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Statistical Innovations Online course: 

Latent Class Discrete Choice Modeling with Scale Factors 
 

 

 

Session 1:  Introduction to Choice Modeling with Scale Factors 

 

 

Outline: 

A.  Choice Modeling Basics: Modeling First-Choice-Only Data 

B.  Introduction to Scale Factors 

C.  The General Log-Scale Model 

 

 

A. Choice Modeling Basics: Modeling First-Choice-Only Data 
 

The discrete choice models discussed in this course are based primarily on random utility models 

(RUM). The general assumption underlying this theory is that consumers make choices in a 

‘rational’ manner, rational being defined as maximizing their expected ‘utility’ (V). In a discrete 

choice model, the utility (U) associated with a particular choice is modeled as an unobservable 

random variable, the expected value of which (V) is expressed as a linear function of choice 

attributes. The regression parameters associated with a given attribute is referred to as a part-

worth (which is denoted by ). Further details of these concepts our provided in Reading  

Material 1:  Magidson, Eagle, and Vermunt (2003). 

 

This reading contains the following primary theme: 

1) The original discrete choice model by Daniel McFadden (now referred to as the 

‘aggregate choice model’) earned him a Nobel Prize. 

2) McFadden recognized a limitation of his original model, in that real (stated or 

revealed) choice   data   typically   violates   the   Independence   of   Irrelevant 

Alternatives (IIA) assumption. 

3) The reason that the aggregate model typically violates IIA with real data is that 

the aggregate model fails to account for preference heterogeneity. 

4) The Latent Class (LC) extension of the aggregate choice model resolves the IIA 

problem by assuming that consumers belong to different latent class segments 

which have different preferences. The LC model assumes that IIA holds within 

each latent class segment. 

 

http://www.statisticalinnovations.com/wp-content/uploads/MagidsonSawtooth2003.pdf
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Recently, Chorus (2010, 2012) proposed an alternative to RUM based on Random Regret 

Minimization (RRM). The basic idea is that consumers make choices that minimize their 

potential regret as opposed to their expected utility. The keyword ‘RRM’ has been added to the 

Latent GOLD syntax recently as part of version 5.0 to allow RRM models (as well as LC 

extensions of these models) to be estimated. Section 5.4 of the Latent GOLD Choice 5.0 upgrade 

manual introduces such models and also illustrates how to estimate various hybrid models which 

contain aspects of both RUM and RRM.  

 

 

 

Reading Material 
 

Assigned Reading Material 1: 

Magidson, Eagle, and Vermunt (2003). New Developments in Latent Class Choice 

Models. April 2003 Sawtooth Software Conference Proceedings, 89-112. 

 

Assigned Reading Material 2: 

LG Choice 5.0 Upgrade Manual Section 5.4.pdf 

 

 

 

Exercise A1 
 

The 2-attribute (Brand and Price) example described on pages 4-11 of  Magidson, Eagle, and 

Vermunt (2003)   is the subject of LG Choice Tutorial 3. Go through LG Choice Tutorial 3. See 

also Exercise A2 which involves further analysis of these data. 

 

Question A1.1: Should you include the Brand x Price interaction in the final model? 

Explain. 

 

Question A1.2: Can you explain the difference between active and inactive sets?  

 

Question A1.3:  In what way is  use  of  an  inactive  set  similar  to  the  use  of  a 

http://www.statisticalinnovations.com/wp-content/uploads/MagidsonSawtooth2003.pdf
http://www.statisticalinnovations.com/wp-content/uploads/LG-Choice-5.0-Upgrade-Manual-Section-5.4.pdf
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simulator? 

 

LG Choice Tutorial 4 describes the same example except that the data is formatted in a 1- file 

format instead of the 3-file format that was used in LG Choice Tutorial 3. The 3- file format, 

consisting of a Response file, a Choice Sets file and an Alternatives file is somewhat more 

flexible to use than the 1-file format. The 1-file format includes information from all three of 

these files in a single file. The results of the analyses are the same. 

 

 

Exercise A2  
      

Go through LG Choice Tutorial 3A, which shows how to use the Latent GOLD syntax to 

estimate both RUM and RRM models. 

