
  

 

 

Tilburg University

Mixture models for ordinal data

Breen, R.; Luijkx, R.

Published in:
Sociological Methods and Research

Publication date:
2010

Document Version
Publisher's PDF, also known as Version of record

Link to publication in Tilburg University Research Portal

Citation for published version (APA):
Breen, R., & Luijkx, R. (2010). Mixture models for ordinal data. Sociological Methods and Research, 39(1), 3-24.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 21. aug.. 2022

https://research.tilburguniversity.edu/en/publications/603c6228-56c2-4ae6-9f4e-a451df6bdff8


 http://smr.sagepub.com/
 

Research
Sociological Methods &

 http://smr.sagepub.com/content/39/1/3
The online version of this article can be found at:

 
DOI: 10.1177/0049124110366240

2010
 2010 39: 3 originally published online 14 MaySociological Methods & Research

Richard Breen and Ruud Luijkx
Mixture Models for Ordinal Data

 
 

Published by:

 http://www.sagepublications.com

 can be found at:Sociological Methods & ResearchAdditional services and information for 
 
 
 
 

 http://smr.sagepub.com/cgi/alertsEmail Alerts: 
 

 http://smr.sagepub.com/subscriptionsSubscriptions: 
 

 http://www.sagepub.com/journalsReprints.navReprints: 
 

 http://www.sagepub.com/journalsPermissions.navPermissions: 
 

 http://smr.sagepub.com/content/39/1/3.refs.htmlCitations: 
 

 at Universiteit van Tilburg on July 28, 2010smr.sagepub.comDownloaded from 

http://smr.sagepub.com/
http://smr.sagepub.com/content/39/1/3
http://www.sagepublications.com
http://smr.sagepub.com/cgi/alerts
http://smr.sagepub.com/subscriptions
http://www.sagepub.com/journalsReprints.nav
http://www.sagepub.com/journalsPermissions.nav
http://smr.sagepub.com/content/39/1/3.refs.html
http://smr.sagepub.com/


Mixture Models for
Ordinal Data

Richard Breen1 and Ruud Luijkx2

Abstract

Cumulative probability models are widely used for the analysis of ordinal
data. In this article the authors propose cumulative probability mixture
models that allow the assumptions of the cumulative probability model to
hold within subsamples of the data. The subsamples are defined in terms
of latent class membership. In the case of the ordered logit mixture model,
on which the authors focus here, the assumption of a logistic distribution for
an underlying latent dependent variable holds within each latent class, but
because the sample then comprises a weighted sum of these distributions,
the assumption of an underlying logistic distribution may not hold for the
sample as a whole. The authors show that the latent classes can be allowed
to vary in terms of both their location and scale and illustrate the approach
using three examples.

Keywords

ordered probability models, mixture models, latent class, odds ratios

Cumulative probability models are widely used for the analysis of data where

the dependent variable is ordinal. The ordered logit model, on which we

focus here, rests on the assumption that the observed dependent variable,

Y, is a discretized observation of an underlying continuous logistically dis-

tributed variable, Y), which has a common scale parameter but whose

location parameter differs across units of observation in the population
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according to their values on measured covariates. Other assumptions about how

Y) is distributed give rise to other forms of cumulative probability models hav-

ing different so-called link functions, such as the cumulative normal and com-

plementary log-log. In this article we present an empirical modeling approach

based on the less restrictive assumption that the population of interest comprises

a number of subpopulations, and each of these has its own baseline logistic dis-

tribution of the underlying latent dependent variable, differing in either or both

their location or scale. Thus, we propose mixture models in which the distribu-

tion of the dependent latent variable in the population as a whole is a mixture of

these separate distributions. Estimation of these models involves determining

the number of subpopulations, the share of the population in each of them,

and the parameters of their distributions. In practice the subpopulations are cap-

tured as latent classes, and so the model we present here is based on the idea of

adding latent classes to conventional cumulative probability models.

We use three data sets to explain and to illustrate our proposed approach.

Although we refer to the ordered logit model throughout, our results apply

equally to any other choice of link function that might be used with cumula-

tive probability models.

