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Abstract  

This article outlines the various applications of longitudinal models using the structural equation mod-

eling (SEM) framework. Two classical approaches of longitudinal analysis in SEM are the autoregressive 

cross-lagged models and the latent growth curve models. Hybrid longitudinal models in SEM attempt 

to combine the two strands of techniques. Recently, these hybrid models have been expanded upon 

to properly separate between- and within-effects. This article demonstrates the application of these 

models by empirically examining the relationship between environmental values and attitudes to-

wards the so-called Energy Transition in Germany over time. We show that a variety of research ques-

tions can be examined using longitudinal models in SEM. The new developments in longitudinal models 

in SEM furthermore make it possible for researchers to more accurately test theories.  
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1 Introduction 

Recent methodological developments have made it possible to simultaneously examine stability, 

growth and causality in a longitudinal structural equation modeling (SEM) framework (Berry and 

Willoughby 2017; Bianconcini and Bollen 2018; Bollen and Brand 2010; Curran and Bollen 2001, Curran 

et al. 2014, Hamaker et al. 2015). This article looks at applications of various types of structural equa-

tion panel models and how several diverse research questions can be examined using them. We illus-

trate this using real data taken from three waves of the GESIS Panel (GESIS 2016) on environmental 

values and attitudes towards the government mandated shift towards renewable energy in Germany. 

Over the course of the analysis, we will be able to address a number of research questions using what 

are often referred to as ‘hybrid’ or ‘extended’ panel models. These models incorporate two methodo-

logical strands that have historically been seen as competing methods: autoregressive cross-lagged 

(AR-CL) (see the article by Kühnel and Mays in this volume) and latent growth curve (LGC) models. 

Latent growth curve components help us examine overall growth over time, as well as whether or not 

base levels and rates of change of one construct are dependent on those of others; autoregressive 

parameters help us to examine the stability of constructs over time, and the inclusion of cross-lagged-

effects makes it possible to test causal relationships between constructs.  

As will be shown in this article, hybrid panel models are particularly suitable for causal analyses since 

they take unobserved heterogeneity into account and allow the specification of fixed as well as random 

effects over time (see Bianconcini and Bollen 2018; Bollen and Brand 2010). Notably, they are also able 

to address between- and within-person effects separately. The modeling of latent constructs and the 

establishment of measurement equivalence of constructs over time furthermore means we can be 

confident that the observed change is occurring at the substantive, rather than the measurement level 

(Ferrer et al. 2008). We discuss and apply some of the latest developments in panel analysis in SEM in 

a series of models of increasing complexity. In doing so, we show how the two strands of models can 

be integrated and discuss some current topics, such as the clean separation of between- and within-

person effects.  

This article assumes the reader has some familiarity with panel models in SEM. In the opening sections, 

it will make reference to terms and concepts that will be developed in greater detail over the course 

of discussing the empirical models. The models are represented graphically in the typical SEM path 

diagram format.  

The following two sections will outline the goal of the article and discuss the potential uses of panel 

models in SEM. After that, we will introduce the data used for the following demonstrations. We will 

then introduce different types of panel models and successively show how they can be integrated into 

what are known as ‘hybrid’ panel models. Then we will introduce the concept of separating between- 

and within-person effects using the structured residuals method. In the empirical analysis, we will 

demonstrate the use of hybrid panel models using the environmental values and attitudes towards the 

Energy Transitions example. Here, we estimate a series of increasingly complex models leading to-

wards the full hybrid model with structured residuals. In the final section, we provide a summary, point 

to methodological difficulties and discuss potential for the future.  
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2 Theoretical-substantial research questions on causality and stability 

in attitude research 

Panel data is a type of longitudinal data that tracks the responses of the same respondents over a 

period of time. It fulfils an important criterion for established causality in observed relations which 

states that the cause must come before the outcome (Opp 2010). This sets panel data apart from non-

experimental cross-sectional analyses. Thus, with panel data, it is possible to test the causal direction 

of an observed relationship by looking at whether an occurrence precedes a change in another varia-

ble. This is a test of what is known as Granger’s (1969) concept of causality in which if, after controlling 

for past values of y, past values of x can predict future values of y, then it can be said that x causes y. 

In this article, when we speak of causality, we therefore restrict ourselves to this conception and must 

leave open the possibility that an omitted variable bias may lead to improper conclusions – at least 

involving time-varying omitted variables, for more on controlling for time-invariant variables, see be-

low (Granger 1969; see also Hamaker et al. 2015 who explicitly point this out as well).  

This paper will demonstrate the applications of panel models in approaching a wide variety of substan-

tive research interests. To do so, we conduct a test of a core assumption in attitude research concern-

ing the hierarchical structure of attitudes as stated by Fishbein and Ajzen’s (2010) Theory of Planned 

Behavior (TPB). Our specific application will be looking at the causal links between environmental val-

ues (new environmental paradigm or “NEP”, see Best and Mayerl 2013) and attitudes towards the 

German government mandated move towards renewable energies (Energiewende, translated: “Energy 

Transition”), which we have abbreviated to TAE; or attitudes towards the transition to alternative en-

ergy, see Best and Dannwolf 2014).  

According to the TPB, background factors such as age, gender, status, personality, mood, values, intel-

ligence (and so on) influence behavioural, normative and control beliefs concerning a particular atti-

tude-object. Behavioural beliefs influence attitudes, normative beliefs influence perceived norms and 

control beliefs influence perceived behavioural control. These directly influence behavioural intention 

and behavioural intention ultimately influences behaviour. Perceived behavioural control is seen to 

have a direct influence on behaviour not mediated by intention in the way that one can express the 

intention do behave a certain way but still be hindered by a lack of volitional control (for more see 

Fishbein and Ajzen 2010). The TPB explicitly states that background factors such as values influence 

attitudes (via beliefs) and not the other way around. Values are a type of fundamental belief that 

‘transcend’ specific actions and situations (Schwartz 2012) and are resistant to change whereas atti-

tudes are the result of weighing of pro and contra arguments (Fishbein and Ajzen 2010). While the TPB 

conceives that previous attitudes and behaviours can influence future ones, values belong to the spe-

cial category of background factors that tend to be more resilient to change. At the same time, the 

distinction between beliefs – which encompass mainly causal assumptions about the attitude object 

and which are more open to change – and values is not always clear, or as Schwartz writes “Values are 

beliefs” (Schwartz 2012: 3).  

In attitude theory, the hierarchical structure of attitudes is well-recognized: values and other back-

ground factors are the antecedents of beliefs which, in turn, predict attitudes (Best and Mayerl 2013; 

Eagly and Chaiken 1998 p. 284f.; Rokeach 1968; Stern and Dietz 1994). In line with this, we test the 

assumption of the TPB and hierarchical attitude theory by analyzing three waves of panel data on re-

spondents’ environmental values and their attitudes towards the German Energy Transition. If the as-

sumption of a hierarchical attitudinal structure is right, we should observe causal effects of values on 

attitudes but not the other way around. Furthermore, as values are supposed to be deep-seeded and 

resilient to change, we should expect them to display higher levels of stability than attitudes.   
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The causal relationship between values and attitudes as well as the underlying stability of each con-

struct over time are two typical types of research goals of attitude research. However, new advance-

ments in panel models with SEM make it possible to test even more hypotheses simultaneously. In the 

next section, we will describe the range of research questions possible for empirical testing using hy-

brid panel models that incorporate autoregressive cross-lagged effects as well as latent growth curve 

components.  

3 Modeling strategies in structural equation modeling: NEP and the 

energy transition 

Hybrid panel models in SEM combine aspects of autoregressive and cross-lagged models with latent 

growth curve models and can be used to test a wide variety of hypotheses. Typically, autoregressive 

effects in panel models are used to examine the stability of constructs over time while cross-lagged 

effects look at causal relationships. Latent growth curve models, on the other hand, plot the ‘trajec-

tory’ of a construct over time: they help to determine change in overall levels of a construct over time, 

regardless of the shape of the overall trajectory (whether positive or negative, linear, exponential etc., 

see Urban 2004). In this next section, we outline the various types of research questions that can be 

investigated using hybrid panel models in SEM. We follow the reader-friendly structure used in 

Schlüter et al. (2007) and discuss the applications of hybrid panel models within the context of our 

chosen example of environmental values and attitudes towards the Energy Transition. The first two 

research questions refer to the AR-CL portion of the model. The second two will be answered by ex-

amining the LGC portion.  

We first look at the question of causality and ask:  

1. Do environmental values lead to attitudes towards the Energy Transition or the other way 

around? 

Questions concerning the causal direction of relationships are addressed by looking at the cross-lagged 

effects. Cross-lagged effects are modeled by including a time varying predictor and looking at the 

causal effects of (in this case) NEP at an earlier point in time (t) on the dependent variable, here TAE, 

at a later point in time (t+1). Cross-lagged effects can also be evaluated in the other direction (TAE -> 

NEP) to rule out feedback loops or non-recursive effects. Based on the theoretical considerations, we 

should expect significant positive effects of NEP on TAE and no such effects from TAE on NEP.  

