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"Two facts - that children's growth is typically the object of inquiry, and that such growth occurs in 

organizational settings - correspond to two of the most troublesome and persistent methodological problems 

in the social sciences: the measurement of change and the assessment of multi-level effects"  

(Bryk & Raudenbush, 1989, p. 160). 
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Review of GLM (General Linear Model) 
GLM is the tool used to understand and analyse linear relationships among variables. The 

univariate case, when there is only one “Dependent” variable is one of the most common used statistical 

method. GLM is an umbrella term for many techniques that are thought in almost all statistics courses: 

from t-test to ANOVA to multiple regression, all these statistical tests are forms or can be assessed as 

GLM. The basic form of a GLM, in formula notation, is: 

),0(~, 2

110  Nrwhererxy iiii   (1) 

In (1),  yi represents the measure of the “dependent” variable (a.k.a. “outcome”) for the ith 

individual. β0 is the “intercept” and β1 is the weight or effect of the first predictor (x1). Finally, ri, is the 

error (aka, disturbance term), what is left to be explained of the y after accounting for the intercept and 

the effect of x. The nature of the error term is one of the fundamental aspects of GLM. In the general 

method used to estimate the β parameters (Ordinary Least Squares, OLS) minimizes the errors, which 

are normally distributed with a mean of zero and a variance (aka “residual variance”, or “error 

variance”) of σ2. Residuals (as they are also called, particularly in SPSS “Save” output) are to be 
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uncorrelated to the predicted values of y estimated by the combination of βs and xs. GLM (general, not 

generalized) assumes that the dependent variable is continuous and normally distributed.   

This model can be expanded by adding more xs (aka “predictors”) and consequently more 

effects. These predictors can also interact in their relationship to the dependent variable. The scale of 

measurement of these predictors is what has created the distinction between ANOVA and multiple 

regression. If the predictors are all continuous then you have multiple regression, if they are all 

categorical (“nominal” or “ordinal”) then you have ANOVA. ANCOVA is simply a GLM with both 

continuous and categorical predictors.  

In the GLM dialog of SPSS y is called the “Dependent Variable” and the predictors are entered in 

the fields according to their scale of measurement. If they are continuous they go into the “Covariates” 

field. If they are categorical, for most uses of the GLM dialog, you enter them into the “Fixed effects” 

field. After learning how to fit mixed effects models using MIXED you won’t need to worry about what 

the “Random effects” field does on the GLM dialog.  

Covariate and Random are two of the words most easily mis-used in statistics and SPSS doesn’t 

make it easy to understand either. After all, a categorical variable (e.g. a “grouping” variable) can also be 

said to “co-vary” with the predictor of interest. However, “Covariate” only refers to continuous 

variables in SPSS. Even among experts in mixed effects models the word “Random” is not clear. In the 

GLM dialog, only categorical variables (i.e. “factors”) can be specified as Random effects. Random effects 

basically help explain more of that error variance (residuals) and therefore have a better model of your 

outcome variable (your dependent). Thus, you technically could have a mixed effects models using the 

GLM dialog, but you won’t have all the flexibility to change certain parameters or the proper estimation 

practices of the MIXED function. More about that later. 

There are two aspects of GLM that are important to review before explaining the mixed effects 

approach. First, the type of Sum of Squares determines how the effects of multiple predictors will be 

estimated. Type I SS (not to be confused with Type I error) estimates the effect of the first (or last, SPSS 

can be a little confusing on this regard) predictor and then of whatever is left explained will go on to the 

next predictor and so on. There may be only a few obscure cases (I cannot think of one really) in which 

this type of SS would be of interest. Type II and III estimate adjusted SS (what sometimes is reported as 

“controlled for”). The default, Type III, adjusts for any other effect included in the model and is the 

more general case. Type II adjusts for other effects that do not contain the effect being analysed but not 

for those that have the same effect (e.g. interactions). Beyond philosophical and highly technical 

discussions, the default, Type III is the easiest to understand and appropriate for most cases.  
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The second issue that is often forgotten or taken for granted is the “Intercept”, the β0 from (1). 

