na tura l origin corresponding to 
thee first occasion of measuremen t (e.g. intervention research). If the subjects do not 
havee the same level a t the outset , this will show up in the residual variance of the 
initiall s t a tus . In tha t case, the effect of covariates, as well as the residual variance 
off initial s t a tus and the residual covariance with growth rate and the effect of 
covariates,, have meaningful interpretations. 

Ass other researchers already pointed out in the case of non-equal linear 
growthh rates (Garst, 2000; Rogosa & Willett, 1985) there is no such thing as the 
covariancee between initial s tatus and change. Any estimate of the residual 
covariancee between initial s t a tus and growth rate depends also on the selected 
bas iss function. "If one a s sumes that the da ta are generated by an underlying 
processs that h a s a part icular covariance s t ructure for the latent variables, one can 
onlyy expect the 'correct' correlation when the basis vector has been scaled in an 
opportunist icc fashion" (Rovine & Molenaar, 1998, p. 102). Over and above that , this 
chap te rr shows tha t the effects of covariates mus t be included in this argument. The 
effectss of covariates on the growth parameters in the linear latent growth curve 
modell depend also on the time scale of the growth model. Furthermore, it ha s been 
madee clear tha t there exists a point in time tP in any collection of growth curves, 
wheree the residual covariance between initial s ta tus and growth rate mus t be equal 
too zero. At this point 19 the residual variance of the initial s t a tus reaches its 
min imumm value. So we provide an extra argument for Mehta and West (2000) who 
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proposee 19 to be thought of as an additional parameter of any collection of linear 
growthh curves. 

Usingg the results of Rovine and Molenaar (1998), and the equations of this 
chapterr for the linear latent growth curve model, it can be easily shown that the 
argumentt holds true also for latent growth curve models with an estimated basis 
function.. For latent growth curve models including higher-order polynomials (e.g. a 
quadraticc term) to control for the nonlinearity, the situation is more complicated, 
however.. The equations of this chapter will not be sufficient to describe the effect of 
changingg the initial status on the model parameters. More specifically, in a 
quadraticc model the variance of the level, the covariance between the level and 
linearr component, and the effect of the covariate on the level will change more 
complicatedd than described by Equations 2.11, 2.13 and 2.14. Also, in a quadratic 
model,, the variance of the linear component, and the effect of a covariate on the 
linearr component will change as a function of the time of initial status. 

Too conclude, it is apparent that problems of arbitrary time axes in the linear 
latentt growth curve model only arise if researchers overreach their goals in 
interpretingg the parameters related to the initial status. The initial status, however, 
iss meaningful only for growth processes with a natural origin. If the first 
measurementt occasion (or any other occasion) is arbitrarily defined as the initial 
status,, it will be advisable to abandon substantive interpretation of the 
correspondingg parameters, and to focus exclusively on the growth rate. After all, it 
iss growth, what we are after in latent growth curve modeling. 
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3 3 

RelationsRelations between development of 
schoolschool investment, self-confidence 

andand achievement in elementary 
education:education: a multivariate latent 

growthgrowth curve approachl x 

Latentt growth curve analysis of longitudinal data for pupils ' school investment, self-
confidencee and language ability is presented. A multivariate model is tested that 
relatess the three developmental processes to each other and to intelligence. All 
processess show significant differences between children in their developmental 
curves.. The increase in language ability, and decrease in school investment 
correspondd with the hypotheses. No hypothesis is formulated about self-confidence, 
butt an increase for some and a decrease for others is found. The hypothesis that 
developmentt in language ability, school investment and self-confidence are mutually 
positivelyy associated is supported, as is the hypothesis that intelligence accounts for 
somee of the differences in language ability. School investment, self-confidence, and 
intelligencee may each explain a different part of development in language ability. 

111 The corresponding reference is: Stoel R.D., Peetsma, T.T.D. & Roeleveld, J . (2003). 
Relationss between the development of school investment, self-confidence and language 
achievementt in elementary education: a multivariate latent growth curve approach. Learning 
andand individual differences, 13, 313-333. 
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3.11 Introductio n 

Childrenn differ in their general knowledge at the s tar t of elementary education, as 
welll a s in their developmental trajectories of achievement during elementary 
educat ion.. Academic achievement becomes important in elementary school a s 
pupi lss are prepared for secondary education. In the Netherlands, secondary 
educat ionn is divided in different academic achievement t racks, varying from schools 
prepar ingg for lower vocational levels to schools preparing for university. The 
enrollmentt in a specific academic achievement track is based on the achievement at 
elementaryy education. Consequently, factors influencing developmental trajectories 
off achievement in elementary education seem quite crucial for pupils ' educational 
careerss in the Netherlands, but presumably also in othe countries. In this chapter 
thee focus will be on language achievement. 

Motivationn and emotion with respect to learning are found to contribute to the 
differencess in academic achievement, on top of characterist ics like intelligence and 
earlierr achieved ability (see e.g. Kurdek & Sinclair, 2001 ; Vroom, 1964). In the 
Europeann context, research on motivation for learning has usually addressed 
motivationn in secondary education. In the American research on motivation, 
youngerr s tuden t s (from the higher grades of elementary education) are often 
included,, bu t research incorporating the earliest years of education is less common. 
AA possible reason for the lack of research on the early school periods, may be the 
difficultyy to measure the corresponding concepts at children at the start of 
e lementaryy education. 

Iff there are interindividual differences in the developmental trajectories of 
academicc achievement dur ing elementary education, quest ions arise as to what 
extentt the variation in the developmental trajectories of academic achievement is 
relatedd to motivational, and emotional development during the first period of 
educat ion.. Longitudinal s tudies covering the earliest years of education are 
necessaryy to answer quest ions like these. To be more explicit, as noted by Pintrich 
(2000),, longitudinal research in the a rea of motivation should adopt an individual 
growthh curve perspective. Indeed, growth curve modeling is well suited to answer 
ques t ionss concerning systematic differences in individual developmental processes. 
Withh respect to the developmental trajectories of motivation, a general decrease 
dur ingg secondary educat ion has been found repeatedly (Eccles & Midgley, 1989; 
Peetsma;; 1997; Vorst, 1985). Eccles and Midgley explain this decrease with a lack 
off 'person-environment fit'. In secondary education a misfit between school life and 
psychologicall development is present. A decrease in motivation during higher 
educat ionn ha s also been found (e.g. Hofman, de Jong, van Leeuwen, van den Berg, 
dee Boom, de Graaf & Roeleveld, 2001). Decrease in school motivation does not seem 
too show up only in adolescence, but may well be inherent to any tier in education. It 
might,, t hus , be expected in elementary education as well. 

Thee concept of motivation is not a unidimensional concept; many aspects of 
motivationn can be dist inguished (see e.g. Boekaerts, 2001). At elementary school 
agee and certainly in kindergarten, many aspects of motivators for learning, for 
ins tancee different goal orientations will not be active or hardly distinguishable. But 
fromm the s tar t of elementary education children will already put more or less 
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investmentt in school, which can be observed by their teachers. With respect to 
investmentt in school the aspects 'intensity', 'perseverance', 'continuing motivation' 
andd 'direction' of students' working behavior in school are distinguished (Maehr & 
Braskamp,, 1986; Roede, 1989). Of these aspects, intensity and perseverance are 
probablyy the most relevant in elementary schools. The more personal investment, 
intensityy and perseverance in working on a school task, the better achievements 
cann be expected (Peetsma, 1992). 

Besidess motivation and intelligence or ability, emotional well-being and 
affectionss in the school situation are related to school achievements (Boekaerts, 
1993).. Emotional well-being, or feeling confident and control in the school situation, 
seemm important for motivation and learning (Peetsma, 2000; Seifert & OTCeefe, 
2001).. Mavrogenes and Bezruczko (1993) found a positive influence of self-
confidencee on writing development for pupils at risk. Self-confidence proved to be 
moree strongly related to achievement than other affective variables, Fennema, 
(1984)) and Meyer & Fennema (1986) reported. Fennema and Sherman (1977) found 
thatt students with high mathematics self-confidence had low mathematics anxiety 
andd vice versa, as well Meijer (2001) found a positive relation between anxiety and 
self-confidence.. It seems that self-confidence and anxiety function as opposite 
affections. . 

Self-confidencee can be hard to measure at an early age. Opposite emotions to 
feelingss of self-confidence, generating being anxious or upset in the school 
situation,, will be observed by their teachers. The observation of being easily anxious 
orr upset can function as a proxy of self-confidence in the school situation. We 
expectt developmental processes in self-confidence to be related positively to 
developmentss in investment in school and achievement. 

Although,, children's intelligence is generally assumed to be important for 
achievement,, IQ-scores have not often been included in research on achievement. 
Thesee scores, obtained at an age when they can be assumed to be an acceptably 
reliablee measure of intelligence, are expected to be positively related to achievement. 

3.1.13.1.1 Research questions 

Thee aim of this study is to investigate the relationship between the developmental 
trajectoriess of language achievement, school investment, and self-confidence during 
elementaryy education. The main research questions and hypotheses are: 

1.. How do school investment, self-confidence and language achievements develop 
duringg elementary education (from kindergarten to secondary education)? 
Ann increase in language achievement is expected, and a decrease in school 
investmentt during elementary education. With respect to self-confidence, no 
expectationn was formulated on the direction of development during elementary 
education. . 

2.. Is the developmental process of language achievement in elementary education 
relatedd to school investment and self-confidence? 
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Itt is expected that the developmental trajectories of language achievement, school 
investmentt and self-confidence are mutually positively associated. With respect to 
schooll investment, this implies the more positive the developments in achievement 
andd self-confidence, the less the decrease in school investment. 

3.. To what extent is intelligence related to developmental trajectories in school 
investment,, self-confidence and language achievements in elementary education? 
Itt is expected that intelligence accounts for a small, but unique, part in the 
variationn of the developmental trajectories of language achievement. 

3.22 Method 

3.2.13.2.1 Subjects 

Dataa on the subjects were taken from the longitudinal PRIMA cohort study in The 
Netherlandss (Jungbluth & Meijnen, 1994; Driessen, Van Langen & Vierke, 2000). In 
thiss research project, about 600 elementary schools were sampled for the first time 
inn 1994. Every two years children from grades 2, 4, 6 and 8 are tested in language 
andd rated by their teachers on a number of attitudinal and motivational aspects. 
Thee fourth measurement occasion of this study took place in the 2000/01 school 
year,, creating the opportunity to study the development of children throughout 
elementaryy education: beginning at the second grade (kindergarten; 5 to 6 years of 
age)) in school year 1994/95 up to the eighth grade (11 to 12 years of age) at the last 
measurement.. The first measurement, at the end of kindergarten, can be 
consideredd as the starting point for the more structured part of elementary 
education. . 

Ass in most longitudinal studies, the PRIMA project suffers from dropout of 
bothh schools and children. Although the sample is supplemented with new schools 
att every measurement, the number of schools and children available for 
longitudinall analyses decreases with every successive measurement occasion in the 
project.. The loss of schools has been shown to be random: the schools lost do not 
differr in any essential way from schools that continue to participate in the project 
(Roeleveldd & Portengen, 1998). The loss of individual children within participating 
schools,, however, is not completely random. Although most loss has to do with 
parentss moving, other reasons are transfer of children to special education or 
stayingg down a grade. As a result, children dropping out of the study score, in 
general,, somewhat lower on the cognitive tests. After four measurement occasions 
wee have at our disposal longitudinal data on 2,693 pupils in 214 schools. And 
althoughh there is some selectivity in this sample, it is still representative for the 
vastt majority of children that follows a "normal", i.e. non-delayed, educational 
careerr in elementary schools in The Netherlands. 
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3.2.23.2.2 Instruments 

Ourr main interest in this s tudy is the development of achievement, especially the 
languagee achievement of the children. Since this achievement grows considerably 
betweenn the second and the eighth grade, a different test had to be used at each 
grade.. The language tests were especially developed for the PRIMA project by CITO, 
thee educational testing and measurement company of the Netherlands (Driessen, 
Vann Langen & Oudenhoven, 1994). Each test was made up of about 60 
morphological,, syntactical and semantic items and was intended to measure basic 
languagee skills that can be seen a s prerequisites for all school achievement. 
Reliabilityy scores for the tests were good, varying from .85 to .96. To compare the 
languagee achievement of children over time, test scores were calibrated using 
OPLM-proceduress from item-response-theory (Verhelst, Glas & Verstralen, 1993; 
Vierke,, 1995). As a result, scores are available of the children on a continuing one-
dimensionall scale for Language ability on each of the four measurement occasions. 

Becausee of the young age of the children, no direct measurements of Self-
confidencee and School Investment were performed in the PRIMA project. As a proxy, 
indicatorss taken from the Pupils Profile are used (Jungbluth, Van Langen, Peetsma 
&& Vierke, 1996), which was filled out by the teachers. In this ins t rument , a list of 
i temss concerning children's behavior, at t i tudes and motivation had to be scored on 
aa 5-point Likert type scale. Unfortunately, the ins t rument went through some 
changess over the four waves in the PRIMA project (Jungbluth, Roede & Roeleveld, 
2001).. So, in order to have identical measurements of Self-confidence and 
Motivationn over the years, only items that have been unchanged can be used. 

Duringg the first three measurement occasions, teachers were asked to fill out 
thee Pupils Profile for all children in their class. This proved to be an onerous task, 
whichh resulted in responses for about 80 percent of the children. To meet teachers ' 
complaintss about the amount of work, they only had to complete the Profile for a 
randomlyy selected half of their pupils at the last measurement occasion. So a t this 
lastt measurement , only about 50 percent of the teacher ratings for Self-confidence 
andd Motivation are available, bu t missing values can be considered to be completely 
random. . 

Forr Self-confidence, two negatively scaled items were used as indicators at all 
timee points: t h i s child is anxious and frightened' and t h i s child is easily upset ' . The 
itemss refer, in particular, to a general opposite affective character of self-confidence. 
Investmentt in school was measured by one positively scaled item: t h i s child works 
accurately'' and by one negatively scaled item: t h i s child easily thinks work is done'. 
Thesee items represent two key aspects , intensity and perseverance, of school 
investment.. As indicators for the Intelligence of the children, scores on two non
verball tests (Figures and Exclusion) are used, which were administered in grade 6, 
whenn the children were 9 to 10 years of age. These tests were developed for the 
evaluationn of educational policies in The Netherlands, using items from several 
s tandardd IQ-tests (Doddema-Winsemius & Van der Werf, 1989). They have good 
reliabilityy scores (about .75) and show sufficient validity (Driessen et al., 1994). 
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3.2.33.2.3 Modeling strategy 

Latentt growth curve (LGC) analysis (McArdle, 1986, 1988; Meredith & Tisak, 1990; 
Willettt & Sayer, 1994) was used to analyze the data. LGC analysis represents 
repeatedd measures of a given concept as a function of time and other measures 
(Willettt & Sayer). A LGC analysis specifies an individual growth curve for each 
subjectt to represent the development over time. All subjects in a given population 
aree a s sumed to have developmental curves of the same functional form (e.g. all 
linear),, but the parameters describing their curves may differ. With linear 
developmentall curves, for example, individual differences may be due to 
heterogeneityy in the initial level, as well as heterogeneity in the growth rate or rate 
off change . In other words, the subjects differ in their level a t the first measurement 
occasionn and develop at different rates. The initial level and the growth rate will be 
referredd to as the 'growth parameters ' ; t ha t is, the parameters describing the pat tern 
off growth of each individual child. In the current research the focus is on the intra-
andd interindividual variation of the three repeatedly measured variables (Language 
ability,, Self-confidence and School investment), in particular with regard to the 
covariationn across individuals with respect to the pat terns of development on these 
variabless (cf. MacCallum, Kim, Malarkey, & Kiecolt-Glaser, 1997). The interest is, 
forr example, in the relation between the developmental process of self-confidence 
andd the developmental process of language ability. This type of analysis is called a 
multivariatee growth curve analysis. A brief description of LGC analysis is presented 
below;; a detailed description of the approach is beyond the scope of this article. We 
referr to Willett and Sayer (1994) for a description of the univariate growth curve 
analysis ;; to MacCallum et al. (1997), Muthén and Khoo (1998) and Duncan, 
Duncan ,, Strycker, Li and Alpert (1999) for a detailed explanation of both univariate 
andd multivariate growth curve models; and to Chan, Ramey, Ramey and Schmitt 
(2000)) for a recent application of a multivariate growth curve model. 

Itt is convenient to view the initial level and the growth rate as latent variables 
(Muthénn & Khoo, 1998). Conventional s t ructural equation modeling software can 
t henn be used to analyze the models, and pa th diagrams can be used to give a 
graphicc presentat ion. Figure 3.1 gives such a graphic presentation of a growth 
model.. It does not show the individual growth curves explicitly, but it shows the 
mean ss and variances of the parameters describing the growth curves, and their 
correlation.. The variables denoted Y\ to Y4 represent the consecutive measurements 
off the outcome. The symbol of a circle inside a square represents observed variables 
t ha tt have been measured for certain part icipants but not for others (following 
McArdle,, 1994; Ghisletta & McArdle, 2001). The ellipses represent the latent 
variables,, respectively L(evel) and G(rowth rate), and contain the means (regression 
onn the diamond) and variances of respectively, the (initial) level and the growth rate 
off the curves. They provide information on the interindividual differences in the 
developmentall curves, and are allowed to correlate (e.g. a positive correlation 
betweenn the initial level of language ability and growth implies that children with a 
higherr initial level have a larger growth rate t han children with a lower initial level). 
However,, substant ive interpretations of this parameter can only be made if the 
originn of the developmental process corresponds to the first measurement occasion 
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(Stoell & Van den Wittenboer, 2003). In the present research the initial level 
correspondss to the score of the children at kindergarten (first occasion). This may 
bee reasonable here, since the last year of kindergarten can be regarded as the s tar t 
off any school career. However, of primary interest is the growth rate, which 
correspondss to development over the subsequent years (second to fourth occasion). 
Nevertheless,, with some caution, inferences regarding the level parameters are 
madee in our results and discussion. 

Figuree 3.1 actually is a confirmatory factor model, with the difference that the 
factorr loadings are constrained to specific values. The factor loadings for L= [tn, £21, 
fei,fei, tn] are fixed to 1. If the factor loadings for G= [£12, £22, £32, £42] are constrained to 
respectivelyy [0, 2, 4, 6], this implies linear growth, where the interpretation of G is 
thee change per year. Following Meredith and Tisak (1990), two factor loadings for G 
needd to be constrained in the nonlinear growth curve model (e.g. [0, £22, £32, 6] 
followingg McArdle & Bell (2000)). L now represents the level at the first 
measurementt occasion and G represents the mean growth per year over the six 
years.. In the linear model, growth is characterized by a cons tant increment, 
whereass in the nonlinear model increments are not equal. If, for example, the factor 
loadingss are estimated as [0, 3, 5, 6], this implies that growth is strongest between 
thee second and the first occasion, and that it gets less strong during the following 
occasions. . 

FigureFigure 3.1: Graphic representation of latent growth curve model. 