Secondly, we may be interested in answering: 

2. How stable are environmental values and attitudes towards the Energy Transition? 

To answer this type of question, we look at the autoregressive parameters. Autoregressive paths are 

specified to take into account that a future measurement will likely be influenced by past measure-

ments of the same construct and are interpreted as stability coefficients (Urban 2002, 2004). Stability 

means that there are systematic relations between the measures of the same construct over time. 

Normally, stability coefficients refer to the rank ordering of individuals over time.1 Stability coefficients 

are, on their own, often difficult to interpret because they refer only to this rank ordering without 

regard for growth processes. As such, one will observe strong positive stability coefficients regardless 

of whether there is no change over time (consistency), or whether there is a parallel trend between 

respondents in terms of either positive or negative growth. Strong negative stability, on the other 

                                                           
1 We say ‘normally’, because, as will be shown and discussed later, this interpretation does not apply to auto-
regressive parameters at the within-level.  
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hand, means that the order of the individuals has systematically been flipped (respondents who scored 

high at t1 tend to score low at t2 and vice versa). Weak stability simply means that growth is not sys-

tematic with some respondents growing positively, others negatively, others not at all (see Urban and 

Mayerl 2014, p. 165 for a visual representation of stability coefficients).  

By observing the stability coefficients over time, we can test the hypothesis that values are something 

more fundamental and resilient to change while attitudes are more dynamic, reflecting the current 

sum total of various conflicting pro and contra arguments. We should therefore expect higher auto-

regressive effects in NEP while more unsystematic fluctuation and thus lower stability coefficients in 

case of TAE.  

The following two research questions can best be answered by examining the LGC portion of the 

model. Specifically, we look at the latent intercept and slope factors of both constructs as well as the 

relationships between them. The latent intercept factors are interpreted as the average overall start-

ing-level of a construct for all (or, with the inclusion of time-invariant predictors, a sub-group of) re-

spondents. The latent slope factor indicates to what extent the overall levels are increasing, decreasing 

or remaining constant over time. The third research question is thus:  

3. What are the initial overall levels of NEP and TAE and how do they change over time? Do some 

respondents differ from one another in terms of initial levels or rates of change?   

Looking at the latent intercept and slope factors, we can examine the overall initial levels of environ-

mental values and attitudes towards the Energy Transition as well as growth over time. As values rep-

resent stable, resilient beliefs, we should not expect that societal and political developments should 

influence growth processes. Attitudes, on the other hand, should be the result of more specific situa-

tional factors. Recent societal and political developments may have an impact on attitudes towards 

the Energy Transition. The analysis will be able to show us whether values and attitudes are becoming 

more positive, negative or remaining the same over time. Furthermore, the variances of the latent 

intercept and slope factors will help determine whether there is sizable variability amongst respond-

ents. 

Finally, by looking at the correlations between latent intercept and slope factors of both constructs we 

can observe whether, for example, initial levels of environmental values (as indicated by the latent 

intercept factor of the construct) influence growth in attitudes towards the Energy Transition (as indi-

cated by the latent slope factor for this construct). 

4. How do the latent intercepts and slopes of each of the constructs influence each other? Do 

initial values on one construct influence growth on another factor, for instance?  

After having discussed the main research questions, the next section will describe the constructs and 

their measures.  

3.1 Measures  

In this section, we will first introduce the indicators of the latent constructs of interest, environmental 

values (NEP) and attitudes towards the Energy Transition (TAE). After doing that, we will discuss several 

important issues related to the analysis of panel data in general and point out specific methodological 

problems involving panel data analysis in SEM.  

We use data collected in the GESIS Panel from waves bc (field period: 18th June-12th August 2014, 

n=4105), cc (17th June-11th August 2015, n=3630) and dc (15th June-16th August 2016, n=3329), see 

GESIS (2016) for more information.  
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The New Ecological Paradigm (NEP) is a scale developed by Dunlap et al. (2000) intended to measure 

one’s ecological worldview. It is intended to encompass a foundational belief system on the level of 

fundamental values (Best and Mayerl 2013; Dunlap et al. 2000, p. 430). The TPB speaks of the hierar-

chal nature of attitudes and the causal chain of diffuse underlying values and so-called “primitive be-

liefs” concretizing into more systematic beliefs, general attitudes and into specific attitudes regarding 

a tangible attitude-object. The NEP, whether characterized as a value system, worldview or set of 

“primitive beliefs”,2 is definitely situated at the beginning of this causal chain, representing diffuse, 

overall beliefs about nature and humans’ relationship to it. The original scale encompasses 15 items 

that cover five theoretical sub-dimensions. The NEP scale is included in the GESIS panel and a subsec-

tion of the items were chosen to operationalize the respondents’ overall environmental values. Items 

NEP1 and 6 (see Table 1 below) refer to the “human exceptionalism” sub-dimension, items 2 and 7 to 

“anthropocentrism”, item 3 to the “limits to growth”, 4 “eco-crisis” and 5 “balance of nature” so that 

all the sub-dimensions of the original scale are represented. Contrary to the multidimensional struc-

ture implied above, as Best and Mayerl (2013) showed, the items generally represent a single latent 

factor. A principle component analysis (PCA) that they carried out showed a two-factor structure based 

on the item wording: positively and negatively worded items loaded together respectively with negli-

gible side-loadings. They came to the conclusion that the two-factor solution was an artificial side-

effect of the item wordings and operationalized the scale as a single factor which resulted in satisfac-

tory scale properties (Best and Mayerl 2013). In the following confirmatory factor analysis (CFA) this 

result will be tested again (for more on the scale and the contents of its sub-dimensions, see Dunlap 

et al. 2000).  

Items used to measure the respondents’ attitudes towards the Energy Transition were developed by 

Best and Dannwolf (2014) for inclusion in the GESIS Panel. The items constitute a new module within 

a larger item battery of other general attitudes towards the environment and other more specific en-

vironmental topics such climate change, nuclear energy etc. (Best and Dannwolf 2014). The scale was 

originally designed with ten items, five positive and five negative. Since we used only items with the 

same direction for the specification of the NEP scale, we decided to do this as well in the case of the 

TAE scale. Therefore, we reduced the scale to the five positive items in order to reduce the complexity 

of the measurement models and to avoid possible higher order factors. As such, while NEP is designed 

to encompass general environmental values, attitudes towards the Energy Transition can be seen, in 

keeping with Ajzen and Fishbein’s concept of the hierarchical nature of attitudes, as a specific attitude 

nested within a more general framework.  

All items were measured on a bipolar five-point scale with 1: “fully agree” to 5: “fully disagree”. NEP 

items were recoded to match Energy Transition-items’ scale direction so that low values always indi-

cate higher concern for the environment or rather more positive attitudes towards the Energy Transi-

tion. The following Table 1 gives an overview of the model variables.  

                                                           
2 As apparent from the brief description above, there is some unclarity surrounding the exact nature of the NEP 
scale, although Stern et al. (1995) have argued that Dunlap’s scale of environmental values does indeed measure 
primitive beliefs, see also Best and Mayerl 2013. 
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Table 1: Constructs and measures  

Construct  La-
bels 

Original variable 
labels 

Question text  
(scale: 1: “fully agree” to 5: “fully disagree”) 

Environmental  

values (NEP) 

NEP1 bczd018a 
cczd015a 
dczd015a 

Humans will eventually learn enough about how nature works to be 
able to control it. 

NEP2 bczd016a 
cczd013a 
dczd013a 

Humans were meant to rule over the rest of nature. 

NEP3 bczd010a 
cczd007a 
dczd007a 

There are enough natural resources on the planet - we just have to 
learn how to use them. 

NEP4 bczd014a 
cczd011a 
dczd011a 

The so called “ecological crisis” facing humankind has been greatly 
exaggerated. 

NEP5 bczd012a 
cczd009a 
dczd009a 

The balance of nature is strong enough to cope with the impacts of 
modern industrial nations. 

NEP6 bczd008a 
cczd005a 
dczd005a 

Human ingenuity will insure that we do NOT make the earth unliva-
ble. 

NEP7 bczd006a 
cczd003a 
dczd003a 

Humans have the right to modify the natural environment to suit 
their needs. 

Attitude towards 
Transition to  
Alternative Energy 
(TAE) 

TAE1 bczd025a 
cczd022a 
dczd022a 

We have to move away from fossil fuels as soon as possible, regard-
less of costs. 

TAE2 bczd026a 
cczd023a 
dczd023a 

Renewable energies make Germany independent from other coun-
tries because less energy has to be imported. 

TAE3 bczd028a 
cczd025a 
dczd025a 

The future is in renewable energies. 

TAE4 bczd030a 
cczd027a 
dczd027a 

Nuclear power plants are very dangerous for all of us. 

TAE5 bczd032a 
cczd029a 
dczd029a 

There is no alternative to a switch towards renewable energies. 