Phrases like “when everything else is zero” or “holding constant” are used frequently for all other 

effects, and they apply the same for the intercept. It is usually not looked at when we use ANOVA, 

because “anova” tables only show the significance of the effects of the variables, not the parameter 

estimates. In GLM, it is useful to always request to get the parameter estimates (and effect size 

estimates, but that is another issue) to try to understand the effects, even if we only have categorical 

predictors. In this case, of the categorical predictors, the parameter estimates are given as “regression” 

coefficients for an “automatic” dummy-coding of the grouping variable. The example in the presentation 

will clarify this issue. It is important to see, though, which of the categories (groups) of the “factor” has 

been chosen as reference group (the one that has a row of zeroes on the parameter estimate table). 

That would be the group in which the factor is zero. Thus, in a two-way ANOVA (e.g. sex and 

treatment, where treatment has three categories/groups, two treatments and a control), the parameter 

estimates may be given for one of the genders (e.g. male) and two of the groups (e.g. the treatment 

conditions).  In this case, the Intercept will represent the estimated marginal mean (EM mean) for 

females in the control group, and the other parameter estimates would give the differences between this 

reference group and the different combinations in terms of the EM means. The Intercept is usually 

understood better in terms of the regression, but in many cases it becomes irrelevant when the 

dependent variable either cannot be zero or it doesn’t make sense to take a zero value. Let this be a 

first motivation to think about “centering”, which is a key practice in mixed effects modeling.  

Mixed Effects Model for Clustered/Grouped Data 
The basic GLM model described above, particularly in (1) can be used to explain and understand 

mixed effects. The word “hierarchical” (as in HLM) is commonly used because it relates to the idea of 

observations for participants/subjects -such as children, clients, cases- “nested” within groups -such as 

organizations, schools, families, sectors, etc. If your interest were to find the direct effect of such 

grouping variable (aka “factor”) has on your dependent variable, a GLM (usually called ANOVA) would 

suffice if there are not many categories. However, if the effect of such factor were to also influence the 

distribution of the errors, because of measured or non-measured characteristics of the groups that 

affect in a particular way to its members, or if there are many groups (and enough observations per 

group) or even if we are not particularly interested in the effect of such factor but we consider it just 

noise or the “nature” of the data, then a mixed effects model can help us with our research questions. 

For grouped data, we could use mixed effects modeling if we are interested in: 1) Finding out (or 

accounting for) the effect of belonging to the group, but we may not be particularly interested in 

measuring it for individual cases (although we can do it). From the statistics provided by a mixed effects 
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model we can estimate the intra-class correlation (ICC), that is how much of the variance in the 

dependent variable is due to “belonging to a group”. 2) Once we know the nested/hierarchical structure 

of the data is related to the dependent variable we can assess predictors at both individual level and 

group level, or even a combination of both levels. For convenience, although there are different 

conventions, we will call the individual level “Level 1” and the group level “Level 2”. That would also 

allow us to think of higher order nesting as Levels 3, 4 and so forth. Here we will go up to level 2 but 

this knowledge can be easily expanded to higher levels of nesting (e.g. children within cities, cities within 

provinces). Another nomenclature commonly used is to call level 1 effects, within groups or just 

“within”, whereas level 2 are called between groups or “between”. The third part of the seminar will 

deal with a special type of nesting: time-point observations within individuals, which allows mixed effect 

modeling to assess longitudinal type or “repeated measures” data.  In this case the within and between 

refer to individuals and not to groups. For now we will describe four cases or models for clustered data, 

the unconditional means model to figure out 1) and the three potential cases that combine level 1 and 

level 2 predictors.  

Unconditional means model 
The unconditional means model can be seen as both a mixed effects version of a one-way 

ANOVA and as a baseline to determine and account for the lack of independence in the observations 

that the clustering creates. It is the simplest formulation of mixed effects in which there is only one fixed 

effect, the intercept, and only one random effect, the intercept for the grouping variable that defines 

level 2 (the group in “between groups”). Here is the equation for the level 1 part of the model. 