Cov<L,S) ) 

tt  t t t 

Thee motivational variables are measured by their raw score indicators. This 
allowss them to be modeled as latent constructs in a longitudinal factor model, and 
too test them for the assumpt ion of measurement invariance. Measurement 
invariancee (the invariance of the measurement parameters) ensures a comparable 
definitionn of the latent construct over time (Hancock, Kuo & Lawrence, 2001). 
Violationn of the assumpt ion of measurement invariance renders it impossible to 
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assesss change within a subject, because this change will be confounded with the 
changee in meaning of a construct over time. Measurement invariance can exist to a 
certainn degree. Though some authors require full measurement invariance in 
testingg hypotheses concerning repeatedly measured latent constructs (Oort, 2001), 
o therss have argued (Byrne Shavelson & Muthén, 1989; Pentz & Chou, 1994), tha t 
somee violations may be admissible. Partial measurement invariance is defined, 
then,, by a measu remen t model that includes a combination of measurement 
parameterss {factor loadings and intercepts), some of which are free and others 
constrainedd to be equal over time (Pentz & Chou, 1994). 

Thee measuremen t s of language ability, calibrated with i tem-response theory, 
resul tedd in one score for each child at each measurement occasion. An additional 
testt for measuremen t invariance of this variable could not, therefore, be performed. 
Forr intelligence it is a s sumed that each indicator measured intelligence equally 
well.. This implies equal factor loadings for both subtes ts 'Exclusion' and 'Figures'. 

Forr the models reported in this article Mplus 1.04 was used (Muthén & 
Muthén,, 1998) to fit the models to the data. Both means and covariances are 
analyzedd simultaneously. So, unlike usua l s t ructural equation models, the factor 
meanss are not a s sumed to be zero. The chi-square measure of overall goodness of 
fitt (x2), in combination with the root mean square error of approximation (RMSEA), 
wass used to evaluate the overall goodness of fit of the models. RMSEA is added 
sincee the chi-square measure is not always appropriate to evaluate s tructural 
equationn models (Browne & Cudeck, 1992). They propose RMSEA values smaller 
t h ann .05 to be indicative of a close fit, and values smaller than .08 to be indicative 
off a reasonable fit. For the comparison of competing models (e.g. nonlinear versus 
linear)) the chi-square difference test (A(x2) can be used. 

Ourr sample ha s a considerable amount of missing data, bu t most of these are 
missingg *by design'. As explained in the Section 3 .2 .1 , these missing da ta can be 
consideredd to be completely random (MCAR; Little & Rubin 1987). The other part of 
missingg data were not missing by design, but missing due to other causes . 
Althoughh it is still common practice to use naive methods such as listwise, or 
pairwisee deletion to deal with the missing da ta problem, these methods have been 
criticizedd extensively (Little & Rubin, 1987). In a bird's-eye view, the naive methods 
leadd to (1) inefficient est imates if data a re MCAR, since a large part of the dataset is 
deletedd for the analysis; and to (2) biased estimates if the data are not MCAR. As an 
examplee of the former, the use of listwise deletion in our sample, would have 
reducedd the sample size from N=2693 to N=567, a decrease of almost 500% in the 
totall sample size. More sophisticated procedures have been developed which do not 
makee the restrictive assumpt ion of MCAR, but instead they a s sume that the 
missingg values are missing at random (MAR; Little 85 Rubin, 1987). MAR assumes 
tha tt the missing values can be predicted from the available data. These procedures 
havee recently become a s tandard option in most s t ructura l equation modeling 
softwaree packages. In our analysis the procedure of Muthén, Kaplan & Hollis (1987) 
wass used , as implemented in the software package Mplus 1.04. This procedure can 
bee regarded as Full Information Maximum Likelihood (FIML) estimation, and draws 
onn theory in Little and Rubin (1987). In a recent simulation study (Enders & 
Bandalos ,, 2001) it is found that FIML estimates were more efficient and less biased 
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thann the naive methods under both MCAR and MAR. FIML has also shown to be 
performingg well in combination with latent growth curve models {Wothke, 2000). In 
brief,, the procedure sorts the observation into missing data pat terns , each pat tern 
iss consequently analyzed in a multiple group design with the appropriate 
constraintss across the groups. Thus the same model is estimated for all groups, and 
subjectss with missing data are not removed from the analysis. 

Inn constructing our final model, the strategy advocated by Anderson and 
Gerbingg (1988) has been applied (see Garst, Frese & Molenaar, 2000, for a recent 
application.).. This strategy consists of two parts : (1) testing the measurement 
models,, and (2) combining the measurement models in a s t ructural model. The 
par tss can further be subdivided into several s teps. The main rationale behind this 
strategyy is that possible model misspecifications can be located more easily, and 
necessaryy additional tests can be performed more adequately. A good strategy is 
important ,, a s the validity of the final model depends on the validity of the parts 
fromm which it is constructed. 

3.33 Results 

3.3.13.3.1 Measurement models 

Thee estimated covariance matrix and means vector is presented in the Appendix to 
thiss chapter . Each repeatedly measured variable is named in terms of its underlying 
construct ,, the measurement occasion (grade), and, if necessary, its number . For 
example,, ' inv21' represents the first indicator of School Investment at grade 2. 

Thee measurement models of school investment and self-confidence were found 
too follow a similar pattern. For each model, the factor loadings of the indicators 
couldd be constrained to be equal over time, and the intercepts at all bu t the first 
occasion,, besides the necessary constraints for identification purposes. Residuals of 
thee same indicators were correlated across time u p to two occasions12 , a so-called 
"partiallyy banded" residual s t ructure (see Vonesh 8B Chinchilli, 1997). The 
measurementt models both have good overall goodness of fit measures . The chi-
squaree measure of fit is non-significant (a=.01) and the RMSEA<.05. Self-confidence 
hass a fit of: x2(9)=17.18, p=.05; RMSEA=.018, and School investment: x2(9)=8.97, 
p=.44;; RMSEA=.000. It is concluded that partial measurement invariance has been 
foundd for both models, the parameter est imates of which are presented in the 
multivariatee growth model of Figure 3.2. Children's school investment and self-
confidencee as indicated by judgments from different teachers at each measurement 
occasionn show partial measurement invariance. This supports the validity of the 
methodd in which professional teachers judge pupil's non-cognitive characteristics. 
Duee to the satisfactory measurement models obtained, one can reasonably a s sume 
thatt the same construct has been measured over time. 

122 We had rather accounted for these residual correlations by means of a method factor, which has 
severall advantages over just correlating the residuals. However, the multivariate latent growth curve 
modell that will be analyzed later on did not converge for unknown reasons. Therefore, it was decided 
too estimate the models with a correlated residual structure instead. 
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3.3.23.3.2 Univariate growth curve models 

Fromm the hypotheses, developmental processes can be deduced for the three 
concepts .. However, specific hypotheses about the functional form, or shape, of the 
growthh processes have not been formulated. For this reason, we started with 
nonl inearr models (Meredith & Tisak, 1990). If the resulting model goodness of fit 
wass good, a further test could be performed for linearity by constraining the 
appropriatee parameters . If these constraints did not lead to a serious deterioration 
inn model fit, it was a s sumed tha t the developmental process could be modeled with 
aa l inear growth rate. 

Tablee 3.1 presents the goodness of fit measures of the univariate growth curve 
modelss for the three concepts under investigation. For self-confidence, the 
nonl inearr model (Model 1) provided a good fit; we could therefore continue posing 
cons t ra in tss resulting in a linear model (Model 1.1). The chi-square difference test 
indicatedd that the linear model did not fit significantly worse (Ax2 = 1.46, Adf = 2). 
Inspectionn of the parameter estimates led to a further constraint. The mean of the 
growthh rate did not differ significantly from zero, and could therefore explicitly be 
constrainedd to zero (Model 1.2). The chi-square difference between the resulting 
Modell 1.2 and Model 1.1 was not significant (Ax2 = 1.77, df = 1). The model could 
nott be constrained any further. The final Model 1.2 for self-confidence provided the 
followingg goodness of fit measures: x2(15)= 27.27, p=.03, RMSEA=.018. The 
parameterr est imates of this and the following univariate growth models are 
d iscussedd in the section on the multivariate growth curve model. 

Thee nonlinear Model 2 for school investment also resulted in a good fit. The 
l inearr Model 2 . 1 , however, fitted significantly worse (Ax2 = 92.59, Adf = 2), and the 
assumpt ionn of linear growth had to be rejected. Inspection of the parameter 
es t imatess of the nonlinear model indicated that the covariance between the initial 
levell and the growth rate could be fixed to zero (Model 2.2). This constraint did not 
leadd to a serious deterioration in model goodness of fit (Ax2 = .12, Adf =1) . The final 
Modell 2.2 for school investment provided the following goodness of fit measures : 
X2(13)== 14.72, p=.33, RMSEA=.007. 

Thee resul ts for language ability (Model 3) were essentially the same as for 
schooll investment. The nonlinear model provided a reasonably good fit. Although 
thee chi-square measure of goodness of fit was significant, the RMSEA was below .05 
andd the 90% confidence interval did not exceed .08. A linear constraint (Model 3.1) 
onn the growth curves led to a significant decrease in model goodness of fit (Ax2 = 
1041.19,, Adf = 2), and we had to continue with the nonlinear model. The covariance 
betweenn the initial level and the growth rate could be restricted to zero (Ax2 = .72, 
Adff = 1). This Model 3.2 provided the following goodness of fit measures : x2(4)= 
21 .53 ,, p=.00, RMSEA=.040. 

Thee resul ts , therefore, indicate a well-fitting linear growth curve model for the 
conceptt of self-confidence, and a nonlinear growth model for both school 
investmentt and language ability. In the next section these three models are 
combinedd to get information regarding the relations between them. To secure 
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measurementt invariance, and the functional form of the growth curves in the 
multivariatee model, the appropriate parameters are constrained to the values as 
estimatedd in the univariate models13 . 

TableTable 3.1: Goodness of fit measures of the univariate growth curve models. 

Model l 
Self-confidence e 
1 1 
1.1 1 

1.2 2 

Schooll investment 
2 2 
2.1 1 

2.2 2 

Languagee ability 
3 3 
3.1 1 

3.2 2 

nonlinearr growth 
linearr growth 
differencee 1.1 and 1 
meann growth = 0 
differencee 1.2 and 1.1 

nonlinearr growth 
linearr growth 
differencee 2.1 and 2 
corr(level,growth)) = 0 
differencee 2.2 and 2 

nonlinearr growth 
linearr growth 
differencee 3.1 and 3 
corr(level,growth)) = 0 
differencee 3.2 and 3 

df f 

12 2 
14 4 
2 2 
15 5 
1 1 

12 2 
14 4 
2 2 
13 3 
1 1 

3 3 
5 5 
2 2 
4 4 
1 1 

x2(p) ) 

24.044 (.02) 
25.500 (.03) 
1.46 6 
27.277 (.03) 
1.77 7 

14.600 (.26) 
107.199 (.00) 
92.59** * 
14.722 (.33) 
.12 2 

20.811 (.00) 
1062.00 (.00) 
1041.19** * 
21.533 (.00) 
.72 2 

RMSEA A 

.019(.007-.031) ) 

.018(.005-.028) ) 

.018(.006-.028) ) 

.0099 (.000-.023) 

.0500 (.041-.059) 

.007(.000-.021) ) 

.0477 (.029-.067) 

.2800 (.26Ó-.294) 

.0400 (.025-.058) 

Note.Note. **  p<.01. The 90% confidence interval for RMSEA is given in brackets . 
Ntotai=26933 for Language ability; Ntotai =2660 for Self-confidence and School 
investment.. The difference in total sample size is due the fact that a sub sample of 
n=333 subjects have no observations for Self-confidence and School investment. 

3.3.33.3.3 Multivariate growth curve model 

Thee main rationale of this chapter is to investigate the relationships between growth 
processess in language ability, school investment, and self-confidence. Therefore, the 

Thee factorloadings of the univariate growth curve models were fixed to the estimated values from the 
univariatee analysis. This was done to prevent parameter changes, and to keep the interpretation of the 
multivariatee growth curve model in agreement with the univariate models. To test the fit of the 
multivariatee model, the degrees of freedom have to be corrected by subtracting the number of a priori 
fixedd parameters, so that the values of the RMSEA fit measure were recalculated according to: 

RMSEA™™,, = 
1RMSEAC C •df f 
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resu l t ss of the integration of the univariate growth curve models into the 
multivariatee growth curve model will now be reported. The focus will be on the 
relat ionss between the levels and growth rates of the three processes, before and 
afterr the effect of IQ h a s been controlled for. The parameter estimates of the 
completee multivariate model are shown in Figure 3.2. Table 3.2 presents the 
correlationss between the growth parameters of the three processes in the 
multivariatee growth curve model. Before the correlations between the growth 
pa ramete r ss are described, the parameter est imates of the three growth processes 
aree described. 

Thee multivariate growth curve model provided the following goodness of fit 
measu res :: x 2 ( 1 4 1 ) = 233.54, p=.00, RMSEA=.014. In this model some of the 
correlationss between the growth parameters did not differ significantly from zero. 
Forr reasons of parsimony, these correlations are explicitly fixed to zero, resulting in 
thee following goodness of fit measures: x2(146)= 235.52, p=.00, RMSEA=.014. The 
chi-squaree difference test indicated tha t this model did not fit significantly worse 
(Ax22 =1.98, Adf = 5). For all three processes the associated R-square values are 
subs tan t ia ll (ranging from .42 to .77) indicating tha t a substant ia l proportion of the 
variancee was accounted for by the growth factors. The concurrent correlations 
betweenn the first order factors of self-confidence and school investment were 
est imated;; their values were respectively, .16", .10", .10" and . 11 " . Not estimating 
thesee correlations leads to a significant decrease in model fit (Ax2 = -4, Adf = 
107.61).. It is, in general, not recommended to freely estimate residual correlations 
too improve model fit without theoretical justification. However, the theoretical 
justificationn for est imating them in this case comes from the fact that , within each 
measu remen tt occasion, the same teacher rated the children one both self-
confidencee and school investment. The parameter est imates for the separate growth 
processess can be interpreted as follows. The mean linear growth curve for self-
confidencee ha s an initial level of 3.83 and a growth rate of zero. The variance of the 
initiall level and the growth rate are significant (p<.01), indicating individual 
differencess between the children in the development of self-confidence. In other 
words,, the children have different growth curves. The amoun t of self-confidence 
increasess for some children, while it decreases for others. The correlation between 
thee initial level and the growth rate of r=-.40* indicates a negative association, so a 
lowerr s tar t corresponds to a higher growth rate, and vice versa. 

Thee mean nonlinear growth curve for school investment has an initial level of 
3.622 and a growth rate of -.06, both having a significant variance (p<.01). The 
correlationn between the initial level and the growth rate is zero, so there is no 
associat ionn between the initial level of school investment and growth. Note that the 
factorr loadings of the second and third occasion were estimated, respectively, as 
4 .855 and 6.54 in the prior analysis. When these factor loadings, [0, 4.85, 6.54, 6], 
aree contras ted with the time points of the measurement occasions, [0, 2, 4, 6], the 
nonlinearityy pops u p as illustrated in Figure 3a. The decrease in school investment 
iss followed by an increase at the last measurement occasion. As can be seen in 
Figuress 3.2 and 3.3a, the mean of the growth rate factor is relatively small. It did 
differr significantly from zero, however. Though small, and not significant, the 
decreasee in school investment corresponds with our expectations. 
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Thee mean growth curve for language ability has an initial level of 32.43 and a 
growthh rate of .80, with significant variance. The correlation between the initial level 
andd the growth rate is zero. The factor loadings of the second and third occasion are 
estimatedd as 2.84 and 4.48 respectively. As one can see in Figure 3.b, the growth in 
languagee ability gets smaller at the consecutive measurement occasions. 

FigureFigure 3.2: Multivariate growth curve model of language ability, self-confidence and 
schooll investment. 

\\ R;= .43 \ R2= .57 \ 

Rll  4 2 7 5 4 5 7 2 5 0 7 6 .4 9 7 7 R77 7 6 5 5 6 5 5 7 544 7 3 5 6 

Note.Note. Ian = Language ability, self = Self-confidence, inv = School investment. 

Summarizingg these results , it is conclude that the individual developmental 
processess of self-confidence, school investment and language ability show 
substant ia ll interindividual differences, in both the level at the first measurement 
occasionn and subsequent growth during the following years of education. In the 
nextt paragraphs the relations between the growth parameters are described in 
orderr to investigate the association between the growth processes within each 
individuall child. 
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Ass can be seen from Table 3.2, development in school investment and self-
confidencee show a positive correlation with development in language ability. The 
relativelyy high correlations of growth in language ability with growth in school 
investmentt and self-confidence are respectively, r=.30** and r=.49". This indicates 
t ha tt children with a higher growth in language ability show a smaller decrease in 
schooll investment and a higher increase in self-confidence, and vice versa. The zero 
correlationn indicates, tha t no relation is found between the development in school 
investmentt and self-confidence. 

TableTable 3.2: Correlations between growth parameters in the multivariate growth curve 
model. . 

_ ^ _ _ _ ^ __ 1. 2. 3. 4. 5. 6. 

1.. Level(language) 1 
2.. Growth(language) 0 
3.. Level(self-confidence) .22** 
4.. Growth (self-confidence) 0 
5.. Level (school investment) .42** 
6.. Growth (school investment) 0 

Note.Note. ** p<.01; * p<.05. 

TableTable 3.3: Regression coefficients of the growth parameters on intelligence, 
andd correlations between growth parameters in the multivariate growth curve 
modell controlled for intelligence. 

1.. 2. 3. 4. 5. 6. 

54*** .28** .09 .24** .48** .07 

1 1 
00 1 

12*** . 15** \ 

00 .35** -.42* 1 
16*** .08 .0 .19** 1 

00 .30** 0 0 0 1_ 

Note.**Note.** p<.01. 

1 1 
-.18*** 1 
.49*** -.42* 1 
.17*** 0 .35** 1 
.30*** 0 0 0 1 

Growthh parameters on 
intelligence e 

1.. Level(language) 
2.. Growth (language) 
3.. Level(self-confidence) 
4.. Growth (self-confidence) 
5.. Level (school investment) 
6.. Growth (school investment) 
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FigureFigure 3.3a and 3.3b: Mean latent growth curve for school investment and language 

ability. . 

Motivation n 
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investment t 

3.59 9 

3.50 0 

3.46 6 

i i 
i i 

)) 2 

Time e in n 

4.58 8 

4 4 

years s 

11 6.54 

6 6 

Language e 
ability y 

Timee in years 

Theree is one significant correlation between the growth processes in self-
confidencee and school investment. Only the correlation between the initial level of 
schooll investment and the growth rate for self-confidence is significant, r=.35**. In 
otherr words, children starting with a higher level of school investment show a 
greaterr increase in self-confidence. Furthermore, the correlations of both levels of 
self-confidencee and school investment with level of language ability are relatively 
high,, respectively r=.22" and r=.42**. This points to a positive association between 
them.. Children starting with higher language ability, also have higher self-
confidencee and school investment at tha t time. The growth in language ability 
showss a small, though significant, negative association with the initial level of self-
confidencee (r=-.18"), and a small, though significant, positive association with the 
initiall level of school investment (r=. 17*). 
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Thee fit of the multivariate growth curve model with intelligence is also 
reasonablyy good: x2(180)=293.15, p=.00, RMSEA=.014. The correlations between 
thee growth parameters while controlling for the influence of intelligence are 
presen tedd in Table 3.3. The first row of Table 3.3 presents the estimated 
s tandardizedd coefficients of the regression of the growth parameters on intelligence. 
Ass can be seen, intelligence has a considerable effect on the initial levels of 
languagee ability (.54**) and school investment (.48**); and a smaller, though 
significant,, effect on the growth rate of language ability (.28") and self-confidence 
(.24**).. In other words, some of the differences in these parameters between the 
chi ldrenn is related to intelligence. Next, comparing the correlations of the growth 
pa ramete r ss before and after the effect of intelligence has been controlled for, the 
effectt of intelligence on association between the growth parameters can be 
investigated. . 