Cumulative Probability Models and the Ordered Logit

Let Y be a dependent ordinal variable with categories indexed j ¼ 1, . . . J,

and X a vector of explanatory variables. We write the probability that the val-

ue of Y for the ith observation, yi, is less than or equal to j, given X, as gjðxiÞ.
There exists a family of statistical models that sets gðgjðxiÞÞ ¼ tj � b0xi

(McCullagh 1980), where g is a link function (e.g., the logit) that maps the

(0,1) interval into (–N, N) and tj are a set of thresholds. Differences in

gðgjðxÞÞ between observations (dropping the i subscript for convenience) de-

pend only on their values of x and the b parameters and are independent of

the location of the thresholds. A cumulative probability model with a logit

link sets gðgjðxÞÞ ¼ ln
ðgjðxÞÞ
ð1�gjðxÞÞ

, and the log odds ratio of exceeding, rather

than failing to exceed, any particular level of Y, as between respondents

i and i, is

gðgðxÞÞ � gðgðx0ÞÞ ¼ ln
gðxÞ

1� gðxÞ � ln
gðx0Þ

1� gðx0Þ ¼ bðxi � xi0 Þ: ð1Þ

The log odds ratio is independent of the thresholds and does not vary over

them (reflected in the absence of a j subscript on b). In the case where X

is a single variable taking a finite set of values, the model’s assumptions

4 Sociological Methods & Research 39(1)
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imply that Y follows a logistic distribution in each category of X and that

these distributions vary only in their location.

In his 1980 paper, McCullagh (p. 119) extended this model by allowing

the scale of the logistic distribution, as well as its location, to differ according

to values of X. This model is

gðgjðxÞÞ ¼ ðtj � b0xiÞ=tðxiÞ: ð2Þ

where t is the scale parameter. In McCullagh’s example, there was one cat-

egorical X variable, and so each category of X had its own scale and location

parameters. The scale parameters are not separately identified but their rela-

tive values are: So typically one would fix tðx ¼ 1Þ ¼ 1. Even so, McCul-

lagh’s model is not identified. The statistical model that generalizes this

idea—namely, a model allowing the scale parameter to be a function of cova-

riates—is sometimes called the ordered logit with heteroskedasticity and is

available as an option in the LIMDEP program (Greene 2002). This model

can be identified by making the scale parameter a function of variables

that do not also affect the location.

Ordered Logit Mixture Models

An extension of this idea, which we develop here, is to allow one or both of

the scale or location parameters to vary according to the value of a latent var-

iable. Because our latent variable is categorical, this gives rise to simple mix-

ture models in which different subgroups of the population have a latent de-

pendent variable, Y), whose baseline logistic distribution is characterized by

subgroup specific location and/or scale parameters. In its most general form

our model can be written:

gðgjðxÞjkÞ ¼
tj � b0xi � ak

tk

: ð3Þ

Here k denotes membership of the kth latent class. We normalize our esti-

mates by setting t1 ¼ �∞ (and so tj; j > 1; is the threshold separating the

j – 1th and jth categories) a1 ¼ 0 and t1 ¼ 1: We estimate the parameters,

ak and tk (k ¼ 2, ., K) and the distribution of the population across each

of the K latent classes. Substantively the model allows different subpopula-

tions to have distributions of the latent dependent variable that vary in both

their average value and in their dispersion around this value. We provide

examples of this later in the article.

Breen and Luijkx 5
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A simpler model allows only the location of the underlying logistic distri-

bution to vary over latent classes:

gðgjðxÞjkÞ ¼ tj � b0xi � ak : ð4Þ

Another possibility is to allow the dispersion in the responses to vary across

latent classes by permitting heterogeneity in the thresholds but not in the b
parameters:

gðgjðxÞjkÞ ¼
tj

tk

� b0xi � ak: ð5Þ

The advantage of (5) over (3) is that it allows for latent heterogeneity but

keeps the effects of the Xs the same regardless of latent class membership

(whereas in (3) they vary over latent classes because their effect is equal

to b=tj). We refer to (5) as the heterogeneous threshold model. In this

case, if tk < 1, the interthreshold spacing increases: Positive thresholds

become larger and negative ones become smaller (further from zero). Con-

versely, if tk > 1, all the thresholds are moved closer together. Compressed

thresholds increase the likelihood that responses will fall into the more ex-

treme categories, while more dispersed thresholds lead to responses clustered

around the middle category. This makes it clear that in this model, in contrast

to model (3), we are changing the scale of the observed responses and not of

the underlying logistic variable.