),0(~, 2

0  Nrwherery ijijjij   (2.1) 

Again, as pure convention, y would represent the dependent variable which is measured for i 

subjects that are nested within j groups. Notice that there are no “predictors” per se but only an error 

(residual) term r. At this point, only the intercept β0j , is the only “fixed” effect to estimate. Mixed effects 

models are sometimes called “slopes as outcomes”, which it is a misnomer in this particular case, 

because the outcome (dependent variable) at level 2 in the unconditional means model is only the 

intercept. Here is the equation for level 2 in which the intercept becomes the “outcome”. 

),0(~, 0000000  Nuwhereu jjj   (2.2) 

There are new symbols introduced here, however, they are arranged in a familiar way. This is 

still a GLM equation, but it is the equation in which the intercept of the level 1 equation becomes the 

dependent variable (the “y”, if you like). The intercept will have its own “intercept”, γ00 and its own 
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error term. Notice that the intercept from 2.1 and the error term from 2.2 have the same sub-script 

“0j”, which refers to the mean at the group level, thus γ00 is the estimated marginal means of each group 

described as the grouping variable. The error term u0j it is also the error within groups, or the variance 

on the individual measured predictor due to their group membership. If we substitute 2.2 into 2.1 we 

get the full model equation: 

   ijjij ruy  000  (2.3) 

The term on the first bracket is the “fixed effect” part of the model, whereas the terms on the 

second bracket are the “random effects”. The fixed effects are what we are used to see in a GLM, 

“direct” effects that for which parameters can be estimated. The random effects are mainly “error” 

terms and the only thing we estimate and can use of them is their variance and covariance. The example 

from the presentation, which will be re-taken at the lab portion of the workshop will clarify these ideas 

and will show the output generated (and that can be requested) by the MIXED function of SPSS. 

Introducing level 2 predictors to the clustered data model 
One of the things we may want to research is the effect that a characteristic of the grouping 

variable has on the dependent variable (which is at the individual level). For example, if density of 

community services in a city (services per inhabitant) influences the level of happiness at the individual 

levels. Happiness could be averaged by city and then correlated (regressed on) services density. 

However, the within city variability may be lost using this approach, because the mean is just a point 

estimate of the variable of interest. A mixed effect model can solve this “multilevel” research question. 

First, the unconditional means model has to be estimated to answer the question, does residing in a 

specific city has an effect on individual happiness. As shown on the example on the presentation slides 

we can calculate how much of the variance on happiness is due to group membership. Of that 

proportion we can now assess how much of it is can be explained by density of community services on 

each city.  Let’s see how the models look in equation form. First, the level 1 equation is the same as for 

the unconditional means model.  

),0(~, 2

0  Nrwherery ijijjij   (3.1) 

Similarly to the unconditional means model, only the β0j intercept has to be estimated with a 

level 2 equation. Again, as a convention, we will name zs the predictors at level 2. Here is an example of 

two level 2 predictors of the level 1 intercept.   

),0(~, 0000202101000  Nuwhereuzz jjj   (3.2) 
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Now we have three level 2 regression weights for the level 1 intercept. There is still only one 

random effect (i.e. error term) included in the model, from which the variance will be estimated. The 

logic is the following, as you enter more predictors into a regression equation the error term variance 

will decrease, as a function of the “quality” of predictors you add (there are some rare cases in which 

residual will increase as some predictors are entered, but let’s not bother about that). Thus, if we now 

the variance explained by the grouping variable we can calculate how much of this variance is accounted 

for the level 2 predictors. Therefore, the u0j in equation (3.2) is not the same (and it should be less than) 

the u0j in (2.2). Notice now, that γ01 and γ02 are the effects of the respective level two predictors z1 and 

z2 on the level 1 intercept. Let’s now replace 3.2 on 3.1and we will get the full model equation.  

   ijjij ruzzy  020210100   (3.3) 

 In SPSS, as it will be shown on the presentation slides, the fixed effects are entered in the 

“Factor” or “Covariate” fields depending on their scale of measurement, not on their level. So, if z1 is a 

continuous variable (e.g., services density) and z2 is categorical (e.g., city size given by S-M-L categories), 

z1 would go into the Covariate field and z2 into the Factor one.  It is important, however, to be able to 

express the model in full to be able to build the terms under the Fixed and Random model dialogs.  As 

we can see from (3.3) there are no interactions to be modeled, just the main effects of the two level 2 

predictors. 