Thee decrease in the correlation of initial level of self-confidence and school 
investmentt with the initial level of language ability to respectively, r=.12**and 
r=.16",, indicates that intelligence accounts for some of the association between 
thesee parameters . The same holds for the correlation between the growth in 
languagee ability with the growth in self-confidence (r=.35**), and the initial level of 
schooll investment (r=.08); and the correlation between growth in self confidence 
andd the initial level of school investment (r=.19**). Intelligence accounts for almost 
alll the association between the initial level of school investment with the growth of 
languagee ability; this correlation is not significantly different from zero. The 
associat ionn between the growth in language ability and the growth in school 
investmentt remains more or less the same. 

Inn accordance with our expectations, therefore, development in both school 
investment ,, and self-confidence is positively related to development in language 
ability.. Intelligence has an effect on development in language ability, and accounts 
forr some, but certainly not all, of the association between the processes. 

3.44 Conclusion and discussion 

Thee topic of our research was to investigate the development in language ability, 
schooll investment and self-confidence in relation to each other. First, the resul ts 
indicatee that the developmental processes of school investment, self-confidence and 
languagee ability show considerable individual differences; that is, the development 
off the children follows different trajectories. For self-confidence, the trajectory 
seemss to be linearly related to time. An increase for some of the children is 
contras tedd by a decrease for others. Development in school investment and 
languagee ability was found to be nonlinearly related to time: overall school 
investmentt decreased slightly while language ability increased, as expected. These 
resu l t ss support the expected decrease in school investment over the period of 
a t tendancee at elementary school, except for the small increase in school investment 
att the end of the school period. 

Developmentt in language ability, school investment and self-confidence were, 
a ss expected, mutual ly positively associated. Children showing a greater increase in 
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theirr language ability also showed a greater increase in their self-confidence, a s well 
ass a smaller decrease in their school investment. These results are in accordance 
withh our second hypothesis. The multivariate growth curve model was estimated 
bothh before, and after, the effect of intelligence had been controlled for. Doing this 
madee it possible first to assess the effect of intelligence on the developmental 
processess directly, and second on the relationships between the parameters 
describingg these developmental processes. Regarding the first point, it was found 
tha tt intelligence accounts for some of the individual differences in the development 
off language ability, school investment and self-confidence. To be more explicit, the 
moree intelligent the children, the higher is their level at the start , and the more 
positivee is their development on all three concepts. Regarding the second point, it 
wass found that intelligence accounts for some, but not all of the association 
betweenn the developmental processes. Though some of the individual differences in 
thee development of language ability can be at tr ibuted to intelligence, it does not 
explainn all. There remain enough differences that may be at tr ibuted to school 
investmentt and self-confidence. The fact tha t the processes of school investment 
andd self-confidence are relatively unrelated supports the argument that school 
investment,, self-confidence and intelligence each may explain a different portion of 
thee individual differences in the development of language ability. This result offers 
confirmationn for the third hypothesis. 

AA point of discussion may be the role of the initial level of the three processes. 
Althoughh it is tempting to give substantive interpretations to these parameters , care 
shouldd be taken in doing so. An initial level implies a s tart ing point of development; 
tha tt is, before this point no development existed. Therefore, strictly speaking, a 
substantivee interpretation of the initial level is only possible if the first 
measurementt occasion corresponds to the origin of the developmental process. In 
thiss research, the first measurement occasion was in kindergarten (grade 2) before 
thee start of s t ructured education in grade 3. Therefore, it can be argued that 
languagee ability, self-confidence and school investment for school as measured at 
thee first occasion represents the level before any structured education was received, 
andd so can be regarded as being the initial level. From this point of view, 
substantivee conclusions may be based on these parameters . 

Althoughh longitudinal analyses were performed, one should take care in giving 
aa causal interpretation to our results . The relationships between the growth 
parameterss of the three processes cannot all be convincingly interpreted causally. 
Ass mentioned by, for example, Garst et al. (2000), a prerequisite for a causal 
interpretationn of a given phenomenon is the time order effect. For example, the 
correlationss between the growth rates give up the time order because they look at 
generall t rends over the full time range (Garst et al., 2000). Though of minor 
interest,, the correlations between the initial level and the growth rate could more 
safelyy be given a causal interpretation. An initial level comes logically before any 
development.. If the influence of third variables could be ruled out, then a 
correlationn may be interpreted as an effect of the initial level on the growth rate 
(Stoell & Van den Wittenboer, 2003). 

Att the start of education, the relation between ability and self-confidence has 
stilll to be established (see e.g. Skaalvik & Valas, 1999), consequently self-
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confidencee will become more important during elementary education. We can have 
somee doubts abou t the initial level at a time jus t before s t ructured education s tar ts . 
Ass Nicholls (1978) pointed out, it is only at about the age of nine years that almost 
alll children do clearly dist inguish between ability, not in their control, and effort, 
whichh is mainly in their own control. Therefore, further investigation into 
developmentss in the relation between self-confidence, effort, and abilities are 
p lanned. . 

Ass has been established previously in secondary and higher education, a 
decreasee in school investment over the education period is found here from the 
beginningg of elementary education. This confirms our expectation of decreasing 
schooll investment over a school period: decreasing motivation for school, which 
onlyy improves at the end, before a new start in a different tier of education. This 
increasee in motivation at the end h a s been found before (Gottfried, Fleming & 
Gottfried,, 2001). These resul ts suggest that it would be wise to make a school 
sys temm with more rounded periods. These periods in education should be arranged 
inn a way tha t s t uden t s perceive them as a new step in their education again and 
again.. A new step, which will arouse their curiosity, is found to be an important 
s t imulatorr of intrinsic motivation (Malone & Lepper, 1987). 

Althoughh some of individual differences in language development could be 
a t t r ibutedd to differences in intelligence, there remain differences that can be 
a t t r ibutedd to school investment and self-confidence. This confirms the importance 
off reinforcement of motivation and self-confidence. Van der Leij (1985) ha s already 
indicatedd this for pupils with special educational needs, bu t apparently, it may be 
equallyy important for other pupils. Since the development of motivation and self-
confidencee seem to be relatively unrelated, attention needs to be paid to both. One 
possibilityy may be by the u se of more formative instead of summative assessments 
inn schools. 
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Appendixx t o Chapter  3 

Estimatedd covariance matrix and means vector 

1.. self21 
2.. self22 
3.. self41 
4.. self42 
5.. selfól 
6.. self62 
7.. selfBl 
8.. self82 
9.. inv22 
10.. inv21 
ll.inv42 2 
12.. inv41 
13.. inv62 
14,, inv61 
15.inv82 2 
16.. inv81 
17.. Ian2 
18.. Ian4 
19.. Ian6 
20.. Ian8 
21.. Figure 
22.. Excl. 

Means s 

1. . 
.714 4 
.418 8 
.150 0 
.122 2 
.094 4 
.094 4 
.095 5 
.071 1 
.079 9 
.029 9 
.014 4 
.011 1 

-.044 4 
-.029 9 
-.025 5 
-.035 5 
.077 7 
.042 2 
.053 3 
.016 6 
.108 8 
.125 5 

3.87 7 

2. . 

.785 5 

.126 6 

.152 2 

.081 1 

.116 6 

.095 5 

.110 0 

.125 5 

.090 0 

.030 0 

.023 3 
-.027 7 
-.016 6 
-.035 5 
-.008 8 
.055 5 
.010 0 
.075 5 
.037 7 
.113 3 
.058 8 

3.58 8 

3. . 

.584 4 

.372 2 

.117 7 

.099 9 

.120 0 

.071 1 

.003 3 

.027 7 

.077 7 

.067 7 
-.022 2 
.027 7 

-.024 4 
.031 1 
.090 0 
.055 5 
.064 4 
.063 3 
.087 7 
.118 8 

3.81 1 

4. . 

.722 2 

.115 5 

.161 1 

.162 2 

.178 8 

.020 0 

.029 9 

.088 8 

.080 0 
-.006 6 
.030 0 
.017 7 
.061 1 
.082 2 
.041 1 
.064 4 
.035 5 
.073 3 
.133 3 

3.59 9 

5. . 

.601 1 

.420 0 

.121 1 

.138 8 

.028 8 

.038 8 

.037 7 

.074 4 

.086 6 

.118 8 

.039 9 

.077 7 

.078 8 

.068 8 

.109 9 

.113 3 

.230 0 

.174 4 

3.83 3 

6. . 

.777 7 

.186 6 

.254 4 

.036 6 

.056 6 

.059 9 

.093 3 

.116 6 

.129 9 

.065 5 

.092 2 

.074 4 

.090 0 

.124 4 

.125 5 

.236 6 

.206 6 

3.61 1 

7. . 

.734 4 

.505 5 

.063 3 

.081 1 

.032 2 

.078 8 

.035 5 

.086 6 

.141 1 

.155 5 

.051 1 

.109 9 

.149 9 

.190 0 

.320 0 

.296 6 

3.82 2 

8. . 

.881 1 

.074 4 

.069 9 

.054 4 

.095 5 

.052 2 

.078 8 

.140 0 

.156 6 

.022 2 

.096 6 

.120 0 

.150 0 

.247 7 

.265 5 

3.59 9 

9. . 

.926 6 

.578 8 

.240 0 

.281 1 

.237 7 

.261 1 

.205 5 

.228 8 

.170 0 

.161 1 

.224 4 

.212 2 

.446 6 

.425 5 

.358 8 

10. . 

.851 1 

.231 1 

.278 8 

.274 4 

.300 0 

.222 2 

.269 9 

.160 0 

.195 5 

.209 9 

.228 8 

.412 2 

.489 9 

3.62 2 

11. . 

.920 0 

.597 7 

.322 2 

.364 4 

.279 9 

.292 2 

.150 0 

.178 8 

.210 0 

.212 2 

.298 8 

.327 7 

3.53 3 

Estimatedd covariance matrix and means vector continued 

12. . 
13. . 
14. . 
15. . 
16. . 
17. . 
18. . 
19. . 
20. . 
21. . 
22. . 

inv42 2 
inv61 1 
inv62 2 
inv81 1 
inv82 2 
lan2 2 
lan4 4 
Ian6 6 
lan8 8 
Figure e 
Excl. . 

Means s 

12. . 
1.075 5 
.367 7 
.467 7 
.345 5 
.412 2 
.173 3 
.219 9 
.269 9 
.253 3 
.431 1 
.474 4 

3.12 2 

13. . 

1.067 7 
.664 4 
.383 3 
.379 9 
.148 8 
.211 1 
.265 5 
.257 7 
.384 4 
.568 8 

3.44 4 

14. . 

1.088 8 
.400 0 
.491 1 
.140 0 
.210 0 
.284 4 
.293 3 
.501 1 
.568 8 

3.21 1 

15. . 

1.104 4 
.692 2 
.182 2 
.197 7 
.275 5 
.307 7 
.443 3 
.486 6 

3.45 5 

16. . 

1.078 8 
.148 8 
.174 4 
.310 0 
.316 6 
.506 6 
.557 7 

3.25 5 

17. . 

1.221 1 
.563 3 
.553 3 
.537 7 
.539 9 
.747 7 

32.43 3 

18. . 

1.511 1 
.757 7 
.695 5 
.722 2 
.862 2 

34.71 1 

19. . 

1.405 5 
.853 3 
.924 4 

1.027 7 

36.02 2 

20. . 

1.320 0 
.865 5 
.920 0 

37.25 5 

21. . 

7.518 8 
2.984 4 

14.43 3 

22. . 

6.910 0 

11.67 7 

Note.Note. Care should be taken in replication of the current analyses by means of these 
covariancess and means, since they represent the estimated moments provided by 
MplusMplus as a by-product of the F1ML estimation method. FIML estimation requires 
raww data, which are available upon request from the first author. 

63 3 



64 4 



4 4 

IncludingIncluding time-invariant covariates 
inin  the latent growth curve model 

Withinn the latent growth curve model, time-invariant covariates are generally 
modeledd on the subject level, thereby estimating the effect of the covariate on the 
latentt growth parameters. Incorporating the time-invariant covariate in this manner 
mayy have some advantages regarding the interpretation of the effect, but may also be 
incorrectt in certain instances. In this chapter we will discuss a more general 
approachh for modeling time-invariant covariates in latent growth curve models, in 
whichh the observed indicators are directly regressed on the covariate. The approach 
cann be used on its own, to get estimates of the growth curves corrected for the 
influencee of a third variable; or it can be used to test the appropriateness of the 
standardd way of modeling the time-invariant covariates. It thus provides a test of the 
assumptionn that the relation between the covariate and the observed indicators is 
fullyy mediated by the growth parameters. 

4.11 Introductio n 

Sincee it's introduction in structural equation modeling (SEM) by McArdle (1986; 
1988)) and Meredith and Tisak (1984, 1990), latent growth curve (LGC) modeling 
hass seen an increasing number of applications in social and behavioral sciences. 
Also,, much literature has been written about the technical development of the LGC 
modell and its application to substantive research questions (e.g. Duncan, Duncan, 

144 The corresponding reference is: Stoel, R.D., van den Wittenboer, G. & Hox, J.J . (2003b). Including 
time-invarianttime-invariant covariates in the latent growth curve model. To appear in Structural Equation Modeling. 
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Strycker,, Lee & Alpert, 1999; Hox, 2002; McArdle & Bell, 2000; Muthén & Khoo, 
1998;; Willett & Sayer, 1994). One of the purposes of LGC modeling is to relate 
growthh parameters to individual characteristics, background and environmental 
factors,, in order to detect systematic inter-individual differences in the individual 
growthh curves. The way these time-invariant covariates, or individual-level 
predictors,, are generally taken into account is by modeling them on the subject 
level.. A direct effect of the covariate is specified on the parameters describing the 
growthh curve (i.e. (initial) level and shape), and one can investigate if the covariate 
explainss part of the inter-individual differences in the growth curves. 

AA disadvantage of modeling time-invariant covariates in this manner is that it 
iss based on the assumpt ion that the relation between the covariate and the 
observedd indicators is fully mediated by the growth parameters . We refer to this 
a s sumpt ionn a s the assumption of full mediation. That is, it is assumed that the 
directt effect of the t ime-invariant covariate on each of the indicators is equal to zero. 
Thee model with this assumpt ion relaxed (i.e. both types of effects specified) is not 
identified.. Consequently, if there are direct effects of the time-invariant covariate on 
thee indicators in the population, the s tandard way of modeling these covariates will 
nott be correct. Est imating the standard model in such si tuations leads to biased 
es t imatess of the growth parameters, and erroneously high values of the f} test of 
modell fit. In this chapter we will discuss an alternative approach for modeling time-
invariantt covariates in LGC analysis tha t has not received much attention in the 
l i terature.. Moreover, we will show that the s tandard way of modeling time-invariant 
covariatess const i tutes a special case of this approach. 

4 .22 A l a t e nt g r o w t h cu rv e model w i t h t ime - i nva r i an t cova r i a t es 

Inn general, t ime-invariant covariates a re modeled on the subject, or factor level of 
thee LGC model (e.g. Willett & Sayer, 1994), as presented in the Equations 4.1 to 4.3 
off Model 1 

yytiti = a, + M tjoi + hi Hu + £it (4A) 

HoiHoi = H> + fa z> + Co, (4.2) 

rjurju  = vi + /?, zt + fa (4-3) 

inn which z, represents the time-invariant covariate. It is used here as a predictor of 
thee latent level factor, TJOU and latent shape factor, 771,, with regression parameters of 
respectively,, /5b and fli . The parameters vu and v\ represent the means of respectively 
thee latent level and latent shape factor; XQ is the basis function for the level factor. 
Sincee in the general LGC model all its coefficients are equal to 1, it can be removed 
fromm the equation without loss of generality. The basis function for the shape factor, 
An,An, represents scores related to time (e.g. measurement occasion or age), and may 
bee fixed, or partially est imated to represent nonlinear growth; fa and fa are the 
res iduall deviations from the latent level and shape factor. The intercepts of the 
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indicatorss are represented by at. Since this model consists of ju s t one indicator per 
timee point at will be equal to zero. A linear variant of Model 1 is represented as a 
pathh diagram in Figure 1, for four measurement occasions, implying tha t ht equals 
[0,, 1, 2, 3]. We refer to the references mentioned in the introduction of this chapter 
forr a detailed explanation of the LGC model. 

Modell 1, which we entitle the growth predictor model, presents the s tandard 
approachh to the modeling of time-invariant covariates in LGC modeling, as well a s 
inn multilevel regression (MLR) analysis (Bryk & Raudenbush , 1987, 1992; 
Goldstein,, 1987, 1995). An advantage of Model 1 is tha t the effect of the covariate 
onn the growth parameters can be inferred directly, and that the proportion of 
variancee of the latent growth parameters explained by the covariate is produced by 
thee software, or it can be computed easily by hand. This is an attractive property of 
thee growth predictor model because it corresponds to the s tandard practice of 
currentt statistical modeling as well as to the theoretical interest of many 
researchers .. Often, our theories focus on factors to explain growth and the 
interindividuall variability in growth, and not in a description of latent growth curves 
perr se. Modeling the effect of time-invariant covariate on the latent level is a logical 
extensionn of the LGC model from such perspective. 

FigureFigure 4.1: Growth predictor growth curve model (time-invariant 
covariatee modeled on the latent level). 

JVbte.Latentt factor intercepts are conceptualized as regression 
onn a constant equal to one (See Hancock, Kuo & Lawrence, 
2001).. The curved double-headed arrow represents the 
correlationn between the latent factors. 

However,, as noted above, modeling a time-invariant covariate with direct 
effectss on the parameters describing the growth curve amoun t s to a very restricted 
model.. This model makes the assumption of full mediation. That is, it is assumed 
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t ha tt the direct effects of the covariate on the residual variances of the indicators is 
equall to zero. Although the covariate is invariant over time the effect of the covariate 
onn the each of the indicators does not necessarily need to follow the pat tern forced 
byy the basis function of the growth model. In other words, if the latent growth 
parameterss do not fully mediate the effect of the time-invariant covariate on the 
indicators,, the covariate can be related to some of the residual variances of the 
indicators.. If this is the case, Model 1 constitutes a misspecified model since the 
directt effects of the covariate on the indicator variables are not specified. In an 
extremee case it might even be tha t the latent growth parameters do not mediate the 
effectt of the covariate at all. In tha t case, the covariate may have a direct effect only 
onn the indicators at some, bu t not all, of the time points. Such differential effects 
cannott be incorporated in Model 1 since the effect of z, is modeled on the latent 
level.. Estimating Model 1 when the effect of the covariate does not follow the pat tern 
forcedd by the basis function will lead to biased estimates of some of the model 
pa ramete rss and goodness of fit measures , or it will cause convergence problems. 