But this is not the whole story because this model also allows the mean to

differ over latent classes (captured by ak) and, taken together with the rescal-

ing of the thresholds, this allows us to capture a wide range of distributions of

responses. For example, if the mean is larger in latent class k and tk < 1, this

will lead the distribution of responses to be clustered on a category above the

middle one. Similarly, if tk > 1, instead of responses being clumped at both

extremes we may instead find that they pile up in the top categories and are

almost absent from the bottom ones. We shall see examples of this later and

the properties of the model will be further discussed and illustrated.1

Population Quantities

Population models can be derived from the mixture model by summing over

the latent classes, though because the cumulative logit model is nonlinear,

this is less straightforward than in some other mixture models. However,

6 Sociological Methods & Research 39(1)
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we can derive the following expression for the probability that yi, is less than

or equal to j, given X, in the population as a whole:

gjðxÞ ¼
X

k

pk

expðgðgjðxÞjkÞ
1þ expðgðgjðxÞjkÞ

: ð6Þ

Specific formulations of the mixture model (as in equations (3), (4), and (5))

could then be inserted in place of gðgjðxÞjkÞ, and from (6) we could, if we

wished, compute the corresponding log odds for the population, gðgjðxiÞÞ.

Interpretation

It is well known (Holm, Jaeger, and Pedersen 2009; Lindsay 1983a, 1983b)

that any form of unobserved heterogeneity can be arbitrarily well approxi-

mated by a finite number of latent classes, and thus our approach, which

involves estimating a mixing distribution via the addition of latent classes,

can also be seen as a way of modeling unobserved heterogeneity. One con-

sequence of unmeasured heterogeneity is that estimates of the effects of the

explanatory variables may be biased, and in nonlinear models, unlike in lin-

ear models, this can hold even when such heterogeneity is uncorrelated with

the measured variables. The model can therefore be motivated in two ways.

On the one hand, we can see it as a way of dealing with the failure of the con-

ventional ordered logit model to give a good account of the data because

of unmeasured heterogeneity arising from omitted variables. In this case

we might want to consider the latent classes as representing real categories

of observations in the data, especially when membership of these categories

is difficult to measure directly: for example, in attitude questions distinguish-

ing those who feel strongly about the issue in question from those who do

not. On the other hand, we could see the latent classes as a means of provid-

ing a more flexible functional form and in this case we should probably not

want to interpret the latent classes in any substantive way.

Comparisons

Equations (3) through (5) apply to a single table, but they are easily gener-

alized to use in the context of comparisons across samples that come from

different countries or different birth cohorts. In this case we would usually

allow the threshold parameters to differ across samples to allow for differen-

ces in the marginal distribution of Y, and our interest would lie chiefly in

whether the b parameters also differ between them. Letting S denote the

Breen and Luijkx 7
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different samples, the counterpart to model (4), with bs constant across sam-

ples, can be written

gðgjðx; sÞjkÞ ¼ tjs � b0xi � ak ; ð7Þ

and allowing the bs to vary over samples we have:

gðgjðx; sÞjkÞ ¼ tjs � b0sxi � ak : ð8Þ

In addition, the latent classes in all these models can be independent of S and

X (as in all the examples we present) or they can be correlated with them. The

advantage of independence of the latent classes is that odds ratios formed by

comparing observations with different values of X in the same latent class

will be identical in all latent classes. So, for example, if, as in one of our

examples, X measures social class origins, class origin inequalities in the

odds ratio of being in one category of Y rather than another will be the

same regardless of the latent class membership of the respondents being

compared.

Identification and Estimation

Given panel data, the use of latent classes independent of X is a discrete

counterpart to a random effects model: A continuous random effect is

replaced by a discrete approximation.2 But here we are concerned only

with the use of latent classes in cross-sectional analyses. In an article dealing

with the use of latent classes in binomial logit models, Holm et al. (2009)

show that such a model is well identified using panel data but identification

is fragile when using cross-sectional data. We can reasonably assume that the

models we present are somewhat more robust than that of Holm et al. because

of the greater information available about the latent variable in cumulative

probability models compared with binomial logit models; nevertheless, the

issue of identification raises some difficulties. The models we consider are

not nonparametrically identified: Rather, when they are identified they are

so only because of the distributional assumptions of the original ordered logit

model (and the same would hold for the ordered probit, complementary log-

log, etc.). But these assumptions do not guarantee identification, and in the

absence of any general proofs, it is important to check local identification

by inspection of the eigenvalues of the information matrix. In addition, be-

cause the likelihood function may have local maxima it is also important

to run the model many times with different starting values. We estimate

8 Sociological Methods & Research 39(1)
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the models using the LEM program (Vermunt 1997) and the appendix shows

the LEM syntax for several of the models fitted here (the online appendix is

available at http://smr.sagepub.com/supplemental).

