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1. Introduction 
For this chapter I'm considering a more complex set of repeated measures data, taken from Landau and Everitt 2004 (p. 
196), quoting them: 

"The trial was designed to assess the effectiveness of an interactive program using multi-media techniques for the delivery of 
cognitive behavioral therapy for depressed patients and known as Beating the Blues (BtB). In a randomized controlled trial of the 
program, patients with depression recruited in primary care were randomized to either the BtB program, or to Treatment as Usual 

(TAU). The outcome measure used in the trial was the Beck Depression Inventory II (Beck et al., 1996) with higher values indicating more 
depression. Measurements of this variable were made on five occasions. [bdi_pre, bdi_2m, bdi_3, bdi_5m, bdi_8m]" 

The dataset (in wide format) consists of the following variables: 

 

 

Besides the details provided above there are several other variables in the above dataset, the drug variable indicates if the subject 
was receiving antidepressants and the length variable indicates if the current episode of depression was less or more than 6 months. 
You can think of the variables in terms of two levels, level two being the subject and level one the repeated measure: 

 

 

 

 

 

 

 

 

 

 

 

Notice that I have classed the Drug and Treatment variables to be at level 2 in the above this is because in this design they have only 
been measured once and are assumed to be invariant they are therefore at the subject level, if they had been repeatedly measured 
for example say each subject had a period of both TAU and BtheB and/or a period with and without antidepressant medication they 
would be at level one.  

For much of the analysis on this chapter we will concentrate on a subset of the above variables, that is the treatment (Tau versus 
BtheB) and the repeated BDI measures.  

In any repeated measures analysis the first thing to do is to get some sort of feel for the data and I find the best way to achieve this is 
to graph the outcome variable (i.e. the BDI measure) against any variable we feel that might affect it, in this instance the particular 
treatment they were given. This process is described in the next section. 

  

subject 1 Patient n 

Observation 1 

Observation 2 

Observation 3 

Observation 5 

5 observations clustered within each subject   - observations within each cluster may be correlated? 

Level 
2 

Level 
1 

Subject id 
Drug 
Treatment 

BDI measure x 5 

Observation 4 

Observation 1 

Observation 2 

Observation 3 

Observation 5 

Observation 4 

. . . . . . . 
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2. Trend over time for each treatment group 
We need to inspect the change over time for the depression scores for the two treatment groups. The traditional way of 
doing this is to draw a set of error bar charts described below. 
 
 
 

 
 
 
 
 

 
 
 
 
From the graph opposite we see that the 95% CI of 
the means for the traditional treatment group (TAU) 
do not fall as rapidly as the beat the blues group.  
 
While the error plot opposite does provide a 
graphical summary of the two groups over time it 
does not show the individual trajectories, in other 
words it does not take into account the dependent 
nature of the data.  
 
To do this we need to construct individual profile 
plots.  
 
 
 
 
 
 
 

Exercise 

Please carry out the above process. 
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3. Individual group profiles by treatment group 
We achieve this by creating two new data sets one for each of the groups.  The first step is to filter for each group to 
select all those who have received the standard treatment (treatment=1) and then considering only those who have 
received the possible improved treatment –beat the blues (treatment=2). 
 
Filtering on treatment =1 
Select the main menu option Data-> select cases -> IF button. In the expression box either click the arrow button to 
place the 'treat' variable in the expression box or directly type in treat either way you need to end up with the 
expression treat=1 in the box. 

 
 
 

Returning now to the data view you will notice two things. A new variable filter_$ this 
specifies which are the cases that are to be included, and secondly a diagonal line 

through some of the cases on the far left. The cases with a diagonal line are the one that will be excluded now any 
analyses. 
 

 
 
Transposing the data 
We now need to transpose the column rows to enable us to draw an appropriate profile graph. Select the menu option 
Data-> Transpose. Include the repeated measures in the variables box and the Subject variable in the Name variable 
box, click OK. You will receive a warning message just click OK again then to see the new dataset choose the menu 
option Window and open the appropriate one. 
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The result is shown below: 

 
 
Notice that the new dataset has 49 variables which is the number of subjects who underwent conventional treatment 
plus a case_labl variable which indicates which row is the specific repeated measure.  From this we can see that case 3 
(K_3) only provided 2 observations while cases 7, 8 and 11 have complete sets. 
 
Producing the profile plot 

Selecting Graphs Legacy Dialogs -> Line, then in the Line charts 
dialog box select Multiple, Values of individual cases.  
In the Define multiple Line Values of individual cases dialog box 
in the Lines represent box you can select those cases you wish 
to include in the graph, I have selected the first five below. 