Prefixes bc=wave 1 (2014), cc=wave 2 (2015), dc=wave 3 (2016), all NEP indicators recoded so low 

values indicate more environmentally conscious values  

The following Table 2 shows the sample size, mean and standard deviation of the seven indicators of 

NEP and five indicators of TAE at the three points in time. The decreasing sample size over time can be 

attributed to normal panel attrition. The estimation method full-information maximum likelihood 

(FIML) makes use however of all cases in the sample in the sense that all available information of all 

cases is used (see Urban and Mayerl 2014: chapter 4.5). By looking at the means of the indicators 

within each construct, it is possible to already get a sense for overall growth over time (Schlüter et al. 

2007). Generally, we observe very little growth in NEP; the averages stay fairly consistent over time. 

Indicators measures attitudes towards the Energy Transition, on the other hand, appears to grow 

slightly more positive with indicators TAE1 and 5 showing this most clearly (TAE1, meant1=2.91 vs. 

meant3=2.83; TAE5: meant1=2.53 vs. meant3=2.41).   
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Table 2: means and standard deviations of observed indicators of NEP and TAE across three points in 

time 

 t1 (2014) t2 (2015) t3 (2016) 

NEP n mean std. dev. n mean std. dev. n mean std. dev. 

NEP1 4046 2.52 0.94 3577 2.51 0.92 3279 2.47 0.93 

NEP2 4044 2.15 0.97 3570 2.17 0.95 3278 2.16 0.94 

NEP3 4050 3.46 1.05 3588 3.41 1.03 3277 3.42 1.03 

NEP4 4050 2.39 0.96 3573 2.34 0.92 3282 2.31 0.92 

NEP5 4055 2.10 0.85 3587 2.11 0.85 3284 2.13 0.85 

NEP6 4037 3.02 1.00 3567 3.03 0.98 3269 3.03 0.98 

NEP7 4055 2.64 1.03 3581 2.61 1.01 3268 2.60 1.01 

TAE n mean std. dev. n mean std. dev. n mean std. dev. 

TAE1 4032 2.91 0.94 3568 2.87 0.93 3273 2.83 0.93 

TAE2 4057 2.36 0.90 3569 2.35 0.85 3270 2.36 0.86 

TAE3 4052 2.02 0.79 3561 2.01 0.79 3267 1.99 0.79 

TAE4 4049 1.94 1.05 3573 1.94 1.04 3277 1.88 1.01 

TAE5 4036 2.53 0.98 3547 2.46 0.98 3270 2.41 0.97 

Raw data 

3.2 Confirmatory factor analyses and measurement equivalence 

The first step of the analysis involved the estimation of the measurement models and the establish-

ment of measurement invariance (or measurement equivalence) over the three points in time using a 

confirmatory factor analysis (CFA). All analyses were done with full information maximum likelihood 

(FIML) estimation.  

Measurement invariance is an important topic in longitudinal analyses. It ensures that observed 

changes over time actually represent the growth of a construct and not just that the construct itself 

has changed in nature (see for example Ferrer et al. 2008; Mayerl 2016; Urban and Mayerl 2014). In 

the following CFAs, we will test for configural, metric and scalar invariance in addition to establishing 

the measurement model.  

The first model was estimated in order to establish configural factorial invariance (which merely en-

compasses the fact that each construct was modeled the same way at each point in time, see Ferrer 

et al. 2008). The latent constructs in the measurement model were allowed to covary and autocorre-

lations for the measurement errors at each time point were specified. All but one indicator showed 

acceptable standardized factor loadings above 0.5. One indicator of environmental beliefs (NEP3) 

showed relatively low factor loadings (0.344-0.368) but, due to the overall good model fit and for rea-

sons of content validity in the sense that we wanted to cover all sub-dimensions of NEP, this item was 

retained in the measurement model. The fit indices for the measurement model showed good model 

fit (CFI>0.950, RMSEA<0.050, see Table 4 below) and the configural factorial invariance was seen as 

achieved (see for more on invariance testing in SEM Mayerl 2016; Schlüter et al. 2007; Urban and 

Mayerl 2014). The following Figure 1 and Table 3 summarize the configural measurement model.  
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Figure 1: Measurement model3 

 

Not shown: autocorrelations of measurement errors within the same construct at different points in time and 

five other specified error correlations, see footnote.  

Table 3: Factor loadings (and unstandardized factor loadings) of the latent factors at each point in time  

 t1 (2014) t2 (2015) t3 (2016) 

NEP est. 
std. 
err. 

p 
std. 
est. 

est. 
std. 
err. 

p 
std. 
est. 

est. 
std. 
err. 

p 
std. 
est. 

NEP1 1.000 - - 0.579 1.000 - - 0.595 1.000 - - 0.624 

NEP2 1.073 0.038 <0.001 0.602 1.042 0.037 <0.001 0.601 0.950 0.035 <0.001 0.585 

NEP3 0.712 0.036 <0.001 0.368 0.650 0.036 <0.001 0.344 0.648 0.035 <0.001 0.363 

NEP4 1.060 0.038 <0.001 0.601 1.032 0.037 <0.001 0.609 0.957 0.035 <0.001 0.602 

NEP5 1.056 0.035 <0.001 0.675 1.052 0.036 <0.001 0.671 1.020 0.034 <0.001 0.686 

NEP6 0.935 0.036 <0.001 0.508 0.937 0.036 <0.001 0.521 0.865 0.034 <0.001 0.510 

NEP7 1.067 0.039 <0.001 0.564 1.113 0.040 <0.001 0.611 1.089 0.038 <0.001 0.625 

TAE est. 
std. 
err. 

p 
std. 
est. 

est. 
std. 
err. 

p 
std. 
est. 

est. 
std. 
err. 

p 
std. 
est. 

TAE1 1.000 - - 0.499 1.000 - - 0.518 1.000 - - 0.526 

TAE2 0.983 0.046 <0.001 0.516 0.931 0.043 <0.001 0.526 0.960 0.044 <0.001 0.546 

TAE3 1.145 0.047 <0.001 0.681 1.094 0.045 <0.001 0.665 1.082 0.045 <0.001 0.677 

TAE4 1.142 0.051 <0.001 0.515 1.185 0.051 <0.001 0.552 1.106 0.050 <0.001 0.543 

TAE5 1.212 0.053 <0.001 0.584 1.220 0.052 <0.001 0.602 1.212 0.052 <0.001 0.614 

Default model (configural measurement invariance) 

The testing of metric invariance (also known as “weak” factorial invariance) involves constraining the 

factor loadings of the various constructs to be equal across all points in time. Metric invariance is nor-

mally seen as necessary and adequate for looking at relations between constructs across groups or 

points in time (Kline 2011). The CFA for metric invariance was also acceptable, see again Table 4. Fi-

nally, the test of scalar invariance (“strong” factorial invariance) involves holding not only factor load-

ings but also the indicator-intercepts equivalent across the same construct at different points in time. 

The test of scalar invariance showed only a slight decrease in overall model fit and can be considered 

                                                           
3 In addition, within each time point, three measurement error covariances were specified between items of NEP 
to account for sub-dimensions: NEP1 and 6 (exceptionalism), NEP2 and 7 (anthropocentrism) and NEP4 and 5 
(balance of nature). In case of TAE, two measurement error covariances were specified within each time point: 
TAE2 and 3 (future perspectives) and TAE3 and 5 (no alternatives in future). 



 

9 
 

acceptable. Furthermore, as will be discussed later in more detail, a sort of scalar invariance was actu-

ally a prerequisite for the following models as it is necessary to constrain the measurement intercepts 

to zero in order to specify the latent means (Berry and Willoughby 2017, p. 1191).4 The following Table 

4 summarizes the model fit indicators for each of the invariance models.  

Table 4: Model fit and indices of CFAs 

 χ2 df P CFI RMSEA CI.90 RMSEA 

1. Default model  1838.802 528 0.000 0.970 0.018 0.017-0.019 

2. Metric invariance 1868.985 548 0.000 0.970 0.018 0.017-0.019 

3. Metric+scalar invariance 1968.264 572 0.000 0.968 0.018 0.017-0.019 

 

The following table shows the results of the scalar invariance confirmatory factor analysis. Factor load-

ings as well as indicator intercepts are thus constrained to be equal across time.  

Table 5: Factor loadings (and standardized factor loadings) of the latent factors, scalar invariance 

model  

 t1=t2=t3 

NEP est. std. err. p std. est. 

NEP1 1.000 - - 0.587 

NEP2 1.022 0.026 <0.001 0.589 

NEP3 0.674 0.026 <0.001 0.357 

NEP4 1.019 0.026 <0.001 0.591 

NEP5 1.042 0.024 <0.001 0.678 

NEP6 0.912 0.025 <0.001 0.505 

NEP7 1.098 0.028 <0.001 0.584 

TAE est. std. err. p std. est. 