We illustrate the approach with three examples of increasing complexity.

In the first we allow for two latent logistic distributions, differing in only

their location. Our second example, applied to data in the form of a single

table, investigates models that allow the scale and location to differ across

latent classes and that allow for differences in location and for heterogeneity

in thresholds. Our last example involves a comparison across countries and

shows how the use of this approach can add new insights in comparative

analyses.

Educational Inequality in Great Britain

Our first example uses data from one of the British birth cohort studies, the

National Child Development Study (NCDS). This comprises data referring to

all children born in Great Britain in a particular week in March 1958. The

initial sample size was just over 17,000 and information has been collected

on sample members at birth, ages 7, 11, 16, 23, 33, and 40. Here we focus

on the relationship, among men, between parental social class, ability, and

highest level of educational attainment. The measure of highest educational

qualification used here has been coded into a set of categories known as the

NVQ (National Vocational Qualification) levels.3 The educational catego-

ries, from lowest to highest, are:

1. No qualifications;

2. Certificate of Secondary Education (CSE) or equivalent;

3. Ordinary Level General Certificate of Education (O-level), or

equivalent;

4. Advanced Level General Certificate of Education (A-level), or

equivalent;

5. Higher technical qualifications, subdegree qualifications;

6. University degree or higher.

Social class origins are defined using the original seven class version of

the Goldthorpe class schema (Erikson and Goldthorpe 1992:chap. 2):

I. Upper service class—higher grade professionals, administrative,

and managerial workers;

II. Lower service class—lower grade professionals, administrative,

and managerial workers;

Breen and Luijkx 9
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III. Routine nonmanual workers;

IV. Petty-bourgeoisie—the self-employed and small employees;

V. Technicians and supervisors of manual workers;

VI. Skilled manual workers;

VII. Nonskilled manual workers.

The classes are derived from information about the occupational position of

the head of the household when the respondent was age 11. This was originally

coded to the British census’s ‘‘Socio-Economic Group’’ classification from

which a reliable approximation to the original Goldthorpe seven-class schema

(Heath and McDonald 1987) can be obtained. The cross-tabulation of highest

educational attainment and father’s social class is shown in Table 1.

We use a continuous measure of ability in the analysis: This is based on

the results of a general ability test administered at age 11. The results form an

80-point scale that has previously been used as a proxy for IQ (Breen and

Goldthorpe 2001:84; Douglas 1967:33-6).

As Table 2 shows, an ordered logit model, with educational attainment as

the dependent variable and the social classes entered as dummy explanatory

variables, returns a log-likelihood of –25,904. Considered as a model applied

to the data as shown in Table 1 it returns a deviance of 40.82 on 24 df (p ¼
.017) and thus fails to fit the data by some way. The coefficients for the social

classes have the expected magnitudes: There is a clear gradient, with the log

odds of failing to progress beyond any given level of education increasing as

we move toward the less advantaged classes. The addition of ability to the

model has a substantial impact, reducing the log-likelihood by over 300

points for the loss of one degree of freedom. The negative coefficient reflects

Table 1. Educational Attainment by Class Origins, British Men Born 1958 (National
Child Development Study Data)

Educational
attainment

Class
origins None CSE O-level A-level Subdegree Degree

I 21 7 61 68 29 51
II 57 21 136 126 42 48
III 41 14 106 72 21 17
IV 47 11 48 46 13 5
V 41 10 68 46 12 8
VI 281 54 258 197 62 34
VII 239 42 164 83 25 9

10 Sociological Methods & Research 39(1)

 at Universiteit van Tilburg on July 28, 2010smr.sagepub.comDownloaded from 

http://smr.sagepub.com/


the lesser odds for those with greater ability of failing to exceed a given ed-

ucational threshold. As we might have anticipated, including ability reduces

the class effects: In particular we now see that much of the disadvantage of

students from classes VI and VII is mediated through their lower measured

ability. A two-class mixture model, in which the classes have different loca-

tion but common scale parameter, further improves the fit of the model. For

the loss of two further degrees of freedom the log-likelihood declines by 25

points.4 The inclusion of the latent classes causes the estimates of the class

origin effects to increase somewhat so that they are quite similar to those

reported in the model without ability, though with larger standard errors.