 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
You can edit the above graph with several other options as well 
(see next page). 
Also remember that you are working with a unsaved dataset 
therefore I would advice you to save it with an appropriate name. 
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Besides selecting the first five traditional treatment 
cases we could have just included all of them, most 
writers recommend that you either produce a panel 
of plots for individual cases or a subset of around 
10. However as before I feel also putting them 
together is helpful.  

Below I have included the complete set of 100 
cases divided by the two treatment modalities, 
ensuring that the y axis is comparable.  

Looking at the two profile plots below do you feel 
they are any differences between the groups? 

Do you think that any particular atypical individuals 
appear in the Beat the Blues group? 

 

 

 

 

 

Beat the blues group 

To obtain the above profile plot for the beat the blues group we repeat the steps described above, changing the filter to 
(treat=2). This time the transposed dataset looks like: 

 

 

 

Exercise 

Please carry out the above process. 
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We have now considered the 95% CI's of the mean for each of the treatment groups at each time point along with their 
individual profile plots, both of which suggest that the Beat the blues group has a more rapid reduction in depression 
scores compared to that of the treatment group over the time period. We now need to start to consider the 
development of a mathematical model to evaluate these hunches.  
Before developing a Linear Mixed Model (LMM) it is sensible to consider the variance and correlation at each time point 
for the dependent variable. We have in effect considered the variance at each time point already with the 95% CI mean 
graph, now we need to consider the correlations. To do this for each treatment group over the time frame of the 
investigation we need to first 'split' the dataset based upon treatment type.  
 
Splitting a dataset 

The Split File menu option splits the dataset into sets of rows with the effect  that 
subsequent analyses will be carried out for each group. Landau & Everitt 2004 
recommend that you always select the option Sort file by grouping variables which I 
have done below. 
 

 
Now we can obtain the correlations for each treatment group by selecting the 
familiar menu options along with specifying Missing values, exclude cases pairwise 
we obtain the correlations. 
 

 
From the table below we can see 
that all the measures have large 
correlation values and most are 
also statistically significant. We 
will use this information when 
considering the error covariance 
matrix for the model. 
 
Take home message: the repeated BDI measures are highly correlated 
within the subjects and the correlation gets weaker as the time gets 
further apart. The variance at each time point seems to remain consistent (from the previous section). 
 

  

treat = TAU  Correlations
a
 

 bdi_pre bdi_2m bdi_3 bdi_5m bdi_8m 

bdi_pre 

Pearson Correlation 1 .613
**

 .631
**

 .502
**

 .407
*
 

Sig. (2-tailed)  .000 .000 .006 .044 

N 48 45 36 29 25 

bdi_2m 

Pearson Correlation .613
**

 1 .818
**

 .757
**

 .716
**

 

Sig. (2-tailed) .000  .000 .000 .000 

N 45 45 36 29 25 

bdi_3 

Pearson Correlation .631
**

 .818
**

 1 .863
**

 .795
**

 

Sig. (2-tailed) .000 .000  .000 .000 

N 36 36 36 29 25 

bdi_5m 

Pearson Correlation .502
**

 .757
**

 .863
**

 1 .850
**

 

Sig. (2-tailed) .006 .000 .000  .000 

N 29 29 29 29 25 

bdi_8m 

Pearson Correlation .407
*
 .716

**
 .795

**
 .850

**
 1 

Sig. (2-tailed) .044 .000 .000 .000  

N 25 25 25 25 25 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

a. treat = TAU 

treat = BtheB   Correlations
a
 

 bdi_pre bdi_2m bdi_3 bdi_5m bdi_8m 

bdi_pre 

Pearson Correlation 1 .631
**

 .538
**

 .557
**

 .414
*
 

Sig. (2-tailed)  .000 .001 .002 .032 

N 52 52 37 29 27 

bdi_2m 

Pearson Correlation .631
**

 1 .711
**

 .763
**

 .576
**

 

Sig. (2-tailed) .000  .000 .000 .002 

N 52 52 37 29 27 

bdi_3 

Pearson Correlation .538
**

 .711
**

 1 .592
**

 .402
*
 

Sig. (2-tailed) .001 .000  .001 .038 

N 37 37 37 29 27 

bdi_5m 

Pearson Correlation .557
**

 .763
**

 .592
**

 1 .656
**

 

Sig. (2-tailed) .002 .000 .001  .000 

N 29 29 29 29 27 

bdi_8m 

Pearson Correlation .414
*
 .576

**
 .402

*
 .656

**
 1 

Sig. (2-tailed) .032 .002 .038 .000  

N 27 27 27 27 27 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed). 

a. treat = BtheB 
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4. Restructuring the dataset into long format 
To carry out a LMM analysis we need the dataset in the long format. Assuming we have the dataset in the wide format 
as initially described, following the steps below we produce the correct long format dataset. 

