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Analysis assessed structure underlying the cross-classification of 

social class of N = 9,434 son’s aged 20-64 years, and their father’s 

social class when the son was 14 years of age. No satisfactory log-

linear model was identified. UniODA-based structural decomposition 

analysis identified four models that together yielded a strong effect. 

 

 

In the first step of UniODA-based structural 

decomposition
2,3

 the a priori hypothesis that the 

social class of father and son are coincident
2,3

 is 

tested vis-à-vis the following UniODA
2,3

 and 

MegaODA
4-6

 software command syntax: 

   OPEN mobility.dat; 

   OUTPUT mobility.out; 

   VARS father son; 

   CLASS son; 

   ATTRIBUTE father; 

   DIRECTIONAL < 1 2 3 4 5 6 7; 

   MCARLO ITER 2000; 

   GO; 

 The classification accuracy yielded by 

the a priori hypothesis was statistically signifi-

cant (p < 0.0001), however it reflected a weak 

effect
2,3

 (ESS = 12.8). 

To prepare the data set for the second 

step of the decomposition analysis, in the initial 

data
1
 the correctly classified observations (i.e., 

the table cells) were set equal to zero, rendering 

a residual table consisting of all misclassified 

observations: that is, the original table with all 

elements of the major diagonal set to zero. In 

the absence of an a priori hypothesis concerning 

structure underlying the residual data, an 

exploratory UniODA model was obtained by 

deleting the DIRECTIONAL command, and 

substituting the residual data for the original 

data, in the syntax given earlier. The resulting 

UniODA model was: 

   if father’s class = 1, predict son’s class = 2; 

   if father’s class = 2, predict son’s class = 1; 

   if father’s class = 3, predict son’s class = 5; 

   if father’s class = 4, predict son’s class = 3; 

   if father’s class = 5, predict son’s class = 4; 

   if father’s class = 6, predict son’s class = 7; 

   if father’s class = 7, predict son’s class = 6; 
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This model identified a statistically sig-

nificant (p < 0.0001), relatively weak (ESS = 

11.1) effect. The structure underlying the model 

may be described as reflecting local regression 

across the class domain.
2,3

 That is, upper- (1 and 

2) and lower-class (6 and 7) fathers and sons 

tend to remain at the poles; sons in the middle 

(4) and lower-middle (5) classes both elevate 

one social class; and sons of upper-middle class 

fathers (3) regress to the lower-middle class. 

In the third step of the decomposition 

analysis all observations correctly classified by 

the second (local regression) model are deleted 

from the residual table, and then the UniODA / 

MegaODA program is re-executed using the 

updated residual table. The resulting UniODA 

model was: 

   if father’s class = 1, predict son’s class = 4; 

   if father’s class = 2, predict son’s class = 3; 

   if father’s class = 3, predict son’s class = 1; 

   if father’s class = 4, predict son’s class = 7; 

   if father’s class = 5, predict son’s class = 6; 

   if father’s class = 6, predict son’s class = 2; 

   if father’s class = 7, predict son’s class = 5; 

This model identified a statistically sig-

nificant (p < 0.0001), relatively weak (ESS = 

13.1) effect. The structure underlying the model 

may be described as reflecting regression across 

the class domain: the social class of sons having 

fathers in class 1, 2, and 4 decreased; and the 

social class of sons having fathers in class 3, 6, 

and 7 increased. The most extreme changes 

occurred for sons of upper-lower class (6) 

fathers elevating to lower-upper class (2); sons 

of middle-class fathers (4) falling to the lowest 

social class (7); and sons of fathers in the 

highest class (1) falling to middle-class (4). 

A third and final exploratory model was 

extracted that may be described as reflecting a 

“bloated specific”: the predominant structural 

feature of the model was a precipitous rise from 

the lowest class to the highest class for N = 190 

sons. The resulting UniODA model was: 

   if father’s class = 1, predict son’s class = 3; 

   if father’s class = 2, predict son’s class = 4; 

   if father’s class = 3, predict son’s class = 2; 

   if father’s class = 4, predict son’s class = 6; 

   if father’s class = 5, predict son’s class = 7; 

   if father’s class = 6, predict son’s class = 5; 

   if father’s class = 7, predict son’s class = 1; 

This model identified a statistically sig-

nificant (p < 0.0001), relatively weak (ESS = 

20.2) effect. In addition to the maximum-

possible ascension in social class described 

already, four groups of sons had a minor (two-

step) increase in class, and two groups had a 

minor (one-step) decrease in social class.  

Sequential cumulative classification 

performance of the four models identified in the 

structural decomposition analysis is summarized 

in Table 1. As seen the UniODA models yield 

monotonically increasing cumulative ESS and 

percent of total sample correctly classified. 

Table 1: Cumulative Classification Performance 

of the Four UniODA Models Identified in 

Structural Decomposition Analysis 

                            Sensitivity as a Function of  

                                Sequentially Extracted 

                                     UniODA Models 

      Son’s Class      1          2          3         4 

               1           24.2     36.7     46.7     59.3 

               2           11.8     23.7     44.7     54.7 

               3           10.2     22.4     30.0     39.1 

               4           36.5     45.9     51.9     56.3 

               5           15.6     23.7     52.2     81.5 

               6           39.4     68.8     80.2     89.8 

               7           39.3     69.6     81.9     90.5 

    % of Sample   28.4     47.8     61.4     73.0 

       Correctly 

       Classified 

             ESS        12.8     31.8     47.9     61.9 

   ---------------------------------------------------- 
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Considered together the four models 

yielded a relatively strong effect (correctly 

classifying 3 of 4 sons in the sample) that is 

arguably approaching the upper-bound of 

accuracy that is possible given the validity of 

the measurement precision that is possible vis-à-

vis a 7-point graduated index of social class. As 

seen in Table 1, model sensitivity for lower 

social class (scores of 5 through 7) is greater 

than model sensitivity for the higher-social-class 

ratings (scores of 1 through 4). 

In contrast, as is invariably true in 

applications represented as turnover tables, no 

statistically satisfactory log-linear model was 

identified for these data.
1-3
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