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Abstract 

This paper describes an ordered logistic regression model for educational stratification. The 

ordered logistic regression model with proportional constraints provides estimates of the 

basic patterns associating socio-economic background with educational attainment. 

Moreover, the parameters for changes in the strength of the associations are very easy to 

interpret. Using data from the 1955–2015 Social Stratification and Social Mobility surveys 

conducted in Japan, I applied the model to analyze trends in the inequality of educational 

opportunity. The estimated parameters depict similar trends obtained from the variances 

and means of the coefficients from the ordinal ordered logistic regression. This study also 

uses data from the International Social Survey Programme conducted in 1999 to conduct a 

comparative analysis of 23 societies. The results show similar but not identical cross-

societal differences in the inequality of educational opportunity to those found by Hout 

(2006). 
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1. Introduction 

A central theme of social stratification research is the inequality of educational opportunity 

(IEO), and several statistical models have been developed to investigate the effects of social 

origins on educational attainment. Many stratification researchers have utilized linear 

regression models based on the highest levels of education and school continuation (linear 

probability model), but Mare (1981) instead proposed the use of the logistic regression 

model to measure ‘pure’ the inequality of opportunity by separating distributions 

(educational expansion) and the allocation of education (effects of socio-economic 

background). Comparative studies organized by Shavit and Blossfeld (1993) mainly 

employed Mare’s transition model, which focuses on the different effects of social 

background on sequential educational careers; the volume edited by Shavit et al. (2007) 

also employed Mare’s model. Because educational attainment is measured as an ordinal 

variable (Winship and Mare, 1984), studies of IEO have applied the ordered logistic 

regression model. As a result, recent comparative studies by Breen et al. (2009, 2010) found 

declining class inequality of educational attainment in European societies. Using the 

ordered logistic regression model, Ballarino et al. (2009) also found a reduction of IEO in 

Spain and Italy. As a threshold model (Kondo, 2000), the ordered logistic regression 

framework was applied to IEO trends in Japanese society by Kondo and Furuta (2009, 2011), 

who found a general decline over a long-term basis (cf. Nakamura 2022). 

In the usual regression models, however, the effects of several origin variables differ 

freely across cohorts or societies. This makes it difficult to interpret the trends and measure 

the relative size of the effect of the origin variables on educational attainment when 

comparing a certain cohort to the baseline cohort. Using the estimated regression coefficient, 

Breen et al. (2009, 2010) calculated measures of educational inequality across cohorts to 

capture the trend in a parsimonious and understandable way.1 This two-step method is, 

however, not straightforward. In research on social mobility, Xie (1992) and Erikson and 
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Goldthorpe (1992) proposed the log-multiplicative layer effects model and the uniform-

differences (UNIDIFF) model to compare mobility tables across cohorts, surveys, and 

societies. UNIDIFF assumes that the general pattern of local origin–destination (OD) 

association is the same over tables (𝜓𝜓𝑖𝑖𝑖𝑖), but its strength varies log-multiplicatively (𝛽𝛽𝑘𝑘) 

with the layer variable, L (𝜆𝜆𝑖𝑖𝑖𝑖𝑘𝑘𝑂𝑂𝑂𝑂𝑂𝑂 = 𝛽𝛽𝑘𝑘𝜓𝜓𝑖𝑖𝑖𝑖). Such proportionality constraints elucidate the 

overall changes or differences in social fluidity in a direct and parsimonious manner. 

Hauser and Andrew (2006) applied this assumption regarding proportionality 

constraints to Mare’s transition model and developed the logistic regression model with 

partial proportionality constraints (LRPPC) (see also Mare (2006)). Hauser and Andrew 

(2006) used the proportionality constraints 𝜆𝜆𝑖𝑖  to indicate that the effects of socio-

economic background change proportionally across transition levels. Fullerton (2009) 

extended Hauser and Andrew’s approach, applying constraints on 𝜙𝜙𝑖𝑖 to indicate that the 

effects change proportionally across thresholds and thus relaxing the proportional odds 

assumption. I extend this proportional constraints framework to the case of the trend and/or 

comparative analyses using the ordered logistic regression model. 

In this paper, I present an ordered logistic regression model to describe the trends in 

IEO in a more parsimonious way. I demonstrate the proposed method using a comparative 

analysis. 