 
 
 
Once past the step three dialog opposite we 
accept the default options until the end of the 
wizard. 
 
 
 
 
 
The resultant dataset is shown below: 
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5. Recoding a repeated measure to indicate actual time 
At this point it is also sensible to create a new variable which indicates the actual month the BDI measure was taken.  
We know that the index1 variable above represents the times of the repeated measure what we need to do is change 
the value 1 to 2 indicating that it was taken at month two, change 2 to 3 , indicating measurement was taken at month 

3, change 3 to 5 and 4 to 8 respectively to indicate the 
time these measurements were also taken.  As is always 
sensible rathr than changing an existing variable we will 
create a new one to indicate these values. Select the 
menu option Transform -> recode into Different variables 
We are going to give the new variable the name month, 
type that into the subsequent dialog box (shown below). 
 

 
 
When you click on the Old and New Values button you see the dialog box below in which you specify the old and new 
value pairs as we described above. Finally click on the continue button then the OK button in the first dialog box. 
 
 
 
 
 
 
 
 
The change in the dataset is shown in 
the screenshot below where we now 
have a new variable, month which 
indicates the month the repeated 
measure was taken. In other words 
we have converted a ordinal index (i.e 
the level of a factor) into a 
interval/ratio level variable. 
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6. Centring Month and baseline depression score 
In a previous chapter I mentioned the usefulness of centering variables, specifically doing this helps with interpretation. 
We will undertake centering two variables, month and the pre treatment BDI measure.  By do this we will obtain a set of 
values for the new variables called c_month and c_dbi_pre respectively each of which have a 
mean of zero. 

To centre a variable we need to subtract the sample 
mean from each value in the set. We can easily find the 
sample mean for a variable by using Analyze -> Descriptive Statistics -> 
Descriptives.  

Once we have the relevant sample means we can use the menu option 
Transform -> compute variable to specify a new variable called c_month to represent the centered time variable. We 
enter the expression month – 4.5 into the Numeric Expression box to calculate the transformation. 

 

We can follow the same 
procedure, substituting the 
bdi_pre variable name to 
produce a centred baseline 
depression score (c_bdi_pre) as 
well.  

 

 

 
 
 
 

 
 
 
 

Exercise 

Please carry out the above process. 

 
 
 
 
  

Descriptive Statistics 

 N Mean 

month 400 4.5000 

bdi_pre 400 23.33 

Valid N (listwise) 400  
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Estimates of Covariance Parameters
a
 

Parameter Estimate 
Std. 

Error 
Wald 

Z 
Sig. 

95% Confidence Interval 

Lower 
Bound 

Upper 
Bound 

 Residual 77.6037 6.6180 11.726 .000 65.6586 91.7219 

a. Dependent Variable: dbipost. 

 

7. Naive analysis 
As with the examples in previous LMM chapters we begin with a naive analysis, that is one that ignores the fact that the 
measures are repeated and therefore not independent. In other words we carry out a standard multiple linear 
regression analysis, but for practice as usual using the Linear Mixed Models dialog boxes.  

 

 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 

 
 
 
 
 
 

The model dimension table indicates the number and type of parameters estimated. We have 4 parameters for each of 
the separate covariates along with the intercept. Finally there is a single parameter to estimate the residual variance, 
giving a total of five. 

The type three test of Fixed effects provides the same information, in this instance, as the Estimates of Fixed Effects 
parameters table. All parameter estimates except length have P values of less than 0.001. The residual (co)variance 
parameter estimate also has an associated P values of less than 0.001  Given that we believe this model to be a poor fit 
the most important set of values are those in the Information criteria table, which will allow us to compare values with 
other more complex models.  
 

Exercise 

Please carry out the above process. 

  

Model Dimension
a
 

 
Number 
of Levels 

Number of 
Parameters 

Fixed Effects 

Intercept 1 1 

c_dbi_pre 1 1 

length 1 1 

treat 1 1 

c_month 1 1 

Residual  1 

Total 5 6 

a. Dependent Variable: dbipost. 

 

Information Criteria
a
 

-2 Restricted Log Likelihood 2008.634 

Akaike's Information 
Criterion (AIC) 

2010.634 

Hurvich and Tsai's Criterion 
(AICC) 

2010.649 

Bozdogan's Criterion (CAIC) 2015.251 

Schwarz's Bayesian Criterion 
(BIC) 

2014.251 

The information criteria are displayed in 
smaller-is-better forms. 

a. Dependent Variable: dbipost. 

 

Type III Tests of Fixed Effects
a
 

Source Numerator df Denominator df F Sig. 

Intercept 1 275.000 46.914 .000 

c_dbi_pre 1 275 96.289 .000 

length 1 275.000 3.983 .047 

treat 1 275.000 17.321 .000 

c_month 1 275 16.188 .000 

a. Dependent Variable: dbipost. 