 

Question A2.1: According to the BIC which model is best? Does the answer depend 

upon whether the RUM or RRM models is used? 

  

Question A2.2: Comparing the LL from the 3-class RUM model to the 3-class RRM 

model, which appears to be better? Is this result consistent with the fact that the 

data were generated according to the RUM model? Explain. 

 

 

 

Exercise A3 
 

Go through LG Choice Tutorial 12 (Pages 1-15).  Use the Shopping_data_LG.sav file. 

 

 

Exercise A4 (Optional) 
 

Another example for the analysis of first-choice-only data is provided in LG Choice 

Tutorial 1. Go through LG Choice Tutorial 1 (3-file) or LG Choice Tutorial 1 (1-file) 

http://www.statisticalinnovations.com/wp-content/uploads/choice_tutorial41.pdf
http://www.statisticalinnovations.com/wp-content/uploads/choice_tutorial31.pdf
http://www.statisticalinnovations.com/wp-content/uploads/LG-Choice-Tutorial-12-Estimating-Random-Regret-Models.pdf
http://www.statisticalinnovations.com/course2/Shopping_data_LG.sav
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B. Introduction to Scale Factors 
 

Louviere and Eagle (2006) state: “All latent choice models confound scale and parameter 

estimates.  The confound poses particular problems in complex models like random coefficient 

models and latent class models.” 

 

Scale factors can be used to account for the fact that some respondents may be more consistent 

than others in their choices. That is, the choices made by some respondents may be very 

consistent with those predicted by random utility theory, while the choices made by other 

respondents may be less consistent. If differential scale factors are not taken into account, 

estimates of part-worth parameters will be biased. 

 

For example, consider two subgroups of respondents in a stated choice experiment having 

identical preferences on all attributes but differing in how consistent their preferences are 

expressed. More specifically, suppose that the true preference part-worth for the attribute 

BRAND for both the more consistent subgroup and the less consistent subgroup is 1.0 for Brand 

A, 0.2 for Brand B, and -1.2 for Brand C, but the scale factor for the less consistent subgroup is 

half that of the more consistent subgroup. Ignoring this difference in scale can result in these 

respondents being classified into different latent class segments, class 1 having estimated brand 

part-worths close to 1.0, 0.2 and -1.2, while latent class 2 would have estimated part-worths close 

to 0.5, 0.1 and -0.6. This example and formal details as to how scale is defined can be found in 

Magidson and Vermunt (2007).1 

 

The Scale Factor (denoted by λ) can be formalized by selecting one person (or one group) as the 

reference group for which λ = 1. The scale factor for any other person (group) is expressed 

relative to this reference group. For example, if we take the more consistent subgroup as the 

reference group, the less consistent subgroup described above would have λ = 0.5, as reflected by 

part-worths that are half that of the reference group. 

 

A detailed 3-segment/2-group example where the more consistent group is taken to be the 

reference group (so that the scale factor is set to 1 for this group), and λ = 0.5 for the other group, 

is provided in LG Choice Tutorial 10A. 

 

Since the standard Latent Class Choice model assumes that all respondents have the same scale 

factor, the standard LC choice model will be misspecified when there are two different scale 

factors, generally resulting in too many segments and increased misclassification error. 

 

                                                           
1 The example is described here with the less consistent subgroup as the reference group. That is, the scale factor is 

set to 1 for the less consistent subgroup, and thus the scale factor for the more consistent group is 2.  
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For example, the left-most plot in Figure 1 below shows that the standard LC Choice model 

results in 4 classes where most persons in true segment 3 are correctly classified into latent class 

3, but some are misclassified into latent class 1 and others are misclassified into a spurious class 

4. 

 
 

Figure 1. For a true homogeneous population (Segment 3) with preference part-worth utilities 

B1=1 and B4=2, the standard solution (“Unadjusted”) shows much more error variation and 

greater misclassification than the “Scale-Adjusted” solution. 

 

 

Reading Material 
 

Assigned Reading: 

Magidson and Vermunt (2007). Removing the scale factor confound in multinomial logit choice 

models to obtain better estimates of preference. Sawtooth Software Conference Proceedings. 