This model can be written as gðgjðx; zÞjkÞ ¼ tj � b1zi �
P7

l¼2 blxil � ak

where zi indicates ability and xl class membership. The LEM syntax for

this model is provided in the appendix.

Table 2. Parameter Estimates of Models for British Educational Attainment Data

Model

Ordered
logit

Ordered
logit

Ordered logit
with two

latent classes

Variables Parameter SE Parameter SE Parameter SE

Class
origins
II 0.5973 0.15 0.4651 0.15 0.539 0.20
III 0.9218 0.16 0.7889 0.16 0.9742 0.22
IV 1.3000 0.18 1.022 0.19 1.3644 0.26
V 1.1929 0.18 0.9546 0.18 1.2225 0.25
VI 1.4701 0.14 1.0612 0.14 1.3797 0.19
VII 2.0249 0.15 1.5648 0.15 2.049 0.21

Ability –0.061 0.003 –0.0857 0.005
Latent class

location
parameters
Class 1 — — — — 0 fixed
Class 2 — — — — –3.4412 0.25

Latent class
probabilities
Class 1 — — — — 0.672 —
Class 2 — — — — 0.328 —

Log-
likelihood

–25,904 –25,595 –25,570
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The first latent class accounts for two-thirds of the sample. Given the pa-

rameterization of the ordered logit model, the large negative location param-

eter of the second latent class means that its distribution is further to the right

than that of the first latent class, so educational attainment is higher in the

second class. This can be seen in Figure 1, which plots the distribution of ed-

ucational attainment within each of the two latent classes. This makes clear

that the population comprises a group of low achievers (members of latent

class 1) and a group of high achievers (latent class 2).

Attitudes to Premarital Sex

Our second example concerns attitudes toward heterosexual premarital sex.

The data were collected in Great Britain in 1983 (when this was a more con-

troversial topic than nowadays) in the first wave of the British Social
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Figure 1. Distribution of educational attainment within latent classes
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Attitudes Survey Panel Study, 1983-1986.5 The dependent variable is the an-

swer to the item ‘‘If a man and a woman have sexual relations before mar-

riage what would your general opinion be?’’ Six possible responses are pro-

vided, but we omit ‘‘it depends/varies’’ and this leaves us with five valid

answers forming an ordinal scale: always wrong, mostly wrong, sometimes

wrong, rarely wrong, and not wrong. We examine the variation in response

according to gender and age group under the assumption that men will ex-

press more support for this item than women and that there will be a gradient

of declining support with age. We distinguish six age groups: 19 to 25, 26 to

35, 36 to 45, 46 to 55, 56 to 65, and older than 65. In the models age and gen-

der are dummy variables with the youngest age group and men being the

omitted categories. The data are shown in Table 3 (cases with missing values

on the variables and on the same dependent variable in the 1984 wave have

been omitted).

The goodness of fit of various models applied to these data is shown in

Table 4. The ordered logit model, with additive effects of gender and age,

fits the data reasonably well. Adding interactions between gender and age

makes little difference. The mixture model with differences between latent

classes in slope and location (and additive effects of gender and age) also

fits reasonably well, but is not a clear improvement on the simple ordered

Table 3. Attitudes Toward Premarital Sex by Gender and Age Group, British Social
Attitudes 1983

Age group

19 to 25 25 to 35 36 to 45 46 to 55 56 to 65 Older than 65 Total

Men
Always wrong 1 0 3 4 7 6 21
Mostly wrong 0 0 3 7 4 6 20
Sometimes
wrong

2 9 8 2 10 4 35

Rarely wrong 3 4 5 5 2 2 21
Not wrong 26 34 26 19 13 10 128
Total 32 47 45 37 36 28 225

Women
Always wrong 1 2 4 11 8 25 51
Mostly wrong 0 2 3 10 16 14 45
Sometimes
wrong

8 7 11 13 7 10 56

Rarely wrong 6 5 3 3 2 1 20
Not wrong 20 34 30 16 8 6 114

Total 35 50 51 53 41 56 286
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logit. Allowing only for differences in location (model 4) renders no im-

provement over the ordered logit. The best fitting model proves to be the

one that allows the latent classes to differ in their location and to be hetero-

geneous in their thresholds: that is gðgjðxÞjkÞ ¼
tj
tk
� b0xi � ak , where xi is

a vector of values of gender and age and b is the corresponding vector of

coefficients. The model has deviance of 37.4 on 35 df. The LEM syntax

for this model is provided in the appendix.