 

Estimates of Fixed Effects
a
 

Parameter Estimate Std. Error df t Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

dimension0 

Intercept 17.339832 2.531586 275.000 6.849 .000 12.356080 22.323584 

c_dbi_pre .523464 .053346 275 9.813 .000 .418446 .628481 

length 2.225799 1.115341 275.000 1.996 .047 .030107 4.421490 

treat -4.411208 1.059909 275.000 -4.162 .000 -6.497775 -2.324642 

c_month -.965763 .240032 275 -4.023 .000 -1.438296 -.493230 

a. Dependent Variable: dbipost. 
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8. Random Intercept model 
We will begin by adding a random intercept which from the last chapter you will remember (quoting Twisk 2006) is a 
conceptual necessity for repeated measures analysis. 
We are now allowing each subjects baseline score to be taken into account. 
 
 

 

 
To add a random intercept, we make changes to two dialog boxes. Firstly, in the initial Linear Mixed models: Specify 
Subjects and Repeated we add the subject variable to the Subjects box. Second in the Random Effects dialog box we, 
click on include intercept and also move the subject variable into the combinations box.  The results are given below. 

 

 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

Exercise 

Please carry out the above process.  Also copy and save the resulting SPSS syntax  

Model Dimension
a
 

 
Number of 

Levels 
Covariance 
Structure 

Number of 
Parameters 

Subject 
Variables 

Fixed 
Effects 

Intercept 1  1  

length 1  1  

treat 1  1  

c_month 1  1  

c_dbi_pre 1  1  

Random 
Effects 

Intercept 1 Identity 1 subject 

Residual   1  

Total 6  7  

a. Dependent Variable: dbipost. 

Information Criteria
a
 

-2 Restricted Log Likelihood 1872.390 

Akaike's Information Criterion (AIC) 1876.390 

Hurvich and Tsai's Criterion (AICC) 1876.434 

Bozdogan's Criterion (CAIC) 1885.624 

Schwarz's Bayesian Criterion (BIC) 1883.624 

The information criteria are displayed in smaller-is-better forms. 

a. Dependent Variable: dbipost. 

Estimates of Fixed Effects
a
 

Parameter Estimate Std. Error df t Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

Intercept 18.966724 3.789624 97.860 5.005 .000 11.446203 26.487244 

length .591069 1.676653 96.673 .353 .725 -2.736764 3.918903 

treat -3.188323 1.638995 93.933 -1.945 .055 -6.442616 .065969 

c_month -.705245 .146846 197.934 -4.803 .000 -.994828 -.415662 

c_dbi_pre .610771 .078397 98.334 7.791 .000 .455200 .766341 

a. Dependent Variable: dbipost. 

Estimates of Covariance Parameters
a
 

Parameter Estimate Std. Error Wald Z Sig. 
95% Confidence Interval 

Lower 
Bound 

Upper Bound 

Residual 25.247237 2.624041 9.622 .000 20.594216 30.951553 

Intercept [subject = 
subject] 

Variance 53.175475 9.340696 5.693 .000 37.686955 75.029440 

a. Dependent Variable: dbipost. 

Techie point (Landau & Everitt 2004 p.214) While the above analysis is similar in some ways to a (M)ANOVA here all 
cases have been used while in a (M)ANOVA only complete cases would be included.   
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The most important aspect of the output is the information 
criteria table and comparing the 

 -2restricted LL for the two models gives, 2008.634 – 1872.39 
= 136.244   which, if they are just exhibiting random 
sampling variation, follows a chi square distribution with 
degrees of freedom, 7-6=1  and using the R expression 1- 
pchisq(136.244, 1) in R returns a value of zero 
meaning that it is too small to calculate. So we can say that 
the model allowing a random intercept does improve the model fit. Notice also that the other values in the 
Information Criteria table confirm this, with them all being lower for the new model.  

Landau & Everitt 2004 p.214, mention interesting aspects concerning the change in the standard errors for the 
parameter estimates, between models. The between subjects parameter standard errors have all increased except for 
c_month, ignoring this for a moment one can conceptually think of this as being the effect of specifying the repeated 
measures and therefore reducing the effective sample size (remember size of standard error decreases as sample size 
increases). So why has the standard error of c_month literally halved, this is again the result of taking into account the 
effect of the repeated measures. Notice also the standard error of the Residual has dropped as we now have the 
residual being shared between this and the random intercept. 