Thee growth predictor model is not the only way a time-invariant covariate can 
bee integrated in an LGC model. Time-invariant covariates can also be modeled with 
directt effects on the indicators at each occasion a s presented by Equations 4.4 to 
4.66 of Model 2, and Figure 4.2: 

yuyu = a,+ rjoi + Xh TJU + ytz, + e„  (4.4) 

mm = vo + &  (4.5) 

TJMTJM = v\ + £u (4.6) 

wheree yt (having a time specific subscript t) represents the effects of zt on each of the 
tt indicators. Assuming tha t a t least one of the yt's is significant, estimating the 
modell of Equat ions 4.4 to 4.6 implies that the growth parameters are estimated, 
afterr the effect of the time-invariant covariate has been controlled for, or partialled 
out.. To pu t it in other words, in Model 2, which shall be entitled as the direct effect 
model,, the growth curve will be estimated after being corrected for the effects of the 
t ime-invariantt covariate15. In addition, where in the growth predictor model the 
covariatee could only account for the variances of the latent level and shape factor, 
respectivelyy ^oo and y/w, it can now also account for the residual variance, en, at 
eachh occasion. This may be important because if a relation of this type is present 
betweenn a time-invariant covariate and the residual variances, but it is not 
modeled,, it might lead to an unfair rejection of the model. 

155 Compare this to controlling for the effect of a covariate as defined in Analysis of Covariance 
(ANCOVA;; cf. Rovine & Molenaar, 2001) 
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FigureFigure 4.2: Direct effect growth curve model (time-invariant covariate modeled 
directlyy on the observed indicators). 

4.33 The relationship between the growth predictor  and the direct effect 
model l 

Althoughh it may not be obvious at first sight, it will be shown in the Appendix 4.1 to 
thiss chapter that the growth predictor model (Model 1) consti tutes a special case of 
thee direct effect model depicted in Model 2. Extra restrictions pu t on the direct 
effectt model lead to the growth predictor model, so that the growth predictor model 
iss nested within the direct effect model. The restrictions imposed on the direct effect 
modell by assuming that the covariate ha s an effect on the latent factor can 
thereforee be tested explicitly us ing a likelihood ratio test. 

Whilee the direct effect model will give unbiased est imates of the growth 
parameters ,, computation of both the effect of the time-invariant covariate on the 
growthh parameters and the variance explained is more problematic since it may be 
confoundedd with the direct effects on the indicators. Here, a distinction mus t be 
madee between two cases, (1) the likelihood ratio test to test the more restricted 
growthh predictor model against the model of Equations 2 is not significant (i.e. the 
assumptionn of full mediation holds), and (2) the likelihood ratio test is significant 
(i.e.. violation of the assumption of full mediation). 

Thee first case poses no special problems. The restrictions imposed by the 
modell can be accepted and the effects of the covariate on the latent growth 
parameterss can be interpreted, as well as their explained variance. In the second 
case,, tha t is, if the likelihood ratio test rejects the more restricted growth predictor, 
thee assumption of full mediation is violated and the model needs to be estimated 
usingg the direct effect model. If there exists an effect of the covariate on the latent 
growthh parameters it will now be confounded with the direct effects, yt', of the 
covariatee on the indicators. Given the basis function, Au, for the growth rate factor, 
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thee est imated effect, yt„  of the covariate on the observed indicator at occasion t, will 

be: : 

rrfarrfa  + Aufr + r*  (4-7) 

Equat ionn 4.7 shows tha t the effect of the covariate on the indicator at time t now 
consis tss of three par t s . One par t is due to the effect of the covariate on the latent 
levell factor, the second part is due to the effect on the latent growth rate factor, and 
thee third par t is the direct effect of the covariate on occasion t 

Subst i tu t ingg Equation 4.7 into the direct effect model gives Model 3, 

yuyu = a, + //o, + Ai, rju + y*zt + sit (4.8) 

TJOiTJOi =  K> + fit Z> + fa (4.9) 

t]u=t]u=  W+fazi + tu (4.10) 

whichh can be regarded as a combination of Model 1 and 2. Model 3 is not identified 
withoutt additional const ra in ts , and cannot be estimated as such. Thus, the time-
invariantt covariate ha s to be treated as a t rue covariate, in the sense that no 
inferencess are made about its predictive value for the latent growth parameters . 

Attractivee solutions might be to estimate the growth predictor model, and t hu s 
constra inn all yi pa ramete rs to zero, or to estimate the model us ing the direct effect 
modell and to compute the explained variance by hand (e.g. Willett 8B Sayer, 1994). 
However,, as will be illustrated in the next section, both solutions might lead to 
biasedd es t imates of the respective explained variances since both solutions utilize 
informationn from misspecified models. 

4 .44 E x a m p le 

Inn this section an illustration is given of the approach to model the effect of time-
invariantt covariates directly on the observed variables (Model 2: the direct effect 
model).. The approach is compared to the traditional way of modeling the effect of 
thee t ime-invariant covariate on the latent variables (Model 1: the growth predictor 
model).. Two artificial da ta sets are generated with Prelis 2.3 (Jöreskog & Sörbom, 
1999)) consist ing of 300 subjects (i), measured on 4 occasions (yu), and one time-
invariantt covariate (z,). The da ta are generated such tha t they fit perfectly to the 
t ruee model being, (1) a LGC model with effects of covariate on the latent level and 
shapee factor, and (2) a LGC model with effects of the covariate on the observed 
variabless of first two occasions. Subsequently, these da ta sets are analyzed twice 
us ingg models corresponding to Model 1 and 2. Thus , a total of 4 models are 
analyzedd and the resul t s are compared pairwise. The data analyses are performed 
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usingg the maximum likelihood estimation procedure of LISREL 8.51 (Joreskog & 
Sörbom,, 2002). We refer to Appendix 4.2 and 4.3 at the end of this chapter for the 
correspondingg covariance matrices and mean vectors. Tables 4.1 and 4.2 present y} 
goodness-of-fitt measures and parameter est imates. The second column of Table 4.1 
andd 4.2 presents the population values of the t rue model according to which the 
da taa have been generated. 

Tablee 4.1 presents the case in which the da ta have been generated with the 
effectt of the covariate on the latent level. It can be seen that , as expected, the 
estimatess of the parameters of the t rue model (Model la) match perfectly with the 
populationn parameters . This model fits perfectly to the data [x2{7) = .00; p=1.00]. 
However,, the model with the covariate modeled directly on the observed variables 
(Modell 2a) also provides a perfect fit to the data, be it with two degrees of freedom 
lesss [x2(5) = .00; p=1.00]. As a result, estimates of the growth parameters and test 
statisticss are the same. Furthermore, it can be seen tha t the effect of the covariate 
onn the observed variables increases over time from /\=1 to /4=4. This is in 
correspondencee with the pat tern forced by the basis function for the level factor, [ 1, 
1,, 1, 1], and the shape factor [0, 1, 2, 3]. The likelihood ratio test [x2(7-5) = .00; 
p=1.00]] does not lead to a rejection of the more restricted Model l a , which is in fact 
thee t rue model. 

TableTable 4.1: Analysis of the data generated with an effect of the 
covariatee on the latent variable. Model l a represents the t rue 
model. . 
Parameter r 

Fixedpart Fixedpart 
Vo o 
V l l 

bo bo 
bx bx 
ft ft 
n n 
n n 
n n 

RandomRandom part 
OO e1 

^0 0 0 

V\\ V\\ 

m m 
x2 2 

Population n 
value e 

10 0 
2 2 
1 1 
1 1 
0 0 
0 0 
0 0 
0 0 

.25 5 

.81 1 

.64 4 
0 0 

Modell la 

10.00(174.4) ) 
2.00(41.7) ) 
1.00(17.4) ) 
1.00(20.8) ) 

.25// .25/ .24/ .24 
.811 (9.7) 

.64(11.3) ) 
.000 (.0) 

X
2(7)) = .00; 

p=1.00 0 

Modee 12a 

10.00(174.4) ) 
2.00(41.7) ) 

1.00(16.8) ) 
2.000 (26.5) 
3.000 (27.3) 
4.000 (26.5) 

.25// .25/ .24/ .24 
.811 (9.7) 

.64(11.3) ) 
.000 (.0) 

X2(5)) = .00; 
p=1.00 0 

Note.Note. Test statistics (Est./s.e.) are given in parentheses . 
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TableTable 4.2: Analysis of the da ta generated with an effect of the covariate 
onn the observed variables at the first two occasions. Model 2b represents 
thee t rue model. 

Parameter r 

Fixedpart Fixedpart 

vo o 
Vl l 

A> > 
Pi Pi 
7\ 7\ 

n n 
ft ft 
ft ft 

RandomRandom part 

Vet Vet 

^ 0 0 0 

V\\ V\\ 

m m 

xx2 2 

Population n 
value e 

10 0 
2 2 
0 0 
0 0 
.5 5 
.5 5 
0 0 
0 0 

.25 5 

.81 1 

.64 4 
0 0 

Modell lb 

10.00(155.5) ) 
2.000 (40.7) 

.544 (9.4) 
-.199 (-4.0) 

.24/ .29/ .31/ .. 18 
.811 (9.6) 

.65(11.3) ) 
-.000 (-.1) 

X2(7)) = 55.35; 
p=.00 0 

Modell 2b 

10.00(174.3) ) 
2.00(41.7) ) 

.55 (8.4) 

.55 (6.6) 

.000 (.0) 

.000 (.0) 

.25// .25/ .25/ .25 
.811 (9.6) 

.64(11.2) ) 
-.000 (-.0) 

X2(5)) = -00; 
p=1.00 0 

Note.Note. Test statist ics {Est./s.e.) are given in parentheses 

Thee important message from Table 4.1 is tha t both models can recover the 
populat ionn parameters when the covariate ha s an effect that is in correspondence 
withh the pat tern forced by the basis functions for the level and shape factors. For 
r ea sonss of parsimony and ease of interpretation, modeling the covariate on the 
la tentt variable might be preferred in this situation, as discussed before. 

Inn some si tuat ions the two models do not lead to the same parameter estimates 
andd model fit. Table 4.2 presents the case in which the covariate ha s an effect on 
j u s tt the first two occasions. Although this might be considered an extreme case that 
doess not occur in reality, it represents a clear violation of the assumpt ion of full 
mediation,, and it i l lustrates the possibilities of the model proposed here. 

Modell 2b, which is the true model, perfectly recovers the population 
parameterss of both the growth parameters and the effects of the covariate. Model 
l b ,, however, does provide correct estimates of the means , variances, and covariance 
off t he latent level and shape factors, bu t the estimated effects of the covariate are 
nott correct. According to Model l b , the time-invariant covariate explains 
respectivelyy 27% and 5% of the intercept and slope factors, in spite of the zero effect 
off the time-invariant covariate on the latent growth parameters in the population. 
Thee other way around, the effects of the covariate on the observed variables, given 
thee bas i s function for the level and shape factor of Model l b are computed by hand 
a s ,, respectively, y\=.54, y2=.35, y$=. 16, and ^=-.03. These effects are, as could be 
expected,, also unequa l to the population parameters according to which the da ta 
havee been generated. In addition the fit of the model is bad [%2(7) = 55.35; p=.00]. As 
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aa consequence, the likelihood ratio test [x2(7-5) = 55.35; p=.00] leads to a rejection 
off Model lb in favor of Model 2b. A comparison of the variances of the growth 
parameterss of Model 2b with the estimates of a LGC model without the time-
invariantt covariate as presented in Table 4.3 (Model 4}, to compute the explained 
variance,, gives similar results as above. Though in the population the effect of the 
covariatee on the growth parameters is equal to zero this comparison gives, 
respectively,, 28% en 7% explained variance for the intercept and growth 
parameters. . 

TableTable 4.3: Analysis of the same data as Table 
4.2.. Model 4 represents a LGC model without 
thee time-invariant covariate. 
Parameter r 

FixedFixed part 
Vo o 

Vi i 

flo flo 
fix fix 
n n 
ft ft 
ft ft 
n n 

RandomRandom part 
oo st 

Vbo o 
y/u y/u 
y/Q\ y/Q\ 

x2 2 

Population n 
value e 

10 0 
2 2 
0 0 
0 0 
.5 5 
.5 5 
0 0 
0 0 

.25 5 

.81 1 

.64 4 
0 0 

Modell 4 

9.99(153.4) ) 
2.000 (40.7) 

.17/.33/.31/.16 6 
1.13(10.3) ) 
.69(11.5) ) 
-.122 (-2.1) 

X2(5)) = 8.46; 
p=.13 3 

Note.Note. Test statistics (Est./s.e.) are given in parentheses. 

4.55 Discussion 

Thiss chapter discusses ways to model the effect of time-invariant covariates in LGC 
modeling,, and introduces the assumption of full mediation. The standard way of 
modelingg the time-invariant covariates (i.e. with an effect on the latent growth 
parameters)) has some attractive properties, but may not always be appropriate. It is 
suggestedd that a less restrictive model with a direct effect of the covariate on the 
indicatorss could be a good alternative in such instances. Comparable models have 
alreadyy been proposed in SEM in a different context. For instance, in the context of 
researchh on method variance, it has been attempted to measure the variables 
associatedd with method effects, and to regress the other (substantive) indicators 
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directlyy on this latent method factor (Williams & Anderson, 1994). In the a rea of 
LGCC modeling this approach has received, however, no attention. 

Basically,, the difference between the two approaches lies in the (implicit) 
definitionn of the third variable (the time-invariant covariate), and in the substantive 
goall of the LGC analysis. In models where the indicators are directly regressed on 
thee thi rd variable, it should be regarded as a t rue covariate. The main interest is 
heree in est imates of the LGC model corrected for nuisance, and the growth curves 
aree est imated corrected for the influence of the covariate. No special attention is 
givenn to the effect of the covariate; it is j u s t used to get an unbiased estimate of the 
LGCC model. 

Thiss si tuation is different, however, in the model where the effect of the third 
variablee is modeled on the latent growth parameters . In this model the third variable 
iss u sed as a predictor of the growth parameters , and the substantive interest is in 
bo thh the LGC model as well as the prediction by the third variable. In other words, 
thee third variable is given an additional interpretation in this model. Besides the 
factt tha t the variable ha s covariation with the indicators, it is also regarded a s 
havingg predictive value for the growth curves. This has also been illustrated in 
Sectionn 4 of this chapter: while Model 1 represents the true model (third variable as 
predictor),, Model 2 also provided a good fit to the data . In summary, predictive value 
off a variable for the latent variables in a model implies covariation of this variable 
withh the indicators; on the other hand covariation does not imply predictive value. 

Thee model advocated here has not received much attention in LGC modeling. 
Neitherr has it in the similar area of longitudinal multilevel analysis, where the 
implicationss are equivalent. However, the idea of regressing a covariate directly on 
thee observed indicators is not completely new, but as noted by Rovine & Molenaar 
(2001),, implicit in any s tandard ANCOVA. Moreover, Rovine and Molenaar (p. 90) 
s ta tee that : "To include a covariate in fitting the SEM variants of multilevel models 
onee mus t regress out the covariate not at the latent-variable level but at the level of 
thee measu remen t model". A plausible explanation why this has not been picked u p 
inn practice might be tha t most theories explicitly posit predictive characteristics to 
thirdd variables, leading credibly to the s tandard way of modeling the covariate as a 
predictorr of the latent growth parameters. As we have shown, however, the s tandard 
approachh (i.e. the growth predictor model) may be incorrect in certain instances, 
whilee the advocated model performs well. Furthermore, it is shown that the 
plausibilityy of the s tandard model can be investigated by comparing it directly to the 
modell with direct effects on the indicators us ing a likelihood ratio test, and t hu s 
providingg a test for the assumption tha t the effect of the covariate is fully mediated 
byy the growth parameters . 
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Appendixx 4.1 

Onn the following pages it is shown tha t the growth predictor model (Model 1) can be 
consideredd a special case of the direct effect model (Model 2). For the ease of 
presentationn it is a s sumed tha t the means of the latent variables are equal to zero. 
Too keep the presentat ion in line with the previously discussed models we will focus 
noww on a linear growth model with 4 time points. However, generalizations to LGC 
modelss with a different number of time points are straightforward. 

Inn the exposition below the time-invariant covariate, Zi, is treated as a perfectly 
measuredd ^-variable, making it possible to specify the model entirely in the so-
calledd Lisrel 'all-y' model. To compare these models we will first express Model 1 
(thee growth predictor model) and Model 2 (the direct effect model) in matrices. 
Inn the case of 4 time points Model 1 can be written in matrices as follows 

~y\ ~y\ 

yi yi 

^ ^ 
^ 4 4 

_y$_ _y$_ 

= = 

"11 0 o" 
11 1 0 
11 2 0 
11 3 0 
00 0 1 

7o o 
7. . 

_?2, , 

+ + 

V V 
££2 2 

££1 1 

££4 4 

0 0 

(4.11) ) 

where, , 

00 0 fi0 

00 0 /?, 
00 0 0 

nn0 0 

nx nx 
nn2 2 

+ + 
Co Co 

Ci Ci 

Ï2 Ï2 

= = 

<r2 2 

/ ^ 2 + £ £ (4.12) ) 

Combiningg 4.11 and 4.12 gives, 

M M 
yy2 2 

yi yi 

yy4 4 

Js. Js. 

= = 

'i'i  0 0" 
11 1 0 
11 2 0 
11 3 0 

00 0 1 

fioCi+Co' fioCi+Co' 

fit^+Ci fit^+Ci 

£2£2 , 

+ + 

V V 
££2 2 

£3 3 

f 4 4 

0 0 

= = 

'C'C00+0-£+0-£]+]+ (/3(/300+0-/?X2+£> +0-/?X2+£> 

^0+3-C l+ (A+3 'AK2+^4 4 

c 2 2 

(4.13) ) 
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Inn matrices, the Model 2 is represented by 

yy2 2 

y* y* 

yy4 4 

yy5 5 

ll  o Y; 

11 1 Ï2 

ii 2 n 

11 3 yA 

00 0 1 

7o o 

7i i 

_?2_ _ 

+ + 

V V 
^ 2 2 

^ 3 3 

^ 4 4 

0 0 

(4.14) ) 

where, , 

% % 

1 1 

Jll-Jll-

= = 

\Co] \Co] 
£ £ 
kJ J 

(4.15) ) 

Combiningg 4.15 and 4.16 gives, 

>*! ! 

-V2 2 

^ 3 3 

-V4 4 

,ys. ,ys. 

--

11 0 / , 

ii  i r 2 

11 2 y3 

11 3 / 4 

00 0 1 

Co Co 
Ci Ci 

U*\ U*\ 
+ + 

* i i 

^ 2 2 

f 3 3 

^ 4 4 

0 0 

= = 

Co+0<.. + ^ 2 + ^ 

^ 0 + l < l + ^ 2 + ^ 2 2 

^ 0 + 2 - ^ + ^ 2 + ^ ^ 

^ 0 + 3 < , + ^ 2 + ^ 4 4 

LL  Ï2 

(4.16) ) 

Implyingg that Model 2 is identical to Model 1 if the following restrictions are 
imposed: : 

Y33 = 2y2 - yi 

y44 = 3y2 - 2yi 

(4.17) ) 

(4.18) ) 

Followingg the conditions for nesting (e.g. Bollen, 1989, p.291), it can be 
concludedd tha t Model 1 is nested within Model 2. In other words, if Model 1 
representss the t rue model, then Model 2 will give identical parameter estimates if 
Restrictionn 4.18 and 4.19 are imposed. In addition, if Model 1 represents the true 
model,, the effect of the covariate on respectively the level and shape factor is 
representedd by: 

Poo = yi 

Pii = Y2 - yi 

(4.19) ) 

(4.20) ) 
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Appendixx 4.2 

Covariancee matrix and means vector of the data generated with an 
effectt of the covariate on the latent variable 

zz y, yj yj y_4 means 
0 0 

10 0 

12 2 

14 4 

22.7577 16 

z z 

y< < 

yi yi 

yy yy 

Vi i 

.997 7 

.998 8 

1.995 5 

2.995 5 

3.990 0 

2.057 7 

2.805 5 

3.804 4 

4.801 1 

5.681 1 

8.069 9 

10.701 1 

12.585 5 

16.612 2 

Appendixx 4.3 

Covariancee matrix and means vector of the data generated with an 
effectt of the covariate on the observed variables at the first two 
occasions s 

zz Ï1 Yl Ï2 Ï*  means 

0 0 

10 0 

12 2 

14 4 

6.8044 16 

z z 

yi i 

y2 2 

ys s 

ys s 

.996 6 

.499 9 

.499 9 

.000 0 

.000 0 

1.309 9 

1.059 9 

.811 1 

.810 0 

1.944 4 

2.084 4 

2.722 2 

3.610 0 

4.640 0 
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5 5 

MethodologicalMethodological issues in the 
ApplicationApplication of the latent growth 

curvecurve model 

Thiss chapter focuses on two issues in latent growth curve analysis. The first issue 
concernss the latent growth curve model with some elements of the basis function 
estimatedd to account for nonlinearity in the growth curves. Besides a detailed 
explanationn of this approach, an illustration is given of the apparent differences of 
parameterss and their test statistics as a consequence of changes in the scaling of the 
basiss function. These differences can be solved however by applying the two-stage 
approachh of Jöreskog and Sörbom (1988). The second part of the chapter argues 
againstt an unsophisticated use of partial measurement invariance in latent growth 
curvee analysis. It is illustrated that model fit and parameter estimates may change if 
aa different reference indicator is used for scaling the latent variable structure under 
partiall measurement invariance. 