(Pages 1-5). 

 

 

Note: Pages 5-8 of Magidson and Vermunt (2007) is assigned reading for section C. Scale is 

modeled there as a function of 2 latent scale classes using a somewhat complicated approach to 

model scale classes that was implemented in earlier releases of Latent GOLD and LG Choice. 

This earlier approach is presented in the Appendix of this reading and can be ignored for the 

purpose of this course.  

Unadjusted Scale-Adjusted 

http://www.statisticalinnovations.com/wp-content/uploads/Magidson.Vermunt.2007.pdf
http://www.statisticalinnovations.com/wp-content/uploads/Magidson.Vermunt.2007.pdf
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Additional Reading: 

Louviere and Eagle (2006). Confound it! That pesky little scale constant messes up our 

convenient assumptions. Sawtooth Software Conference Proceedings. 

 

Note: As shown in Section C, scale factors can be modeled as a function of observable variables 

such as ‘time to complete the choice experiment’, a function of unobservable latent (scale) 

classes when no observable variables are available, or as a function of both observable and latent 

variables. On page 219 of Louviere and Eagle (2006), scale is modeled as a function of 

observable variables. 

 

 

 

Exercise B1 

 
As an exercise we will now estimate models containing an observed predictor effect in the scale 

model, and compare the results to that obtained from the more traditional LC Choice models. 

This example is described in  Magidson and Vermunt (2007) as Example 

2: Sawtooth Software TV Choice Data. 

 

As stated at the bottom of Page 4 of  Magidson and Vermunt (2007), the time to complete the 

interview ('IntvTime’) consisting primarily of 18 choice tasks, varied between 1 and 

22 minutes, with a mean completion time of 6.4 minutes. The response file consists of 

‘IntvTime’ as well as a recoded version ‘TimeR’ (consisting of 10 values, where all times ≥ 10 

minutes are recoded to 10). Also included are the variables 'intvtimesq' (which squares 

'IntvTime’) and 'Task18time' (representing the time in seconds to complete the 18 choice tasks 

only (instead of the time it takes to complete the entire interview). 

 

The left-most portion of Table 10 (page 14 of  Magidson and Vermunt (2007)) shows the 

parameter estimates from a standard 4-class choice model where class 4 was restricted to have 

part-worth coefficients = 0 for all attributes. Thus, the 4th class represents a random responder 

group, their choices being completely unrelated to the attributes. This 4-class model uses 

'IntvTime' as a numeric covariate, which is significantly related to the latent 

classes. The mean completion time for respondents assigned into classes 1 and 2 being more than 

7 minutes while those classified into classes 3 and 4 have mean completion time under 5 

minutes. These mean completion times (based on modal class assignment) are reported at the 

bottom of the Table 10. 

http://www.statisticalinnovations.com/wp-content/uploads/Louviere.Eagle_.2006.pdf
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In the remainder of the exercise, 'TimeR' will be used as a covariate. 

 

‘TV_4cl.lgf’ contains the following three models: 

 

1) ‘4-cl w/o cov’: This is the 4-class model without an active covariate. 

 

2) ‘4-cl w TimeR_ cov’: This is the 4-class model with the active covariate 'TimeR'. 

 

This is the same model summarized in the left-most portion of Table 10, although the results in 

the Table are based on an analysis with 'IntvTime' as covariate. This implies that the results are 

slightly different. 

 

3) ‘4-cl w TimeR_ scale_pred’: This is the same model as in 2), except that ‘TimeR’ is 

used as a numeric scale predictor instead of an active covariate. 

 

The predictor used in Model ‘4-cl w TimeR_ scale_pred’ was set to be a predictor in 

the scale model by right clicking on the predictor name and selecting 'Scale Model'. 

 

This model assumes that the effect of completion time in the scale model is constant for each 

latent class. 

 

Estimate all three models from ‘TV_4cl.lgf’ and answer the following Questions. 

 

Question B1.1: Which of these three models fits best? Question B1.2: 

a) For model ‘4cl w TimeR_cov’, is the difference in completion time 

between the 4 classes statistically significant? 