Parameter estimates are reported in Table 5. The estimated effects of age

and gender are as expected, with younger people (younger than 35) and men

being less likely to consider premarital sex wrong and the probability of con-

sidering it wrong increasing with age. The two latent classes account for 28

percent and 72 percent of the sample, respectively. The estimate of t2 is 7.19,

so the thresholds for the second latent class are scaled by a factor of 0.139

(which is what we report in Table 5). The rescaled thresholds for the second

latent class are shown at the bottom right of Table 5 alongside the threshold

values for the first latent class on the left. They display less variation than

those for latent class 1 and this implies that the responses in latent class 2

are more dispersed and more likely to fall into the extreme categories. But

class 2 also has a higher mean (recall that negative coefficients increase

the log odds of exceeding a given threshold) and so this skews the responses

such that a greater share falls into the upper extreme category (not wrong)

compared with the lower extreme (always wrong). We can see this in Figure 2,

which shows the estimated distribution of responses in each latent class,

and indeed, in latent class 2 the responses are clustered at the two extremes

but with many more giving the higher (not wrong) response. This leads to the

Table 4. Goodness of Fit of Models Applied to British Social Attitudes Data

Deviance df p

1. Ordered logit additive 52.00 38 .065
2. Ordered Logit

With Gender ×
Age Interaction

45.21 33 .076

3. Ordered logit mixture
model with scale and
location differences

47.57 35 .076

4. Ordered logit mixture
model with location differences

52.00 36 .041

5. Ordered logit mixture
model with location differences
and heterogeneous thresholds

37.40 35 .360
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interpretation of these classes as distinguishing between the majority of

respondents who have strong views about the rightness or otherwise of pre-

marital sex (latent class 2) and the minority who do not. And, of those with

strong views, most believe that premarital sex is not wrong.

To test the validity of this model, we estimated it using data from the next

(1984) wave of the panel.6 Since we have already selected only those cases

with valid responses in both 1983 and 1984 the sample is the same. The mix-

ture model with differing location and heterogeneous thresholds applied to

the 1984 data yields an estimate of the threshold scaling parameter (1=t2Þ
of .139 (exactly the same as in 1983) and of the location, a2, of –2.49 (com-

pared with –3.26). The second latent class comprises 76 percent of cases

in 1984 compared with 72 percent in 1983. The similarity in the t and a
parameters means that the distribution of responses in the second latent class
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Figure 2. Distribution of responses by latent class, British Social Attitudes Survey
Panel Study, 1983-1986 data
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is very similar in the two years: Indeed, all the differences that we find fall

within the margins of measurement error.7 This gives us good grounds for

thinking that the underlying distributions identified by the latent class anal-

yses are valid for this sample.

Religion and Politics

Our final example addresses people’s views of the relationship between be-

lief in god and suitability for public office. We use data from the 1999/2000

wave of the European Values Study (www.europeanvaluesstudy.eu) for

France, Germany, and Poland and from the 2000 wave of the World Values

Survey (www.worldvaluessurvey.org) for the United States, and we analyze

responses to the item: ‘‘Politicians who don’t believe in god are unfit for pub-

lic office.’’ Possible replies are (1) agree strongly, (2) agree, (3) neither

agree or disagree, (4) disagree, and (5) strongly disagree: In simpler terms,

higher responses reflect the more secular view that it is not necessary to be-

lieve in god in order to be fit for public office.

We assume that individuals’ views on this issue are likely to differ accord-

ing to their own characteristics and that different countries will tend to have

different distributions of support for this item. The latter guided our choice of

countries, and so we chose two countries that might be described as secular—

France and Germany—and two countries in which we expect a close rela-

tionship between religion and politics—Poland and the United States. In

terms of individual characteristics, we distinguish gender (men and women),

education (three categories: primary and uncompleted lower secondary, sec-

ondary, and tertiary education), and religiosity, measured by how frequently

the respondent attends religious services, coded (1) once a month or more,

(2) once a year or on special holidays, and (3) never or almost never. These

three variables are included in the models as dummies with the omitted cat-

egories being, respectively, men, primary education, and once a month or

more. Dropping cases with missing values yields a sample of 5,664.