TAE1 1.000 - - 0.503 

TAE2 0.955 0.031 <0.001 0.508 

TAE3 1.107 0.033 <0.001 0.669 

TAE4 1.143 0.038 <0.001 0.520 

TAE5 1.216 0.038 <0.001 0.590 

Scalar invariance model 

4 Panel models  

In this next section, we will briefly outline the two main stands of panel models: autoregressive, cross-

lagged (AR-CL) models and latent growth curve models (LGC). The empirical analysis focuses on a com-

bination of the two which incorporates latent growth factors and autoregressive and cross-lagged ef-

fects. These types of models are often referred to as hybrid panel models and specific model variations 

often have their own names (i.e. the autoregressive latent trajectory, or ‘ALT’, model).  

4.1 Autoregressive cross-lagged panel models  

Autoregressive effects look at the influence of the measurement of a construct at an earlier point in 

time on the measurement of the construct at a later point in time. Cross-lagged effects are used to 

test the causal relationship of two or more constructs on each other at adjacent points in time. Auto-

regressive and cross-lagged (AR and CL) effects are often spoken of in one breath as, in order to test 

causal relationships, it is seen as necessary to control for the value of the same construct at a previous 

point in time (Hamaker et al. 2015). The autoregressive effects may themselves be of substantive 

                                                           
4 Fixing all intercepts to zero means the latent mean is the result of a combination of all of the indicators’ means 
and is not the same as the so-called ‘marker variable method’, see Urban and Mayerl 2014, p. 198 f.  
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interest as they reveal information about the stability of the construct over time. AR effects are inter-

preted as stability coefficients with higher estimates typically indicating stronger stability in the rank 

ordering of individuals on the latent construct (Biesanz 2012; Urban 2002, 2004).  

Formally, the bivariate AR-CL model with mean structure and with variables x and y can be expressed 

in terms of the following equation (following the logic "intercept + autoregressive path + cross-lagged 

path + residual") which is an example of a model predicting a time-varying variable x:  

𝑥𝑖𝑡 = 𝛼𝑥𝑡
+ 𝜚𝑥𝑡,𝑥𝑡−1

𝑥𝑖,𝑡−1 + 𝜚𝑥𝑡,𝑦𝑡−1
𝑦𝑖,𝑡−1 + 𝜀𝑥𝑖𝑡

  

with 𝛼𝑥𝑡
 representing the intercept, 𝜚𝑥𝑡,𝑥𝑡−1

𝑦𝑖,𝑡−1 the weighted cross-lagged influence of 𝑦 at the pre-

vious time, 𝜚𝑥𝑡,𝑦𝑡−1
𝑥𝑖,𝑡−1 the weighted autoregressive influence of 𝑥 at the previous time and 𝜀𝑥𝑖𝑡

 the 

random, time-specific measurement error (Curran and Bollen 2001). The error term is assumed to have 

a mean of zero and be uncorrelated with the two constructs 𝑥 and 𝑦. Following the same logic, the AR-

CL model function can be expressed for the variable 𝑦: 

𝑦𝑖𝑡 = 𝛼𝑦𝑡
+ 𝜚𝑦𝑡,𝑦𝑡−1

𝑦𝑖,𝑡−1 + 𝜚𝑦𝑡,𝑥𝑡−1
𝑥𝑖,𝑡−1 + 𝜀𝑦𝑖𝑡

  

Figure 2 shows the AR-CL model with three time points. When estimating structural equation models 

with mean structure, the triangle is used in symbol notation to represent the constant (see Kline 2011). 

In general, the influence of the constant on an exogenous variable estimates its mean, and the influ-

ence of the constant on an endogenous variable estimates its intercept.  

Figure 2: Autoregressive cross-lagged model (AR-CL) 

 

Not shown: Measurement models 

4.2 Latent growth curve models (LGC) 

Latent growth curve models are also known as “latent curve models”, “latent trajectory models” or 

“latent change models” and, for applications involving latent constructs as opposed to just manifest 

indicators, there is a list of further special terms such as “multiple indicator growth models”, “curve of 

factors models”, “second order latent growth models”, “latent variable longitudinal curve models” and 

finally “multivariate latent growth models” (Urban 2004). Latent growth curve models estimate a sin-

gle growth trajectory for each person in the sample that extends across all time points. In essence, a 

trend line is established for each individual in the survey representing their values on a variable or 



 

11 
 

latent construct. Then, an overall average intercept and slope for the entire sample is calculated (Cur-

ran and Bollen 2001; Urban 2004). The average intercept and slope represent then fixed effects while 

significant variance of these two parameters can be modeled as random effects as well.  

The LGC model with one predictor variable can be expressed by the following equations:  

𝑦𝑖𝑡 = 𝛼𝑦𝑖
+ 𝜆𝑡𝛽𝑦𝑖

+ 𝜀𝑦𝑖𝑡
 with 

𝑎𝑦𝑖
= 𝜇𝑦𝑎

+ 𝜚𝛼𝑦,𝑧1
𝑧1 + 𝜁𝑎𝑦𝑖

 and 

𝛽𝑦𝑖
= 𝜇𝑦𝛽

+ 𝜚𝛽𝑦,𝑧1
𝑧1 + 𝜁𝛽𝑦𝑖

 

The formula expresses that 𝑦𝑖𝑡, the observed values of person 𝑖 at time 𝑡, are the result of a time-

specific latent intercept 𝛼𝑦𝑖
, a latent slope 𝛽𝑦𝑖

 that can reflect linear growth (𝜆𝑡=0,1,2,…,n) (or any 

other type of function) and a time-specific error term 𝜀𝑦𝑖𝑡
. As with the AR-CL model, the errors are 

assumed to have a mean of zero and not be correlated with other constructs in the model (Curran and 

Bollen 2001; Schlüter et al. 2007).5 Furthermore, as is expressed by 𝑎𝑦𝑖
= 𝜇𝑦𝑎

+ 𝜚𝛼𝑦,𝑧1
𝑧1 + 𝜁𝑎𝑦𝑖

 and 

𝛽𝑦𝑖
= 𝜇𝑦𝛽

+ 𝜚𝛽𝑦,𝑧1
𝑧1 + 𝜁𝛽𝑦𝑖

, both the latent intercept and latent slope can be set to freely vary to 

incorporate random effects. 

Figure 3: Linear latent growth model (three time points t1-t3) with one observed time-invariant pre-

dictor variable 𝑧1 

 

Not shown: Measurement models 

 

4.3 Hybrid panel models  

Hybrid panel models incorporate latent growth factors, autoregressive and cross-lagged parameters 

into a single model with which a variety of different processes of stability and change can be examined. 

                                                           
5 Aside from covariances between other latent intercept and slope factors. 



 

12 
 

For each respondent, a growth trajectory that best fits the repeated measures is estimated to describe 

the growth of a construct over time. Significant variation of either the latent intercept or slope can be 

modeled as random effects such that each respondent’s initial starting point and slope can differ from 

the overall average intercept and slope. Furthermore, both autoregressive and cross-lagged effects 

between the repeated measures are estimated. In bi- or multivariate hybrid panel models, the ob-

served score for a person at a specific time is then the result of the overall person-specific trajectory, 

the score on the same construct at a previous and adjacent time point as well as the influence of pre-

vious and adjacent measures of any time-varying predictors. The following formula expresses the bi-

variate case for the variables 𝑥 and 𝑦:  

𝑥𝑖𝑡 = 𝛼𝑥𝑖
+ 𝜆𝑥𝑡

𝛽𝑥𝑖
+ 𝜚𝑥𝑡,𝑡−1

𝑥𝑖,𝑡−1 + 𝜚𝑥𝑡,𝑦𝑡−1
𝑦𝑖,𝑡−1 + 𝜀𝑥𝑖𝑡

 

𝑦𝑖𝑡 = 𝛼𝑦𝑖
+ 𝜆𝑦𝑡

𝛽𝑦𝑖
+ 𝜚𝑦𝑡,𝑡−1

𝑦𝑖,𝑡−1 + 𝜚𝑦𝑡,𝑥𝑡−1
𝑥𝑖,𝑡−1 + 𝜀𝑦𝑖𝑡

 

This formula can be interpreted just as those for the AR-CL and LGC: the observed values of person 𝑖 

at time 𝑡, 𝑦𝑖𝑡, are the result of a latent intercept 𝛼𝑦𝑖
 and slope 𝛽𝑦𝑖

 (with its factor loadings 𝜆𝑦𝑡
 set to 

express whatever type of growth form desired) that can be expanded upon to include random effects, 

along with a weighted influences of the previous value of both 𝑦, 𝜚𝑦𝑡,𝑡−1
𝑦𝑖,𝑡−1, and 𝑥, 𝜚𝑦𝑡𝑥𝑡−1

𝑥𝑖,𝑡−1, 

plus a time-specific error term 𝜀𝑦𝑖𝑡
. The assumptions of a mean error term of zero and no correlation 

between it and the exogenous variables still applies (Curran and Bollen 2001; Schlüter et al. 2007).  