 

b) What is the p-value for testing the null hypothesis that the completion time 

does not differ between classes? 

 

c) Examining the Profile output, which classes have the shortest completion 

time? 

 

Question B1.3: 

a) For model  ‘4cl w TimeR_scale_pred’, what is the effect estimate for 

'TimeR’ in the scale model? 

 

b) Interpret this effect – overall, is completion time associated with a higher 

or lower scale factor? 



 

8 
 

 

c) Is the effect statistically significant?  

 

 

 

Perform the following: 

To generate the syntax for these three models: 

 Right-click on the data file named ‘tvgp1.sav’ to display the menu 

 Select ‘Generate Syntax’ from the menu 

 

To re-estimate the scale-predictor model as a syntax model: 

 Click on the model named ‘4cl w TimeR-scale_pred’ to enter Edit mode 

 Replace the keyword ‘Profile’ with ‘Profile = posterior’ in the output options 

section2. 

 Select ‘Estimate’ from the Model Menu 

 

Confirm that the LL is the same as before. 

 

Now, modify this model to allow the effect of ‘TimeR’ in the scale model to depend on class: 

 Right-click on the Estimated model and select ‘Copy Model’ 

 Scroll down to the equations section of this model and replace the line 

Choice <<- TimeR; 

with 

Choice <<- (s) TimeR |class; 

 

That is, insert ‘(s)’ to name the scale model effect parameters ‘s’, and add the conditional 

operator ‘|class’ to allow separate estimates for each class. 

 

Finally, we will make the random responder class the reference class for the scale factors: 

 At the bottom of the syntax file, add the line ‘s[4,1]=0;’ to set the scale effect for the 

random responder class 4 to 0. 

 Estimate this new model. 

 

Compare the BIC of this model to the others. 

 

                                                           
2 Generally speaking, the Profile output for syntax models may differ from that of output for 

models estimated by the point-and-click interface to account for the more general models that 

can be estimated by the Syntax Module. To obtain Profile output for the syntax that is 

comparable to that obtained from the earlier model, in the output options section of the syntax 

we use the keyword ‘Profile = posterior’. 
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Question B1.4: Which model fits best now? 

 

Question B1.5: Do the scale effects differ significantly across classes? 

Hint: Examine the parameters output. 

 

Question B1.6: Does the mean completion time for the random responder class 

differ from the other classes? How? Can you explain this result? 
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C. The General Log-Scale Model 
 

Version 5.0 of LG Choice contains simplified and enhanced options to estimate Scale Adjusted 

Latent Class (SALC) models. Two important applications include: 1) including scale classes 

(sClasses) in addition to latent segments (Classes) in choice models, and 2) the option to include 

separate scale factors for best and worst choices with MaxDiff data (using the predictor option).  

Application 1 is described in this section, and Application 2 will be a primary topic discussed in 

Session 2 of this course. Other more general SALC options, available with the general log-linear 

scale model, will be described in the final week of this course (Session 3). 

 

A scale factor can be defined as a term by which all part-worth parameters are multiplied, 

allowing proportionality of these parameter values to be modeled across conditions or groups. 

The inverse of the scale factor is proportional to the standard deviation of the error distribution of 

the choice utilities. 

 

A new feature implemented in LG Choice 5.0 Advanced is the option to include a scale factor in 

choice models, which may vary across predictor values and/or scale latent classes (also referred 

to as scale classes, or sClasses).  This makes it possible to perform various kinds of Scale 

Adjusted Latent Class (SALC) analyses such as those described in Magidson and Vermunt 

(2007). 

 

In earlier versions of LG Choice, scale factors could be included in a choice model using some 

complicated tricks with the LG Syntax, as described in Magidson and Vermunt (2007). But the 

new simplified approach for estimating the log scale factor makes these tricks unnecessary and at 

the same time eliminates the possibility of obtaining infeasible (negative) values for the scale 

factor. 

 

 

The LG Choice user interface allows selection of one or more predictors for use in the scale 

model3.   Moreover, on the Advanced tab one can indicate the number of scale classes 

(SClasses), which are the categories of a second discrete latent variable (in addition to the latent 

class variable affecting the part-worth parameters). Thus in LG Choice Advanced, the log-linear 

scale model may contain both terms for the scale classes4 and effects of predictors. 