A model allowing the thresholds to differ between countries but assuming

common effects of gender, education, and religiosity has a deviance of

377.23 on 267 df. Allowing the effects of gender, education, and religiosity

to vary cross-nationally reduces the deviance to 306.63 on 252 df, and each of

the variables shows significant differences in its effects. The ordered logit

mixture model with two latent classes differing in scale and with heteroge-

neous thresholds has a deviance of 284.91 on 249 df (p ¼ .059) while the

simpler model allowing for only differences in location has deviance of

288.93 with 250 df (p ¼ .046). There is little to choose between these models
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(difference ¼ 4.02 with 1 df ) but we interpret the results from the former

model because they serve to illustrate the substantive insights that it can

yield. This model is written as

gðgjðxÞjkÞ ¼
tjs

tk

� b0sxi � ak :

In this case, s denotes country, bs is a country-specific vector of coefficients,

and xi is the vector of values of country, gender, education, and religiosity.

Table 6 shows the parameter estimates from this model.

As in the previous examples, negative parameters mean a lower probabil-

ity of failing to exceed a given threshold and imply higher expected

responses on the dependent variable: that is, a view that belief in god is

less necessary for those who wish to hold public office. With this in mind,

we see that there is a great deal of qualitative commonality among the coun-

tries in the effects of the explanatory variables. Women think that belief in

god is more important and there is a clear gradient associated with religiosity.

There is also an educational gradient, with the more highly educated taking

a more secular view. The magnitude of these differences, however, shows

some cross-national variation. The gender gap is particularly large in the

United States, while the religiosity effect is smaller here than elsewhere.

In France both the gender and education differentials are quite small, while

in Poland educational differences are very marked, especially between those

with only primary education and those with more. Overall differences

between the countries in the way in which responses are distributed are cap-

tured in the threshold parameters and here the major distinction lies between

France and the United States. In France, the third and fourth thresholds, sep-

arating the responses neither agree nor disagree from disagree and disagree

from strongly disagree, lie much further to the left of the underlying logistic

distribution than in any other country, meaning that a much larger share of

the French sample lies above these thresholds, or, more simply, disagrees

or strongly disagrees with the statement about belief in god and public office.

In the United States the opposite is true: In fact, here all the thresholds are

further to the right than in any other country, so that a much larger share

of the U.S. sample falls into the agree strongly and agree categories and

a much smaller share in the disagree categories. It seems, then, that these

data support our initial hypothesis that France is a secular country in which

people tend to feel that politics and belief in god should be kept apart, where-

as Americans tend to express the opposite view.
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All these results are evident in both sets of parameter estimates shown in

Table 6, though as before, the effects are somewhat stronger in the mixture

model. However, the mixture model can add some further insight. The dis-

tributions of responses to the original question differ quite markedly accord-

ing to latent class membership. The differences in scale and the heterogeneity

of the thresholds between the two latent classes are such that the smaller la-

tent class, comprising roughly a third of the total, has a much less compressed

distribution of the response thresholds (t̂2 ¼ 0:447) and a higher mean of the

underlying latent logistic variable (â2 ¼ �4:570). The effect of this on the

responses can be seen in Figure 3: Almost all those from the smaller latent

class (latent class 2) fall in the categories disagree and disagree strongly

with almost no agree or agree strongly responses, whereas for the larger la-

tent class, they are more evenly dispersed. This suggests that in all countries

we find a sizeable minority of respondents who think that belief in god is not

relevant in assessing suitability for public office. Furthermore, among this
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Figure 3. Distribution of responses by latent class, values data
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group, differences in education, gender, or religiosity have little impact on