Introducing level 1 predictors to the clustered data model 
In some instances it may be of interest to find the effect of a predictor at the individual level on 

a dependent variable (also at the individual level), but these individuals are grouped into classes. This 

nesting, as mentioned above, would violate the assumption of independence among the cases and 

therefore a regression using GLM would not be appropriate (it can even lead to “paradoxical” results). 

In a mixed effects modeling approach the “slope” of the linear regression will be also modeled as an 

“outcome” variable, the same way as the intercept, as seen here: 

ijjjij rxy  110   (4.1) 

In here we have a level 1 predictor x1 is added to the equation. This is a typical regression 

equations, if it weren’t for the j subscripts indicating that the i cases are nested within j groups. If the 

effect of the grouping variable was of interest, and the number of the categories in the grouping variable 

is manageable, it could be introduced as a level 1 categorical variable – a “Fixed Factor” – in GLM, which 

will add k-1 xs (where k is the number of categories in the factor) and their respective regression 

coefficients (in other words, it would be an ANCOVA with only fixed effects). An interaction between 
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the continuous x1 and the grouping variable may be recommended to test the moderation of 

membership on the effect of the covariate on the dependent variable.  

However, the fixed effect of the grouping variable will be only applicable to the categories 

tested. Generalizability is one of the reasons to use a grouping variable as a random effect, as opposed as 

a fixed effect. It is therefore necessary that the grouping variable creates categories that are 

interchangeable. This is quite a hard requirement to assess and the debate can be endless about what this 

means (A. Gelman, an American political scientist and prominent statistician in the field often mentions 

the problem of declaring States as interchangeable, but for practical purposes they are usually thought of 

as if so). In any case, this assumption means that grouping variables such as treatment type cannot be 

used as random effects because by definition treatment conditions, and particularly a control group, are 

not interchangeable. The plus side is that the results of a mixed effects model can be said to be 

generalizable to other categories of the grouping variable used as random effect, even if they are not 

evaluated.  

When adding a level 1 predictor, we would like the intercept to be interpretable. As mentioned 

in the discussion about GLM, sometimes the intercept is taken for granted. In mixed effect modeling, it 

is common practice to center the predictor. For clustered data, the centered is typically on the group 

mean (xij – Mxj) changing the interpretation both of the intercept and the slope. The intercept now 

becomes the overall estimated marginal mean (the EM mean for the whole sample) because when the 

centered x is zero is when the subject is at the mean of x for its corresponding group. The slope, when 

there is only one predictor and it is at level 1, shouldn’t change by centering on the mean. Let us see 

now, the level 2 equations of the intercept and the slope of the level 1 regression equation. 

jjjj uu 11010000 ;    (4.2) 

By treating the slope β1j as an outcome we have now a new term γ10 which can be described as 

“the intercept of the slope”. If it is hard to understand such an idea, let’s say it is the estimated marginal 

mean effect of x1 across the j groups. Also, we have an extra random effect named u1j, the error term of 

the equation of the slope of x1. These additions may be clarified by substituting the equations on (4.2) on 

(4.1). Here is the full model: 

   ijjjij rxuuxy  11011000   (4.3) 

What the full model is telling us is that there is a fixed effect plus the intercept (which is now 

the EM mean for the sample for an average individual in terms of x, iff x has been centered), and there 

are two random effects, the intercept and the level one predictor, and the residual as in any other linear 
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model. Random effects are evaluated in terms of their variance. The random effects are defined as 

normally distributed, with respective means of zero and the following variances and covariances. 
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(4.4) 

