Step-3 Tutorial #1: Step-3 models with covariates,
distal outcomes, and multiple latent variables

ZSUZSA BAKK & JEROEN K. VERMUNT

In many latent class analysis applications the interest lies not only in identifying the latent classes, but also in
relating the class membership to external variables of interest. This can be done using a one-step or a three-
step approach. In many instances researchers prefer the three-step approach, because it is more intuitive to
first build a latent class model, and then relate it to covariates or distal outcomes. Until recently the problem
with the three- step approach was that the parameter estimates of the third step model were underestimated.
Based on the work of Bolck, Croon and Hagenaars (2004), Vermunt (2010) developed two methods for
correcting for the bias in the third step. The methods were further extended by Bakk, Tekle and Vermunt
(2013). The new Step3 submodule in Latent GOLD implements these bias-adjusted three-step methods. Also
the Latent GOLD Syntax has options for step-three modeling.

Three-step latent class analysis means that the analysis of interest is performed using the following steps:

1. First a latent class model is built for a set of indicator variables. This step involves selecting the right
indicators, deciding about the number of classes, etc.

2. Then cases are assigned to latent classes, and this classification information is saved to a file.

3. Inthe third step the latent classification scores saved in step 2 are related to external variables of
interest, correcting for the classification error to prevent bias.

This tutorial illustrates how to use the new step-three modeling options for:

l. Models with covariates (Step3-Covariate)
Il Models with distal outcomes (Step3-Dependent)
Il Models with multiple latent variables (step3 option in Syntax)

The datasets we will use in this tutorial are ‘uscid_3step.sav’, ‘psychcontract.sav’, and “evs_3step.sav”’. These
were also used by Vermunt (2010) and Bakk, Tekle and Vermunt (2013) for their illustrative applications.



EXAMPLE I: A STEP-3 MODEL WITH COVARIATES

The demo data set ‘uscid.saV’ is used. This data set comes from the 2005 CID questionnaire, which has 1001
respondents. The selected dataset contains 9 items measuring citizenship norms. The questions are worded as
follows: “To be a good citizen, how important is it for a person to be...[list items]”. Original answer categories
go from 0 to 10, for the current analysis responses were dichotomized scores form 0-6=0, and 7-10=1). The 9
items describe the importance of reporting a crime, being lawful, serving on military and in jury, voting in
elections, forming an own opinion, supporting the poor and being active in political and in voluntary
organizations. Based on the indicators a 4 class solution was chosen.

The obtained LC memberships are predicted using tree covariates: a person’s party preference (Republican=1,
Democrat=2, Others=3), age (younger than 50=0, older than 50=1), and ethnicity (nonwhite=0, white=1).

» Step 1 Analysis: Estimate a LC model on a set of observed indicator variables. In order to find the model
with the best nr of classes, models with different class numbers can be run, and the information criteria’s
(AIC, BIC) compared to select the best fitting model. Tutorial 1 shows you how to estimate LC cluster
models. In Figure 1 the model for indicators is shown, with a 4 class solution.

Figure 1 Step1 model for the nine indicators
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> Step 2: Re-estimate the model with the final number of classes saving the classification information
needed for the third step. This is be done as follows:
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Figure 2: Step 2: Estimate the final model saving the classification information to a file

Go to the ClassPred Tab. You will see the dialog box as on Figure 2

Select ‘Classification-Posterior’, and type in the name of the new file

Keep the variables needed for the step 3 analysis by moving them to the pane next to the tab ‘Keep
Go to the Technical Tab.
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Click on the Estimate Tab

’

Adding the variables for step 3
analysis to the new file

SAMPID | Known Class—> | |
D
[ Lexical Order <—kKeep | party_preference .
Classification - Posterior age .
[[] dlassification - Model _‘/
Name of new file s
\AI uscid_dassification.sav I Browse...
[[JcHaD
Browse...
| Sen |
Cose || Cancel || estmate || nep




» Starting a Step 3 session:

» Openin Latent GOLD the file ‘uscid_classification.sav’ which was created in Step 2.
»  Click on Step3 under the Model Tab as shown on Figure 3

Figure 3 Starting a Step3 session
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Once the datafile ‘uscid_classification.saVv’ is opened, you can see the variables list contains the indicator

variables and the variables saved with the keep option, as well as the posterior classification probabilities with
the names clu#1, clu#2, clu#3, and clu#4.