4.3.1 Between- and within-person effects 

As outlined above, hybrid panel models integrate LGC and AR-CL models and are novel in their ability 

to simultaneously address a number of various research questions pertaining to growth, stability and 

causal effects. Doing so, however, opens up new challenges concerning the interpretation of the vari-

ous effects. In this next section, we will briefly discuss relatively new developments related to this and 

general criticism of both AR-CL and earlier types of hybrid models including the typical ALT model.  

Hybrid panel models attempt to integrate the strengths of both AR-CL and LGC models. They have, at 

the same time, drawn attention to limitations of both and some carry-over problems involved with 

them. Specifically, it has become clear that it is important to consider the various sources of stability 

and change when working with hybrid panel models. This topic is related to the general issue, often 

associated with clustered data and multilevel analyses, of the separation of between- and within-ef-

fects.  

Multilevel analyses focus on correcting for bias that is generated by the fact that the residuals of cases 

deriving from a common group will be more related to each other than residuals across groups (Hoff-

mann and Stawski 2009). For many statistical procedures, achieving unbiased estimates of population 

parameters rests on, among other things, the assumption that the residuals are not correlated with 

one another (Urban and Mayerl 2011). Often, multilevel analyses refer to cross-sectional data in which, 

for example, students can be seen as nested within classrooms or schools, municipalities nested within 

provinces or states and so on. In the first example, the individual students represent the level-one 

data, while the classroom or school characteristics represents the higher-level data. The same is true 

for longitudinal analyses in which the repeated measures of a respondent can be seen as level-one 

variables nested within the respondent him/herself as a level-two variable (see Krause and Urban 

2013). So, while multilevel analyses typically look at between- and within-group effects, in longitudinal 

analyses the respondent represents the context within which the repeated measures are nested. As 

such, for longitudinal analyses, it is common to speak of between- vs. within-person effects.  
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Typical cross-sectional multilevel analyses may then be interested in looking at something like the in-

fluence of students’ individual socioeconomic-status (SES) on their grades or the aggregate SES of the 

classroom and its influence on the overall classroom performance (Hoffmann and Stawski 2009). The 

first question would be addressed by looking at variability of individual students’ SES and grades rela-

tive to the average student in that particular class or school (within-effect). Answering the second 

question would involve looking at the relationship between average SES and grades per school (be-

tween-effect). As an analog, in our longitudinal example of NEP and TAE, we are interested in examin-

ing both whether punctual (time-anchored) increases relative to one’s average NEP level lead to posi-

tive increases relative to one’s average TAE level at a subsequent point in time (within-person effects) 

as well as whether higher initial (the average, or rather the intercept) NEP levels are associated with 

higher initial TAE levels (between-person effects) (Curran et al. 2014).  

The discussion above has two main implications for hybrid panel models, only one of which has typi-

cally been addressed in the past, the solution to the second complication has only recently been dis-

cussed (see again Berry and Willoughby 2017; Curran et al. 2014; Hamaker et al. 2015; Keijsers 2016). 

The first issue involves the importance of specifying a random intercept in panel models to account for 

stable, trait-like stability of repeated measures over the course of observation. This is what is often 

referred to under the topics of unobserved heterogeneity and the resulting omitted variable bias 

(Finkel 1995, p. 75 uses the term "unmeasured variable models"). If the stability of constructs over 

time is due to a trait-like, time invariant characteristics of the respondent, the inclusion of a random 

intercept factor is necessary to properly partial out stability and ensure unbiased cross-lagged esti-

mates (Hamaker et al. 2015). This can be achieved through the LGC portion of the hybrid model in 

which the variance of the latent intercept factor is set to vary. In essence, this encompasses the idea 

that there is a (sub-)sample grand mean (𝜇𝑥𝑡
) around which respondents will vary. Interpersonal, trait-

like characteristics of individual respondents will likely lead to his/her repeated measures to group 

together systematically over time. For this reason, a random intercept component (𝜅𝑥𝑖
) will encompass 

the stable differences between respondents over the course of the observations: 

𝑥𝑖𝑡 = 𝜇𝑥𝑡
+ 𝜅𝑥𝑖𝑡

+ 𝑝𝑥𝑖𝑡
 

𝑦𝑖𝑡 = 𝜇𝑦𝑡
+ 𝜅𝑦𝑖𝑡

+ 𝑝𝑦𝑖𝑡
 

Where 𝜇𝑥𝑡
 and 𝜇𝑦𝑡

 are the grand means at time t and 𝜅𝑥𝑖𝑡
 and 𝜅𝑦𝑖𝑡

 are the individual’s averages across 

the observation period. What is left (𝑝𝑥𝑖𝑡
 and 𝑝𝑦𝑖𝑡

) can be interpreted as the temporal deviations of a 

respondent from their expected scores (Hamaker et al. 2015). This is exactly what we are concerned 

with when we talk about within-person variance: we are concerned with the effect of time-anchored 

variations (𝑝𝑥𝑖𝑡
) relative to one’s average levels (𝜇𝑥𝑡

+ 𝜅𝑥𝑖𝑡
). For the purpose of demonstrating this 

point, we chose to focus, as Hamaker et al. (2015) do, on the specification of random intercepts only. 

As we have seen, however, it is also possible to specify random slopes within the LGC framework. As 

such, the within-person variance in a random intercept and random slope LGC model would represent 

the time-anchored deviation from a respondent’s own growth trajectory.  

All this is nothing new: random growth factors can easily be specified in SEM by allowing their variances 

to vary freely and not be constrained to zero. Between-effects are examined by either looking at the 

covariances or structural paths of the latent growth factors amongst each other. In this way, we can 

look at whether differences between respondents in initial levels on one construct are associated with 

higher or lower initial levels on another construct, or if initial levels have an influence on growth rates, 

for example. What has until recently been overlooked is the fact that AR and CL effects in a typical ALT 

model will represent a blend of between- and within-effects (Curran et al. 2014): “Both the ALT (Auto-

regressive Latent Trajectory Model) and LCM-TVC (Latent Curve Model with Time Varying Covariates) 
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are positing that the set of repeated measures are a function of the joint contribution of the underlying 

latent growth factor and the time-specific influences of the TVCs (time-varying covariates)”6 (Curran et 

al. 2014, p. 884). To get around this, Curran, Hamaker and their respective colleagues describe focusing 

the AR and CL effects solely on these temporal deviations (𝑝𝑥𝑖𝑡
 and 𝑝𝑦𝑖𝑡

) from the expected value which 

is the sum of the grand and person-mean (𝜇𝑥𝑡
+ 𝜅𝑥𝑖

 and 𝜇𝑦𝑡
+ 𝜅𝑦𝑖

). Thus, the deviations from the 

expected value per-person, per-time become the focus of the AR-CL analysis. In order to highlight the 

now substantive interest being placed on residual term and to differentiate between the ‘residuals of 

the residuals’ (which we will give the letter 𝑢), we will refer to the structured residuals in the following 

examples with the greek letter 𝑝 (here: in case of the 𝑥-variable): 

𝑝𝑥𝑖𝑡
= 𝜚𝑝𝑥𝑡,𝑡−1

𝑝𝑥𝑖,𝑡−1
+ 𝜚𝑝𝑥𝑡,𝑝𝑦𝑡−1

𝑝𝑦𝑖,𝑡−1
+ 𝑢𝑥𝑖𝑡

  

The formula starts become unwieldy due to the subscripts (and there are arguably more elegant ways 

of expressing this, for example Hamaker et al. 2015, although we decided against re-using the alpha 

and beta symbols as they were reserved for the latent growth constructs), but it simply states that the 

temporal deviations from the random effects 𝑝𝑥𝑖𝑡
 are the result of an autoregressive parameter 

𝜚𝑝𝑥𝑡,𝑡−1
𝑝𝑥𝑖,𝑡−1

 and cross-lagged parameter 𝜚𝑝𝑥𝑡,𝑝𝑦𝑡−1
𝑝𝑦𝑖,𝑡−1

 at the error-, or rather disturbance- level, 

plus a further error term 𝑢𝑥𝑖𝑡
 (the ‘residual of the residual’). The same can be formulated for 𝑦: 

𝑝𝑦𝑖𝑡
= 𝜚𝑝𝑦𝑡,𝑡−1

𝑝𝑦𝑖,𝑡−1
+ 𝜚𝑝𝑦𝑡,𝑝𝑥𝑡−1

𝑝𝑥𝑖,𝑡−1
+ 𝑢𝑦𝑖𝑡

 

Curran et al. refer to this model as the Latent Curve Model with Structured Residuals (LCM-SR), 

Hamaker et al. as the Random-Intercept Cross-Lagged Panel Model (RI-CLPM). The regression param-

eters in models with structured residuals thus signify the within-person person effects which are rela-

tive to the underlying growth trajectory. In other words, SRs allow one to examine how variations 

relative to one’s underlying trajectory may influence variations of another construct relative to that 

underlying trajectory. As such, the relationships between residuals are purely within-person: they look 

at relationships after controlling for the average, between-person differences in starting points and 

growth rates. The fact that the AR-CL effects do not turn the repeated measures into mediators of the 

LGC effects means the fixed effects – the means of the latent intercept and slope factors – are left 

unchanged. In other words “the mean structure of the repeated measures is modeled solely as a func-

tion of the latent curve factors, whereas the covariance structure of the repeated measures is modeled 

jointly as a function of the latent curve factors and the structure imposed among the residuals” (Curran 

et al. 2014, p. 886). The following empirical examples will thus model the AR and CL effects at the 

residual, or rather disturbance level as we work with latent constructs for NEP and TAE, as opposed to 

manifest indicators.  