5.11 Introductio n 

Latentt growth curve analysis (McArdle, 1986, 1988; Meredith & Tisak, 1990; Willett 
855 Sayer, 1994) is well suited to analyze systematic change in longitudinal data 
collectedd from a panel design. It represents outcome variables explicitly as a 
functionn of time and other measures. Specifically, latent growth curve analysis is a 

166 A shortened version of this chapter will appear as: Stoel, R.D., van den Wittenboer, G. & Hox, J.J. 
(2003c).. Methodological issues in the application of the latent growth curve model. To appear in K. van 
Montfort,, H. Oud, and A. Satorra (Eds.). Recent developments in structural equation modeling: Theory 
andand applications. Amsterdam: Kluwer Academic Press 
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statisticall technique to est imate the parameters that represent the growth curves 
tha tt are a s sumed to have given rise to the s t ruc ture of the repeatedly measured 
outcomee variable over time. Growth curve analysis can be applied j u s t to get a 
(unconditional)) description of the mean growth over a certain period of time. 
However,, the emphas i s of this technique lies in explanation of differences between 
subjectss in the parameters describing the growth curves; in other words, in the 
systematicc inter-individual differences in intra-individual change. 

Ass a special case of the general s t ructura l equation model, the latent growth 
curvee model can benefit from the advantages of s t ructura l equation modeling 
approach.. As such, the latent growth curve model can be extended in several ways. 
Twoo of such extensions have been proven to be of special value: (1) fixed factor 
loadingss can be est imated to account for nonlinear growth, and (2) the factorial 
s t ruc tu ree of the repeatedly measured variable can be incorporated explicitly in the 
latentt growth curve model (see for instance McArdle, 1988; McArdle & Hamagami, 
1996;; Hancock, Kuo & Lawrence, 2001). This chapter provides a demonstration of 
thesee two extensions, together with a discussion and clarification of two 
methodologicall i ssues that may hinder the interpretation of the results of these 
extendedd latent growth curve models. Both issues are related scaling problems 
concerningg the latent variable structure, and will be introduced in the next 
pa ragraphs . . 

Regardingg the first issue, the linear latent growth curve model is often too 
restrictedd to fit the data . A possible way out of this type of situation is to include 
onee or more higher-order polynomial te rms into the growth model to account for the 
nonlinearr growth or development present in the data or theory, for instance, via a 
quadra t icc or cubic term in a polynomial growth curve model. An alternative 
approachh to the inclusion of higher-order polynomial terms is the "latent basis" 
approach,, originating from the work of Rao (1958) and Tucker (1958), and 
introducedd in SEM by McArdle (1986) and Meredith and Tisak (1990). In contrast to 
higher-orderr polynomial growth curve models, in which all coefficients of the basis 
functionss (i.e. the factor loadings) are fixed to known values, the "latent basis" 
approachh describes nonlinearity in the growth curves by estimating the basis 
functionn coefficients for the growth factor, instead of including higher-order 
polynomials.. While this model presents a challenging and elegant way of modeling 
growth,, it contains some inherent pitfalls, which are only partially known in the 
l i terature.. The problems are recognized in common factor modeling. It is important 
too recognize these problems also in latent growth curve modeling, for they may play 
ann essential role. The pitfalls concern the apparent differences of the growth 
parameterr es t imates and of the standard errors due to the scaling of the latent 
growthh factor. De Pijper and Saris (1982) reported already, for the general 
confirmatoryy factor model, tha t s tandard errors might change as the model 
incorporatess a different scaling of the latent variable s t ructure . The differences in 
thesee statist ics can be so large that on the same da ta one set of restrictions can 
leadd to the conclusions tha t a correlation between two factors is not significantly 
differentt from zero, while another se t of restrictions can lead to the opposite 
conclusionn (de Pijper and Saris, p. 182; cf. Mellenbergh, Kelderman, Stijlen & 
Zondag,, 1979; Saris, 1978). The aim of this part of the chapter is to clarify by 
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demonstrat ionn tha t this scaling issue is also present in the latent growth curve 
modell since it can be regarded a s a special case of the general common factor 
model1.. It is illustrated that s tandard errors and test statistics (i.e. the Wald 
statistic)) of some of the parameters of the latent growth curve model change as a 
consequencee of a different scaling of the basis function of growth rate. Furthermore, 
regardingg this scaling issue, the question is explored whether a two-stage approach 
(cf.. Jöreskog & Sörbom, 1988) can overcome these differences. This is important 
becausee the Wald statistic is used to test model parameters in many tutorials and 
applicationss of the latent growth curve model. 

Thee second issue this chapter addresses concerns the fact that often the same 
sett of indicators is assessed at each measurement occasion of a longitudinal study. 
AA possible approach to such multiple indicators is to create summated scale-scores 
att each time point for each individual, also known as 'item partialling'. 
Subsequently,, a growth model, or some other type of longitudinal model (e.g. an 
autoregressivee model), may be built for this new variable. Although item partialling 
appearss a na tura l way to deal with multiple indicators, it has some important 
drawbackss (Bandalos, 2002; Hall, Snell & Foust, 1999). It may lead to biased 
est imatess of the model parameters if the indicators within each measurement 
occasionn violate the assumpt ion of unidimensionality (Bandalos, 2002). In addition, 
itemm partialling will not yield as stringent a test of s t ructural equation models 
becausee the reduction of data points relative to the original items may be too 
influentiall (Bandalos, 2002). 

AA better approach to multiple indicators may be to model them, explicitly, as 
indicatorss of a latent construct or factor at each measurement occasion. A growth 
modell may be constructed then to explain the variance and covariance among the 
first-orderr latent factors. This approach ha s been termed second-order growth 
modelingg by Hancock, Kuo and Lawrence (2001) in contrast to first-order growth 
modelingg on the observed indicators. Different names for the same model are 
'curve-of-factorss model' (McArdle, 1988), and 'multiple indicator latent growth 
model '' (Chan, 1998). We refer to Hancock et al. (2001) for a recent illustration of 
thiss approach. Modeling multiple indicators in a longitudinal setting requires a test 
onn the s t ructure of the measurements , i.e. a test of measurement invariance. 
Complicationss concerning the test of measurement invariance will be highlighted, 
moree specific, it will be demonstrated that the choice of a specific indicator as 
referencee for the scaling of the latent variable may influence the fit of the latent 
growthh curve model as well as the parameter est imates. Measurement invariance 
hass been the topic of discussion and investigation before, see for instance (Bechger, 
1997;; Byrne, Shavelson & Muthen, 1989; Dolan & Molenaar, 1994; Horn & 
McArdle,, 1992; McArdle & Cattell, 1994; Meredith, 1964; 1993). 

Thee topics to be discussed concern a relatively advanced use of latent growth 
curvee modeling. A detailed enunciation of latent growth curve modeling is, 
therefore,, beyond the scope of this chapter . Good introductions are provided by 
Willettt and Sayer (1994), Stoolmiller (1995), MacCallum, Kim, Malarkey 8B Kiecolt-
Glaserr (1997), McArdle & Epstein (1987), Muthén and Khoo (1998) and Duncan, 
Duncan,, Strycker, Li and Alpert (1999). In the next section the latent growth curve 

81 1 



modell with an est imated basis function will be discussed; Section 3 will be devoted 
too the issue of measurement in variance in second-order latent growth curve models. 

5.22 T h e l a t e nt g r o w t h cu rv e m o d el w i t h an e s t i m a t ed b a s is f u n c t i o n 

Considerr the simple latent growth curve model in Equation 5.1 for an outcome yu of 
individuall i at time point t 

y,iy,i = TJoi + In bt + £n 
rjotrjot  = v 0+ £w (5.1) 
rjnrjn  = vi + £,-

wheree rjoi  represents the (initial) level factor, and rju represents the growth rate 
factor,, while the basis function for the growth rate factor, bt, represents an 
elementaryy function of time (e.g. measurement occasion or age), and en is a time-
specificc residual; vti and <£>; , and v\ and £u are the mean and deviation of 
respectivelyy the level factor and the growth rate factor. The variances and 
covariancee of the level and growth factor are respectively I/AM, y/n, and yoi-
Conceptually,, growth of the individuals in the population is characterized by growth 
curvess in which the growth parameters (level and growth rate) may vary. Equation 
5.11 provides a general form of the latent growth model that can be used to describe 
nonl inearr growth. 

Althoughh the unobserved growth rate score is an individual characteristic 
whichh remains the same across time, t he observed impact of this growth rate score 
changess as a function of time bt (McArdle & Hamagami, 1992). To represent linear 
growth,, the coefficients in the basis function for the growth rate factor (Meredith & 
Tisak,, 1990, p . 108), bt of Equation 5.1, are fixed to specific values; for instance, to 
valuess corresponding to the measurement occasion (e.g. bt=  [0, 1, 2, 3]) or some 
relatedd scaling. With a fixed basis function, the level and growth rate factors have a 
straightforwardd interpretation: the level factor represents the s ta tus a t the time 
pointt defined a s zero, and the growth rate factor represents the amount of change 
perr t ime unit . Often, j u s t the first measurement occasion is defined as the zero time 
point,, and is loosely phrased by many au tho r s as the 'initial s t a tus ' (but see Stoel & 
Vann den Wittenboer, 2003). 

Thee nonlinear growth model of McArdle (1986) and Meredith and Tisak (1990) 
iss obtained by estimating the values of the basis coefficient in Equation 5.1 (i.e. bt) 
fromm the data. For purposes of identification at least two basis function coefficients 
needd to be fixed, the remaining coefficients are estimated. The basis function 
coefficientss reflect a common factor of individual differences in the pat tern of 
changee over time (McArdle & Hamagami, 1996, p . 109). Muthén and Khoo (1997) 
explainn the estimation of the basis function coefficients as the estimation of the 
timee scores. The essence is captured effectively with the following citation of Garst 
(2000,, p.259): "Statistically, a linear model is still estimated, bu t the nonlinear 

82 2 



interpretationn emerges by relating the estimated time scores to the real time 
frame...Therefore,, a new time frame is estimated and the transformation to the real 
timee frame gives the nonlinear interpretation". In other words, what would be the 
valuee of the time scores (i.e. basis function coefficients) if t rue growth were linear? 
Thus ,, al though the model in Equation 5.1 keeps being linear, it can be given a 
nonlinearr interpretation. 

Too elucidate this in more detail, suppose the following basis function in 
Equationn 5.1, with the first two values fixed: b{= [0, 1, b$, b4]. Assume this basis 
functionn is used to analyze da ta from a t ime-structured design (Bock, 1979) with 
equall spacing of the four occasions of measurement of, say, one year. The level 
factorr still represents the s t a tus at the first measurement occasion since it is 
invariantt to this type of transformations of the basis function. The growth rate 
factor,, however, now represents the (linear) growth between the first and the second 
measurementt occasion. For example, if the time scores are estimated as bt=  [0, 1, 
£>3== 1.5, £>4=1.75], this implies that the growth between the third and second 
occasionn equals 1.5 - 1 = .5 times the growth rate factor; and the growth between 
thee fourth and third occasion equals 1.75 - 1.5 = .25 t imes the growth rate factor. 
Inn other words, the increments of the elements of the basis function decrease. Thus, 
growthh is the strongest between the second and the first occasion, and gets less 
strongg during the subsequent occasions. If t rue growth were linear, then the mean 
scoree reach at the third measurement occasion (t=2), would have been reached at 
t - 1 . 5 . . 

Thee basis function described above, with the first two values fixed, represents 
thee usua l scaling. This scaling is, however, somewhat arbitrary. McArdle & Bell 
(2000)) demonstrate tha t any scaling, with two basis function values fixed, could be 
usedd instead. With a different scaling of the basis function the overall model fit is 
identical,, as well as the estimated mean growth curve. 

Now,, let a different scaling of the basis function be bt'=  [0, hi, i>z, 3] (cf. 
McArdlee & Bell, 2000). Growth is now interpreted in terms of the full period. Since 
thee ratio of btf bt+i remains the same for different scalings of the model with the 
samee da ta (McArdle & Bell), the values of an alternative basis function can be 
computedd easily. Thus , for example, b^/b  ̂ of basis function bt equals b'zfb'wi 
basiss function bt'. This implies tha t the basis function from the previous example, 
bbtt==  [0, 1, bs= 1.5, b4=1.75], corresponds to W= [0, fc- 3*( 1/1.75) =1.71, fc-
3*(1.5/1.75)) =2.57, 3]. In other words, the elements of the basis function are 
multipliedd by a factor 3 /1 .75=1 .71 . Figure 5.1 il lustrates this graphically. From the 
figuree it can be seen tha t both basis functions lead to the same mean growth curve. 

Ass an illustration, the analysis of an empirical da ta set will now be presented. 
Thee data were taken from the Dutch longitudinal PRIMA cohort s tudy (Driessen, 
Vann Langen & Vierke, 2000). The measurements in the present example are from a 
subsample,, presenting the complete data of 679 children on four consecutive 
measuress of children's academic motivation measured with two indicators (xt and 
yytt).). The covariance matrix and mean vector are given in Table 5 .1 . In this section 
onlyy the measures of xt are used; s imultaneous analysis of both xt and yt will be the 
topicc of the next section. The goal of these example analyses is to clarify by 
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demonst ra t ionn the problem of arbitrariness of the basis function's scaling, and to 
i l lustratee the consequences for the parameter estimates and model fit. 

FigureFigure 5.1: Two basis functions produce the same mean growth curve 
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TableTable 5.1: Sample means and covariance matrix of academic motivation 

Language e 

Meann vector 
Covariancee matrix 

Xl Xl 

yi yi 
xx2 2 

yi yi 
xx3 3 

ys ys 
X4 X4 

y4 y4 

X\ X\ 

3.604 4 

.881 1 

.531 1 

.213 3 

.260 0 

.166 6 

.259 9 

.204 4 

.216 6 

y\ y\ 

3.640 0 

.763 3 

.228 8 

.282 2 

.239 9 

.315 5 

.231 1 

.275 5 

X2 X2 

3.518 8 

.850 0 

.551 1 

.268 8 

.359 9 

.262 2 

.287 7 

yi yi 

3.248 8 

1.069 9 
.337 7 
.453 3 
.336 6 
.399 9 

*3 3 

3.443 3 

1.059 9 
.631 1 
.403 3 
.367 7 

yi yi 

3.209 9 

1.106 6 
.427 7 
.514 4 

X4 X4 

3.446 6 

1.121 1 
.720 0 

ƒ4 4 

3.241 1 

1.101 1 
Note,Note, x, and prefer to the measurement ofx respectively y at time point t. 

Growthh curve models with a different scaling of the basis functions are fit to 
thee covariance matrix and mean vector of Table 5.1 using Mplus 1.04 (Muthen & 
Muthén ,, 1998). The basic model to be fit was the model expressed in Equation 5.1. 
Tablee 5.2 shows the relevant parameter estimates and fit measures of the model 
withh different basis functions. 

Modelss are fit to the da ta with varying basis functions: Model 1.1 with W = [0, 
1,, bs, bn], and Model 1.2 with b?= [0, fc>2, i>3, 3]. The zero time point did not change, 
however,, and is placed at the first measurement occasion for both models. As may 
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bee expected, the overall fit of Model 1.1 and 1.2 is the same. Thus, Models 1.1 and 
1.22 can be regarded as statistically equivalent, and graphs with a similar curve will 
emerge.. Both basis functions, in combination with the means of the level factor and 
thee growth factor, lead to a curve characterized by a decreasing growth rate as time 
passess by. However, Table 5.2 shows that the mean and variance of the growth rate 
factorr (respectively -.07 vs. -.05; and .05 vs. .03), as well as their test statistics 
(respectivelyy -2.34 vs. -3.12 and 1.32 vs. 2.42) differ across the two models. The 
meann and variance of the level factor are the same, as well as their test statistics. 
Thiss is as expected, since the zero time point did not change. The correlation 
betweenn the level and growth factor (-.25) is the same across these two models17, 
butt not its test statistic (-.84 vs. -.96). 

TableTable 5.2: Maximum Likelihood estimates of the parameters of the fitted growth 
modelss with different basis functions 

Modell  1.1: b,l=[0, 1, b3, b4] Model 1.2: bt
2=[0, b2, b3, 3] 

Parameter r 

Meann (level) 
Meann (growth) 
Varr (level) 
Varr (growth) 
Correlation n 
(level,, growth) 

estimate e 
3.60 0 
-.07 7 
.24 4 
.05 5 

-.25 5 

s.e. . 
.034 4 
.028 8 
.058 8 
.040 0 
.034 4 

est./s.e e 

106.65 5 
-2.34 4 
4.18 8 
1.32 2 
-.84 4 

estimate e 
3.60 0 
-.05 5 
.24 4 
.03 3 

-.25 5 

s.e. . 
.034 4 
.015 5 
.058 8 
.012 2 
.022 2 

est./s.e e 
106.65 5 

-3.12 2 
4.18 8 
2.42 2 
-.96 6 

b,b, [0,1,2.49,2.19] [0, 1.37,3.40,3] 
CHISQQ X2(3)=1.08,p=.78 x2(3)=1.08, p=.78 
RMSEAA .000 .000 
Note.. The test statistic (Wald test) = Estimate/ standard error. 

Sincee the basis function coefficients are different and therefore the unit of the 
timee scale, it is obvious that there must be differences in the estimates and 
standardd errors. In the next section it is demonstrated that the differences in the 
parameterr estimates can, indeed, be explained by a (linear) transformation of the 
basiss function (cf. McArdle & Bell, 2000). However, some standard errors do not 
changee according to this transformation, which led to different values of the test 
statisticss (i.e. parameter estimate/ standard error) for the same parameter estimate. 
Too put it in other words, the observed change in the test statistics implies an 
additionall change in the standard errors above the linear transformation. In the 
nextt section it is also illustrated that the differences in the test statistics are a 

177 If, however, the origin of the time scale would also have been changed between the two models, then 
thee correlation between the level and growth factor could have changed as well. Several authors have 
shownn that, depending on the origin of the time scale, this correlation may take any value between -1 
too +1 (e.g. Mehta & West, 2000) 
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consequencee of the fact tha t a different factor loading (i.e. basis function coefficient) 

iss fixed to a nonzero value (cf. de Pijper & Saris, 1982). 

