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Online APPENDIX 1: Data Description  

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

Table A1. Data Sources (with original and effective N) 

Source Scope Original N Age 
Effective N 

Men Women 

1 CEDOP2003 National 1538 18 + 470 489 

2 CEDOP2004 National 1000 18 + 307 327 

3 CEDOP2005p National 1420 18 + 459 447 

4 CEDOP2005q National 1000 18 + 344 329 

5 CEDOP2007 National 3313 18 + 1188 1326 

6 CEDOP-HIV2008 National / Towns 50,000+ 2765 20-69 1240 984 

7 CEDOP2009 National 2263 18 + 707 655 

8 EDSA2010 National / Towns 80000+ 5682 18 + 1653 1314 

9 CEDOP2012 National 977 18 + 262 296 

10 PISAC2015 National / Towns 2,000+ 27610 0+ 3153 2928 

11 EDSA2017 National / Towns 80,000+ 5729 18 + 1685 1660 

12 COVID2021 National / Towns 50,000+ 5239 18+ 1707 1943 

    58536   13175 12698 

Source: ARGMOB2003-2021 Database. Effective N after selection of men and women aged 

25-65 with complete information on origins and destinations. 

 

References 

1) Study: "Utilization and Expenditure in Health Services"- Ministerio de Salud 

and CEDOP/IIGG (Centro de Estudios de Opinión Pública, Instituto de Investigaciones 

Gino Germani, Universidad de Buenos Aires.) 

2) ISSP Module 2003: "National Identity". CEDOP carried out this ISSP’s Module 

without being member of ISSP. 

3) International Study: "Stigma in Global Context" (Indiana University). 

Argentina´s field work and extra socio-demographic questions by CEDOP/IIGG.  
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4) Study: "Utilization and expenditure in health services"- Ministerio de Salud and 

CEDOP/IIGG. 

5) Two ISSP Modules 2006-2007: a) "Role of Government IV"; b) "Leisure Times 

and Sports". As members of ISSP. 

6) Study: "Attitudes towards Aids"- Health Group at IIGG. Field work and many 

socio-demographic questions by CEDOP.   

7) ISSP Module 2009: "Social Inequality IV"; ISSP Module 2010: “Environment”. 

As member of ISSP. 

8) Encuesta de la Deuda Social de Argentina 2010. Carried out by Observatorio de 

la Deuda Social de Argentina (ODSA), Universidad Católica de Argentina.  

9) ISSP Module 2012: "Family and Changing Gender Roles IV". As members of 

ISSP. 

10) Programa de Investigación sobre la Sociedad Argentina Contemporánea. 

Ministerio de Ciencia, Tecnología e Innovación Productiva. 

11) Encuesta de la Deuda Social de Argentina 2017. Carried out by Observatorio de 

la Deuda Social de Argentina (ODSA), Universidad Católica de Argentina. 

12)         Encuesta nacional sobre la Estructura social de la Argentina y políticas 

públicas durante la pandemia por COVID-19 (ESAyPP/PISAC-COVID-19). Performed 

by PIRC-ESA and TRIP-COVID. 

Sampling 

As stated in the paper, all surveys employed multi-staged random sampling, but for 

surveys 4, 6, 8, and 11, stratification by sex and age was used.  

Data availability 

The count analyzed in the papers are available from the first author upon request and 

included in the OSF archive OSF.io/TOBEADDED  
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Online APPENDIX 2: EGP Classification 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

For the EGP construction, we relied upon Ganzeboom’s algorithm (Ganzeboom et al 

1989; Ganzeboom & Treiman 2003) to derive these categories from ISCO-88 and 

auxiliary variables on self-employment and supervising status. The EGP algorithm 

distinguishes 11 categories which we aggregated into 7 and named EGP7.  Aggregation 

is necessary because some EGP11 categories have so few cases, that they cause “empty 

cell problems” when cross-classified by gender, cohort, origins and education. This is in 

particular true for the two farm destinations (IV-c and VII-b), and manual supervisors 

(V), and predominantly for the women. Even when the two farm categories would be 

combined, less than 1% of women would be in this these destinations.  