One further note must be made concerning the interpretation of the autoregressive parameters at the 

SR-level. As we briefly discussed above, autoregressive parameters are expressed as stability coeffi-

cients and refer to the rank ordering of individuals over time. Obviously, this interpretation does not 

apply at the SR-level because the between-variance is handled separately by the LGC portion. Auto-

regressive parameters at the within-level refer to the stability of ones’ own repeated measures over 

time. Hamaker et al. (2015) refer to this as the “within-person carry-over effect” (p. 104). Positive 

within-person stability thus signalizes that a respondents’ scores tended to carry over; occasions on 

which they scored above their own average (or trajectory) were often followed by occasions on which 

they again scored higher than their own trajectory and vice versa (lower than average scores for a 

respondent were followed again by lower than average scores, see again Hamaker et al. 2015).   

                                                           
6 Full names of the abbreviated models not in original quote.  
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Figure 4 shows the hybrid panel model with structured residuals and one time-invariant predictor (𝑧1).  

Figure 4: Hybrid panel model with structured residuals (here: two time-varying variables 𝑥 and 𝑦 and 

a time-invariant predictor variable 𝑧1). 

 

not shown are first order measurement models and possible covariances between latent growth factors  

5 Empirical analyses 

We estimate a series of models of generally increasing complexity to demonstrate the integration of 

AR-CL models into the LGC framework. We begin with a simple LGC with two constructs. This model 

we will refer to as the ‘unconditional bivariate LGC’. The ‘unconditional’ in the title refers to the fact 

that the model does not include any time-invariant predictors of either the initial levels or growth 

rates. Next, in the ‘conditional bivariate LGC model’ we include three sociodemographic, time-invari-

ant predictors into the model: sex, year of birth (‘age’) and education. These act as predictors of the 

latent intercept and growth factors and help us determine, for example, whether initial levels are de-

pendent on sex, or whether rate of growth is influenced by education. In the third model, the ‘uncon-

ditional hybrid-LGC with structured residuals model’, we strip away the time-invariant predictors but 

include autoregressive- and cross-lagged effects at the SR-level. In the last model, we include again the 

time-invariant predictors in the ‘conditional hybrid-LGC with structured residuals model’.  
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5.1 Unconditional bivariate LGC 

We begin with a latent growth curve model with two time-varying latent variables, NEP and TAE and 

no time-invariant predictors. This model focuses solely on the average trajectories of the two substan-

tive variables and, as such, includes a latent intercept and latent slope factor for each. A covariance 

was estimated between both latent intercepts as well as between the latent intercept and latent slope 

of NEP. No such covariance between intercept and slope for TAE was specified because the variance 

of the latent slope factor was non-significant. We assumed linear growth in the cases of both NEP and 

TAE and the factor loadings for the latent slope factors were set to 0, 1 and 2 for time points 1, 2 and 

3 respectively. Factor loadings of the latent intercept factor were all constrained to 1.  

The model fit was less than optimal but, considering measurement invariance and the number of other 

parameters that needed to be fixed in order to properly identify the model, still satisfactory 

(χ2=3474.747, df=593, p<0.001, CFI=0.935, RMSEA=0.025). In fact, in all the following models, we will 

see that while the comparative fit index (CFI) is less than the normally desired 0.950 but higher than 

what Hair et al. (2010) consider the bare minimum of acceptable fit of 0.920, the root mean square 

error of approximation (RMSEA) is good (substantially less than <0.05).  

We observed significant latent intercept factors for both NEP (μ=2.526, p<0.001) and TAE (μ=2.884, 

p<0.001). Thus, attitudes towards the Energy Transition were somewhat pessimistic (higher values in-

dicate disagreement) while environmental values were more ambivalent.7 Furthermore, we observe a 

significant variance for both latent intercepts (NEP: ϕ=0.237, p<0.001; TAE:  ϕ=0.317, p<0.001) indi-

cating individual variability around the group mean at the initial point in time (Schlüter et al. 2007). 

We observe as well significant latent slope factors for both NEP (μ=-0.009, p<0.05) and TAE (μ=-0.032, 

p<0.001) meaning both values and attitudes become slightly more positive over time. This is in line 

with the initial observations of slightly decreasing indicator means in Table 2, with more substantial 

changes occurring with regards to the TAE indicators (evidenced here by the latent slope of TAE being 

someone steeper than NEP). Finally, we observe a significant variance of the latent slope factor of NEP 

(ϕ=0.011, p<0.001) but not of TAE (ϕ=0.002, n.s.). The significant correlation between the latent inter-

cepts (r=0.351, p<0.001) indicates a moderate positive correlation between environmental values and 

attitudes towards the Energy Transition at the initial point in time.   

5.2 Conditional bivariate LGC 

Next, we add time-invariant predictors to the model: sex, age and education for a conditional bivariate 

LGC. The variable “female” is a dummy with male=0 and female=1. Mean centering was conducted on 

the variable age to better facilitate the interpretation of the results since a value of zero would other-

wise not be meaningful. Education was recoded from an ordinal-scaled variable to a binary dummy 

with 0=low level of education and 1=high level of education.8 The following Table 6 shows the descrip-

tive statistics of the predictor variables.  

Time-invariant predictors are stable characteristics of the respondents that do not change over the 

course of their lives, or at least over the course of the survey time-frame (Curran et al. 2014). Here age 

                                                           
7 We will discuss the latent intercepts roughly in terms of the original scale of the indicators although, due to the 
way the models are estimated, it is not always appropriate to interpret the factor scale in terms of the original 
indicator scale one-to-one. 
8 A high level of education was considered college or university entry-level high school-type degree (“Fach-
hochschulreife”, “Fachoberschule” as well as “Abitur” or “Hochschulreife”). A low level of education ranged from 
“no degree” to those leaving high school after the 10th grade (“Polytechnische Oberschule” in the former GRD or 
a “Realschule” degree in former Western Germany and unified Germany).  
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does not seem to logically fit the description as the respondents age does change over the three years 

of panel surveys but, crucially, the data includes only the age of the respondent at the first point in 

time. This reference age does not change and simply stands for the age differences of the respondents 

which remain stable over time. One could just as well subtract the age at the first measurement from 

that year, 2014, to establish the year of birth. The time-invariant predictors are used to explain the 

average trajectories. In this way, it is possible to estimate different trajectories for sub-groups.  

Table 6: Descriptive statistics of predictor variables  

 Female Age (centered) Education (reference: low)  

n Valid 7599 7545 7490 

Missing 0 54 109 

Mean 0.507 0.000 0.381 

Median 1.000 1.475 0.000 

Mode 1.000 3.470 0.000 

Standard deviation 0.500 14.669 0.486 

Variance 0.250 215.182 0.236 

Skew -0.028 -0.141 0.489 

Kurtosis -2.000 -1.070 -1.761 

Minimum 0.000 -26.530 0.000 

Maximum  1.000 25.470 1.000 

Raw data 

Again, the factor loadings for the latent intercept were constrained to 1 and linear growth was as-

sumed resulting in fixed factor loadings of the latent slope factor of 0, 1 and 2. The fit of the model 

was similar to that of the first model with a barely satisfactory CFI of 0.922 but a good RMSEA of 0.026 

(χ2=4204.684, df=689, p<0.001, CFI=0.922, RMSEA=0.026).  

Controlling for sex, age and education, we observe a significant latent intercept of both NEP (μ=2.607, 

p<0.001) and TAE (μ=2.949, p<0.001). The intercepts of the latent slope factors are virtually un-

changed, although the slope of NEP is no longer significant at the 5% level (NEP: μ=-0.013, p=0.054; 

TAE: μ=-0.030, p<0.001). The variances of the latent intercept and slope factors remain largely un-

changed compared to the unconditional LGC model with significant variances on all but the latent slope 

factor for TAE (see Appendix Table 1 Model 2 for full parameter estimates).  

In several cases we see an influence of the time-invariant predictors on the intercepts and slopes. Fe-

males and the more highly educated have slightly more positive average initial environmental values 

(std. est.females-αNEP=-0.049, p<0.001, std. est.education-αNEP=-0.133, p<0.001). The more highly educated 

also initially tended to see the Energy Transition more positively (std. est.education-αTAE=-0.137, p<0.001). 