» Running a Step3 analysis (see Figure 4):

>
>

Drag the posterior classifications to the Posteriors pane,

Select the type of analysis in the dialog box Analysis. Using the GUI you can either add all external
variables as covariates or dependent variables. If you wish to estimate a model with both covariates
and dependent variables, you need to use the syntax option (see example C). For this data example
select ‘Covariates’.

Drag the external covariates of interest to the Covariates pane. Set their scale types by right clicking
on the variable and selecting the corresponding scale type from the pop up list.

Select the classification type. By default proportional ML is selected, which is the best option for
covariates.

Select the adjustment type (choice of parameter bias correction). Default is ML, which is
recommended for covariates.

Next click on the ‘Model’ Tab. The screen depicted in Figure 5 will appear. Here you can choose to
include quadratic and/or interaction effects by checking the item.

Next click on the ‘Output’ Tab. As shown in Figure 6, here you can set the coding (we choose ‘dummy
first’ for this application, meaning that the 1% class and the first category on the covariates are used
as reference categories), the type of standard errors, and the output to be reported.

Next click on the ‘Output’ Tab. Select ‘Include All’ for Missing Values.

Click on ‘Estimate’.



Figure 4: Step 3 Variables Tab: Selecting the variables and the analysis type
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Figure 5: Step3 Model Tab
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Figure 6 Step3 Output Tab
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» Once the model is estimated select ‘Parameters’ to view the parameter output in the Contents pane.

» Right click for the popup menu and select ‘Standard errors’ to display these statistics as shown on
Figure 7.



Figure 7: Step 3 Parameter output
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» Once the standard errors are selected they can also be viewed next to the parameter in the Content
Pane as shown in Figure 8.

Figure 8: Step3. Parameters detailed output

File Edit View Model Window Help

EE 2R &% e K

(= uscid_classification.sav Model for Classes
: B Modell - L® = 42.8572 Intercept Clustert s.e. ;. Cluster2 s.e. ;. Clusterd z.e.: Clusterd .8 Wald : p-value
__ e —— -0.0000 . -0.3188 | 02238 -1.6618 | 0.6040 -1.2852 ; 0.4050: 18.9295: 0.00028
" Profile Covariates Cluster1 5.2, Cluster2 .2, . Clusterd s.e. . Clusterd 5.8, Wald | p-value
E - ProbMeans party, preference
- uscid.sav republican 0.0000 T 0 0000 U0 0000 U0 0000 w182 018
democrat -0.0000 . 01378 0.1531 0.8770 ;| 0.4852 -0.1932 ; 0.4463
other -0.0000 . 0.2512 ; 0.2060 0.7455 ;: 0.4958 0.5631 : 0.3632
age
-0.0000 . -0.2036 : 01724 -0.5233 : 0.3116 -0.9655 : 0.3204 5.6469 013
ethnicity
-0.0000 . 0.2612 ¢ 0.1954 -0.1358 | 0.3780 -0.7154 ; 0.3455 75444 0.054

Based on the ‘Parameters’ output we see that compared to republicans democrats are more likely to be in
class 3 than 1, while others are more likely to be in class 4 than 1. As compared to young, old are less likely to
be in class 3 and 4, and as compared to nonwhite, white are less likely to be in class 4 than 1.



» Select ‘Profile’ to see on the Content Pane the class sizes and the class specific probabilities (means)
of the covariates., as shown on Figure 9. For example we see that the proportion of democrats in
class 3 is .50, which Is higher than in the other classes.

