Tutorial #7A: Latent Class Growth Model (# seizures
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Figure 1. A reanalysis of a longitudinal data setm counts of epileptic seizures using latent class
growth models. (Data source: Thall and Vail, 1990)

What you will learn:

To use Latent GOLD to identify distinct latent dagowth trajectories in the data.

To name the identified latent class subgroups basdtieir growth patterns
o classify 36 cases as unchanged (Class 1 above)
o classify 17 cases as improved (Class 2 above)

Cluster modal
—1
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o classify the remaining 6 cases as Unstable (Clatmoge)

How to estimate a latent class growth model (Poissixture model) to these data that shows
those receiving the drug treatment were signifigamiore likely than the placebo group to
improve and significantly less likely to show ncaadige over their baseline seizure rate (p =

02).

)



The Data

In this study, 59 epileptics were randomly assigtoeeither an anti-seizure medication Progabidel(ER
1; n=31) or a placebo (TRT = 0; n=28) as an adjtmcther chemotherapy. For each, a base number of
seizures was recorded for 8 weeks before the dvegs administered (BASE) and then for four
consecutive 2 week periods (TIME) each precedinigitito the clinic. We also know the age (AGE) of
each participant.

Data for the first 3 cases are shown below:
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Figure 2. Data for the first 3 cases

The Poisson Mixture Model

Let Y,

¢ denote the number of epileptic fits during theeeks prior to visit T=t for case i. Case i is

assumed to belong to one of K unobservable latasses x=1,2,...,K. We assume thg} follows the
Poisson mixture model given below:

In(Yixt) = bo In(YO|) +ax +thx +eixt t= 1'2'3'4

whereY,, = base rate of seizures for case i per 2-weeKibagegeriod
= BASE /4 (labeled AVGBASE in the .sav fileosin above)

a, is the random intercept measuring the overall ghdrom the baseline



and thX is the random effect associated with th@4week treatment period

Hence, each latent class x identifies a distinttepa of change in the seizure rate from the basdb the
treatment period.

For identification of thed,"

. «» We use effect coding:

4
b =
t=1
In our final model, b, will be modeled as a class independent offset.-fi,g=1, which implies that the
expected % change in the seizure rate from thdibage period t is:

E(Yixt / %|) = exp@.x +bt-|.—x )
Thus, the growth trajectory associated with latdags x is given by:
exp@, +b,,) t=1,2,3,4

Tutorials #7A, #7B and #7C illustrate somewhatetight approaches for using Latent GOLD to estimate
1) the trajectories and 2) the treatment effedtiesk different approaches agree on the followinglts

Latent class #1 contains approximately 57% of #iges who show basically no change from the
baseline rate.

Class #2 (31%-32% of the cases) show a signifiehiction in seizure rate.

The remaining class(es) consist of 6 unstable cabesshow a substantial increase in at least one
of the treatment periods. These 6 cases werdadltified as outliers in an earlier analysis ofthe
data by Rabe-Hesketh and Skrondal (2004).

Those treated with Progabide were significantlys lékely to be in class 1 (‘no change’) and
significantly more likely to be in class 2 (‘impred’) than the Placebo group.

In tutorial #7A, our analysis consists of two stefsrst, we estimate jpure (unsupervised) growth model
to identify the K different growth patterns oveetfour post time periods. This growth mogerein the
sense that covariate information (AGE and TREATMES$tatus of the cases) is not taken into account.
During step 2 we assess the relationship betwessetbovariates and the different classes.

In tutorial #7B, we estimate the treatment effentl @ll the model parameters simultaneously (irea i
single step) by specifying TREATMENT as activeas opposed tmactivecovariate.

In tutorial #7C, we use the SI-CHAID program in porction with the above model to evaluate the
treatment effect and other covariates using aliessed approach.

The models and methods illustrated here are siniplapply than approaches based on Generalized
Estimating Equations that have used in conjunatith these data by others (Diggle, et. al, 1994,Le
2004). All estimates are maximum likelihood.