5.2.15.2.1 Clarification of the problem 

Thee consequences of a linear transformation of the basis function for the parameter 
es t imatess of the LGC model are well known (Mehta & West, 2000; Rogosa, Brandt 
andd Zimowski, 1982; Rogosa and Willett, 1985; Stoel & Van den Wittenboer, 2003), 
andd have even been studied for the LGC model with an estimated basis function 
(Rovinee & Molenaar, 1998). However, the focus of these articles was primarily on 
thee effect of changing the time point of initial level. In other words they focused on 
transformationss of the basis function by adding or subtracting a constant . 
Nevertheless,, the equat ions provided by Stoel and Van den Wittenboer, can be used 
too explain the effect of transformations by multiplying the basis function with a 
scalingg factor. 

AA comparison of the estimated basis function coefficients in the previous 
sectionn reveals tha t they are j u s t linear transformations of each other. The basis 
functionn of Model 2 can be computed by hand by multiplying the elements with the 
scalingg factor /? = 3 /2 .19 « 1.37. Equations 5.2 to 5.4 give the effect of the scaling 
factorr on the var iance/ covariance estimates (see Equation 2.13 to 2.15 Chapter 2). 
Thee derivation of these equations is also given in Chapter 2. 

(5.2) ) 

(5.3) ) 

(5.4) ) 

wheree f/oo represents the transformed variance of the level factor, yfu the 
t ransformedd variance of the growth rate factor, and ^*oi is the transformed 
covariancee between these parameters, a is the shift on the basis function, and j3 is 
thee scaling factor. To keep things simple, it is a s sumed in the following that a 
equalss zero. Consequently, the basis functions of Model 1.1 and 1.2 both had the 
firstfirst coefficient constrained to zero. This section, thus , only focuses on 
transformationn of the basis function by multiplying its coefficients with the scaling 
factor,, and not on a shift of the basis function. Shifting the origin of the time scale 
does,, however, have additional consequences for the estimates of the growth 
parameters ,, as well a s for the effect of time-invariant covariates. These issues have 
recentlyy been discussed by Mehta and West (2000), and Stoel and van den 
Wittenboerr (2003). 

Equat ionn 5.2 to 5.4 clearly show that the variance of the level factor is not 
affectedd by the scaling factor, tha t the variance of the growth rate becomes a factor 
[P[P  smaller, and tha t the covariance between the level and growth rate becomes a 
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factorr f} smaller. With these equations it can be shown that the correlation between 
thee level and growth rate does not change as a function of /3. Equation 5.5 shows 
thatt the scaling factor /? plays no role in the computat ion of the correlation between 
thee level and the growth factor. 

1 1 

Correlationn (level, growth)* = —*-— —,—^'°, (5.5) 

Itt can be concluded tha t the correlation between the level and growth rate is 
scalee invariant, and that the variance of the level, the variance of the growth rate 
andd their covariance are scale free. That is, though these parameters are affected by 
aa change in the basis function, they can be t ranslated into each other by a linear 
transformation.. If we know the parameter estimates with one type of scaling, we 
implicitlyy know the parameter est imates at other scalings of the basis function. It 
cann be easily shown that the mean of the growth rate factor is also scale free, and 
thatt it becomes a factor j3 smaller. However, if the models were completely scale 
free,, then the s tandard errors would also have to change proportionally resulting in 
equivalentt test statistics. As noted before, the observed change in the test statistics 
impliess an additional change in the s tandard errors above the linear 
transformation. . 

Thiss change of the values of the test statistic does not only occur in growth 
curvee models with an estimated basis function. It occurs in any confirmatory factor 
analysiss with some, bu t not all, factor loadings fixed to a value unequal to zero (de 
Pijperr & Saris, 1982; see also Bollen, 1989, and Browne, 1982). Since, in the past 
years,, the focus was mainly on growth curve models with an entirely fixed basis 
functionn (e.g. linear or quadratic), the issue has not arisen previously. The solution 
iss provided by Jöreskog and Sörbom (1988) for a confirmatory factor analysis, but 
seldomm used. They implicitly state that invariant estimates of the s tandard errors 
cann be obtained with a two-stage approach, by reanalyzing the model while fixing 
thee factor loadings to the estimated values of the first analysis. For the growth 
curvee model with an estimated basis function this would mean tha t in the second 
stepp the coefficients of the basis function are fixed to their est imated values of the 
firstt step. With this two-stage approach, the s tandard errors follow the same linear 
transformationn as the parameter estimates, and consequently the values of the test 
statisticc will be invariant across models. 

Tablee 5.3 provides the correct estimates of the s tandard error and test 
statisticss for Model 2.1 and Model 2.2. All parameter est imates and their s tandard 
errorss are now scale invariant or scale free. The parameter est imates of Model 2.2 
cann be computed by hand from the parameter estimates of Model 2.1 using 
Equationss 5.2, 5.3 and 5.4 with a= 0, and /3 = 2 . 194 /3 = .731. As expected the 
valuee of the x2-test statistic is the same, however, the overall model fit seems to be 
betterr because the model has two degrees of freedom more caused by the fact that the basis 
functionn is now entirely fixed. 
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TableTable 5.3: Maximum Likelihood estimates of the parameters of the fitted growth 
modelss with basis functions fixed to the estimated values of step 1. 

Modell  2.1: br[0, I 2.489, 2.194] Model 2.2: br[0, 1.367, 3.403, 3] 

Parameter r estimate e est./s.e. . estimate e est./s.e. . 

Meann (level) 
Meann (growth) 
Varr (level) 
Varr (growth) 
Corr.. (level, growth) 

CHISQ Q 
RMSEA A 

3.596 6 
-.065 5 
.244 4 
.052 2 

-.252 2 

.0333 110.08 

.0188 -3.66 

.0544 4.55 

.0155 3.45 

.0255 -.1.14 

X2(5)=1.076,p=.96 6 
.00 0 

3.596 6 
-.048 8 
.244 4 
.028 8 

-.252 2 

.033 3 

.013 3 

.054 4 

.008 8 

.018 8 

X2(5)= = 

110.08 8 
-3.66 6 
4.55 5 
3.45 5 

-.1.14 4 

=1.076,, p=.96 
.00 0 

Note.Note. The test statistic (Wald test) = Est imate/ s tandard error. 

5 .33 Mu l t ip l e i nd i ca to r s: th e i s s ue of l ong i t ud ina l m e a s u r e m e nt 

i n v a r i a n c e e 18 8 

Longitudinall measu remen t invariance, or measurement invariance across time, 
mean ss that the numerical values across measurement occasions are obtained from 
thee same measu remen t scale (Drasgow, 1987; cf. Meredith, 1993). The general 
ques t ionn of measu remen t invariance is one of whether or not, under different 
conditionss of observing and studying phenomena, measurement operations yield 
measu re ss of the same at t r ibute (Horn & McArdle, 1992). In other words, invariance 
off measu remen t s ensu res an equal definition of a latent construct over time 
(Hancockk et al. 2001). Violation of the assumpt ion hinders the assessment of 
changee within a subject, known as 'alpha change' (Golembiewski, Billingsley & 
Yeager,, 1976), since it will be confounded with a change in na ture of the construct 
overr time {known as 'beta' and 'gamma' change [Golembiewski et al., 1976]). Beta 
change ,, or response shift, points to the change in the meaning of a response scale 
forr a n indicator (Oort, 1996). Beta change will s tretch or shrink the measurement 
scale,, rendering direct comparisons between absolute levels at different time points 
problematicc (Chan, 1998). Gamma change implies a change in the respondent 's 
interpretat ionn of the item content (Oort, 1996), and, t hus , a change in the 
relat ionshipp between the latent construct and its indicators. When there is sizable 
be taa or gamma change over time, it may not be meaningful to represent or interpret 
thee pa t tern of change over time (Chan, 1998). In brief, longitudinal measurement 
invariancee implies the absence of both beta and gamma change. In other words, do 
indicatorss with the same face validity (i.e. identical scaling and wording) relate to 
thee underlying construct in the same fashion over time (Sayer & Cumsille, 2001)? 

188 Meredith (1993) uses the concept of weak measurement invariance to stress that only the first two 
momentss of the probability distribution function are invariant (see also Lubke, Dolan, Kelderman & 
Mellenberghh (2001). Our concept of measurement invariance corresponds to weak measurement 
invariancee as defined by Meredith. 
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Withinn the context of the common factor model, measurement invariance is 
oftenn investigated using the concept of factorial invariance {Meredith, 1964; 1993). 
Meredithh describes factorial invariance as being composed of 3 hierarchical levels, 
respectively:: weak, strong, and strict factorial invariance, with strict factorial 
invariancee being the strongest form of factorial invariance. It will not be surprising 
thatt factorial invariance, in general, assumes configural invariance, being that the 
samee indicators of the latent construct are measured at each occasion. 
Furthermore,, weak factorial invariance requires the measurement parameters of 
eachh indicator (i.e. the factor loadings) to be invariant over time, and corresponds to 
thee absence of gamma change. Second, strong factorial invariance requires equal 
indicatorr intercepts, and thus corresponds to the absence of beta change. Third, 
strictt factorial invariance requires also the residuals to be equal over time. Meredith 
(1993)) has shown that strict factorial invariance almost certainly ensures 
measurementt invariance19. 

InIn practice, strict factorial invariance is likely to be violated, and researchers 
havee been investigating whether the requirements of strict factorial variance can be 
relaxedd (e.g. Byrne Shavelson & Muthén, 1989; Horn & McArdle, 1992; McArdle 6s 
Cattell,, 1994; Pentz & Chou, 1994; Lubke & Dolan, 2002). Some researchers state 
thatt invariance of the residuals is not required for testing hypotheses about 
commonn factors. Unequal residual variances are indicative only of differences in 
reliabilityy of the observed variable (Little, 1997), and do not concern the common 
factorss (Oort, 2001). In other words they suggests strong factorial invariance to be a 
sufficientt test for measurement invariance. A recent simulation study by Lubke and 
Dolann (2002), however, casts some doubt on this latter suggestion. They show that 
underr some conditions differences in residual variances can mask differences in 
indicatorr intercepts. More liberal scholars have even been suggesting relaxations of 
strongg factorial invariance, termed 'partial measurement equivalence' (Byrne et al.). 
AA measurement model possesses partial measurement invariance if some 
measurementt parameters are free and others are constrained to be equal over time. 
Byrnee et al., as well as Pentz and Chou, argue that partial measurement invariance 
iss a sufficient requirement, and a more realistic goal compared to strong or even 
strictt factorial invariance. Methodological research about partial measurement 
invariancee is scarce, but, as already noted by Meredith (2001), it deserves more 
attentionn than it has received. In this section it will be demonstrated that partial 
measurementt invariance may present some be problems if the latent variable 
structuree is scaled using a reference indicator. The term full measurement 
invariance'' is used to indicate a model with strong factorial invariance, and 'partial 
measurementt invariance' is used to indicate a model in which some of the 
requirementss of strong factorial invariance have been relaxed. 

Considerr the second-order growth model of Figure 5.2, in which we restrict 
ourselvess to a growth model with two indicators (xt and yt) at four equally spaced 

iss Lubke, et al. (2002) discuss instances in which strict factorial invariance between groups in the 
cross-sectionall common factor model is not a sufficient condition for measurement invariance. Hence 
thee phrase 'almost certainly'. They conclude, however, that these exceptions do not represent a serious 
threatt in practice. 
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measuremen tt occasions t. Generalizations to more indicators at each measurement 
occasionn are straightforward, but beyond the scope of this chapter. Figure 2 
schematicallyy represents full measurement invariance: (1) one factor loading of one 
indicatorr within each measurement occasion is fixed to the value of 1 for the 
purposee of scaling the covariance s t ructure of the latent variable. (2) The factor 
loadingss for the other indicator are estimated, but, to avoid gamma change, they are 
constrainedd to be equal across time. (3) One indicator intercept of one indicator 
withinn each measu remen t occasion is fixed to the value of zero for the purpose of 
scalingg the mean s t ruc ture of the latent variable20. (4) The intercept of the 
remainingg indicator is est imated, but, to avoid beta change, they are constrained to 
bee equal across time. In other words, each repeatedly measured indicator (xt and yt) 
hass the same factorloadings and intercepts across time. In Figure 2, indicator xt is 
usedd to scale the latent variable; we will refer to this indicator as the reference 
indicator.. However, yt could also have been used as the reference indicator. Full 
measu remen tt invariance h a s the attractive property of being invariant to the scaling 
off the latent variable. That is, if the indicator yt were used to scale the latent 
variablee instead of indicator xu the same parameter estimates and overall model fit 
wouldd have emerged. 

FigureFigure 5.2: Schematic presentation of full measurement 
invariancee in a linear latent growth curve model. 

Note:Note: Intercepts of indicators are conceptualized as regression on 
aa cons tant equal to one (See Hancock et al, 2001). Only the 
relevantt parameters are presented. Factorloadings for x (are fixed 
too 1.00 prior to estimation; factorloadings of Yt are constrained 
too be equal (a); intercepts of Y, are fixed to zero; intercepts of Yt 
aree constrained to be equal (c). The curved double-headed arrow 
representss the correlation between the latent factors. 

200 An alternative approach to scale the mean structure of the model might be fixing the mean of the 
levell factor to zero instead of the intercept of one indicator at each time point (see Chan, 1998; Dolan 
&& Molenaar, 1994; Horn & McArdle, 1992). In many applications, however, the way of scaling the 
meann structure as presented here is implemented. 
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Partiall measurement invariance is not as strict as full measurement invariance 
inn that a few violations are tolerated. That is, the factorloadings (a), and or the 
indicator'ss intercepts (c) do not have to be of the same value, need not necessarily to 
bee equal for the full time period. Following the arguments for full measurement 
invariance,, it may be expected that using either xt as the reference indicator and to 
estimatee the factorloadings for yt should result in the same model fit as using yt as 
thee reference and to estimate the factor loading for xt. Differences may arise, 
however,, if the indicator's intercepts are not constrained to be equal; i.e. if parameter 
cc is estimated uniquely at each occasion. Now, the model is no longer insensitive to 
thee scaling of the latent variable; if yt is used as the reference variable instead of xt, 
differentt model parameters and a different overall model fit will emerge. In other 
words,, the latent growth curve model under partial measurement invariance is not 
invariantt under a different scaling of the mean structure of the latent variable by 
usingg a reference indicator. We will illustrate this in the example of the next section. 

5.3.11 Example 

Thee data to be analyzed are presented in Table 5.1 of Section 5.2. In this section 
bothh indicators of academic motivation are incorporated into a latent growth curve 
model.. The model to be analyzed is equivalent to the model depicted in Figure 5.2. 
Thus,, it is a linear growth curve model with the basis function for the growth rate 
factorr fixed to bt=[0, 1, 2, 3]. Table 5.4 presents the relevant parameter estimates. 

TableTable 5.4: Parameter estimates of growth models without (Model 3.1), 
withh full {Model 3.2 and 3.3), and with partial measurement invariance 
(Modell 3.4 and 3.5) 

Modell  3.2 Model 3.3 Model 3.4 Model 3.5 
Parameter r 
Meann (level) 
Meann (growth) 
Varr (level) 
Varr (growth) 
Cov v 
(Level,Growth) ) 
CHISQ Q 

RMSEA A 

4.86(15.75) ) 
-.066 (-8.87) 

.344 (6.42) 

.011 (2.95) 
-.011 (-.48) 

X2(15)=80.01 1 
p=.00 0 

.088 (.06-.10) 

3.54(113.96) ) 
-.066 (-8.87) 

.344 (6.42) 

.011 (2.95) 
-.011 (-.48) 

X
2(15)=80.01 1 

p=.00 0 
.088 (.06-.10) 

4.36(14.31) ) 
-.03(-3.29) ) 
.322 (6.44) 
.011 (2.86) 
-.000 (-.41) 

Z
2(12)=12.70 0 

p=.39 9 
.011 (.00 - .04) 

3.54(113.83) ) 
-.066 (-9.12) 

.30(6.13) ) 

.011 (2.53) 
-.000 (-.06) 

X2(12)=62.53 3 
p=.00 0 

.088 (.06-.10) 

Note:: Estimate/ standard error in brackets for the growth parameters; 
forr the RMSEA the 90% confidence interval is given in brackets. 

Modell 3.2 and Model 3.3 are latent growth curve models under full 
measurementt invariance with, respectively xt and yt as reference indicator. Model 
3.44 and 3.5 have partial measurement invariance with, respectively, xt and yt as 
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referencee indicator. Firstly, from Table 5.4 it can be seen that the latent growth 
curvee model, unde r full measurement invariance, is insensitive to the choice of the 
referencee indicator (Model 3.2 and 3.3). The overall fit measures of Model 3.2 and 
Modell 3.3 are equivalent (x2(15)=80.O9 p=.00; RMSEA = .08). The only difference 
betweenn the models is in the estimates of the mean of the level factor, 4.86 
respectivelyy 3.54. Apparently the two indicators, xt and yt, have different means 
overr time, and using one instead of the other as a reference indicator changes the 
scale,, and therefore the mean of the latent factors. This does, however, not change 
anyy substantive interpretation based on the model, it simply illustrates the 
arbi t rar inesss of the mean of the level factor. 

Inspectionn of Model 3.2 and Model 3.3 shows that full measurement invariance 
iss not supported for these data . The significant chi-square x2(15)=80.01, and the 
largee RMSEA values clearly lead to a rejection of full measurement invariance. 
Inspectionn of the results suggests that the misfit might have been caused by the 
equalityy restrictions on the estimated indicator intercepts (see constraint 'c' in 
Figuree 2). In other words, the requirement of full measurement invariance might be 
tooo strict for these data . Consequently, this requirement will be relaxed in Model 3.4 
andd Model 3.5 by removing the equality constraint for the intercepts. In other 
words ,, Model 3.4 es t imates the intercepts of y t, and Model 3.5 est imates the 
interceptss of xt. 

Tablee 5.5 shows clearly tha t Model 3.3 and Model 3.4 are quite different. Model 
3.44 can be regarded as fitting excellently, whereas the fit of Model 3.5 is quite poor. 
Inn addition, the parameter estimates in both models differ. Thus, an apparently 
arbi t raryy choice of the reference indicator can have serious consequences for the 
modell fit and the parameter estimates of the corresponding models. 

Thee data of the example consist of two repeatedly measured indicators \xt and 
yytt).). Since Model 3.4 (with xt a s the reference indicator) provided a good model fit, 
whilee Model 3.5 (with yt a s the reference indicator) did not, it can be concluded that 
thee intercepts of yt, can not be constrained to be equal across time. In other words, 
thee intercepts of xt may be regarded a s being invariant, but this does not hold for 
thee intercepts of yu and t hu s choosing one of the two in an LGC model with partial 
measu remen tt invariance affects the parameter estimates. Although it was not 
i l lustratedd in this example, it is not difficult to see that this may also occur for the 
factorr loadings. If a different reference indicator is chosen with partial measurement 
invariancee of the factor loadings, parameter estimates and model fit may change. 