We now have three new terms that will be estimated. Actually only two, τ11 the variance of the 

random effect of x1 and τ01= τ10 the covariance between the random effects of the intercept and x1. The 

estimation of these two new error terms increases the complexity of the model in a way that may be 

unnecessary. Beyond technical problems regarding convergence and matrix estimation, adding a random 

effect way just make the model less parsimonious. Even if the test of the variance is significant, we can 

evaluate if the random effect of the slope can be eliminated from the model. The usual way is to look at 

the goodness-of-fit indices. SPSS doesn’t seem to have an evaluation of the differences between the fit 

indices, but it does report a few of them with the clear note that “smaller is better”. Thus if we fit the 

model with and without the random effect and the model without the random effect has the lower fit 

indices the random effect for the grouping variable can be taken off for parsimony. Regarding the 

covariance between random effects, it represents the level of relationship between the “membership” 

effect (i.e. the intercept random effect) and the effect of the level 1 predictor. In the section about 

longitudinal data this covariance takes a more interesting and interpretable role.  

Including both Level 1 and 2 predictors to clustered data models 
Usually, in deciding to use mixed effect models, power is not an issue (we certainly will discuss 

this topic during the presentation and/or the exercises). Thus the researcher may have the luxury of 

asking questions that involve both level 1 and level 2 predictors. There may be cases in which the groups 

can be classified into two different categories and one may want to assess the impact of such factor (i.e. 

categorical level 2 variable) at the same time than the effects of two covariates, one at level 1 and 

another level 2 variable. This case will be discussed in the presentation and lab example. Let’s examine 

the equations for two predictors, one at each level. First, the level 1 equation: 

ijijjjij rxy  110   (5.1) 

No surprises here, it is the same as in (4.1). However, the novelty will come on what effects we 

would like to investigate regarding the level 2 predictor. We have now: 
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(5.2) 

The intercept equation is the same as (3.2). The slope equation has its own “intercept” and now 

it has an effect of the level 2 predictor on the effect of the level 1 predictor on the dependent variable. 

In other words, whenever we have two predictors at two different levels we should test for the cross-

level interaction. Up to now, it seems that the different cases of modeling are presented as templates. 

However, this is not the case here. The researcher may have no intention or hypothesis regarding the 

cross level interaction. And therefore it may be a “theoretical” decision to take it off. It is recommended 

however, to test for it. Let’s see how this interaction looks in the full model: 

   ijijjjjijijjij rxuuzxxzy  110111111010100   (5.3) 

 The regression coefficient γ11 on the fixed effects bracket is the parameter of the cross-level 

interaction. The random effects variances and co-variances are the same as in (4.4), thus everything 

discussed for the inclusion of a level 1 predictor applies here. From these four cases any mixed effect 

linear model for cluster data can be defined. To complement the presentation and the slides here is a 

summary of what to do with each of the predictors on the MIXED function dialog of SPSS: 

Table 1. Summary of fixed and random effects for clustered data 

Level Type/Field Fixed Effect Interaction Random Effect 

Level 1 (Within groups) Continuous/ Covariate With Level 2 predictor by default 

(can be taken off if n.s.) 

With Level 1 predictor if it is of 

research interest. 

Yes, but test if it is 

necessary 

Level 1 (Within groups) Categorical/ Factors 

Level 2 (Between groups) Continuous/ Covariate With Level 1 predictor by default 

(can be taken off if n.s.) 

With Level 2 predictor if it is of 

research interest. 

No. 

Level 2 (Between groups) Categorical/ Factors 

Grouping Variable  Continuous/Subjects on 

first dialog window 

No. Unless it is also a level 1 

predictor 

As grouping variable 

Longitudinal Outcome Analysis with Mixed Effects Modeling 
The second common application of mixed effects modeling is longitudinal data analysis. It is 

mainly used when the dependent variable (the outcome) is measured over time. Within the GLM 

approach it is called “Repeated measures”. The strength of using mixed effects modeling is the ability to 
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evaluate time-points at different intervals as such, fitting the change over time in a linear way, respecting 

the differences among measured times.  Moreover, it is ideal for unbalanced data, with missing data or 

attrition. Once the clustered data cases are understood, the longitudinal data analysis is equivalent. In 

must sources there is a change in nomenclature, which I find confusing. Therefore we are sticking to the 

Greek letters we already learned to appreciate. There are some main points on defining longitudinal 

data as mixed effects. First, the nesting now is observations within individuals. Probably, the name 

“subject” for the grouping variable comes from this change in levels. The new Level 1 is observations 

taken over time (waves, tests-retest-retest, repeated measures in general) and Level 2 is now individuals 

(children, participants, patients). The second change from clustered data is the presence of a time 

variable (scale: continuous) at the level 1 equation in every model. Therefore, there is no equivalent to 

the unconditional means model for longitudinal data. The baseline is a model in which the effect of the 

time variable is assessed as a combination of initial state and rate of change.  