So we know that taking into account the baseline for each subject has produced a better fitting model now what about 
allowing the slope of the regression lines to also vary across individuals. According to Landau & Everitt 2004 p.217: 

"The random intercept model implies a particular structure for the covariance matrix of the repeated measures, namely, that 
variances at the different post-treatment time points are equal, and covariances between each pair of time points are equal. In 
general, these are rather restrictive and unrealistic assumptions; for example, covariances between observations made closer 
together in time are likely to be higher than those made at greater time intervals and there was a suggestion that this might be the 
case for our data (. . .). Consequently, a random intercept and slope model (. . .) that allows a less restrictive covariance structure for 
the repeated measures (the explicit structure is given in Everitt and Dunn, 2001) might provide an improvement in fit over the 
random intercept model."   

 

Because the fixed effect of duration (length) was found to be statistically insignificant it has been removed from the 
fixed effects dialog box in the following analysis.  

9. Adding a random slope – accounting for the individual 

 

The only essential change is 
adding c_month to the random 
effects model box. 

However there is also a problem 
with convergence for estimating 
the parameter values which is solved by increasing the maximum scoring 
steps to 5. Selecting the Print iteration history provides details in the 
output of each of the estimates for each iteration. 

I have also specified the error covariance type to be Diagonal (i.e. 
different variance for each occasion and no correlation between times). 

  

Comparison of standard errors across models 

Parameter 
Naive model  

Std. error 

Random 
intercept model. 

Std. Error 

Naive model 
Sig. 

Random 
intercept  

model.  Sig. 

Intercept 2.531586 3.789624 (↑) .000 .000 

length 1.115341 1.676653 (↑) .047 .725 

treat 1.059909 1.638995 (↑) .000 .055 

c_month .240032 .146846 (↓) .000 .000 

c_dbi_pre .053346 .078397 (↑) .000 .000 

Residual 6.6180 .2.624041 (↓) .000 .000 
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The output is given below. 

Model Dimension
a
 

 
Number 
of Levels 

Covariance 
Structure 

Number of 
Parameters 

Subject 
Variables 

Fixed Effects 

Intercept 1  1  

treat 1  1  

c_month 1  1  

c_dbi_pre 1  1  

Random Effects Intercept + c_month 2 Diagonal 2 subject 

Residual   1  

Total 6  7  

a. Dependent Variable: dbipost. 

 

Iteration History
b
 

Iteration Update Type Number of Step-halvings -2 Restricted Log Likelihood 

Covariance Parameters Fixed Effect Parameters 

Residual 
Intercept + c_month [subject = subject] 

Intercept treat c_month c_dbi_pre 
Var: Intercept Var: c_month 

 

0 Initial 0 2023.087 19.147824 19.147824 19.147824 21.946715 -5.270730 -1.190389 .512549 

1 Scoring 1 1948.508 21.934983 37.718631 9.333069 20.993159 -4.355164 -.993064 .559798 

2 Scoring 1 1913.158 23.120429 47.516973 4.469138 20.461626 -3.799806 -.855128 .586700 

3 Scoring 1 1892.109 23.613616 51.864573 2.193027 20.194034 -3.506821 -.777953 .601144 

4 Scoring 0 1875.121 24.017938 54.838743 .088014 19.920622 -3.209769 -.702219 .616790 

5 Scoring 0 1874.881 23.964492 52.850783 .207065 19.945593 -3.238100 -.708559 .615400 

6 Newton 0 1874.880 23.963927 53.026854 .201292 19.943969 -3.236185 -.708140 .615488 

7 Newton 0 1874.880 23.963919 53.027771 .201341 19.943971 -3.236187 -.708141 .615488 

8 Newton 0 1874.880
a
 23.963919 53.027771 .201341 19.943971 -3.236187 -.708141 .615488 

a. All convergence criteria are satisfied. 

b. Dependent Variable: dbipost. 

 

 

 

 

 

 

 

 

 

 

 

Looking at the fixed effects in the above we see that all of the parameter estimates 
other than treat are below the usual critical value of 0.05 

For the random effects while the intercept is statistically insignificant the c_month, 
that is the slope, is not however this may be because we have tried to fit an 
inappropriate covariance matrix structure.  

 

 

10. Correlated random effects  
You may have noticed that in the above model that the random effect covariance structure (G) has zeros on the cross 
diagonals, this is because we requested a diagonal covariance matrix, which assumes zero correlation between the 
random effects specified on a single random effect dialog box. An alternative strategy would be to re-run the analysis 
with a covariance matrix structure that allows the random effects to be correlated, such a one is the Autoregressive 
structure (AR(1) in SPSS). The results are shown on the following page.  

  

Random Effect Covariance Structure (G)
a
 

 Intercept | subject c_month | subject 

Intercept | subject 53.027771 0 

c_month | subject 0 .201341 

Diagonal 

a. Dependent Variable: dbipost. 