 

2. Statistical Model  

Given a set of socio-economic origin variables x, the probability that educational attainment 

𝑦𝑦  is less than or equal to the jth educational level can be written as Pr (𝑦𝑦 ≤ 𝑗𝑗|𝐱𝐱) . The 

ordered logistic response model is then given by (Long and Freese, 2014): 

 

log
Pr(𝑦𝑦𝑖𝑖 ≤ 𝑗𝑗|𝑥𝑥𝑖𝑖)
Pr(𝑦𝑦𝑖𝑖 > 𝑗𝑗|𝑥𝑥𝑖𝑖)

= 𝜏𝜏𝑖𝑖 − β𝑥𝑥 
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This model assumes that the odds are proportional and the coefficients 𝛃𝛃 do not vary across 

educational levels. If we relax the proportional odds assumption, the model becomes 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖 − 𝐱𝐱𝛃𝛃𝑖𝑖 . 

 

This is the generalized ordered logistic regression model (Williams, 2006). Because our 

focus is the trends in educational inequality, the following models only use the subscript 𝑗𝑗 

in the thresholds.2 

We can add the subscript 𝑡𝑡, indicating the 𝑡𝑡th cohort (𝑡𝑡 = 1, 2, … ,𝑇𝑇) to the thresholds 

and/or the effects of socio-economic origin variables, and we allow these to vary across the 

cohorts. The following equation allows thresholds to vary across the cohorts. The model 

fully specifies changes in the threshold structure. In the model, the effects of socio-

economic origin variables are the same across cohorts. 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖𝑗𝑗 − 𝐱𝐱𝛃𝛃. 

 

Relaxing the homogeneous effects across cohorts in equation (3), the model becomes 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖𝑗𝑗 − 𝐱𝐱𝛃𝛃𝑗𝑗 . 

 

This is almost identical to the model employed by Breen et al. (2009, 2010). The threshold 

parameters are allowed to vary across the cohorts; the effects of independent variables vary 

freely across the cohorts but do not vary across levels of educational thresholds (the 

proportional odds assumption). Because there are 𝐾𝐾 socio-economic origin variables in 

the analysis, this model produces 𝐾𝐾 × 𝑇𝑇 parameters for changes in the effects. 
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The next model assumes that the thresholds change across cohorts but the origin effects 

remain constant. I have developed a more parsimonious model, which assumes 𝛃𝛃𝑗𝑗 = 𝜙𝜙t𝛃𝛃. 

The equation is written as: 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖𝑗𝑗 − 𝐱𝐱𝜙𝜙𝑗𝑗𝛃𝛃. 

 

where 𝜙𝜙t  is the parameters of proportional change. This model assumes that the basic 

patterns of the effects of a set of origin variables are the same (𝛃𝛃) irrespective of cohorts, 

but the strength of the effects differs over cohorts (𝜙𝜙t). A more general parsimonious model 

can be specified as follows (Fullerton, 2009): 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖𝑗𝑗 − (𝐱𝐱1𝜙𝜙𝑗𝑗𝛃𝛃1 + 𝐱𝐱2𝛃𝛃𝟐𝟐𝟐𝟐 + 𝐱𝐱3𝛃𝛃𝟑𝟑), 

 

where 𝛃𝛃2𝑗𝑗  is a vector of coefficients that vary across cohorts and 𝛃𝛃3  is a vector of 

coefficients that remain constant across cohorts. 

The effects of some independent variables may persist and those of others may change 

in different ways across cohorts, as demonstrated by Bukodi and Goldthorpe (2012). In the 

following equation, there are two different parameters for proportional change across 

cohorts (𝜙𝜙(1) and 𝜙𝜙(2)). 

 

log
Pr(𝑦𝑦 ≤ 𝑗𝑗|𝑋𝑋)
Pr(𝑦𝑦 > 𝑗𝑗|𝑋𝑋)

= 𝜏𝜏𝑖𝑖𝑗𝑗 − �𝐱𝐱1𝜙𝜙𝑗𝑗𝛃𝛃1 + 𝐱𝐱2𝜙𝜙𝑗𝑗
(2)𝛃𝛃2 + 𝐱𝐱3𝛃𝛃3𝑗𝑗 + 𝐱𝐱4𝛃𝛃𝟒𝟒�. 

 

When the trends with respect to two sets of independent variables are the same (𝜙𝜙(1) =

𝜙𝜙(2)), equation (7) becomes equation (6). If there are M different possible trends, we can 

use ∑𝑚𝑚=1
𝑀𝑀 𝐱𝐱𝑚𝑚𝜙𝜙𝑗𝑗

(𝑚𝑚)𝛃𝛃𝑚𝑚. 
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I utilized these models to analyze the IEO trend in Japan and to compare IEO across 23 

societies. Standard statistical packages such as Stata (gologit2), R (vglm in VGAM), and 

LEM (see Breen and Luijkx (2010)) can easily estimate equations (1)–(4). We can estimate 

equations (5)–(7) using the “ml” program in Stata (Hauser and Andrew, 2006) and LEM 

(Breen and Luijkx, 2010). To estimate the model parameters, I first used a Bayesian 

technique with non-informative priors in Stan (Fullerton and Xu, 2016; Gelman et al., 2014) 

for trend analysis and then I used the ml program of Stata for comparative analysis. 