Figure 9. Step 3 profile output
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» Select ProbMeans (see Figure 10). This shows the latent class distribution for the different covariate
levels.



Figure 10. Step3. ProbMeans output
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EXAMPLE IlI: A MODEL WITH A DISTAL OUTCOME

For this example, the demo data set ‘psychcontract.sav’ is used. The data comes from the Belgian and Dutch
sample of the Psycones questionnaire, and has 1365 respondents. The 8 indicators measure the content of the
psychological contract (De Cuyper, Rigotti, De Witte and Mohr, 2008). Out of the 8 dichotomous indicators, 4
refer to employees obligations (whether a promise was made or not) and 4 to employers obligations.
Examples of the wording of items are: ‘This organization promised me a reasonably secure job’ and ‘This
organization promised me a good pay for the work | do’. The 4 class solution has a class with mutually low
(class 4, 9%) and respectively high (class 1, 52%) obligations, and an employee (class 3, 10%) and employer
(class 2, 29%) over-obligation class.

In the step-3 analysis, perceived job insecurity is regressed on the latent class membership. So, job insecurity is
a dependent variable or distal outcome.

» Step 1 and Step 2 analysis: The first two steps are the same as for example | with covariates. The LC
model should be build (a model with 4 for classes for this dataset) and the posterior classification
probabilities should be saved to an output file. This is illustrated in Figure 11 and 12.



Figure 11: Step1l model. Selecting indicators and number of classes
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> Step 3: To run the step 3 analyses follow the instructions, and see Figure 13.
> Drag the posterior classification probabilities to the Posteriors pane,
Select the type of analysis in the dialog box Analysis. For this data example select ‘Dependent’
Select the dependent variable(s)
Set classification and adjustment type. Default is proportional ML, which is the preferred option in

vV V V

most situations, but not for continuous dependent variables. Therefore we select the BCH method
which is less sensitive to violations of distributional assumptions (Bakk and Vermunt, 2013).

> Optionally, on the ‘Model’ Tab, one may change specific model settings. A relevant setting for
continuous dependent variables is the one on the error variances. By default, these are class
independent error. Unselect ‘Class Independent Error Variances’

> Also output options may be changed, such as using dummy first coding (as we did).

» Click on ‘Estimate’.

Figure 13: Step3 model set up
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» Once the model is estimated the selected output can be viewed. After clicking on ‘Parameters’ in the
left pane, and right clicking on the content pane to select ‘Standard errors’ the content shown in
Figure 15 appears. The Wald statistic indicates that classes differ significantly in term of perceived job
insecurity. Classes 2 and 4 (the classes where the perceived employer obligations are lower) score
higher than class 1 and class 3 slightly lower.
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Figure 15. Step 3 Parameters output
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» Next the ‘Profile’ can also be consulted, where the class specific mean of the distal outcome is displayed,

as shown on Figure 16. As parameters output, this show shows that the mean job insecurity is higher in
classes 2 and 4 than in classes 1 and 3.

Figure 16. Step 3 Profile output
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EXAMPLE Ill: A MODEL WITH MULTIPLE LATENT VARIABLES

The demo data set “evs_3step.sav” is used, which comes from the Dutch sample of the 1981 European Value
Survey (GESIS-Variable Reports No. 2011/06). Using this data we investigate how religiosity affects political
ideology while controlling for social status. Social status is an observed variable with four ordinal categories:
professional/managerial, semi-skilled, unskilled or unemployed or pensioner (1); skilled manual workers (2);
sales, clerical and other non-manual (3); above average life style (4). Religiosity was measured with six
dichotomous indicators, among which praying, belonging to a church, and belonging to a denomination. The
LC solution we chose is a three class model (class one scoring high on all items can be labeled as ‘religious’
(33%)). Political ideology was also measured with six dichotomous indicators, among which party closeness
and left-right orientation. Also a 3 class solution was chosen, where class one can be characterized as ‘left
wing’ (27%), class two as ‘middle/indifferent’ (37%), and the last class as ‘right wing’ (35%).