 

Estimates of Covariance Parameters
a
 

Parameter Estimate Std. Error 

Residual 23.963919 2.990523 

Intercept + c_month [subject = subject] 
Var: Intercept 53.027771 9.222513 

Var: c_month .201341 .297597 

a. Dependent Variable: dbipost. 

 

Information Criteria
a
 

-2 Restricted Log Likelihood 1874.880 

Akaike's Information Criterion (AIC) 1880.880 

Hurvich and Tsai's Criterion (AICC) 1880.969 

Bozdogan's Criterion (CAIC) 1894.742 

Schwarz's Bayesian Criterion (BIC) 1891.742 

The information criteria are displayed in smaller-is-better forms. 

a. Dependent Variable: dbipost. 

 

Estimates of Fixed Effects
a
 

Parameter Estimate Std. Error df t Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

 

Intercept 19.943971 2.628040 94.241 7.589 .000 14.726111 25.161832 

treat -3.236187 1.632043 95.062 -1.983 .050 -6.476175 .003801 

c_month -.708141 .154423 61.806 -4.586 .000 -1.016848 -.399434 

c_dbi_pre .615488 .076442 97.835 8.052 .000 .463789 .767187 

a. Dependent Variable: dbipost. 

 

Estimates of Covariance Parameters
a
 

Parameter Estimate Std. Error Wald Z Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

Residual 23.963919 2.990523 8.013 .000 18.764374 30.604240 

Intercept + c_month 
[subject = subject] 

Var: 
Intercept 

53.027771 9.222513 5.750 .000 37.710617 74.566388 

Var: c_month .201341 .297597 .677 .499 .011112 3.648140 

a. Dependent Variable: dbipost. 

 

Estimate two covariance 
parameters – same across 
subjects 

Final estimates 

Fit statistics - small better 
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Type III Tests of Fixed Effects
a
 

Source Numerator df Denominator df F Sig. 

Intercept 1 147.557 131.572 .000 

treat 1 145.827 19.148 .000 

c_month 1 63.925 6.917 .011 

c_dbi_pre 1 149.781 77.832 .000 

a. Dependent Variable: dbipost. 

 
 

Estimates of Fixed Effects
a
 

Parameter Estimate Std. Error df t Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

 

Intercept 21.848591 1.904768 147.557 11.470 .000 18.084444 25.612739 

treat -5.227411 1.194622 145.827 -4.376 .000 -7.588421 -2.866402 

c_month -1.189896 .452416 63.925 -2.630 .011 -2.093722 -.286070 

c_dbi_pre .515196 .058397 149.781 8.822 .000 .399807 .630585 

a. Dependent Variable: dbipost. 

 
 

Estimates of Covariance Parameters
a
 

Parameter Estimate Std. Error Wald Z Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

Residual 30.915517 5.255085 5.883 .000 22.155802 43.138550 

Intercept + c_month [subject = subject] 
AR1 diagonal 15.288853 3.338932 4.579 .000 9.965086 23.456800 

AR1 rho .058320 .132851 .439 .661 -.200147 .309198 

a. Dependent Variable: dbipost. 

 
 

Random Effect Covariance Structure (G)
a
 

 Intercept | subject c_month | subject 

Intercept | subject 15.288853 .891649 

c_month | subject .891649 15.288853 

First-Order Autoregressive 

a. Dependent Variable: dbipost. 

The above analysis shows that there is a statistically insignificant (p< .661) correlation between the random intercept 
and the slopes AR1 we can therefore drop this parameter estimate from the model. Also the model does not fit the data 
as well assessed by comparing the various information criteria values. 

11. Specifying the variance and correlations between the repeated 
measures 
Another aspect we have not considered in depth is the relationship between the four BDI scores, specifically from the 
preliminary analysis: 

the repeated BDI measures are highly correlated within the subjects and the correlation gets weaker as the time gets 
further apart. The variance at each time point seems to remain consistent (from the previous section). 

Possibly if we allowed this to be part of the model the fit might improve, to achieve this we need to specify the 
repeated 
measures as 
a factor in 
SPSS, the 
setup of the 
dialog boxes 
is shown 
opposite. 

 

    

 

  

Model Dimension
b
 

 
Number of 

Levels 
Covariance 
Structure 

Number of 
Parameters 

Subject 
Variables 

Fixed Effects 

Intercept 1  1  

treat 1  1  

c_month 1  1  

c_dbi_pre 1  1  

Random Effects Intercept + c_month
a
 2 

First-Order 
Autoregressive 

2 subject 

Residual   1  

Total 6  7  

a. As of version 11.5, the syntax rules for the RANDOM subcommand have changed. Your command syntax may yield results that 
differ from those produced by prior versions. If you are using version 11 syntax, please consult the current syntax reference guide 

for more information. 

b. Dependent Variable: dbipost. 

