Tutorial 8C: Using Latent GOLD Choice to Estimate Discrete Choice Models Using Latent Class
Trees
In this tutorial, we re-examine the MaxDiff data (same data used in Tutorial 8A) to introduce
latent class tree models (LCT) models and interpret the resulting output. For a general
introduction to LCT modeling see van den Bergh, van Kollenberg, and Vermunt (PDF).
In this tutorial, you will use a special experimental version of Latent GOLD to:
•
•
•
•

Re-estimate the standard latent class “best-worst” choice model from Tutorial 8A
Generate a latent class tree (LCT) model for these data
Compare the resulting classes obtained from both approaches
Explore the new graphical and tabular output generated for latent class choice tree
models

The Goal
Our goal is to illustrate the LCT alternative to the standard LC discrete choice modeling
approach by comparing both approaches in this application.

Introduction to Latent Class Choice Tree Modeling
The first step in latent class tree modeling is to explore the results obtained from a standard
latent class approach (see Choice Tutorial 8A). In Choice Tutorial 8A, it was determined that the
best solution was an 8-class model. The results for various standard latent class models are
summarized in Figure 1.1
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Note: in Choice Tutorial 8A, the best solution was determined to be the eight-class solution with two scale
factors. For simplicity, the scale factors are not included in the example used in this tutorial. The latent class
models with and without scale factors indicate that the eight-class model. For an example that includes both
latent class trees and scale factors, see Exercise E1.2 at the end of this tutorial.
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Figure 1. Fit statistics for standard latent class models (1-, 2-, 3-, 4-, 5-, 6-, 7-, 8-, and 9-class).

The results suggest that an 8-class model provides the best fit. The substantive interpretation of
eight classes, however, can present a challenge because of the large number of classes. One
solution to this challenge is to estimate a relatively small number of “theme classes” to be used
as a starting point to define the “root” of the LC tree. These theme classes are then viewed as
parent classes and each may be split into additional “child classes” as a more complete LC tree
is grown.

Identification and Enumeration of Substantively Meaningful “Parent Level” Classes
Traditional exploratory LC relies on information criteria such as BIC (Bayesian Information
Criteria) to determine the number of latent classes (Schwarz, 1978). In confirmatory
applications where the number of classes is determined by theory2, it is common to find that
the number of classes recommended by BIC exceeds the number dictated by the original
theory.
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While this is a confirmatory example, both the traditional LC and LCT approaches are also appropriate in
exploratory applications, where statistics may be utilized instead of theory to determine the number of classes to
use in the initial split (see e.g., van den Bergh et. al., 2017).
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Figure 2. The relative log-likelihood results for the class extractions.

Formula for calculating change in the loglikelihood3:
𝑅𝐿𝐿 =

(𝐿𝐿(𝐽) − 𝐿𝐿(𝐽 − 1))
(𝐿𝐿(2) − 𝐿𝐿(1))

Based on the results above, it can be concluded that a 3-class solution provides the most basic
set of classes upon which the relationship of classes can be determined. The three-parent level
class can be described as (1) more off-peak trains, (2) integrated fares/integrated ticketing, and
(3) trains use green power. The next step is to specify a model with three parent level classes
and use that core set of classes and test whether additional pairs of classes can be extracted to
further refine the model (see van den Bergh et al., in press and Magidson & Madura, 2018, slide
25, for more detailed explanations).

Step 1: Perform a latent class tree analysis
The first is to add tree commands to the LC choice model syntax. The current implementation
of LCT in Latent GOLD utilizes the new keyword “tree” in the Syntax module to initiate the tree
analysis process. The most straightforward approach to estimate a LCT model is to start by
using the menu-driven graphical user interface (GUI), as we did above, to generate an initial set
of syntax commands. This can be done as follows:
➢ Right click on “3 class model” (which you renamed earlier in this tutorial).
➢ Select Generate Syntax (to obtain the syntax for this 3-class model – see Figure 3).
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A more detailed explanation on using the change in loglikelihood for determining the appropriate number of
theme classes can be found in van den Bergh, Schmittmann, and Vermunt (2017). For a more detailed explanation
on using the change in loglikelihood for the Sydney Transport Inquiry study can be found in Magidson and Madura
(Sawtooth, 2018).
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Figure 3. Latent class choice tree model syntax.