 

3. Trend Analysis 

3.1. Data 

I used data from the Social Stratification and Social Mobility (SSM) Survey, which has 

been conducted every ten years since 1955. I used data from SSM1955–SSM2015 and 

restricted our analyses to male respondents. The total sample size used in the following 

analysis was 11,413. 

 

3.2. Variables 

The dependent variable was a four-category version of educational attainment based on the 

CASMIN educational schema (Müller and Karle, 1993): compulsory education (1abc), full 

secondary education including both general and vocational courses (2bc), lower tertiary 

education including junior colleges and technical colleges (3a), and higher tertiary 

education including four-year colleges and universities or beyond (3b). I used two 

independent variables to classify the socio-economic background of respondents: class 

origin and father’s education. The class origin variable is based on the seven-category 

version of the Erikson–Goldthorpe–Portocarero class scheme (Erikson and Goldthorpe, 

1992), which consists of a higher-grade service class (I); lower-grade service class (II); 

routine non-manual class (III); non-farm petty bourgeoisie class (IVab); farmers and manual 
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workers in agriculture (Ivc+VIIb); technicians, supervisors, and skilled manual workers 

(V+VI); and semi- and unskilled manual workers (VIIa). The father’s education was 

classified as compulsory education (1abc), full secondary education (2bc), or tertiary 

education (3ab). I used seven birth cohorts: 1926–35, 1936–45, 1946–55, 1956–65, 1966–

75, 1976–85, and 1986–95. I also included variables for the survey periods as control 

variables. Table 1 indicates the sample size by survey and cohort and Figure 1 shows the 

size of the 18-year-old population and the educational enrollment rates in Japan over the 

years. 
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3.3. Statistical Analysis 

Figure 2 indicates the distribution of the respondents’ educational attainment by class origin 

(top) and father’s level of education (bottom). The level of education is increasing for all 

classes, but there exist socio-economic differentials in educational attainment. 

 

 

 

Figure 3 shows the estimated parameters from the ordered logistic regression model. 

The left side of Figure 3 shows the results of class inequality. The baseline category is class 

I (higher-grade service class), which covers participants in the most advantageous position. 

The differences between class I and the other classes appear to narrow between the 1926–

35 and 1975–85 cohorts, which suggests that class inequality has decreased over time. This 
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result concurs with the findings of Kondo and Furuta (2011), who applied the same ordered 

logit model to data from SSM1955–SSM2005. Moreover, this trend is consistent with those 

found in European societies (Ballarino et al., 2009; Breen et al., 2009, 2010). For the 1986–

95 cohort, however, the gap between class I and less advantageous classes increased over 

previous cohorts. If, instead of class origins, we use the father’s education as the socio-

economic origin variable, the results show a rather stable trend (right side of Figure 3). We 

can see that the effects of the father’s education are stable, but increase in the 1986–95 

cohort. 

 

 

 

To capture the patterns and trends of inequality in a more parsimonious way, I applied 

the ordered logistic regression model with proportional constraints.3 The following analysis 

is based on equation 6. Figure 4 shows the basic pattern of the effects of class origins on 

educational attainment (left side) and the parameters for proportional changes in the effect 

of class origins across cohorts (right side). The order (from highest to lowest) is as follows: 

I, II, III, Ivab, and the other class categories (Ivc+VIIb, V+VI, and VIIa). The association 

between class origin and educational attainment decreased from the 1926–35 to the 1976–

85 cohorts. The same association increased for the 1986–95 cohort, but the differences are 
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not statistically significant. 

 

 

 

Figure 5 shows the basic pattern of the effects of the father’s education and the 

parameters for proportional changes. The trend is similar to that for class origin, but 

remains relatively stable. I can see that inequality significantly increased for the 1986–95 

cohort. This result indicates that the effects of class origin on educational attainment have 

decreased, but those of the father’s education have remained constant in Japan. 