 

Information Criteria
a
 

-2 Restricted Log Likelihood 2012.078 

Akaike's Information Criterion (AIC) 2018.078 

Hurvich and Tsai's Criterion (AICC) 2018.166 

Bozdogan's Criterion (CAIC) 2031.939 

Schwarz's Bayesian Criterion (BIC) 2028.939 

The information criteria are displayed in smaller-is-
better forms. 

a. Dependent Variable: dbipost. 
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The toeplitz covariance matrix structure mimics our 
findings from the preliminary graphical analysis. Its 
structure is shown below, taken from the SPSS manuals. 

 

 

 

 

 

 

 

By specifying 
c_month as a factor 
we now have a 
overall fit which is 
still slightly poorer 

than the random intercept model. 

Interestingly all the correlation 
estimates in the covariance structure 
are statistically insignificant. 

 
 

 
 
 

 

 

 

 

 

Having considered most of the 
possible model options we are 
now in a situation to accept a 
final model. 

  

Information Criteria
a
 

-2 Restricted Log Likelihood 1894.600 

Akaike's Information Criterion (AIC) 1906.600 

Hurvich and Tsai's Criterion (AICC) 1906.911 

Bozdogan's Criterion (CAIC) 1934.344 

Schwarz's Bayesian Criterion (BIC) 1928.344 

The information criteria are displayed in smaller-is-better forms. 

a. Dependent Variable: dbipost. 

Type III Tests of Fixed Effects
a
 

Source Numerator df Denominator df F Sig. 

Intercept 1 90.996 56.397 .000 

treat 1 91.841 3.541 .063 

c_dbi_pre 1 93.687 61.427 .000 

a. Dependent Variable: dbipost. 

Estimates of Fixed Effects
a
 

Parameter Estimate Std. Error df t Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

 

Intercept 20.447702 2.722807 90.996 7.510 .000 15.039177 25.856228 

treat -3.185589 1.692849 91.841 -1.882 .063 -6.547811 .176633 

c_dbi_pre .621763 .079331 93.687 7.838 .000 .464242 .779284 

a. Dependent Variable: dbipost. 

Estimates of Covariance Parameters
b
 

Parameter Estimate Std. Error Wald Z Sig. 
95% Confidence Interval 

Lower Bound Upper Bound 

Residual 3.905328 13.993239 .279 .780 .003481 4381.374490 

Intercept + 
c_month 
[subject = 
subject] 

TP diagonal 31.686365 10.774933 2.941 .003 16.271281 61.705388 

TP rho 1 .301424 .222849 1.353 .176 -.167739 .659264 

TP rho 2 .242013 .197677 1.224 .221 -.163161 .577334 

TP rho 3 .181981 .191634 .950 .342 -.201629 .517188 

TP rho 4 .311183
a
 .000000 . . . . 

a. This covariance parameter is redundant. The test statistic and confidence interval cannot be computed. 

b. Dependent Variable: dbipost. 

Random Effect Covariance Structure (G)
a
 

 
Intercept | 

subject 
[c_month=-2.50] | 

subject 

[c_month=-
1.50] | 
subject 

[c_month=.50] 
| subject 

[c_month=3.50] 
| subject 

Intercept | subject 31.686365 9.551034 7.668509 5.766331 9.860251 

[c_month=-2.50] | subject 9.551034 31.686365 9.551034 7.668509 5.766331 

[c_month=-1.50] | subject 7.668509 9.551034 31.686365 9.551034 7.668509 

[c_month=.50] | subject 5.766331 7.668509 9.551034 31.686365 9.551034 

[c_month=3.50] | subject 9.860251 5.766331 7.668509 9.551034 31.686365 

Toeplitz 

a. Dependent Variable: dbipost. 

Model Dimension
a
 

 
Number 

of 
Levels 

Covariance 
Structure 

Number of 
Parameters 

Subject 
Variables 

Fixed 
Effects 

Intercept 1  1  

treat 1  1  

c_dbi_pre 1  1  

Random 
Effects 

Intercept + 
c_month 

5 Toeplitz 5 subject 

Residual   1  

Total 8  9  

a. Dependent Variable: dbipost. 
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The model with the best fit, with a Akiake Information criteria of 1876.390 was the simple random intercept model 
giving us: statistically significant ficed affects for c_month and c_dbi_pre and statistically insignificant estimates for both 
treat and length. Concerning the random effects that for the intercept was also found to be statistically significant. 

Possibly the most important finding to note is that whereas in the inappropriate niave analysis there was found to be a 
spurious statistically significant difference between the two treatments disappeared when an appropriate analysis was 
carried out. 

The following section attempts to explain how the random effects dialog box in SPSS relates to the underlying model. 

