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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 that 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 wil l 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, 
butt 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 situations 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 that 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 has 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 
standardizat ion. . 

Thee additional analysis presented here points out that 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 counterparts 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 that the structure 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 acquisit ion 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 that 
thee effect on the growth parameters may also be overestimated in certain instances. 
Whetherr or not the effect of a t ime-invariant covariate is overestimated, or 
underest imated,, depends on the violation of the assumpt ion of full mediation. 
Furthermore,, if the assumpt ion is violated, it is presumably the relative strength of 
thee true direct effects (i.e. the relation between the covariate and the time specific 
residuals)) that determines the bias. A simulation study might shed further light on 
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thee specific condit ions for over and underest imation of the effect of a t ime-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 il lustration of the implications of the 
conclusionss of Chapter 4 for an empirical data set. If the assumpt ion of full 
mediat ionn is violated, the effect of a time-invariant covariate on the latent growth 
parameterss wil l be biased. This argues against the standard practice in latent 
growthh curve modeling, as well as longitudinal multilevel regression analysis, to 
modell  the t ime-invariant covariate with direct effects on the growth parameters 
wi thoutt testing the assumpt ion of full mediation. Luckily, in this specific case, the 
resu l tss of the direct effect model were not radically different from the results of the 
growthh predictor model that 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 
Chapterr 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 
testedd before a covariate is modeled as 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 that 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 wil l be the topic of future 
work. . 

Wee wil l now look back on the implications of the conclusions of Chapter 5 for 
thee resul ts reported in Chapter 3. Let us first focus on the nonlinear growth curve 
models;; that 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 interpretat ions based on this model are not dependent 
onn the scaling of the basis function for the growth rate, and that the change in the 
standardd 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 the 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 terms of the 
fulll  period, and it can easily be compared to the basis function under l inear growth, 
i.e.. [0, 2, 4, 6]. Alternative scalings would have given the growth rate a different 
measurementt scale and thus a slightly different interpretation, but 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 tandard 
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, that 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 measurement 
invariance,, but that model fit and parameter est imates may change under partial 
measurementt invariance. These conclusions might have serious consequences, in 
part icularr for the results of Chapter 3, which were based on two multiple indicator 
growthh curve models with partial measurement invariance. We wil l now explore 
whatt the consequences are of the choice for the specific reference indicators for the 
parameterr estimates and model fi t of the growth curve models for school investment 
andd self-confidence. 

101 1 



Figuree 6.1 Schematic presentation of a longitudinal factor model 
wit hh full measurement 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 

X2(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 started out with the unconstra ined longitudinal factor models. 
Subsequently,, the constraints for measurement invariance were imposed, and their 
tenabilityy was assessed. Figure 6.1 gives a schematic presentat ion of the 
longitudinall  factor models as 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 statist ics 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 fi t 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 
structurall  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 

X2(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. 
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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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