 

 
 

Because we found a similar (but not identical) trend between class origin and father’s 

education, we further analyzed the overall IEO trends using both class origin and father’s 

education as independent variables, and assumed that the parameters of proportional change 
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were the same (𝜙𝜙(1) = 𝜙𝜙(2)).4 The left-hand side of Figure 6 shows that the effects of both 

class origin and father’s education decreased compared with those in Figures 4 and 5, but 

the effects were reliably different from zero and substantial. The right-hand side of Figure 

6 shows the declining IEO trend from the 1926–35 to 1976–85 cohorts and a spike in the 

1986–95 cohort. From this result, I can conclude that the effects of socio-economic 

background on educational attainment have decreased over time in Japan. The results also 

suggest that inequality increased for the youngest cohort (1986–95), but we should interpret 

this result carefully because of the very small sample size. 

 

 
 

Following Breen et al. (2009, 2010), I also calculated the variances of coefficients (𝜅𝜅) 

and the unweighted means of coefficients varying across cohorts. The larger the value of 

𝜅𝜅, the less equal the educational opportunity. Lower values of the unweighted mean indicate 

less equality of opportunity. Figure 7 shows the 𝜅𝜅 values and unweighted means calculated 

using the coefficients shown in Figure 3 across cohorts with respect to father’s education 

and class origin. Both measures depict a similar trend to the proportional change parameters 

(𝜙𝜙 ), and there is a strong correlation between these measures and 𝜙𝜙 . The correlation 
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between 𝜅𝜅  and 𝜙𝜙  is 0.987 for father’s education and 0.867 for class origin, and the 

correlation between the unweighted means and 𝜙𝜙 is −0.934 for father’s education and −

0.960 for class origin. 

 

 

 

4. Comparative Analysis 

4.1. Data 

To assess the maximally maintained inequality hypothesis from a comparative framework, 

Hout (2006) used data from the International Social Survey Programme (ISSP) conducted 

in 1999. The theme of ISSP 1999 was social inequality, and the survey collected not only 

the respondents’ current situation, but also family background such as parental education. 

The ISSP social inequality module was also conducted in 2009, but the survey did not ask 

about parental education. Therefore, I used data from ISSP 1999 (ISSP Research Group 

2002), as did Hout (2006). The number of respondents was 17,246. 

 

4.2. Variables 

In the analysis, I used data from 23 societies (Australia, Canada, Chile, Cyprus, Czech 

Republic, East Germany, France, Hungary, Israel, Japan, Latvia, New Zealand, Norway, 
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Philippines, Poland, Portugal, Russia, Slovakia, Slovenia, Spain, Sweden, USA, and West 

Germany). We did not use data from Great Britain, Northern Ireland, Austria, or Bulgaria, 

because information on socio-economic background was not collected in these societies. 

The datasets from Brazil, Switzerland, Denmark, Ireland, and the Netherlands were not 

included in the integrated file.5 Because Hout (2006) used data from Brazil and Ireland, we 

could not replicate their results. 

The dependent variable is a three-category version of educational attainment: (1) 

primary (none, incomplete primary, primary complete, and incomplete secondary), (2) 

secondary (secondary complete), and (3) tertiary education (incomplete university and 

university complete). Hout (2006) used five levels of educational attainment, but to 

estimate the thresholds correctly with respect to societies and cohorts, I used three 

categories. The independent variables are father’s and mother’s education (each has seven 

categories) and the number of books at home (0–8). I treat these as continuous variables 

and standardize them. I also use a dummy variable for gender (0 for male and 1 for female). 

 

4.3. Statistical Analysis 

The proposed model can be extended to other types of studies, such as comparative analyses. 

Hout (2006) employed a similar ordered logistic regression model, but did not model the 

thresholds. His comparative model assumed that the intervals of the threshold parameters 

did not vary freely across cohorts and societies. This indicates that he did not fully control 

for the distributions of educational attainment for each country, which might cause some 

bias. 

I use the subscript 𝑠𝑠  for the 𝑠𝑠 th society and estimate different thresholds among 

societies that vary across cohorts (𝜏𝜏𝑖𝑖𝑗𝑗) to take into account different marginal distributions 

of educational attainment (Kondo and Furuta, 2009). I also estimate the basic pattern of 

inequality (𝛃𝛃) and the strength of association (𝜙𝜙), which differs among societies. In this 
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model, I assume that the strength of association between social origin and educational 

attainment in a certain society remain constant over time. I also assume that the thresholds 

(𝜏𝜏) differ according to the combination of country and cohort, gender and country, and 

gender and cohort; the strength of association (𝜙𝜙) is assumed to differ according to the 

combination of gender and cohort. 