There are many alternative EGP aggregations in the literature. In EGP7, we preferred to 

have a united lower manual working-class, consisting of Unskilled Manual Workers and 

Agricultural Workers (VII-a and VII-b). We preferred to combine Self-employed Farm 

(IV-c) with the other Small Self-employed and Small Proprietors (IV-ab) – which is in 

line with the original British class scheme. Like many others we merged Manual 

Supervisors with Skilled Workers (V + VI). Our EGP7 classification differs from the 

original British one by separating the intermediate class III in to III-a (mostly Clerical 

Workers) and III-b (Lower Service and Sales). [Erikson & Goldthorpe (1992: 47) noted 

that if they would have had women in their surveys, then III-b for women would had 

been positioned at the end.] 

There is a legitimate concern whether the aggregation necessary to make the data 

amenable to categorical data analysis affects the results of these analyses in any 
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appreciable way. Combining and aggregating categories may induce random 

measurement error which drives down associations. Guidance about how to best 

combine categories can be obtained from methods developed by Goodman (1981). 

Table A2.1 showed Goodman optimal scale scores for the original 11 categories and 

the two aggregations EGP7 and EGP8. While it is clear that EGP7 combines somewhat 

heterogeneous categories, it is also clear that EGP8 would not solve the empty cells 

problem. 

 

Table A2.1: The EGP class categories with optimal scale scores 

  Marginals Class categories Optimal scaling 

  EGP11 EGP7 EGP8 EGP11 EGP7 EGP8 EGP11 EGP7 EGP8 

I 

Higher 

Manageria

l and 

Profession

al Workers 

7.9% 11.8% 11.9% I 1 1 2.104 2.277 2.200 

II 

Lower 

Manageria

l and 

Profession

al Workers  

6.9% 11.3% 14.0% 2 2 2 1.422 1.505 1.539 

IlI-a 

Routine 

Clerical 

Workers 

5.5% 5.9% 15.1% 3 3 3 0.873 0.960 0.978 

III-b 

Routine 

Service 

and Sales 

Workers 

4.7% 5.4% 15.1% 4 6 6 0.301 0.271 0.344 

IV-a 

Small 

Self-

Employed 

with 

Employee

s 

6.3% 5.0% 2.3% 5 4 4 0.957 0.105 0.222 
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IV-b 

Small 

Self-

Employed 

without 

Employee

s 

17.9% 19.5% 13.2% 6 4 4 -0.035 0.105 0.222 

V 

Manual 

Supervisor

s 

3.1% 2.7% .4% 7 5 5 0.125 -0.329 -0.277 

VI 

Skilled 

Manual 

Workers 

11.9% 11.5% 3.7% 8 5 5 -0.385 -0.329 -0.277 

VIl-a 

Semi- and 

Unskilled 

Manual 

Workers 

23.0% 23.3% 23.7% 9 7 7 -0.770 -1.088 -0.919 

VII-b 
Agricultur

al Workers 
7.5% 2.0% .6% 10 7 8 -1.780 -1.088 -1.181 

IV-c 

Self-

Employed 

Farmers 

5.3% 1.4% .2% 11 4 8 -0.542 0.105 -1.181 

The EGP derivation from ISCO-68 and auxiliary variables was originally developed by 

Ganzeboom et al. 1989, updated to ISCO88 by Ganzeboom & Treiman 2003. Optimal scale 

scores are obtained with Goodman’s scaled association model, calculated in LEM [mod 

{TO,TD,ass2(O,D,T,6b) spe(OD,5a,T,b)}]. Values are re-expressed in Z-metric. 

 

References: 

Ganzeboom, H., R. Luijkx, and D. Treiman 1989. Intergenerational Class Mobility in 

Comparative Perspective. Research in Social Stratification and Mobility 8:3–84.  