5.3.25.3.2 An additional consequence of changing the reference indicator: 
retrospectionretrospection to Section 2 

Thee scaling issue of the latent variable is not limited to scaling of the basis function 
inn t he latent growth curve model, in Chapter 2. Scaling of a latent variable in any 
confirmatoryy factor analysis h a s consequences for the estimates of the s tandard 
errorss and test statistics. This can be illustrated nicely with the multiple indicator 
growthh model since the first order factors are measured with two indicators. To 

92 2 



illustratee the consequences of choosing a different indicator for the scaling of the 
firstt order factor, the full measurement invariance model (Model 3.2) is used. 

Inn Model 3.2 the first order latent factors are scaled by constraining the 
factorloadingss of xt to be equal to 1 at all time points. Model 3.6 presents the same 
model,, bu t now with yt a s the reference indicator. Table 5.5 gives the est imates of 
thee relevant parameters and test statistics. The results of Model 3.2 are repeated, to 
facilitatee the comparison. 

Ass expected the parameter est imates and test statistics from Model 3.2 are not 
equall to the est imates from Model 3.6. To get estimates of the correct test statistics 
thee model was analyzed an additional two times (Model 3.7 and Model 3.8), with the 
first-orderr factorloadings fixed to the estimated values in respectively Model 3.2 en 
Modell 3.6. As can be seen in Table 5.5, the values of the test statistics are now 
equivalentt across the models. The differences in the means and variance of the 
latentt are jus t linear transformations, analogue to the transformations described 
earlier. . 

TableTable 5.5: Parameter estimates of growth models with a different scaling of the first 
orderr latent factors 

Modell  3.2 Model 3.6 Model 3.7 Model 3.8 
Parameterr x, fixed at 1 y, fixed at 1 x, fixed at 1 yt fixed at 1 

y,y, fixed at .748 xt fixed at 1.337 

Meann (level) 
Meann (growth) 
Varr (level) 
Varr (growth) 
Cov v 
(Level,Growth) ) 

CHISQ Q 

RMSEA A 

3.54(15.75) ) 
-.066 (-8.87) 

.344 (6.42) 

.011 (2.95) 
-.011 (-.48) 

X2(15)=80.01 1 
p=.00 0 

.088 (.06-.10) 

2.655 (15.30) 
-.055 (-7.89) 

.19(5.89) ) 

.011 (3.13) 
-.000 (-.48) 

,C2(15)=80.01 1 
p=.00 0 

.088 (.06-.10) 

3.54(114.01) ) 
-.066 (-8.89) 

.344 (6.74) 

.011 (3.14) 
-.011 (-.48) 

X2(16)=80.01 1 
p=.00 0 

.088 (.06 -.09) 

2.65(114.01) ) 
-.055 (-8.89) 

.19(6.74) ) 

.011 (3.14) 
-.000 (-.48) 

X2(16)=80.01 1 
p=.00 0 

.088 (.06 -.09) 

Note:: Est imate / s tandard error in brackets for the growth parameters ; for the 
RMSEAA the 90% confidence interval is given in brackets . 

5.44 Discussion 

Inn the first section of this chapter , we clarified by demonstrat ion tha t growth 
interpretationss based on the growth curve model with an estimated basis function 
aree indeed non arbitrary, and a plot with a similar shape will be drawn from the 
growthh estimates obtained unde r any rescaling (McArdle & Bell, 2000, p . 107). More 
specifically,, it is demonstrated that , given a two-stage approach, the parameter 
estimatess and s tandard errors of the LGC model with an estimated basis function 
willl be scale invariant or scale free. 

Thee latent growth curve model with an estimated basis function ha s been 
appliedd relatively few times compared to its linear variant (but see for instance 
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McArdle,, 1989; McArdle & Anderson, 1990; McArdle & Hamagami, 1992; Muthén 
andd Khoo, 1997; Raykov & Marcoulides, 2000; Rovine & Molenaar, 1998). The 
reasonn for this might have been the difficult interpretation and changes in the 
s t anda rdd errors . However, in this chapter it is demonstrated that the differences 
couldd be easily overcome by adopting the two-stage approach advocated by 
Jöreskogg and Sörbom (1988), in another context. Actually, if in any factor analysis 
modell a different factor loading is fixed to a value unequa l to zero for purposes of 
scaling,, the est imates of the s tandard errors may be different. A likelihood ratio 
stat ist icc proves to be a better alternative to the Wald statistic (personal 
communica t ionn Albert Satorra, Llubljana, september 2002; Fears, Benichou & Gail, 
1996;; Berkhoff & Snijders, 2001}. Although it is comforting that the two-stage 
approachh advocated here leads to the same linear transformation in the s tandard 
errorss as in the parameter estimates, an objection against the approach might be 
tha tt it eliminates the sampling variability in the estimated coefficients. In what way 
thee standard errors are underestimated requires further research, which will be the topic 
off future work. 

Thee resul t s of this chapter support the s ta tement of McArdle & Bell (2000, 
p.82)) tha t the LGC model with an est imated basis function "is certainly a viable 
optionall basis in LGC models". However, this LGC model presents a somewhat 
exploratoryy approach to the modeling of nonlinear growth, and more rigorous 
hypothesess about nonlinear growth can be tested as illustrated by McArdle & 
Hamagamii (1996). A Gompertz-growth model, for example, can be specified by 
addingg a third latent variable together with nonlinear restrictions on the basis 
functionss coefficients (Browne & DuToit, 1991). In general, these are all alternative 
formss of latent growth curve models (McArdle & Hamagami, p. 109). 

Inn the second part , apparently similar multiple indicator latent growth curve 
modelss are compared unde r full and partial measurement invariance. While 
changingg the reference indicator has no serious consequences for the model under 
fulll measu remen t invariance, model fit and parameter est imates may change 
drasticallyy unde r partial measurement invariance. Full measurement invariance, 
i.e.. s t rong factorial invariance may, therefore, be a necessary condition for a valid 
interpretat ionn of change in latent const ructs for models that scale the latent 
variablee s t ruc ture with us ing reference indicators. Freely estimating the intercepts 
mayy lead to completely different models depending on the choice of the reference 
indicatorr in this case. This argues against an unsophist icated relaxation of full 
measu r emen tt invariance to partial measurement invariance. In other words, though 
thee choice of the reference indicator does not influence the model under full 
measu remen tt invariance, it mat ters under partial measurement invariance. 

Thee approach discussed here consists of identifying the covariance and mean 
s t ruc tu ree by const ra ints on, respectively, the factorloadings and indicator 
intercepts ,, and const i tutes the approach to second-order latent growth curve 
modelingg a s recently presented by, for example, Hancock, Kuo and Lawrence 
(2001),, Oort (2001) and Sayer and Cumsille (2001; cf. Vandenberg & Lance, 2000). 
Underr full measuremen t invariance, and no violation of other model assumpt ions , 
thee approach leads, as was illustrated, to the correct parameter estimates and 
modell fit. Under partial measurement invariance, however, the approach might lead 
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too incorrect parameter estimates and model fit. An alternative approach might solve 
thee problems discussed above for models that fail to satisfy full measurement 
invariance.. That is, the covariance and mean structure of the model can also by 
identifiedd by means of constraints on the latent variable structure (e.g. Chan, 1998; 
Dolann & Molenaar, 1994; Horn & McArdle, 1992) instead of constraints on the 
measurementt part of the model (i.e. on the factorloadings and intercepts). Though 
thiss approach might prove an attractive alternative for the general longitudinal 
factorr model under partial measurement invariance, it may lead to other 
complicationss if a latent growth structure is imposed on the first order factors. The 
meann structure, for example, can be identified by constraining the mean of the level 
factorr to zero, while estimating indicator intercepts. However, in some instances the 
meann of the level factor can be interpreted as the initial status of the growth 
process,, and thus may be a substantively interesting parameter. Constraining its 
meann to zero makes inferences regarding this parameter impossible. Nevertheless, 
underr partial measurement invariance, not being able to interpret some parameters 
shouldd be preferred to getting an unwanted solution. 
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6 6 

SummarySummary and discussion 

Thee preceding chapters deal with several aspects of growth curve analysis. In 
Chapterr 1 differences are investigated between the multilevel regression approach 
too growth curve analysis and latent growth curve analysis. Whereas the basic 
growthh curve model has a similar representation, and gives equivalent results in 
bothh approaches, differences exist in the ways the model can be extended. It tu rns 
outt tha t in many instances, but not all, latent growth curve analysis is to be 
preferredd over multilevel regression analysis. However, the differences merely 
representt differences in the software, caused by the special interest of the scientific 
fieldd from which they originate. At the moment the distinction between both 
approachess is blurring, and it is quite possible that within the near future the two 
approachess to growth curve modeling will have merged into one another. 

Chapterr 2 shows that transformations of time scales not only lead to altered 
est imatess of the growth parameters and their (residual) variances and covariances, 
bu tt also to changes in the effect of a time-invariant covariate on the growth 
parameters .. It is concluded that whenever, for the linear latent growth curve model, 
thee first measurement occasion (or any other occasion) is arbitrarily defined as the 
'initiall level', it is advisable to refrain from substantive interpretation of 
correspondingg parameters , and to focus on the growth rate. The initial level can, of 
course,, be safely interpreted as such in si tuations in which the t rue origin of the 
processs is known to correspond with the first measurement occasion. 

Inn Chapter 3 latent growth curve analysis has been applied to investigate the 
relationss between developmental trajectories of school investment, self-confidence, 
andd language acquisition. It was found that all processes show significant 
differencess between children in their developmental trajectories. Furthermore, the 
processess are mutually positively associated, and intelligence accounts for some of 
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thee existing individual differences. The most important aspects of the analyses of 
thiss chapter (at least for this dissertation) were the questions it raised concerning 
extensionss of the basic latent growth curve model. These questions provided the 
inputt for Chapter 4 and 5. 

Inn Chapter 4 it is illustrated that the standard practice of modeling time-
invariantt covariates as predictors of the growth parameters may not always 
appropriate.. A less restrictive model is proposed, in which the observed indicators 
aree directly regressed on the covariate. This model has a broader applicability, and 
mayy also be used to test the assumption of full mediation, that is implicit in 
treatingg the time-invariant covariate as a predictor. The assumption of full 
mediationn states that direct effects of the covariate on the residual variances of the 
indicatorss are equal to zero. 

Finally,, in Chapter 5, auxiliary evidence is brought up for the validity of the 
latentt growth curve model with an estimated basis function, and it is shown that 
correctt parameter estimates and standard errors can be obtained with a two-stage 
approach.. Furthermore, it is illustrated that full measurement in variance is a 
necessaryy condition for a valid interpretation of change in latent constructs if the 
latentt variable structure is scaled using a reference indicator, due to the fact that 
thee choice of the reference indicator may affect parameter estimates and model fit. 

AA question that may rise is what the consequences would be of applying the 
knowledgee gained in Chapters 4 and 5 for the results of the analysis of the 
empiricall data presented in Chapter 3. A first issue that will be discussed here is 
thee way the time-invariant covariate 'Intelligence' was incorporated in the 
multivariatee growth curve model presented in Chapter 3. This was done using the 
growthh predictor model, in which the growth parameters of the three processes, 
initiall level and growth rate, were regressed on intelligence. The results of Chapter 
4,, however, indicate that this might not always be the best approach. That is, if the 
assumptionn of full mediation is violated, the results of the growth predictor model 
mayy be biased, and substantive conclusions may be incorrect. In this section, 
resultss of additional analyses are presented in which intelligence is modeled using 
thee direct effect model of Chapter 4. The main question here is whether the growth 
predictorr model is justified by testing if the assumption of full mediation is violated 
forr these data, and if so, what the implications are for the reported results and 
conclusions. . 

Beforee the analysis can be performed, however, a decision needs to be made 
aboutt which measurement level is regressed on the time-invariant covariate. That 
is,, school investment and self-confidence were measured with multiple indicators, 
andd their growth models were specified as second order factor models on the first 
orderr common factors per occasion. Thus, in principle, one can regress the first 
orderr factors on the time-invariant covariate, as well as the observed indicators. 

Forr language there appeared to be no problem since its growth curve model 
correspondss to the type of model discussed in Chapter 4. The growth parameters 
accountt for the structure that is present in the observed indicators. For self-
confidencee and school investment, however, the growth parameters account for the 
structuree of the first order factors. If just the first order factors were regressed on 
intelligence,, it could happen that the residuals of the observed indicators still 
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containn variance tha t could be, but is not accounted for by intelligence. Therefore, it 
wass decided to regress the observed indicators of all three processes on intelligence. 
Doingg this , the largest effect of the intelligence is expected; at least larger than if the 
firstt order factors were regressed on intelligence. 

Thee direct effect multivariate growth curve model, with intelligence as the time-
invariantt covariate provided the following fit measures : x2(166) = 249.30, p = .00, 
RMSEAA = .013. When this model is contrasted with the growth predictor model 
(X2(180)=293.15,, p=.00, RMSEA=.014), a chi-square difference of Ax2(14) = 43.85 for 
thee test of the assumpt ion of full mediation is obtained. In other words, the growth 
predictorr model ha s to be rejected for these data, because of a violation of the 
assumpt ionn of full mediation. Intelligence appears to be related not only to the 
growthh parameters , but also to variance of the observed indicators that is not 
accountedd for by the growth parameters . With the exception of the second measure 
off self-confidence at the first measurement occasion, all direct effects were 
significantlyy different from zero, ranging in magni tude from .05 to .48 after 
standardization. . 

Thee additional analysis presented here points out tha t the model on which the 
finall conclusions of Chapter 3 were based was not correct. To investigate whether 
thiss had consequences for the relevant parameter est imates, the correlations 
betweenn the growth parameters of the growth predictor model are now compared to 
theirr counterpar ts of the direct effect model. Since the direct effect model did not 
providee est imates of the effect of intelligence on each of the growth parameters , the 
proportionss of variance explained of the growth parameters were computed by 
hand,, and compared to the proportions of variance explained in the growth 
predictorr model. Table 6.1 presents the relevant information. The first rows present 
thee proportion of variance explained, the sub-diagonal elements present the 
correlationss of the growth parameters of the direct effect model, and the upper-
diagonall elements correspond to the growth predictor model. 

Tablee 6.1 shows tha t the s t ructure of the correlations between the growth 
parameterss remains the same. Although the magni tude of the correlations is 
slightlyy changed, these changes are not of such importance that they would have 
ledd to different conclusion. What does change, however, are the proportions 
variancee explained of the growth parameters by intelligence. This change is most 
pronouncedd for the growth rates of language acquisition and self-confidence for 
whichh the proportion variance explained change from, respectively .08 and .06, to 
.366 and .25. 

Itt is interesting to note that if there was a significant effect on a growth 
parameterr in the growth predictor model, the effect was underest imated. However, 
thiss cannot be regarded as a rule, since the analyses in Chapter 4 have shown tha t 
thee effect on the growth parameters may also be overestimated in certain instances . 
Whetherr or not the effect of a time-invariant covariate is overestimated, or 
underest imated,, depends on the violation of the assumpt ion of full mediation. 
Furthermore,, if the assumption is violated, it is presumably the relative strength of 
thee t rue direct effects (i.e. the relation between the covariate and the time specific 
residuals)) tha t determines the bias. A simulation s tudy might shed further light on 
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thee specific conditions for over and underestimation of the effect of a time-invariant 
covariate. . 

TableTable 6.1: Comparison of the correlations, and proportions variance explained, 
betweenn growth parameters of the direct effect model and the growth predictor 
model. . 

Proportionn variance explained: 
directt effect model 
growthh predictor model 

1.. Level(language) 

2.. Growth (language) 

3.. Level(self-confidence) 

4.. Growth (self-confidence) 

5.. Level (school investment) 

6.. Growth (school investment) 

1. . 

.35 5 

.29 9 

0 0 

12** * 

0 0 

.16** * 

0 0 

2. . 

.36 6 

.08 8 

0 0 

-.15** * 

.35** * 

.08 8 

.30** * 

3. . 

.00 0 

.00 0 

.14** * 

17** * 

-.42** * 

0 0 

0 0 

4. . 

.25 5 

.06 6 

0 0 

.37** * 

__ 44** 

19** * 

0 0 

5. . 

.24 4 

.23 3 

22** * 

.10 0 

0 0 

.22** * 

0 0 

6. . 

.00 0 

.00 0 

0 0 

.30** * 

0 0 

0 0 

0 0 

Note.**Note.** p<.01. The upper diagonal elements present the correlations of the 
growthh parameters of the direct effect model, and the sub-diagonal elements 
correspondd to the growth predictor model 

Thesee analyses provide a nice illustration of the implications of the 
conclusionss of Chapter 4 for an empirical da ta set. If the assumpt ion of full 
mediat ionn is violated, the effect of a time-invariant covariate on the latent growth 
pa rame te r ss will be biased. This argues against the s tandard practice in latent 
growthh curve modeling, as well as longitudinal multilevel regression analysis, to 
modell the time-invariant covariate with direct effects on the growth parameters 
wi thoutt testing the as sumpt ion of full mediation. Luckily, in this specific case, the 
resu l t ss of the direct effect model were not radically different from the results of the 
growthh predictor model tha t were reported earlier, except for the pleasing fact that 
thee model fit of the direct effect model was much better. However, as was shown in 
Chap te rr 4, the parameter est imates of the growth predictor model may in other 
casess be drastically different from their population values, emphasizing the need for 
ann explicit test of the assumpt ion of full mediation. 

Thee question rises if the argument can be extended to the common factor 
modell in general. That is, shouldn' t the assumption of full mediation always be 
tes tedd before a covariate is modeled a s a predictor of latent variables? Or even 
stronger,, if any effect between latent variables is modeled, shouldn' t one firstly 
regresss the indicators of the outcome on the predictor? The answer is yet hard to 
give,, since things are a bit different here. Contrary to a linear latent growth curve 
model,, factor loadings are in general not constrained to known values. It were 
exactlyy these constrained factor loadings that facilitated the proof tha t the growth 
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predictorr model is nested within the direct effect model. These issues , concerning 
thee generalization to the common factor model in general will be the topic of future 
work. . 

Wee will now look back on the implications of the conclusions of Chapter 5 for 
thee resul ts reported in Chapter 3 . Let u s first focus on the nonlinear growth curve 
models;; tha t is, the models in which the basis function for the growth rate factor 
wass partially estimated. The first part of Chapter 5 actually provided the 
justificationn of the use this model. Two possible problematic issues were tackled. It 
wass shown that the growth interpretations based on this model are not dependent 
onn the scaling of the basis function for the growth rate, and that the change in the 
s tandardd errors could be handled by adopting a two-stage approach. This two-stage 
approachh consists of two steps, where in the second step the free elements of the 
basiss function for the growth rate are fixed to the values as estimated in t he first 
step. . 

Thee growth curve models for language acquisition and school investment were 
estimatedd using the nonlinear approach described above. For both models it was 
chosenn to fix the first and the last element of the basis function and to estimated 
thee elements in the middle corresponding to the number of years from the first 
occasion,, i.e. [0, bi, b$, 6]. The growth rate is now to be interpreted in te rms of the 
fulll period, and it can easily be compared to the basis function unde r linear growth, 
i.e.. [0, 2, 4, 6]. Alternative scalings would have given the growth rate a different 
measurementt scale and t hu s a slightly different interpretation, bu t the same 
conclusionss would have been drawn. For example, the basis function [0, fa, bi, 1] 
permitss substantive interpretations in terms of percentages of growth, and [0, 1, bz, 
b4]] relates the change between later occasions to the change between the first two 
occasions. . 