Furthermore, education had a significant positive effect on the trajectory of NEP (std. est.education-αTAE=-

0.139, p<0.001).  

5.3 Unconditional hybrid LGC with structured residuals 

After that we revert to the unconditional LGC and add the AR- and CL-effects at the residual-, or rather, 

as we are working with latent constructs, the disturbance-level for an unconditional hybrid LGC with 

structured residuals. Both AR- and CL-effects are specified between the constructs’ disturbance terms 

to investigate the stability and causal effects after controlling for between-person overall trajectories.  

In order to identify the model, all autoregressive and cross-lagged paths as well as disturbance covar-

iances have been set to be equal between t1-t2 and t2-t3. The disturbance factors for NEPt1 and TAEt1 

were allowed to covary, and the “disturbances of the disturbances” of NEPt2 and TAEt2 as well as NEPt3 

and TAEt3 were also set to covary. It was established during the initial modeling attempts that the 

variances of the latent slope factors for both constructs were non-significant and therefore any of the 
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covariances involving the latent slopes seen in the previous two models were eliminated. The covari-

ance between both latent intercepts was retained. The model fit was seen again as acceptable 

(χ2=3468.132, df=584, p<0.001, CFI=0.935, RMSEA=0.025).  

The results here concerning the LGC portion of the model are similar to those reported in the uncon-

ditional LGC without AR-CL effects. Initially, environmental attitudes are rather ambivalent (μ=2.514, 

p<0.001), while attitudes towards the Energy Transition are slightly positive (μ=2.5884, p<0.001). Both 

NEP and TAE become slightly more positive over time (NEP: μ=-0.009, p<0.05; TAE: μ=-0.032, p<0.001). 

The variance of both intercept factors is significant (NEP: ϕ=0.198, p<0.001, TAE: ϕ=0.313, p<0.001). 

There is a moderate positive correlation between initial levels of NEP and TAE (r=0.351, p<0.001).  

Generally, as was to be expected following attitude theory described above, we observe higher levels 

of stability (AR-effects) involving environmental values (std. est.t1-t2=0.448, p<0.001, std. est.t2-t3=0.463, 

p<0.001) than with attitudes towards the Energy Transition (std. est.t1-t2=0.061, n.s., std. est.t2-t3=0.040, 

n.s.). The results tend to support the idea that values are more stable characteristics while attitudes 

are less stable (in the sense of systematic relations, see section 3 above). The non-significant stability 

coefficients for TAE indicate within-person scores were unsystematically distributed around the per-

son-trajectories with little ‘spill-over’ effects onto subsequent points in time. However, with only three 

time-points it is questionable to what extent the stability coefficients are really informative. In order 

to plot an average trajectory per person, it is necessarily so that two observed scores will fall either 

above or below the line, the third score then on the opposite side.   

The CL-effects also provide support for the idea that values influence attitudes and not the other way 

around. NEP has a weak to moderate but statistically significant positive effect on TAE from t1 to t2 

(std. est.NEPt1-TEAt2=0.162, p<0.05) and from t2 to t3 (std. est.NEPt2-TAEt3=0.181, p<0.05). We observe no 

such significant effects leading from TAE to NEP (std. est.TAEt1-NEPt2=0.061, ns, std. est.TAEt2-NEPt3=0.065, 

ns).  

5.4 Conditional hybrid LGC with structured residuals 

Finally, we will again introduce the same time-invariant predictors for the final conditional hybrid LGC 

with structured residuals. We refer to this final model as a panel model with structured residuals (PM-

SR). This final model will allow us to simultaneously investigate the range of research questions out-

lined above in section 3.  

Due to the fact that the variances of the latent slope factors were shown to be non-significant in the 

previous model, no effects of the time-invariant predictors on the latent slopes were estimated. The 

fact that there is virtually no variance in the slope factors means there is nothing to statistically explain. 

In fact, initial modeling attempts with effects of the predictors on the latent slope factors resulted in 

Heywood-cases in which the disturbance variance took on values lower than zero (see Urban, Mayerl 

2014). As a result, effects of the time-invariant predictors were estimated only on the latent intercept 

factors. Otherwise, the model does not differ from the unconditional hybrid LGC model with structured 

residuals.  

Again, equality constraints of the autoregressive and cross-lagged paths as well as the disturbance 

covariances are needed to identify the model. The fit of the final model (see Figure 5) showed a slight 

decrease compared to the unconstrained hybrid LGC model with structured residuals, but remained 

acceptable (χ2=4218.653, df=688, p<0.001, CFI=0.922, RMSEA=0.026).  

Initial levels of both NEP and TAE for males of average age and low education were somewhat higher 

than the overall intercept suggested in the unconditional models (NEP: μ=2.603, p<0.001; TAE: 
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μ=2.950, p<0.001). Females and the more highly educated held more positive initial environmental 

values (std. est.female-αNEP=-0.072, p<0.001; std. est.education-αNEP=-0.119, p<0.001). The older the respond-

ent, the more negative the initial environmental values (std. est.age-αNEP=0.047, p<0.05). The more 

highly educated also had more positive initial attitudes towards the Energy Transition (std. est.eductation-

αTAE=-0.141, p<0.001). There is also a moderate positive correlation between the intercept factors for 

NEP and TAE in this model (r=0.336, p<0.001). Furthermore, a significant variance of the latent inter-

cept of NEP (ϕ=0.188, p<0.001) and TAE (ϕ=0.304, p<0.001) means substantial individual variability 

around the average group intercept for the first point in time. 

Turning to the AR-CL-portion of the model, we find higher stability coefficients between NEP (std. est.t1-

t2=0.484, p<0.001, std. est.t2-t3=0.505, p<0.001) than TAE (std. est.t1-t2=0.108, ns, std. est.t2-t3=0.123, ns). 

Also, we find evidence of a causal effect of NEP on TAE (std. est.NEPt1-TAEt2=0.178, p<0.05, std. est.NEPt2-

TAEt3=0.195, p<0.05) and not the other way around (std. est.TAEt1-NEPt2=0.077, ns, std. est.TAEt2-NEPt3=0.084, 

ns).  

The following diagram presents the important model results graphically.  

Figure 5: Panel model with structured residuals. The case of NEP and TAE  

  

Estimator: FIML9; scalar invariance; χ2=4218.653, df=688, CFI=0.922, RMSEA=0.026 (CI.90=0.025-0.027); 

***p<0.001, **p<0.01, *p<0.05; standardized estimates in parenthesis; only selected parameters shown; meas-

urement model portion of SEM (see fig. 1) and covariances of time-invariant predictors not shown; significant 

effects of time-invariant predictors: a)Female=-0.064 (-0.072), p<0.001; b)Education=-0.108 (-0.119), p<0.001; 
c)Education=-0.161 (-0.141), p<0.001.  

                                                           
9 The results were tested for robustness using the estimator FIMLR which resulted in only negligible differences.  
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The following table provides an overview of the model fit indices of the estimated models. Appendix 

Table 1 provides a comprehensive look at the estimated parameters. Some estimates in appendix Ta-

ble 1 have been omitted to conserve space such as the factor loadings of the indicators on the latent 

constructs (which are held constant at each point in time and can be seen in the scalar measurement 

model in Table 5). The covariances between the exogenous time-invariant variables are also not shown 

as they are not the focus of the analysis.  

Table 7: Overview of fit indices  

 χ2 df p CFI RMSEA 
CI.90 

lower upper 

Model 1:  
Unconditional Bivariate LGC 

3474.747 593 0.000 0.935 0.025 0.024 0.026 

Model 2:  
Conditional Bivariate LGC 

4204.684 689 0.000 0.922 0.026 0.025 0.027 

Model 3:  
Unconditional Hybrid-LGC with Structured Residuals 

3468.132 584 0.000 0.935 0.025 0.025 0.026 

Model 4:  
Conditional Hybrid-LGC with Structured Residuals 

4218.653 688 0.000 0.922 0.026 0.025 0.027 

 

Overall, the model fit is good in terms of RMSEA but only marginal in terms of CFI. Most important for 

our purposes, it is not the hybrid-part with structured residuals leading to a lower fit (models 3 and 4), 

but CFI was already low in case of bivariate LGC (model 1). Since we estimated longitudinal models 

with latent first order constructs (NEP and TAE) and full metric as well as scalar invariance, we feel 

confident in stating that the goodness of fit of our models still is acceptable. 

6 Conclusion  

This article showed how a wide variety of research questions can be examined simultaneously using 

new developments in panel analyses in SEM. Hybrid panel models incorporate AR- and CL-parameters 

into a LGC framework. With LGC components, it is possible to examine the trajectories of constructs 

over time and how either the initial levels or growth trajectories of one construct may influence those 

of another construct. AR parameters are interpreted as stability coefficients and inform about the ex-

tent to which responses follow a systematic pattern regardless of the overall trajectory. Finally, CL-

effects reveal information about causal relationships between variables and constructs. New develop-

ments and an increased interest in the problem of separating between-person and within-person ef-

fects have drawn attention to problems of interpreting results and have suggested new methods for 

gaining clearer estimates of various processes.  