Setting up the Model

To retrieve the setups for these models:

FILE OPEN epil.Igf
Double click on ‘Modell’

The Variables tab appears as follows:
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Figure 3. Variables Tab for epil.lgf

The scale type for the dependent variable Y iscs&ount’ which means that a Poisson regressiodeho
will be estimated for each latent class.

ID2 is used in the case ID box, indicating that¢h@re multiple records for each case.
The predictors TIME and LBASE are included in thredictors box:

TIME is specified as a nominal predictor which altothe estimated time trend to take on any
pattern (such as a reduction during period 1 fofldwy an increase during period 2).
Separate distinct time trends are identified faheeass (i.e., random effects are estimated
for TIME).



The predictor LBASE is treated as class independéith means that this estimate is
restricted to be equal in each class. This is atéit by the symbol ‘=" which appears next to
the variable LBASE in the Predictors box. Thusingle fixed effecwill be estimated for this.
Later, we will restrict this parameter estimaté to

Four additional variables (TRT, BASE, AGE and AVGSBB) are included in the Covariate
box and treated asactiveas indicated by the symbol ‘< | >’. Thus, thesedalales will not

affect the estimation of the parameters, but thves@bles will be cross-tabulated by class in
the output.

Notice in the Classes box that the symbol ‘1-4’egp. This indicates that we will estimate a 1s;las
class, 3-class and a 4-class model.

Click ‘Estimate’ to estimate these 4 models

After the estimation has completed:

Click the data file name ‘growthl.sav’ to displéetmodel summary table
Right click in the model summary output table tsieve the Model Summary Display
Click to remove the checkmarks for L-square, df padilue in the Model Summary Display
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Figure 4. Model Summary Output and Model Summary Dgplay

Notice that the BIC statistic is lowest for theldss model. We will examine the output for both 8 and
4-class models here. Thé Ratistic is .84 for the 3-class and .92 for thedass model, and the
misclassification error is approximately 6% for leat these models.

Click ‘Parameters’ associated with the 4-class rhode
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Figure 5. Parameters Output for 4-class Model

Note the following:

the coefficient for LBASE is almost 1.

the TIME estimates for class 1 are very close to,z&uggesting that this class shows no
change from the baseline seizure rate. We widlrred the growth pattern for class 1 as ‘no
change’.

The estimate for the Intercept (alpha) for clags 2large negative value suggesting an
overall reduction in the seizure rate for this sld3espite the small setback between periods 1
and 2 (indicated by the beta increasing from .0®7.2976) we will refer to this as the
‘improved’ class.

Classes 3 and 4 show a large positive alpha, stigges overall increase (worsening) in the
seizure rate.

The betas for these classes show an abrupt incre#tse number of seizures at some point
during the follow-up period (time 1 for class 3 sisoa beta of .3740; time 3 for class 4 shows
a beta of .8410).

We will see later that the cases classified inte ofithese ‘unstable’ classes are the same
ones that were identified as ‘outliers’ in previaigdies. We will refer to these classes as
‘unstable’.

To display standard errors for these estimatebt diick in the output table and select ‘Standard
Errors’ from the popup menu.
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Figure 6. Parameters Output for 4-class model wittstandard Errors

For class 1, the estimates for the alpha and ketngeters are all less than 1 standard deviatiater| we
will further refine class 1 by setting the TIME iesates (betas) to zero. The estimates for alphthéo
other classes are well above 2 standard errors.

Note that the two right-most columns provide @erall mean and standard deviation for the alpha and

beta parameters. For LBASE the standard errathfo@verall effect is 0 because this is a fixed effect (i.e.,

it is class independent). The other estimates hawezero standard errors because they differ dkpgn
upon the class (i.e., they are treatedlass dependermr random effecis

Click on ‘Profile’ to display the Profile outputiféhe 4-class model.
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Figure 7. Profile Output for 4-class Model




The row labeled ‘Class Size’ indicates that Clagthé ‘no change’ class) represents 57% of thescase
Class 2 (those who improved) contains about 31%@tases. The remaining 12% of the cases (cl8sses
and 4) are the unstable ones.

Click on the icon to the left of Model 3 to expahd
Click on Profile to open the Profile output for tBeclass model

Figure 8. Profile Output for 3-class Model.