Ganzeboom, H., and D. Treiman 1996. Internationally Comparable Measures of 

Occupational Status for the 1988 International Standard Classification of 

Occupations. Social Science Research 25(3):201–239. doi: 

10.1006/ssre.1996.0010. 

Ganzeboom, H., and D. Treiman 2003. Three Internationally Standardised Measures for 

Comparative Research on Occupational Status. In Advances in Cross-National  
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Comparison. Pp. 159–193. Om J. H. Hoffmeyer-Zlotnik and C. Wolf, eds. 

Boston, MA: Kluwer Academic Publishers-Plenum Publishers. 

Goodman, L. 1981. Criteria for Determining Whether Certain Categories in a Cross- 

Classification Table Should Be Combined, with Special Reference to 

Occupational Categories in an Occupational Mobility Table. American Journal 

of Sociology 87(3):612–650. doi: 10.1086/ 227498. 
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Online APPENDIX 3: Basic tables of counts and tests of adequate survey 

harmonization 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

Basic Crosstabulations 

This appendix provides the basic tabulations of bivariate relationships between Origins, 

Destinations and Education. 

 

Table A3.1: Origins by Destinations 

  
EGP7  

Total 
1 I 2 II 3 III-a 4 IV-abc 5 V+VI 6 III-b 7 VII-ab 

FEGP7 MEN  

1 I 354 207 77 182 51 53 80 1004 

2 II 177 206 73 180 88 59 105 888 

3 III-a 137 103 99 158 75 39 144 755 

4 IV-abc 417 407 207 1368 500 207 852 3958 

5 V+VI 154 189 103 489 454 96 524 2009 

6 III-b 74 85 36 113 83 71 101 563 

7 VII-ab 236 296 185 937 625 183 1536 3998 

  1549 1493 780 3427 1876 708 3342 13175 

FEGP7 WOMEN  

1 I 349 257 177 113 10 82 46 1034 

2 II 187 232 182 104 21 106 72 904 

3 III-a 141 119 128 96 20 76 93 673 

4 IV-abc 430 527 549 644 134 560 861 3705 

5 V+VI 135 230 333 286 109 304 451 1848 

6 III-b 91 108 97 101 23 120 109 649 

7 VII-ab 176 306 447 648 196 665 1447 3885 

  1509 1779 1913 1992 513 1913 3079 12698 

 

Table A3.2: Origins by Education 

 
FEGP7 

Total 
1 I 2 II 3 III-a 4 IV-abc 5 V+VI 6 III-b 7 VII-ab 

EDUC3 MEN 

1 Incomplete secondary 

and below 
13.0% 21.4% 30.5% 45.6% 49.3% 32.9% 62.9% 45.9% 

2 Secondary and 

incomplete tertIary 
38.8% 48.5% 44.9% 38.1% 38.8% 43.7% 30.7% 37.4% 

3 Tertiary complete 48.1% 30.0% 24.6% 16.2% 11.9% 23.4% 6.4% 16.7% 
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Total (100%) 1004 886 753 3957 2008 563 3997 13168 

  WOMEN 

1 Incomplete secondary 

and below 
8.1% 12.6% 22.7% 36.9% 39.2% 24.7% 56.2% 37.7% 

2 Secondary and 

incomplete tertary 
33.1% 42.0% 43.5% 38.1% 40.7% 46.1% 31.6% 37.0% 

3 Tertiary complete 58.8% 45.4% 33.7% 25.0% 20.1% 29.3% 12.2% 25.3% 

Total (100%) 1034 904 673 3704 1847 649 3884 12695 

 

 