Thee analyses of the final multivariate models in Chapter 3 did not explicitly 
adoptt the two-stage approach as presented in Chapter 5, and thus the s t andard 
errorss could be biased. However, the values of the basis function for the growth 
factorr of both language acquisition and school investment were fixed in advance for 
anotherr reason, namely to secure the functional form of the univariate growth 
curvess in the multivariate model. It is concluded, therefore, tha t the s tandard errors 
inn the multivariate models were not biased, since all basis functions {i.e. factor 
loadings}} were fixed to 'known' values. 

Thee other issue discussed in Chapter 5 relates to the measurement invariance 
off concepts that are measured with multiple indicators, and the possible 
consequencess of a violation of this assumpt ion (i.e. partial measurement invariance) 
forr the parameter est imates and model fit. It was shown that changing the reference 
indicatorr has no serious consequences for the model under full measuremen t 
invariance,, but that model fit and parameter estimates may change unde r partial 
measurementt invariance. These conclusions might have serious consequences, in 
particularr for the results of Chapter 3 , which were based on two multiple indicator 
growthh curve models with partial measurement invariance. We will now explore 
whatt the consequences are of the choice for the specific reference indicators for the 
parameterr estimates and model fit of the growth curve models for school investment 
andd self-confidence. 
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Figuree 6.1 Schematic presentation of a longitudinal factor model 
withh full measuremen t equivalence. 

Note.Note. Residuals are correlated across time up to two occasions 

TableTable 6.2: Fit resul ts for the longitudinal measurement models 

Model l 

Self-confidence e 
1.11 no restrictions 
1.22 equal factor loadings 

differencee 1.2 and 1.1 
1.33 equal intercepts 

differencee 1.3 and 1.2 
1.44 partially equal intercepts 

differencee 1.4 and 1.2 
differentt scaling 

1.55 partially equal intercepts 

Schooll investment 
2.11 no restrictions 
2.22 equal factor loadings 

differencee 2.2 and 2.1 
2.33 equal intercepts 

differencee 2.3 and 2.2 
2.44 partially equal intercepts 

differencee 2.4 and 2.2 
differentt scaling 

2.55 partially equal intercepts 

7-4 4 

10-7 7 

9-7 7 

df f 

4 4 
7 7 

== 3 
10 0 

== 3 
9 9 

== 2 

9 9 

4 4 
7 7 
3 3 

10 0 
3 3 
9 9 
2 2 

9 9 

X 2(P) ) 

7.222 (.12) 
16.844 (.02) 
9.622 (.02) 

32.311 (.00) 
22.655 (.00) 
17.188 (.05) 

.300 (.86) 

17.188 (.05) 

5.111 (.28) 
7.999 (.33) 
2.888 (.41) 

93.488 (.00) 
88.37(.00) ) 
8.977 (.44) 

.988 (.61) 

8.977 (.44) 

RMSEA A 

.017(.OO0-.037) ) 

.0233 (.009-.037) 

.029(.018-.040) ) 

.018(.002-.032) ) 

.018(.002-.032) ) 

.010(.000-.32) ) 
.0077 (.000-.026) 

.0566 (.046-.067) 

.0000 (.000-.022) 

.0000 (.000-.022) 
Note.Note. N=2660; ** p< .01 ; RMSEA values in parentheses denote 90% confidence 
intervals;; Models 1.4 and 2.4 are estimated without an equality constraint on the 
interceptss of the indicator at the first occasion. 
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Thee analyses of the longitudinal measurement models for school investment 
andd self-confidence star ted out with the unconst ra ined longitudinal factor models. 
Subsequently,, the constraints for measurement invariance were imposed, and their 
tenabilityy was assessed. Figure 6.1 gives a schematic presentation of the 
longitudinall factor models a s they apply to both concepts. The necessary 
constraintss for identification purposes were implemented on one of the two items, 
butt the remaining factor loadings (at) and indicator intercepts (ct) were freely 
estimated.. Table 6.2 presents the fit statistics of the nested sequences of 
longitudinall measurement models for both concepts, in which the first indicator (xt) 
att each occasion was used to scale both the covariance and mean structure. 

Summarizingg the results in Table 6.2, for both self-confidence and school 
investmentt equal factorloadings of the second indicator across time did not lead to 
aa significant decrease in model fit. However, a subsequent equality constraint on 
thee intercepts gave a significant deterioration in model fit. The modification indices 
showedd that , for both models, the misfit was due to the intercepts at the first 
measurementt occasion. These modification indices for the intercept of the 
indicatorss at the first occasion for self-confidence and school investment were, 
respectively,, 14.96 and 83 .41 . Though it did not mat ter for the model fit which 
constraintt was relaxed {xj or y}), it was decided to remove the equality constraint on 
thee second indicator (yi) in order not to change the identification scheme. The 
partiallyy constrained longitudinal measurement model provided a good fit to the 
data,, as was already reported in Chapter 3. 

Thee first question is now what would have happened if the second indicator (yt 

inn Figure 6.1) was used for identification purposes instead of the first indicator. The 
resultss concerning the model fit were equivalent for all tested models. Therefore, 
onlyy the fit measures of the final models are reported (Model 1.5 and 2.5). Table 6.2 
showss that a different reference indicator did not lead to any difference in model fit. 
Bothh Model 1.5 and 2.5 have equivalent fit measures as , respectively, Model 1.4 and 
2.4.. Apparently, there are no consequences for the model fit of the choice for a 
specificc reference indicator under partially equal indicator intercepts if the 
s t ructurall part of the model is unconstrained. 

TableTable 6~.3.Goodness of fit measures of the univariate growth curve models. 

Modell df 
Firstt indicator (x,) as reference (See Chapter 3 Table 1) 
Self-confidencee Model 1.2 of Chapter 3 15 
Schooll investment Model 2.2 of Chapter 3 13 

Secondd indicator (y,) as reference 
Self-confidencee 15 
Schooll investment 13 

X 2(P) ) 

27.277 (.03) 
14.722 (.33) 

21.311 (.12) 
14.388 (.35) 

RMSEA A 

.018(.006-.028) ) 

.007(.000-.021) ) 

.0133 (.000-.024) 

.006(.000-.021) ) 
Note.Note. The 90% confidence interval for RMSEA is given in brackets . 

103 3 



Next,, the same growth structure is imposed on the structural part of the model 
ass was found in Chapter 3. Recall from this chapter that a linear growth curve 
modell was found with a zero mean growth for self-confidence, and a nonlinear 
growthh curve model with a zero correlation between the level and growth rate for 
schooll investment. Table 6.3 presents the results. The first rows present the fit 
measuress of the models as analyzed and reported in Table 3.1 of Chapter 3, using 
thee first indicator as the reference, the last two rows present the growth curve 
modelss were the reference indicator has been changed. 

Ass expected from the results of Chapter 5, the models with a different 
referencee indicator are not equal under partial measurement invariance. However, 
thee differences are, in this case, not so large that they would lead to different 
substantivee conclusions. For both models the model fit gets slightly better if the 
secondd indicator is used as the reference indicator; and the parameter estimates 
showw minor changes. As a final check, the multivariate growth curve model was 
analyzedd again using the second indicator of self-confidence and school investment 
ass the reference for scaling. The fit measures of this model were x2(180)= 288.314, 
p=.00,, RMSEA=.014, approximately the same as the model of Chapter 3. It may be 
concludedd that in this particular situation the impact of partial measurement 
invariancee was not very important. Though model fit improved slightly, the 
parameterr estimates and substantive conclusions remained the same. This may 
howeverr not always be the case, as was illustrated in Chapter 5. 

Concludingg Remark 

Manyy methods can be applied for the analysis of longitudinal data. There is, in 
general,, no single preferred statistical procedure since different substantial 
questionss dictate different data structures and, consequently, different statistical 
modelss and methods. The present thesis focused on growth curve analysis, a 
longitudinall data analytical method currently being applied in numerous studies in 
thee social sciences. Growth curve analysis, and its SEM variant latent growth curve 
analysis,, have advantages for the study of change if it can be assumed that change 
iss systematically related to the passage of time. Given this assumption, (latent) 
growthh curve analysis may overcome some of the limitations of more traditional 
approachess to the assessment of change. Identifying individual differences in 
change,, as well as understanding the process of change are considered to be critical 
issuess in developmental research by many scholars. Growth curve analysis 
explicitlyy reflects on both intra-individual change and inter-individual differences in 
suchh change. Already in its simplest form, the latent growth curve model presented 
aa number of complications that, in our view, had not been dealt with, or, at least, 
nott sufficiently enough, in the present literature. The issues discussed in this thesis 
were,, therefore, illustrated using relatively basic latent growth curve models. The 
issuess and their consequences can be generalized naturally, however, to more 
complexx latent growth curve models. Some of these extensions of the basic latent 
growthh curve model have been described in the text (e.g. multivariate LGC and 
higher-orderr LGC models). Other advanced extensions have not been addressed. 
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Noteworthyy are extensions to multiple-sample analysis, with cohort-sequential 
analysiss as a special case (e.g. Aber & McArdle, 1991; Duncan, Duncan & Hops, 
1996;; McArdle & Hamagami, 1991), LGC models incorporating interaction effects 
(Duncan,, Duncan, Strycker, Li & Alpert, 1999; Li, Duncan & Acock, 2000; Wen, 
Marshh & Hau, 2002), and in particular the relatively new latent growth mixture 
modelingg approachai (Muthen, 2001, 2002; Muthen & Shedden, 1999). The issue 
concerningg the scaling of time, for example, pertains in latent growth mixture 
models,, since the basis function remains a crucial aspect of such models. The same 
holdss true for the other issues that were discussed here. The articles combined in 
thiss thesis thus may contribute to growth curve modeling per se, as well as to these 
neww modeling opportunities that will enrich growth curve modeling and allow more 
complexx ideas of development. 

211 Growth mixture modeling provides an extension of conventional LGC analysis. By incorporating a 
categoricall latent variable it is possible to represent a mixture of subpopulations where population 
membershipp is not known but instead must be inferred from the data. See Li, Duncan, Duncan & 
Acockk (2001) for a recent didactic example of this methodology. 
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SummarySummary in Dutch 

Ditt proefschrift bestaat uit de bundeling van een vijftal artikelen met als centraal 
themaa de analyse van herhaalde metingen met behulp van het groeicurvemodel. Het 
groeicurvemodell representeert herhaalde metingen expliciet als functie van de tijd, 
enn eventueel als functie van andere variabelen. De toestand van een subject op een 
bepaaldd tijdstip wordt gemodelleerd als functie van een onderliggend groeiproces, 
waarvann de parameters random variëren over de subjecten. In een analyse met 
behulpp van het groeicurvemodel wordt zowel de verandering die plaatsvindt binnen 
hett subject meegenomen, alsmede de verschillen die hierin bestaan tussen de 
subjecten.. Het groeicurvemodel richt zich met andere woorden op de inter-
individuelee verschillen in intra-individuele verandering. Uitgaande van rechtlijnige 
verandering,, bijvoorbeeld, kunnen individuele verschillen zich voordoen in de twee 
parameterss waarmee een rechte lijn is bepaald, de intercept en de hellingshoek, de 
zogenaamdee groeiparameters. De intercept representeert het begin van het 
groeiprocess,, dit kan samenvallen met het eerste meetmoment, en de hellingshoek 
representeertt de mate van groei. Verschillen kunnen zich dus voordoen in de 
toestandd op bijvoorbeeld het eerste meetmoment, en de daarop volgende groei. 

Specificatiee van het groeicurvemodel kan geschieden vanuit twee verschillende 
benaderingen,, de multilevelregressieanalyse en de covariantiestructuuranalyse 
(structurelee vergelijkingen modellen). In Hoofdstuk 1 wordt gekeken naar de 
verschillenn die bestaan tussen deze twee benaderingen. Er wordt beschreven dat de 
verschillenn zich niet zozeer voordoen bij het uitgangsmodel en de specificatie 
hiervan,, maar dat er zich wel verschillen voordoen in de wijze waarop dit 
uitgangsmodell kan worden uitgebreid. Met behulp van een gesimuleerde dataset 
wordtt dit gedemonstreerd. Het blijkt dat de covariantiestructuur analyse in het 
merendeell der gevallen meer flexibiliteit biedt in de modelspecificatie dan 
multilevelregressieanalyse.. Echter, de beschreven verschillen worden met name 
veroorzaaktt door de binnen iedere benadering beschikbare 
computerprogrammatuur,, die ontwikkeld is vanuit vakinhoudelijk oogpunt, en dus 
niett vanuit het model zelf. Met de recente opkomst van nieuwe krachtige 
programmatuur,, als Mplus en GLAMM kan gesteld worden dat het onderscheid 
tussenn de twee benaderingen aan het vervagen is. Deze uitdagende programmatuur 
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vergtt echter een aanzienlijk hoger niveau van technische kennis dan bij de 
gemiddeldee gebruiker aanwezig is en wordt momenteel nog relatief weinig gebruikt. 

Inn de resterende hoofdstukken van dit proefschrift gaat de aandach t uit naar 
hett groeicurvemodel b innen het perspectief van de covariantiestructuuranalyse. 
Aangezienn latente variabelen een centraal onderdeel vormen van deze benadering 
wordtt dit ook wel 'latente groeicurveanalyse" genoemd. De latente variabelen zijn 
hierbijj de parameters die de groeicurve beschrijven. In tegenstelling tot 
psychometrischee latente variabelen handelt het hier om chronometrische latente 
variabelen. . 

Inn Hoofdstuk 2 wordt aangetoond dat transformatie van de tijdsschaal, zoals 
diee is opgenomen in het groeicurvemodel, niet alleen van invloed kan zijn op de 
inhoudelijkk interessante groeiparameters, maar eveneens op de verklaring van de 
inter-individuelee verschillen in deze parameters met behulp van predictoren. 
Afhankelijkk van het gekozen nulpunt van de tijdschaal kunnen parameters variëren 
vann significant negatief tot significant positief. Dergelijke parameters zijn daarom 
lastigg inhoudelijk te interpreteren. Op de vraag, waarom de tijdsschaal zonodig 
getransformeerdd moet worden, is het antwoord dat dergelijke transformaties 
impliciett worden voltrokken wanneer het eerste meetmoment gelijk wordt gesteld 
a ann het nu lpun t van de ti jdsschaal en het theoretische begin van het groeiprocess 
niett samenval t met dit tijdstip. Er wordt geconcludeerd dat het beter is af te zien 
vann een inhoudelijke interpretatie van de betreffende interceptparameters in deze 
si tuatie,, maar de aandach t vooral te richten op de groei. Alleen in die situaties, 
waar inn het begin van het groeiproces overeenkomt met het eerste meetmoment , dat 
will zeggen als de tijd gemeten is op rationiveau, kunnen alle parameters waarbij de 
interceptt betrokken is zonder problemen worden geïnterpreteerd. 

Hoofdstukk 3 beschrijft een inhoudelijk onderzoek waarin een multivariate 
groeicurvee analyse wordt uitgevoerd. Een multivariaat groeicurvemodel waarin 
s imul taann meer groeiprocessen worden opgenomen, maakt het mogelijk om de 
relatiee tussen verschillende groeiprocessen te onderzoeken. Inhoudelijk gaat dit 
hoofdstukk over de onderlinge relaties tussen de ontwikkelingsprocessen van de 
inzett voor school, zelfvertrouwen, en taalvaardigheid van leerlingen uit groep 2 tot 
enn met groep 8 van de basisschool. Uit de analyses volgt, ten eerste, dat er 
significantee verschillen zijn t u s sen groeicurven van leerlingen voor elk van de drie 
processenn apart . Verder zijn de drie processen, zoals verwacht, onderling positief 
gecorreleerd.. Intelligentie verklaart een deel van inter-individuele verschillen tussen 
dee leerlingen, en een deel van de verbanden tussen de groeiprocessen. De 
belangrijkstee aspecten van dit hoofdstuk, in het kader van dit proefschrift, waren de 
methodologischee vragen die het opwierp met betrekking tot noodzakelijke 
uitbreidingenn van het s t andaard groeicurvemodel. Deze methodologische vragen 
vormenn het onderwerp van Hoofdstuk 4 en Hoofdstuk 5. 

Hoofdstukk 4 gaat over de verklaring van de inter-individuele verschillen in 
groeiparameterss met behulp van tijdonveranderlijke covariaten. Het is gebruikelijk 
omm het effect van dergelijke covariaten direct te modelleren als een effect op de 
latentee variabelen. Geïllustreerd wordt echter dat het op deze wijze modelleren van 
tijdonveranderlijkee covariaten in een aantal gevallen te restrictief is, aangezien 
hierbijj wordt uitgegaan van volledige mediatie van de effecten van covariaten door 
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dee latente variabelen. Om deze reden wordt een minder restrictief model voorgesteld 
waarinn de covariaten direct worden geregresseerd op de geobserveerde variabelen. 
Tevenss wordt aangetoond dat het gebruikelijke model een speciaal geval is van het 
hierr voorgestelde model. 

Hoofdstukk 5 bestaat uit twee delen. In het eerste deel wordt het niet-lineaire 
groeicurvemodell beschreven, waarin de basisfunctie voor de groei niet volledig 
wordtt gefixeerd overeenkomstig de tijdstippen van meting, maar gedeeltelijk wordt 
geschat.. Een probleem dat zich kan voordoen bij de toepassing van dit model is dat 
dee standaardfouten van enkele parameters , en daarmee ook de waarden op de 
toetsingsgrootheden,, afhankelijk zijn van de gehanteerde schaling. op deze wijze 
zouu de schaling van invloed kunnen zijn op het resultaat van de toetsing van 
sommigee parameters , en dat lijkt niet correct. Een twee-staps procedure biedt 
evenwell de oplossing voor dit probleem, waarbij de eerste s tap de 
parameterschat ingenn oplevert. Omdat de standaardfouten uit de eerste s tap niet 
correctt zijn, worden de vrij te schat ten elementen van de basis functie in de tweede 
s tapp gefixeerd op de uit de eerste s tap verkregen schatt ingen. De 
toetsingsgroothedenn verkregen op de tweede s tap zijn nu niet meer afhankelijk van 
dee gehanteerde schaling. In het tweede deel van Hoofdstuk 5 wordt geïllustreerd dat 
volledigee meetinvariantie een noodzakelijke voorwaarde is voor de interpretatie van 
veranderingg in latente variabelen indien het model geschaald is met behulp van de 
geobserveerdee variabelen. De keuze van de referentievariabele kan namelijk van 
invloedd zijn op de parameterschat t ingen en de passing van het model. In deze 
situatiess verdient het de voorkeur om het model te schalen met behulp van de 
latentee variabelen. 
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Stellingen n 

1.. The choice between multilevel regression analysis and latent 
growthh curve analysis often has a logistical base, not a logical 
one. . 

2.. The correlation between the initial status and linear growth 
doess not depend on time. 

3.. The correlation between the initial status and linear growth 
dependss on time. 

4.. Most structural equation models can be reparameterized as 
constrainedd measurement models. 

5.. The longitudinal design of a study should also be manifest in 
thee item construction phase. 

6.. Factorial invariance across groups inflates the number of 
degreess of freedom for the test of the factor model itself. 

7.. Assumptions are the source of income of any scientist. 

8.. "That's obvious!" should not be regarded as an argument for 
rejectionn of a manuscript but as a compliment on the clarity of 
exposition. . 

9.. A reference to Bernoulli's principle is more likely to apply to 
kitess than to probability theory. 

10.. To do just the opposite is a form of imitation. 
(Georgg Lichtenberg, 1742-1799) 

Stellingenn behorend bij: "Issues in growth curve modeling'' 
Amsterdam,, augustus 2003, Reinoud D. Stoel 
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