Figure 8 displays educational attainment across cohorts for each society. In many 

societies, the share of primary education has declined while that of tertiary education has 

increased. Educational expansions also reflect changes in the estimated thresholds on the 

left side of Figure 9. Table 2 presents the basic patterns of IEO among the 23 countries. 

The effects of father’s and mother’s education and the number of books are positive and 

statistically significant. The estimated parameters of the proportional changes are shown 

on the right of Figure 9. The magnitude of IEO varies across societies, as Hout (2006) 

estimated. Compared to Canada and Latvia, Japan is a less equal society in terms of IEO. 

Japan is, however, a more equal society than Portugal, Spain, Czech Republic, West 

Germany, Cyprus, Chile, and Israel. The relationship between our estimates and those of 

Hout (2006) is shown in Figure 10. The correlation coefficient is 0.842, indicating a very 

high but imperfect association. Hout (2006)’s model estimated the relative standings of the 

US and the Czech Republic to be lower and those of France, Norway, and the Philippines 

to be higher than in the revised model (Model 1). 
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I also constructed a model similar to that of Hout (2006) by assuming no two-way 

interaction between thresholds and countries, cohorts, and gender (Model 2). In Model 2, 

the two-way interactions between countries, cohorts, and gender are included as 
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independent variables. Our model (Model 1) outperforms Model 2 in terms of both AIC and 

BIC (Table 3), which indicates that the assumption of Model 2 (and that of Hout (2006)) is 

too restrictive to fit the data. Model 1 uses another 117 parameters for thresholds, and this 

improves the fit of the model. The correlation between Hout (2006)’s parameters and those 

estimated by Model 2 is 0.872. This indicates that the result from Model 2, which is more 

restrictive, is more similar to that of Hout (2006) than that from Model 1. 

 

 
 

5. Conclusion and Discussion 

The ordered logistic regression model with proportional constraints provides us with 

estimates of the basic patterns of the association between dependent and independent 

variables, which are essential in describing the regularities of social phenomena that 

constitute the explananda (Goldthorpe, 2007). In addition, the model provides parameters 

for changes in strength that are very easy to interpret, not only for researchers but also for 

policymakers. The 𝜅𝜅 index and means of coefficients are also of use for summarizing the 

results of regression coefficients, even when the patterns of association differ between 

groups such as cohorts and societies. The ordered models I have proposed give more direct 

estimates of the trends and differences. 

The IEO trend in Japan concurs with the findings of Kondo and Furuta (2009, 2011), 

Breen et al. (2009), and Ballarino et al. (2009): inequality is decreasing. However, contrary 

to the results for European societies (Breen, 2004), the association between class origins 

and class destination has remained stable during the post-war period (Ishida and Miwa, 

2008). These findings suggest that the role of education in reducing the association between 
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class origins and class destination and increasing social fluidity has been limited in Japan. 

Moreover, we need to investigate whether the sharp increase in IEO in the youngest cohort 

can be replicated with new data and analyze the impact on social mobility. To examine IEO 

from not only vertical but also horizontal stratification perspectives, using detailed 

categories of educational attainment (Fujihara and Ishida, 2016), the ordered logistic 

regression model with proportional constraints would be useful. 

To demonstrate the usefulness of the model, I also used ISSP1999 to compare IEO 

across societies. The model clarified the variation of educational inequality among 23 

societies in a less restrictive way, that is, with fewer assumptions on the thresholds. Further 

comparative studies are required to assess the relative position of societies regarding IEO 

using data with rich information on socio-economic background and comparable 

educational attainment measures.  

Although there are some arguments about comparing coefficients across groups 

(Allison 1999; Breen et al. 2014; Mood 2010; Williams 2009), the method I proposed here 

is useful for describe empirical regularities of educational stratification (cf. Breen et al. 

2018; Kuha et al. 2017). 

 

Notes 

1) See also Hout et al. (1995) and Arum et al. (2007). 

2) The generalized ordered logistic regression model is useful for investigating differences 

in the effect on passing educational transitions (Davies et al., 2002; Kondo and Furuta, 

2009). 

3) I used eight Markov chains. For each chain, the number of iterations was 10,000 (5,000 

for warmup and 5,000 for sampling). For all parameters, 𝑅𝑅� = 1.01, indicating successful 

convergence. 

4) We can easily compare the model fit between more and less constrained models using 
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the ml program. In the Bayesian estimation, the Widely Applicable Bayesian Information 

Criterion (WAIC) can be used for model selection (Watanabe, 2013). 

5) https://www.gesis.org/issp/modules/issp-modules-by-topic/social-inequality/1999/ 
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