Time predictor only models in longitudinal outcome analysis 
In an ideal laboratory situation we may have evenly spaced time-points at which observations of 

an evolving phenomenon are made. In social science this is not usually the case. Follow up studies are 

victims of logistics, budgets, tester availability, or simply convenient design. Also, we may want to 

provide a quick intervention and follow up on its effects at different intervals in the future. In such cases, 

the repeated measures GLM approach is limited as it assumes equally spaced observations. Mixed effect 

modeling can be adapted to include a continuous time variable. This time variable is conceptualized as a 

level 1 predictor. One common variable used is age. It is of outmost importance, though, to always 

center age at a meaningful point. It is not necessary and usually it is not appropriate to center age on a 

mean. Obviously, centering is being used here quite liberally.  In the majority of cases, age would be 

centered at the earliest one reported. The effect of such centering is to have an interpretable intercept 

as an initial state.  

As discussed above, the inclusion of a level 1 predictor also necessitates adding a random effect 

for such predictor. It also applies that if such random effect is not necessary it can be taken off, after 

evaluating the fit of the models with and without it. Revisiting equation (4.1) we can substitute the level 

1 predictor x for a centered time variable.  

ijjjij rtimey  10   (6.1) 

The resulting level 1 equation has two interpretable regression coefficients. The intercept β0j, 

given that time is usually centered on the baseline or first observation value, is referred to as initial state. 

It is the estimated average value of y across individuals at time=zero. The slope β1j, is the average rate of 
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change across individuals, in the metric of the time variable. To estimate these effects we go to the level 

2 equations, which are the same as in (4.2): 

jjjj uu 11010000 ;    (6.2) 

And here is the full model in which it is explicit that (at least on a first approximation) the 

random effect of time has to be included.  

   ijjjij rtimeuutimey  101000   (6.3) 

The variance structure of this full model is exactly the same as in (4.4), so we will skip it here. 

Once again, a reminder that due to parsimony the random effect of time could be taken off if it is not 

necessary.  

Adding time variant and time constant predictors 
Understanding the clustered data cases makes it very easy to add predictors to the longitudinal 

outcome analysis model. A time variant predictor is such that is also measured at the same time points 

than the dependent variable. Thus, it is a level 1 predictor and would have to be added to equation (6.1), 

a new level 2 equation and thus a new random effect would also be added to the respective equations. 

The formulation of the full model of adding a time variant predictor is the following: 

   ijjjjij rxutimeuuxtimey  12101201000   (7.1) 

 Having three random effects the variance/co-variance matrix also gets more complex, as it 

would be in clustered data with two level 1 predictors. Issues of convergence and power could be a 

problem and thus it may end up being necessary to take off one or both random effects (the random 

effect of the intercept is never omitted, it is the within subjects error term).  
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(7.2) 

 Adding a time constant predictor is equivalent to adding a level 2 predictor to a model with 

already one level 1 predictor. Thus, the formulas are similar to (5.1) and (5.2). The full model would 

look like this: 

   ijjjjjij rtimeuuztimetimezy  101111010100   (7.3) 
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Note that time constant predictors are always added as main effects and as interaction with 

time. Remember too that any of these predictors could be factors (i.e., categorical variables).  Let’s look 

at a summary table for longitudinal outcome analysis models using mixed effects. 

Table 2.  

Time relationship 

(level) 

Type/Field Fixed Effect Interaction Random Effect 

Time variant (Level 1- 

within subjects) 

Continuous/ Covariate With Level 2 predictor by default 

(can be taken off if n.s.) 