The empirical part of this article looked at the relationship between environmental values (NEP) and 

attitudes towards the German Energy Transition (TAE) over time. At the aggregate level, we found 

evidence that both environmental values and attitudes towards the Energy Transition were becoming 

slightly more positive over time and that overall higher initial levels of NEP were associated with higher 

initial levels of TAE. Females and the more highly educated were shown to have more positive initial 

environmental values than men and the less educated, and the more highly educated were initially 

more positive towards the Energy Transition. In accordance with the TPB and attitude research pro-

posing a hierarchical attitude structure, values seem to be more stable constructs than attitudes as 

evidenced by the higher stability coefficients across time. However, as mentioned above, it is unlikely 

that the AR effects tell us much about the within-person stability with only three timepoints. In 
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addition, environmental values seem to causally influence attitudes towards the Energy Transition and 

not the other way around.  

The latter findings reflect within-person-effects: by incorporating random effects and modeling causal 

effects at the error (or rather disturbance) level, the observed effects reflect an individual’s time-an-

chored change in one variable affecting their own time-anchored changes in another variable. In other 

words, the AR- and CL-effects are concerned with how the values of an individual influence their own 

attitudes and not with how the average environmental values of the entire sample influence that per-

son’s attitudes (Keijsers 2016).  

Overall, this paper has tried to demonstrate the varieties of possible applications of panel models with 

structural equation modeling. They are a useful tool for looking at causal relationships and change over 

time. Recent and continuing developments make it possible for researchers to examine complex pro-

cesses and to more accurately test specific hypotheses.  
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Appendix Table 1: Model parameters   

  Model 1: 
Unconditional Bivariate LGC 

Model 2: 
Conditional Bivariate LGC 

Model 3: Unconditional Hybrid-LGC  
with Structured Residuals 

Model 4: Conditional Hybrid-LGC  
with Structured Residual 

  est. std. err. p std. est. est. std. err. p std. est. est. std. err. p std. est. est. std. err. p std. est. 

Regression  
parameters 

pNEP2 <- pNEP1 - - - - - - - - 0.460 0.148 0.002 0.448 0.506 0.081 <0.001 0.484 

pNEP3 <- pNEP2 - - - - - - - - 0.460 0.148 0.002 0.463 0.506 0.081 <0.001 0.505 

pTAE2 <- pTAE1 - - - - - - - - 0.037 0.129 0.775 0.061 0.118 0.098 0.232 0.108 

pTAE3 <- pTAE2 - - - - - - - - 0.037 0.129 0.775 0.040 0.118 0.098 0.232 0.123 

pNEP2 <- pTAE1 - - - - - - - - 0.065 0.055 0.242 0.061 0.084 0.053 0.112 0.077 

pTAE2 <- pNEP1 - - - - - - - - 0.165 0.076 0.030 0.162 0.187 0.073 0.011 0.178 

pNEP3 <- pTEA2 - - - - - - - - 0.065 0.055 0.242 0.065 0.084 0.053 0.112 0.084 

pTAE3 <- pNEP2 - - - - - - - - 0.165 0.076 0.030 0.181 0.187 0.073 0.011 0.195 

NEP t1 <- αNEP 1.000 - - 0.936 1.000 - - 0.936 1.000 - - 0.860 1.000 - - 0.850 

NEP t2 <- αNEP 1.000 - - 0.949 1.000 - - 0.950 1.000 - - 0.853 1.000 - - 0.840 

NEP t3 <- αNEP 1.000 - - 0.922 1.000 - - 0.924 1.000 - - 0.851 1.000 - - 0.839 

NEP t1 <- βNEP 0.000 - - 0.000 0.000 - - 0.000 0.000 - - 0.000 0.000 - - - 

NEP t2 <- βNEP 1.000 - - 0.208 1.000 - - 0.207 1.000 - - 0.052 1.000 - - - 

NEP t3 <- βNEP 2.000 - - 0.404 2.000   0.403 2.000 - - 0.105 2.000 - - - 

TAE t1 <- αTAE 1.000 - - 0.910 1.000 - - 0.912 1.000 - - 0.910 1.000 - - 0.905 

TAE t2 <- αTAE 1.000 - - 0.902 1.000 - - 0.910 1.000 - - 0.898 1.000 - - 0.890 

TAE t3 <- αTAE 1.000 - - 0.912 1.000 - - 0.903 1.000 - - 0.900 1.000 - - 0.899 

TAE t1 <- βTAE 0.000 - - 0.000 0.000 - - 0.000 0.000 - - 0.000 0.000 - - - 

TAE t2 <- βTAE 1.000 - - 0.073 1.000 - - 0.076 1.000 - - 0.092 1.000 - - - 

TAE t3 <- βTAE 2.000 - - 0.146 2.000   0.150 2.000 - - 0.184 2.000 - - - 

αNEP <- Female - - - - -0.048 0.018 0.008 -0.049 - - - - -0.064 0.017 <0.001 -0.072 

αNEP <- Age centered - - - - 0.001 0.001 0.131 0.029 - - - - 0.001 0.001 0.015 0.047 

αNEP <- Education high - - - - -0.133 0.019 <0.001 -0.133 - - - - -0.108 0.018 <0.001 -0.119 

αTAE <- Female - - - - 0.002 0.023 0.935 0.002 - - - - 0.004 0.021 0.861 0.003 

αTAE <- Age centered - - - - 0.001 0.001 0.316 0.021 - - - - 0.000 0.001 0.859 0.003 

αTAE <- Education high - - - - -0.159 0.024 <0.001 -0.137 - - - - -0.161 0.022 <0.001 -0.141 

βNEP <- Female - - - - -0.018 0.008 0.030 -0.086 - - - - - - - - 

βNEP <- Age centered - - - - 0.000 0.000 0.152 0.058 - - - - - - - - 

βNEP <- Education high - - - - 0.030 0.009 <0.001 0.139 - - - - - - - - 

βTAE <- Female - - - - 0.001 0.011 0.945 0.008 - - - - - - - - 

βTAE <- Age centered - - - - -0.001 0.000 0.035 -0.247 - - - - - - - - 

βTAE <- Education high - - - - -0.001 0.011 0.909 -0.013 - - - - - - - - 

Means/Intercepts αNEP 2.526 0.012 <0.001 - 2.607 0.017 <0.001 - 2.526 0.012 <0.001 - 2.603 0.016 <0.001 - 

αTAE 2.884 0.014 <0.001 - 2.949 0.020 <0.001 - 2.884 0.014 <0.001 - 2.950 0.019 <0.001 - 

βNEP -0.009 0.004 0.043 - -0.013 0.007 0.054 - -0.008 0.004 0.044 - -0.008 0.004 0.044 - 

βTAE -0.032 0.005 <0.001 - -0.030 0.009 <0.001 - -0.032 0.005 <0.001 - -0.032 0.005 <0.001 - 

Female - - - - 0.507 0.006 <0.001 - - - - - 0.507 0.006 <0.001 - 

Age centered - - - - 0.007 0.169 0.967 - - - - - 0.006 0.169 0.969 - 

Education high - - - - 0.382 0.006 <0.001 - - - - - 0.382 0.006 <0.001 - 

Variances αNEP (dαNEP) 0.237 0.008 <0.001 - 0.232 0.008 <0.001 - 0.198 0.016 <0.001 - 0.188 0.013 <0.001 - 

βNEP (dβNEP) 0.011 0.002 <0.001 - 0.011 0.002 <0.001 - 0.001 0.003 0.825 - 0.000 - - - 

αTAE (dαTAE) 0.317 0.010 <0.001 - 0.311 0.010 <0.001 - 0.313 0.012 <0.001 - 0.304 0.012 <0.001 - 

βTAE (dβTAE) 0.002 0.003 0.417 - 0.002 0.003 0.416 - 0.003 0.004 0.444 - 0.000 - - - 

Covariances αNEP <-> αTAE (dαNEP <-> dαTAE) 0.096 0.006 <0.001 0.351 0.092 0.006 <0.001 0.342 0.087 0.008 <0.001 0.351 0.080 0.008 <0.001 0.336 

αNEP <-> βNEP -0.009 0.003 0.001 -0.180 -0.009 0.003 0.002 -0.177 - - - - - - - - 

αTAE <-> βTAE - - - - - - - - - - - - - - - - 

dNEP1 <-> dTAE1 - - - - - - - - 0.006 0.006 0.309 0.091 0.006 0.007 0.338 0.089 

uNEP2 <-> uTAE2 - - - - - - - - 0.006 0.004 0.078 0.101 0.008 0.003 0.022 0.115 

uNEP3 <-> uTAE3 - - - - - - - - 0.006 0.004 0.078 0.112 0.008 0.003 0.022 0.124 

Measurement model portion not shown, see Table 5  