 

12. Spss and the subjects random effects options  
So far Landau & Everitt 2004 are the only authors I have come across that seem to make sense of the relationship 
between the various boxes in the random effects SPSS dialog box, they state that by setting up the random effect dialog 
box as shown in the first random slope + intercept model is equivalent to specifying a Subject X c_month interaction and 
also specifying that subject is a random main effect (as a factor). Such a dialog setup is equivalent to the following SPSS 
syntax: 

MIXED dbipost WITH treat c_month c_dbi_pre 
  /CRITERIA=CIN(95) MXITER(100) MXSTEP(5) SCORING(5) SINGULAR(0.000000000001) 
HCONVERGE(0, ABSOLUTE) LCONVERGE(0, ABSOLUTE) PCONVERGE(0.000001, ABSOLUTE) 
  /FIXED=treat c_month c_dbi_pre | SSTYPE(3) 
  /METHOD=REML 
  /PRINT=G  SOLUTION TESTCOV 
  /RANDOM=INTERCEPT c_month | SUBJECT(subject) COVTYPE(DIAG). 
 

Now the same results can also be obtained (the model 
dimension being slightly different given opposite) by not using 
the Subject box in the first dialog and instead following Landau 
& Everitt 2004 instructions resulting in the syntax below, the 
differences are highlighted. 

 

 

 
MIXED dbipost by subject WITH treat c_month c_dbi_pre 
  /CRITERIA=CIN(95) MXITER(100) MXSTEP(5) SCORING(5) SINGULAR(0.000000000001) 
HCONVERGE(0,  
    ABSOLUTE) LCONVERGE(0, ABSOLUTE) PCONVERGE(0.000001, ABSOLUTE) 
  /FIXED=  treat c_month c_dbi_pre | SSTYPE(3) 
  /METHOD=REML 
  /PRINT=SOLUTION TESTCOV 
  /RANDOM = subject | COVTYPE(ID) 
  /RANDOM=   subject*c_month  | COVTYPE(ID). 

 
How does the above relate to the Mixed Linear models dialog boxes? The first change is that we need to let SPSS know 
explicitly that subject is a factor (remember factors have no order they are in effect nominal data). 

 

 

  

 

 

 

 

 
  

Model Dimension
a
 

 
Number 

of 
Levels 

Covariance 
Structure 

Number of 
Parameters 

Fixed Effects 

Intercept 1  1 

treat 1  1 

c_month 1  1 

c_dbi_pre 1  1 

Random Effects 
subject 97 Identity 1 

subject * 
c_month 

97 Identity 1 

Residual   1 

Total 198  7 

a. Dependent Variable: dbipost. 
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The fixed effects dialog box stays the same as described earlier.   

However the random effects dialog box is setup differently as we want to estimate a random effect for both the subject 
variable (the intercept) and also the subject*c_month interaction (the slope). Specifically we want a single variance 
value for the subject variable (therefore a scaled identity covariance type) and also a single one for the interaction, 
hence another scaled identity covariance type.  Additionally in the above analysis we have assumed that the random 
effects between Subject and Subject*c_month are independent, notice the zeros in the 'Random Effect Covariance 
Structure (G)' in the above output. To indicate this now, not using the repeat box, we click on the next button in the 
Random effects dialog box (equivalent to adding another /RANDOM line as shown in the above SPSS syntax). 

So to specify the first random effect we move the subject variable into the model box, select scaled identity as the 
covariance type and then click the Next button. 
To select the second independent random effect in the second random effects dialog box  select the Interaction option 
then select both subject and c_month by holding down the CTRL key. Once again select Scaled identity as the covariance 
type.  Finally click continue. 
 

 
 
 
 
 

 
 
 
 
 
This short section has 
attempted to demonstrate the 
relationship between the 
random effects dialog box and 
the SPSS syntax. In a 
subsequent chapter we will 
see how this relates to the 
underlying mathematical 
model, the final step in the 
jigsaw puzzle. 
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13. Summary 
This chapter was concerned with analysing a typical repeated measures dataset, that is assessing the effectiveness of a 
treatment over time.  It is important to note that the analysis started by producing various plots of the dependent 
variable over time, what seems a relatively simple stage requires some rather nifty manipulation of various SPSS dialog 
boxes.  

The next stage was the assessment of the repeated measure variances and covariances in an informal graphical manner, 
again it required some data manipulation and SPSS dialog navigation. 

Having completed the informal investigatory stages we then developed a series of models involves two main aspects 
first by adding a number of random effects and then considering a number of different covariance matrixes.  Statistically 
insignificant parameter estimates were usually dropped along the way and models were compared using either/and the 
-2LL or the Akaike Information Criterion. 

 

Exercise 

Please read the chapter concerning mixed models in Campbell 2006 
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