With other Level 1 predictors if it 

is of research interest. It is 

unlikely an interaction with time 

would be of interest 

Yes, but test if it is 

necessary 

Time variant (Level 1- 

within subjects) 

Categorical/ Factors 

Time constant( Level 2 – 

between subjects) 

Continuous/ Covariate With time predictor by default.  

With Level 2 predictor if it is of 

research interest. 

No. 

Time constant(Level 2 -

Between subjects) 

Categorical/ Factors 

Grouping Variable  Continuous/Subjects on 

first dialog window 

No. Unless it is also a level 1 

predictor 

As grouping variable 

Time variable Continuous/Covariate With level 2 predictors Yes, but test if it is 

necessary 

Variance/Co-variance Matrix Structure 
The level of complexity of mixed effect models cannot be exhausted on an applied seminar. 

There is however, one last issue that must be discussed that affects the way that the MIXED function in 

SPSS (and any method to estimate models of this type) behaves. Under the Random button dialog you 

will find a drop down menu that asks you the structure of the variance matrix. In the presentation 

examples we have chosen Unstructured as a default that meets pretty much all the needs of clustered 

data. This specification means that we have no idea or constraint on how each level of the random effect 

would relate to another one. Remember that one of the assumptions in clustered data is 

interchangeability of the groups, so they are not supposed to be related in any way. That does not apply 

to the time random effect, where closer observations in time could be assumed to be more related 

between them than to farther way measures. The choice of using a specific matrix structure is one of 

1)theory, like the time auto-correlation issue or 2)improving fit. Of the options available on SPSS, the 

two more adequate and interesting for longitudinal data are the AR(1) or first-order autoregressive 

structure. In this structure ρ is the correlation estimated for adjacent items and ρ2 for those separated 

by one element and so on. Another one found in the literature, although hard to meet its assumptions is 
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CS or Compound Symmetry, which estimates a constant variance and constant covariance. The full list 

of options and descriptions can be found on the help menu of SPSS MIXED (which conveniently I have 

printed out as pdfs and included in the companion CD).  

Some more reading and references 

 Arnold, C. L. (1992). An introduction to hierarchical linear models. Measurement and Evaluation 

in Counseling and Education, 25, 58-90. 

 Bryk, A. S., & Raudenbush, S. W. (1987). Application of hierarchical linear models to assessing 

change. Psychological Bulletin, 101(1), 147-158. 

 Bryk, A. S., & Raudenbush, S. W. (1989). Toward a more appropriate conceptualization of 

research on school effects: A three-level hierarchical linear model. In R. D. Bock (Ed.), Multilevel analysis 

of educational data (pp. 159-204). San Diego, CA: Academic Press. 

 Goldstein, H. (1995). Kendall's library of statistics. Vol. 3: Multilevel statistical models. London, UK: 

Edward Arnold. 

 Hox, J. J. (1998). Multilevel modeling: When and why. In I. Balderjahn, R. Mathar & M. Schader 

(Eds.), Classification, data analysis, and data highways (pp. 147-154). New York: Springer Verlag. 

 Hox, J. J. (2002). Multilevel analysis. Techniques and applications. Mahwah, NJ: Lawrence Erlbaum 

Associates. 

 Raudenbush, S. W. (1988). Educational applications of hierarchical linear models: A review. 

Journal of Educational Statistics, 13(2), 85-116. 

 Raudenbush, S. W., & Bryk, A. S. (1986). A hierarchical model for studying school effects. 

Sociology of Education, 59(1), 1-17. 

 Raudenbush, S. W., & Bryk, A. S. (2002). Hierarchical linear models. Applications and data analysis 

methods (2nd). Thousand Oaks, CA: Sage Publications. 

 Singer, J.D. (1998). Using SAS PROC MIXED to fit multilevel models, hierarchical models, and 

individual growth models. Journal of Educational and Behavioral Statistics. 24(4), 323-355 

 Willms, J. D. (1999). Basic concepts in hierarchical linear modeling with applications for policy 

analysis. In G. Cizek (Ed.), Handbook of Educational Policy (pp. 473-493). New York: Academic Press. 

 

 