Table A3.3: Destination by Education  

 
EGP7 Total 

(100%) 1 I 2 II 3 III-a 4 IV-abc 5 V+VI 6 III-b 7 VII-ab 

EDUC3 MEN 

1 Incomplete secondary 

and below 
2.6% 4.0% 3.1% 30.6% 18.2% 3.9% 37.5% 6045 

2 Secondary and 

incomplete tertIary 
9.1% 14.4% 8.5% 26.4% 13.8% 7.9% 19.9% 4920 

3 Tertiary complete 42.7% 24.5% 7.9% 12.6% 4.4% 3.6% 4.3% 2203 

Total (100%) 11.8% 11.3% 5.9% 26.0% 14.2% 5.4% 25.4% 13168 

  WOMEN 

1 Incomplete secondary 

and below 
1.6% 3.1% 5.3% 19.0% 6.1% 16.9% 47.9% 4787 

2 Secondary and 

incomplete tertary 
8.0% 15.5% 19.9% 18.2% 3.8% 19.3% 15.2% 4702 

3 Tertiary complete 32.9% 28.1% 22.5% 7.0% 1.2% 6.1% 2.1% 3206 

Total (100%) 11.9% 14.0% 15.1% 15.7% 4.0% 15.1% 24.2% 12695 

 

 

Tests of adequate survey harmonization 

We compared: (a) the distribution of class origins across surveys, (b) the distribution of 

class origins across birth cohorts, (c) the distribution of class origins by survey within 

each cohort, and (d) the distribution of education across surveys. In all cases, the 

observed Cramer’s V values, below 0.10, indicated a very weak or negligible 

association. We also performed the same tests for fathers’ and/or mothers’ educational 

levels in those surveys where the information was available.  

An additional test of successful data harmonization followed the approach used by 

Breen et al. (2009). To examine whether C-O, C-E, and C-OE relationships varied 
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across survey periods (CS term), they compared four log-linear models: (1) COE CS SO 

SE, (2) COE CSO SE, (3) COE CSO CSE, and (4) COE CSO CSE SOE. As they 

explain (p. 1488): “In model 1 none of them does; in model 2 the distribution of class 

origins in each cohort, CO, is allowed to differ over surveys, yielding the term CSO; in 

model 3, so is the distribution of education (CE), giving CSE; and in model 4 we allow 

the association between origins and education (OE) to vary over surveys (SOE).” For 

Argentina, as in most of the countries considered by Breen et al. (2009), the results were 

somewhat problematic: only model 4 fit the data (as in France and the Netherlands, 

though less strongly). They added that since their purpose was “to model the association 

between class origins and educational attainment in each cohort,” what they “really 

need to know is whether, within each cohort taken separately, this association varies 

over surveys.” To assess this, they fitted “the model of common (across surveys) 

association between origins and education to the observations of each cohort” (p. 1490). 

They found no evidence of significant changes in the OE association across surveys 

(taking into account survey periods) in the problematic countries, with the exception of 

the youngest cohort in Germany and the oldest in France. In our case, the exception lies 

in the youngest cohort (p < 0.05), where some evidence of change appears, while the 

preceding cohort shows a p-value very close to 0.05, suggesting some caution is 

warranted.1 

  

 
1 Breen et al. (2009) add that they will present results with and without survey effects, although they note 

later (p. 1492): “Further analyses not reported here, as well as some of our later analyses, show that these 

survey effects are themselves largely random in their impact on the class origin–educational attainment 

relationship. In other words, it transpires that our results, and our conclusions about change over cohorts, 

are insensitive to whether we include survey effects or not.” (emphasis added). 



10 

 

Online APPENDIX 4: Odds-ratios patterns for C-ED, with illustration of the 

UniDif model 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

The paper makes extensive use of UniDif modelling, described as “a uniform difference 

between log-odds-ratio of tables”. The great virtue of this modelling tool is that it 

compresses differences in association between tables in a single multiplicative 

coefficient. An illustration is given in the Table A4 below which shows the 

crosstabulations of Education and Destination in five cohorts, in observed and expected 

counts. The expected counts are obtained in LEM, with the syntax mod{CE,CD, 

spe(ED,1a,C,b)}.The model (= the expected frequencies) fits the data with 

LR=110.6, df=44, BIC=-336.3, and estimated UniDif parameters of    1   0.8662  0.8644  

0.7864   0.5745 for the subsequent cohorts. The top panel of Table A4, shows the 

observed and expected frequencies side-by-side. 