Output keyword
(“tree maxlevels=2”)
for tree model

Model keyword
(“3” for # of theme classes)

Users have the option to let the iterative class splitting process continue until the termination
criteria is met.4 In this example, the syntax “maxlevels = 2” is used. This command restricts the
class extraction process to three levels (or two split levels beneath the ‘root level’).
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The approach described above is the simplest way to estimate a latent class tree model. In approach described
above, a LC Tree is developed that attempts to perform binary splits of each class using the BIC criteria to
determine whether the log-likelihood difference (dLL) for the 2-class model represents a significant improvement
over the 1-class model. The splitting process proceeds until this criterion is no longer met.
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Figure 4. Latent class tree model results with a three-class parent level.

Since the goal of the tree analysis is identify a “manageable” set of terminal classes, this
restriction makes some substantive sense. By selecting “maxlevels = 2” with three theme (or
basic level classes) the splitting is restricted to a total of six terminal classes (see Figure 4). In
contrast, if “maxlevels = 3” was selected, then twelve classes would result (each of the 6
terminal classes shown in Fig. 4 would split into 2 subclasses)– far exceeding the eight classes
that emerged from the “best” standard latent class solution.
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Figure 5. Parameters for the parent- (or theme-) level classes.

Choices that differentiate
theme classes from each other

In this model specification, the three parent classes are split. In addition to meeting statistical
criteria for splits, the split should also meet substantive criteria in order to justify the split. The
parameter output in Figure 5 and Figure 6 illustrates two key concepts that are central to
evaluating tree models. The first concept, illustrated by Figure 5, is that theme classes (and
subordinate classes that split further down the model) if they are defined by value differences
on choice options. In this example:
•
•
•

Theme class #1 values having “more frequent off-peak trains between major routes;”
Theme class #2 values “trains using green power;” and
Theme class #3 values “integrated fares and ticketing

The differences on these choices in the experiment provide substantive evidence as to why a
split occurred. The second concept, illustrated by Figure 6, is that subordinate classes (classes
further “down the tree”) are invariant on the values that define the theme class they are
connected to/belong to. In Figure 2, it is clear that respondents in the child or subordinate
classes of theme class #3 (identified by the node identifiers “31” and “32”) agree on the value
“integrated fares and ticketing,” (highlighted in black in Figure 6; values are 1.35 and 1.65 for
class 31; and 1.71 and 2.17 for class 32). However, they differ on the value of “extensions of
light rail services.” More specifically, class 32 values “extensions of light rail services” (value is
0.99) but class 32 does not (values is -1.84).
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Figure 6. Parameters for the split of parent class #3 (integrated fares/integrated).

Light rail

Again, observing consistency (symmetry or invariance) on the theme classes through splits and
differences on choices where classes split provides key information to inform users about the
quality (or substantive sense) of the model.5

Step 2: Examine the LCT output
After the model is estimated, tabular and graphical output is available to view. For example,
➢ Click on Iteration Detail
In addition to the usual Iteration Detail documenting the iterations performed during
estimation of the 3-class model, this output also contains summary results for the LCT analysis,
indicating the results of tests for splitting these classes (see Figure 7).
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To examine a case where symmetry is not preserved and the classes are “pruned” appears in the Sawtooth 2018
Presentation, slide 36 through 41.
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Figure 7. Iteration Detail output from the depression data latent class tree model.

The first line of the LC Tree section of this output begins by documenting the split criteria.
Based on the BIC, the critical value for the LL difference is computed by Latent GOLD to be
23.84.
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