 

 

                                                           
3 To designate a predictor for the scale model, simply right-click on a predictor and select ‘scale model’ from the 

popup menu. 
4 The scale classes are assumed to be independent of the classes, an assumption that can easily be relaxed when 

defining such a model using the Choice Syntax. 
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The scale factor options make it possible to model heterogeneity in response (un)certainty. 

Specifically, the scale factor is modeled by a log-linear equation, yielding a flexible approach for 

modeling its dependence on latent and/or independent variables5. Moreover, by estimating the 

log-scale factor rather than the scale factor directly, the log-linear equation guarantees that the 

scale factor remains non-negative. For the formal scale model specification, see section 4.2 of 

the LG Choice 5.0 Upgrade Manual. 

 

 

Reading Material 
 

Assigned Reading: 

Magidson and Vermunt (2007). Removing the scale factor confound in multinomial logit choice 

models to obtain better estimates of preference. Sawtooth Software Conference Proceedings.  

(Pages 5-8).   

 

 

Additional Reading: 

LG Choice 5.0 Upgrade Manual 

 

Vermunt (2013). Categorical response data. In: M.A. Scott, J.S. Simonoff, and B.D. Marx 

(eds.), The SAGE Handbook of Multilevel Modeling, 287-298. Thousand Oaks, CA: Sage. 

 

Burke et al.  (2010).  The scale-adjusted latent class model:  application to  museum visitation. 

Tourism Analysis, Vol. 15, pp 147-165. 

 

 

                                                           
5 When using scale classes, information regarding the Class-SClass combination will be displayed in various output 

sections. This occurs in Attribute Parameters, Willingness-to-pay parameters, Marginal Effects, Importance, (joint) 

Profile, Sets Profile, Sets ProbMeans, and EstimatedValues. Profile and ProbMeans output listings report separate 

information for Class and SClass. It should be noted that when predictors are used in the scale model, these output 

sections either give average/marginal estimates (Sets Profile and Sets ProbMeans) or estimates evaluated at the 

average of the predictors (Attribute Parameters, Willingness-to-pay parameters, Marginal Effects, Importance, 

Profile).  

 

http://www.statisticalinnovations.com/wp-content/uploads/Magidson.Vermunt.2007.pdf
http://www.statisticalinnovations.com/wp-content/uploads/LGChoice5.0_UpgradeManual1.pdf
http://www.statisticalinnovations.com/wp-content/uploads/Vermunt.2013.pdf
http://www.statisticalinnovations.com/wp-content/uploads/Burke.2010.pdf
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Exercise C1 
Go through LG Choice Tutorial 10A pages 1-15 (through Figure 17). 

 

The data analyzed in this Tutorial were simulated such that the 2 sClasses are independent of the 

3 classes.   This means that within each class the expected percentage of more (less) consistent 

respondents is identical. 

 

Question C1.1: Figure 14 shows the class-specific choice probabilities for choice set 

1 separately for sclass=1 and sclass=2. Show how to compute these choice 

probabilities given the parameters shown in Figure 11. 

 

 

 

 

Exercise C2 
 

We will reanalyze the Coffee data analyzed in  Magidson and Vermunt (2007). The results 

presented in Table 5 (page 8) for Standard LC Choice Models contains several local solutions. 

 

Open ‘Coffee_3file_2sclasses.lgf’ and estimate all the models. 

 

Question C2.1: Which standard model fits best? 

 

Question C2.2: Does the 2 sclass model improve the fit according to the BIC? 

 

Try to fit a model with 3 sClasses by opening the 2-sClass model, going to the Advanced tab and 

changing ‘2’ to ‘3’ (Hint: In the Technical Tab you will see that the random seed is inserted for 

the saved models. Before estimating the new model with 3 sClasses, change the Seed to ‘0’ and 

Random Sets to ‘200’). 

 

Question C2.3: Does that model fit better? 

http://www.statisticalinnovations.com/wp-content/uploads/LGChoice_tutorial_10A1.pdf