The bottom panel of Table A4 shows the log-odds-ratios of the tables, in which the 

odds-ratios are defined  (Fij / Fi+1,j)/(Fi+1/Fi+1, j+1), after which the log is taken. E.g. for 

the first two cells we obtain LN((27/72)/(38/94))=-.075. For the expected frequencies 

this is: LN((29.3/65)/(41.8/95.7))=-.032. Log-odds-ratio’s can be obtained for (3-1)*(7-

1)=12 comparisons between adjacent categories. Observe thar the log-odds-ratios of the 

expected frequencies are (almost) exact a multiple of the earlier table, estimated here a 

1, .866, .903, .815, and .542, which are (almost) the UniDiff parameters. 

 

Table A4: Observed and Expected Frequencies of Education x Destination, with the UniDif model 

Observed frequencies   Expected frequencies 

 1 2 3 4 5 6 7   1 2 3 4 5 6 7 

1 27 38 68 405 179 111 530  1 29.3 41.8 67.7 425.9 171.1 103.6 518.6 

2 71 94 139 163 32 51 51  2 65.0 95.7 123.8 155.2 40.3 55.5 65.4 

3 160 91 50 36 4 4 6  3 163.7 85.4 65.5 22.9 3.6 6.9 3.0 

                 

1 69 93 118 807 359 266 1086  1 70.5 97.3 120.6 815.3 361.7 247.9 1084.7 

2 189 275 305 486 142 171 244  2 194.2 275.4 281.0 469.8 142.9 199.4 249.2 

3 504 292 165 95 24 48 24  3 497.3 287.3 186.4 102.9 20.4 37.7 20.0 

                 

1 55 84 126 791 366 235 1332  1 53.6 92.6 115.6 794.5 346.7 250.6 1335.4 
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2 224 406 376 678 196 315 462  2 219.3 389.8 401 683.1 204.6 300.6 458.7 

3 582 419 294 166 20 61 39  3 588.2 426.6 279.4 157.5 30.7 59.9 38.9 

                 

1 56 94 87 548 372 304 1252  1 55.4 90.1 95.1 530.2 388.2 298 1256.1 

2 274 444 370 619 326 474 640  2 266.5 444.7 393.5 617.2 320.8 469.7 634.6 

3 598 444 294 131 64 90 61  3 606.1 447.3 262.5 150.5 53 100.3 62.3 

                 

1 27 82 45 209 117 131 363  1 23.6 61.3 46.3 179.1 133.6 156.0 374.1 

2 70 218 165 209 162 286 295  2 90.0 237.8 157.9 241.8 140.4 262.8 274.4 

3 152 196 91 74 26 72 32  3 135.3 196.9 96.9 71.1 31.1 70.1 41.5 

                 

LOG-ODDS-RATIOS (neighboring categories) 

 1-2 2-3 3-4 4-5 5-6 6-7    1-2 2-3 3-4 4-5 5-6 6-7  

1-2         1-2 -0.032 0.225 1.613 0.436 -0.822 1.446  

2-3         2-3 1.038 0.523 1.277 0.502 -0.331 0.997  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-2 2-3 3-4 4-5 5-6 6-7  

1-2         1-2 -0.032 0.225 1.613 0.436 -0.822 1.446  

2-3         2-3 1.038 0.523 1.277 0.502 -0.331 0.997  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-2 2-3 3-4 4-5 5-6 6-7  

1-2         1-2 -0.028 0.194 1.395 0.376 -0.709 1.251  

2-3         2-3 0.896 0.452 1.106 0.430 -0.284 0.854  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-2 2-3 3-4 4-5 5-6 6-7  

1-2         1-2 -0.026 0.176 1.268 0.343 -0.646 1.138  

2-3         2-3 0.816 0.411 1.006 0.389 -0.257 0.777  

LOG-ODDS-RATIOS (with 7 as reference 

 1-2 2-3 3-4 4-5 5-6 6-7    1-7 2-7 3-7 4-7 5-7 6-7  

1-2         1-2 -2.899 -2.674 -1.061 -0.625 -1.446 0.000  

2-3         2-3 -2.968 -2.445 -1.168 -0.666 -0.997 0.000  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-7 2-7 3-7 4-7 5-7 6-7  