their response. We can see this if we note that all the coefficients in Table

6 are negative except those for women: Thus, the expected value of the un-

derlying dependent latent variable, Y), is –4.57 for men with primary educa-

tion who attend religious services most frequently (i.e., the omitted catego-

ries of the dummy variables) and who are in the second latent class. For

men with more education or who attend less frequently, this expected value

is more strongly negative and so –4.57 is the largest value among men in

latent class 2. By the same argument, among women the largest values are

–4.02, –4.24, –4.35, and –4.43 in the United States, Poland, Germany, and

France, respectively.8 At the same time, the smaller scale parameter for latent

class 2 means that the thresholds are more widely dispersed than for latent

class 1. Taking the United States as an example, if we rescale the threshold

values by 2.238 (¼ 1/0.4467; this is the value reported in Table 6), we find

that they become –1.23, 1.81, 4.47, and 7.42. Now we can compute the prob-

ability of exceeding the jth threshold for our hypothetical man in latent class

2 with primary education who attends religious services most frequently, as

expðgðtj2ÞÞ=ð1þ expðgðtj2ÞÞ, where gðtj2Þ≡ tj2 � ð�4:57Þ. Here the 2 sub-

script refers to the second latent class. The estimated probabilities, for all

four thresholds and all four countries, are shown in Table 7, together with

the equivalent values for the first latent class. The probability of exceeding

any threshold is much greater for the second latent class, implying that

responses among its members will be clustered in the disagree categories

(as shown in Figure 3) to a much greater extent than will members of class

1. The only group for whom these probabilities will be lower are women with

the same level of education and religiosity, but even for them, the probabil-

ities are still close to one if they are members of latent class 2. For any other

combinations of education and religiosity, the probabilities will be greater.

Thus, latent class 2 comprises respondents who disagree with the statement

Table 7. Estimated Probabilities of Exceeding Given Thresholds in Each Latent Class,
Values Data

Latent
class 1

Latent
class 2

Threshold 2 3 4 5 2 3 4 5
France 0.17 0.35 0.64 0.80 0.87 0.98 1.00 1.00
Germany 0.11 0.48 0.81 0.94 0.70 0.99 1.00 1.00
Poland 0.14 0.32 0.63 0.93 0.80 0.98 1.00 1.00
United States 0.37 0.69 0.88 0.96 0.99 1.00 1.00 1.00
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that ‘‘politicians who don’t believe in god are unfit for public office’’ irre-

spective of their education or religiosity or gender. We might describe

them as having an ideological commitment that overrides the usual differen-

ces associated with education, religiosity, and gender.

Conclusions

We have presented three examples of increasing complexity to illustrate the

ordered logit mixture model. As these examples have shown, the model

allows for a variety of specifications, of which in this article we have focused

on three: allowing the mixing distributions or latent classes to have different

locations and/or different scales and allowing the threshold parameters to be

scaled differently in the different latent classes. We found that by combining

the latter, which we call the heterogeneous threshold model, with differences

in location we could capture a wide variety of possible distributions of

responses over the categories of the ordinal dependent variable.

There are several ways in which the models presented here could be ex-

tended. Most simply, we could allow the latent classes to be correlated with

some of the observed covariates instead of, as here, making them indepen-

dent. An obvious application would seem to occur in our final example,

where we might hypothesize that the distribution of the latent classes would

differ across countries.9 But here caution will be necessary because although

making latent class membership depend on observed covariates that also af-

fect the dependent variable may be an attractive idea, identification is likely

to be fragile unless the latent class distribution also depends on covariates

that do not affect the dependent variable: In other words, we need instrumen-

tal variables for identification in this case.
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Notes

1. As we have introduced it here, this model permits the scaling of thresholds over

latent variables but it has obvious applications that would involve scaling over ob-

served covariates. To model temporal convergence or polarization in attitudes, say,

we could set t to be a function of period or cohort. This would be a parsimonious

alternative to allowing the thresholds to vary freely over period or cohort.

2. There is a large literature on random effects models for data with repeated measure-

ments, such as panel or hierarchical data. Hedeker and Gibbons (1994) presented

the first general random effects model for ordinal regression models.

3. Information on both National Child Development Study (NCDS) and on the later

British Cohort Study 1970 surveys can be found at http://www.cls.ioe.ac.uk/. The

educational data used in this article come from the age 23 sweep of NCDS.

4. Applying the same latent class model to the data shown in Table 1 returns a devi-

ance of 25.38 on 22 df (p ¼ .28), while a three-class model has deviance ¼ 24.67

on 20 df.

5. The data were kindly made available to us by the UK’s Economic and Social Data

Service based at the University of Essex available at http://www.esds.ac.uk/fin-

dingData/snDescription.asp?sn¼ 2197.

6. Details of this model are available from the authors on request.

7. A test of the hypothesis that the latent class structures of the 1983 and 1984 data are

the same cannot be rejected: The test has a deviance of 1.3 on 3 df.

8. Differences between countries are captured in the country-specific threshold

parameters while gender differences (which are country-specific) are captured

by the parameters for women. Differences between men in different countries

are thus absorbed into the thresholds, while country differences between women

depend on both the thresholds and the parameters for the woman dummy variable.

9. In fact, there is some evidence that this is so, with the distribution differing in the

United States from that in France, Germany, and Poland, though this difference

does not reach statistical significance (using the .05 criterion).
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