Below we show all steps of our analysis. The complicating factor is that the classification information from two
separate (step 1) latent class analyses should be combined. We show one possible way to achieve this.
Moreover, a step-3 analysis with 2 latent variables requires using Syntax.

» Stepl and Step 2 with for Political Ideology:
» Set up the LC model for the Political Ideology latent variable (Figure 17)
» Goto ‘Classpred Tab’, and save to an output file all variables of interest as shown on Figure 18.

Figure 17 Step1: Latent class model for Political Ideology
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Figure 18: Step2. Saving the posterior classifications of the Political Ideology variable while keeping the
other variables of interest
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» Open the data saved file from the previous step in SPSS (or another editor, depending on the data file
type you used). In the dataset you will see the variables ‘clu#tnr’ added. Rename these variables into
‘Clusterl#nr’.

» Open the data set with the renamed classification variables in LG and set up step analysis for the
Religiosity latent variable (Figure 19).
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Figure 19: Step 1 analysis for Religiosity latent variable
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> Select the ‘ClassPred’ tab. To create the dataset for step3 analyses using the keep option add the
posterior classifications for the Political Ideology latent variable and the other external variables of
interest, as shown on Figure 20.
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Figure 20: Step 2 preparing the data for step 3 analysis
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» Running the Step 3 analysis with the Latent GOLD Syntax module
» Open the dataset of interest in Latent GOLD
» Generate syntax by selecting the ‘Model’ tab, and clicking on ‘Generate Syntax’ as shown on Figure
21. Often this is done after setting up a GUI model which is similar to the Syntax model of interest.

Figure 21: Generating LG syntax
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» Once the syntax file is generated you can fill in the relevant syntax parts as shown in Figure 22
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Figure 22: Syntax step 3 analysis multiple latent variables
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algorithm nr
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Set the step3 options I ——

seed=0 sets=16 tolerance=le-005 iterations=50;

categorical=1 variances=1 latent=1 poisson=1;
montecarlo

seed=0 sets=0 replicates=500 tolerance=1le-008;
quadrature nodes=10;

coding

Define external
bayes variables, including their

missing excludeall;

Deﬁne Iatent va riabIes parameters=effect standarderrors probmeans=posteri

utput

estimatedvalues;
step3 ml modal;

variables

// caseid id;

\ independent socialclass nominal coding=last;

latent
I Clusterl nominal posterior=(Clusterl#l Clusterl#2 Clusterl#3),

Define equations Cluster2 nominal posterior=(Cluster2#l Cluster2#2 Cluster2#3);

equations
5 Cluster2 <- 1 + socialclass;
¥ Clusterl <- 1 + Cluster2 + socialclass;

at line: 0

The main differences compared to a standard Syntax model are:

- The use of the step3 options. Here we use modal classification and the ML adjustment method
- The posteriors from step 2 are linked to the latent variables.
- The model does not need to contain dependent variables.

The model we specify assumes that social class has both a direct effect on Political Ideology (Cluster1) and an
indirect effect via Religiosity (Cluster2).

The estimated multinomial logit coefficients indicate that, controlling for social class, the more religious a
person, the more likely that (s)he is in class 2 or 3 on political orientation (middle or right). Moreover, the
higher the social class the more likely to be rightwing rather than leftwing, while there is no significant effect
of social class on the middle-left contrast.

MORE STEP-THREE TUTORIALS

To develop algorithms (equations) and related SPSS syntax for scoring new cases using the Step3 module see:
Step3 Tutorial #2 click here
Step3 Tutorial#3 click here

For other Latent GOLD Tutorials click here
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http://www.statisticalinnovations.com/wp-content/uploads/LGtutorial.Step3_.2.pdf
http://www.statisticalinnovations.com/wp-content/uploads/LGtutorial.Step3_.3.pdf
http://www.statisticalinnovations.com/tutorials2/
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