1-2         1-2 -2.511 -2.317 -0.920 -0.542 -1.253 0.000  

2-3         2-3 -2.565 -2.112 -1.004 -0.576 -0.857 0.000  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-7 2-7 3-7 4-7 5-7 6-7  

1-2         1-2 -2.506 -2.312 -0.918 -0.541 -1.251 0.000  

2-3         2-3 -2.558 -2.106 -1.000 -0.571 -0.854 0.000  

                 

 1-2 2-3 3-4 4-5 5-6 6-7    1-7 2-7 3-7 4-7 5-7 6-7  

1-2         1-2 -2.279 -2.103 -0.835 -0.492 -1.138 0.000  

2-3         2-3 -2.327 -1.916 -0.910 0.389 -0.777 0.000  
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Online APPENDIX 5: Three-way models for men and women pooled 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

Tables 4 and 5 in the paper report three-way models for men and women separately. 

These show very similar trends for men and women. Table A5 the results for the three-

way analysis for men and women pooled, as they are analyzed in the subsequent parts 

of the paper. 

 

Table A5. Models fitting three-way UniDiff parameters. Men and Women aged 

25-65, with complete information on origin and destination occupations.  

Models LR DF BIC DI p:  Dif. LR 

Mediation 

OD-C: Trends in Intergenerational Class Fluidity 

Constant Association 172.25 144 -1290.87 2.93 CA vs LU  0.243 

Linear UniDiff 170.89 143 -1282.07 2.93 LU vs U  0.363 

UniDiff 167.70 140 -1254.78 2.92 CA vs U  0.336 

OE-C: Trends in Educational Inequality by Class Origins  

Constant Association 62.31 48 -425.40 1.56 C vs LU  0.003 

Linear UniDiff 53.46 47 -424.08 1.51 LU vs U  0.013 

UniDiff 47.70 44 -404.36 1.44 C vs U  0.001 

ED-C Trends in Class Returns to Education  

Constant Association 226.51 48 -261.20 2.72 C vs LU  0.000 

Linear UniDiff 134.92 47 -342.63 2.11 LU vs U  0.000 

UniDiff 110.73 44 -336.33 1.95 C vs U  0.000 

 UniDiff parameters by Cohort 

 1938-1951 1952-1962 1963-1973 1974-1984 1985-1996 

OD (Linear -0.0220) 1 1.0754 1.0729 1.0209 0.9583 

OE (Linear -0.0438) 1 .0.9732 0.9922 0.9631 0.7413 

ED (Linear -0.0858) 1 0.8661 0.8643 0.7863 0.5744 

Moderation 

OD-E: Variations in Intergenerational Class Fluidity by Education 

Constant Association 130.00 72 -601.56 2.26 C vs LU  0.682 

Linear UniDiff 129.83 71 -591.57 2.23 LU vs U  0.697 

UniDiff 129.67 70 -581.56 2.20 C vs U  0.852 

 UniDiff parameters by 

Education Level 

  

 Lower Middle Higher   

OD|E (Linear 0.0221) 1 1.0455 1.0412   

Source: Calculations from ARGMOB_2003-2023 database. Notes: In bold: lowest BIC and  

significant test, p < .05. 
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Online APPENDIX 6. Four-way models 1-12 for men and women pooled, with 

LEM syntax 

Appendix  to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

The paper reports in Table 6 a four-way UniDif analysis of men and women, comparing 

7 models. These models are adapted from Vallet (2013, 2015), who estimates 12 

models. Below we give the LEM syntax to generate these models, and then report the 

results for all models 9-12, not discussed in the paper. 