Notice that the class sizes for classes 1 and alaet the same as the corresponding classesefdrth
class model.

Click Parameters to display the Parameters outpuhg 3-class model

Figure 9. Parameters Output for 3-class Model



Notice that the alpha and beta estimates for cdabsad 2 are also similar to those for the 4-cdagistion.
Thus, we see that the classes 1 and 2 are badiafiical in the 3- and 4-class solutions.

To see that Class 3 contains both unstable cléssaghe 4-class solution:

Click on Standard Classification Output for thel&ss model.
Scroll down to identify the cases for which Modad =

These cases are #112, #126, #135, #207, #225227d {he posterior membership probabilities fue fi
of these cases are shown below):

Figure 10. Standard Classification Output for the 3class Model
Compare this with the Standard Classification Oufputhe 4-class model
Notice that the 6 cases assigned to class 3 iB-tiass solution have posterior membership probisilof

1.000 of being in class 3. These cases are the aarthose assigned to classes 3 or class 4 ihdlass
solution, again with posterior probabilities eqteall.000.



These 6 cases are the same as those identifiadl@sin an the analyses of these data by Raltsiétle
and Skrondal (selettp://fmwww.bc.edu/repec/usug2003/diagoaifid excluded from their study.

While strict adherence to the BIC criteria wouldisa us to conclude that there are more than Adisti
time trends for these data, for our purposes mtttorial, we will focus here on the 3 class solutvhich
identifies 3 classes that are of substantive ister€lass 1 shows no change, class 2 shows stibbktan
improvement and class 3 contains a small numbanstable outliers who show a substantial increase a
some follow-up time period. From a substantivespective, we will be interested in determining toatv
extent treatment with the drug Progabide vs. tlaedtio can explain the growth pattern exhibitedlagsc

2 as opposed to that exhibited by class 1.

We will now refine the 3-class solution by applyitiig following restrictions:
Restrict the beta for LBASE to 1
Restrict the betas for TIME to 0 for class 1 (nibtzt we might also choose to set alphato 0

for this class)

Double-click on Model 3
Click on Model Tab

From the Model Tab,
Select the row of 1s associated with LBASE

Right-click to retrieve the restrictions popup menu
Select ‘Offset’

Figure 11. Model Tab for 3-class Model

The ‘1's change to ‘*'s.
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To implement the zero restriction:
Select the ‘1" associated with the Class 1 TIMEeff
Right-click to retrieve the restrictions popup menu
Select ‘No Effect’

The one changes to the symbol *-* to indicate thi effect is restricted to 0.

Figure 12. Implementing the zero restriction

Click Estimate
Click Parameters to display the parameters output
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Figure 13. Parameters Output for new 3-class Model

The estimates are similar to Model 3 except thatréistrictions have been incorporated into the ode

To examine the treatment effect:
Click Profile

Figure 14. Profile Output
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These column proportions show that most of thogheriNo Change’ class received the placebo while
most of those in the ‘Improved’ class receiveddhay treatment. From the means associated with
AVGBASE we also see that the ‘Unstable’ group hadlastantially larger base rate (12.4825) than the
other classes.

To display the corresponding row proportions:

Click ProbMeans

Figure 15. ProbMeans Output

We see that of those who received the drug, 47.8®4n the ‘Improved’ class compared to only 14.32%
of those who received the placebo. Similarly, ofy28% showed ‘No change’ compared to 73.09% of
the placebo group. These numbers are in the @ireekpected if the drug reduced the seizure rate.

To test the significance of this effect using tlkteaded CHAID technique, see Tutorial #7C. To &est
slightly different treatment effect by using Lat&®LD with an active covariate, see Tutorial #7B.

To rename this model for future use:
Click ‘Model 5’ to select it
Model 5 is now highlighted. To enter the Edit Model

Click the highlighted ‘Model 5’
Replace ‘Model 5’ by typing “Final 3-class model”
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Figure 16. Renaming Model 5
To save this model for future use:
Click ‘Final 3-class model’ to select it
From the File Menu

Select ‘Save Definition’
Click Save

The model definition is saved as the file ‘Finatlass model.lgf’
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