 

LEM syntax 

 
1) mod  {COE CD} 
 

2) mod {COE CD OD} 
 

3) mod {COE CD ED} 
 

4) mod {COE CD OD ED} 
 

5) mod {COE, CD, spe(OD,1a,E,b) spe(ED,1a)} 
 

6) mod {COE, CD, OD, spe(ED,1a,O,b) } 
 

7)  mod {COE, CD, spe(OD,1a,E,b) spe(ED,1a, O,b)} 

 

8)  mod {COE, CD, OD, spe (ED,1a,CO,b, -11) } 

 

9) mod {COE, CD, OD, spe(ED,1a,CO,b) } 

 

10) mod {COE, CD, spe(OD,1a,C,b) spe(ED,1a, O,b)} 

 

11) mod {COE, CD, spe(OD,1a,C,b) spe  (ED,1a,CO,b, -11) } 

 

12)  mod {COE, CD, spe(OD,1a,C,b)  spe(ED,1a, CO,b)} 

 

 

Design Matrix for some of Vallet Models 

des [ 

1 1 1 1 1 1 1   1 1 1 1 1 1 1   1 1 1 1 1 1 1   1 1 1 1 1 1 1   1 1 1 

1 1 1 1    * Intercept 

0 0 0 0 0 0 0   1 1 1 1 1 1 1   0 0 0 0 0 0 0   0 0 0 0 0 0 0   0 0 0 

0 0 0 0    * C2 

0 0 0 0 0 0 0   0 0 0 0 0 0 0   1 1 1 1 1 1 1   0 0 0 0 0 0 0   0 0 0 

0 0 0 0    * C3 

0 0 0 0 0 0 0   0 0 0 0 0 0 0   0 0 0 0 0 0 0   1 1 1 1 1 1 1   0 0 0 

0 0 0 0    * C4 
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0 0 0 0 0 0 0   0 0 0 0 0 0 0   0 0 0 0 0 0 0   0 0 0 0 0 0 0   1 1 1 

1 1 1 1    * C5 

0 1 0 0 0 0 0   0 1 0 0 0 0 0   0 1 0 0 0 0 0   0 1 0 0 0 0 0   0 1 0 

0 0 0 0    * O2 

0 0 1 0 0 0 0   0 0 1 0 0 0 0   0 0 1 0 0 0 0   0 0 1 0 0 0 0   0 0 1 

0 0 0 0    * O3 

0 0 0 1 0 0 0   0 0 0 1 0 0 0   0 0 0 1 0 0 0   0 0 0 1 0 0 0   0 0 0 

1 0 0 0    * O4 

0 0 0 0 1 0 0   0 0 0 0 1 0 0   0 0 0 0 1 0 0   0 0 0 0 1 0 0   0 0 0 

0 1 0 0    * O5 

0 0 0 0 0 1 0   0 0 0 0 0 1 0   0 0 0 0 0 1 0   0 0 0 0 0 1 0   0 0 0 

0 0 1 0    * O6 

0 0 0 0 0 0 1   0 0 0 0 0 0 1   0 0 0 0 0 0 1   0 0 0 0 0 0 1   0 0 0 

0 0 0 1    * O7 

] 

 

Results 

Table A6.4a Analysis of the four-way C-OED table, first static, then dynamic (i.e., 

allowing changes across cohorts in the OD and ED associations) — Pooled Men and 

Women aged 25–65 (N = 25,863). 

Model LR DF Test DI BIC   

9) COE CD OD βcoED 658.24 518  5.06 -4606.7  

      8) vs. 9) 38.64 24 0.03    

βco (coh.1) 1 0.951 1.125 1.199 1.115 0.92 

βco (coh.2) 1.062 0.935 0.966 1.102 0.946 0.836 

βco (coh.3) 0.799 0.928 0.754 1.11 0.981 1.257 

βco (coh.4) 0.996 0.86 0.962 0.967 0.857 0.964 

βco (coh.5) 0.466 0.518 0.484 0.792 0.565 0.744 

10) COE CD βCOD βOED 797.85 542  5.7 -4711.03  

       6) vs. 10) 2.84 4 0.585    

βC 1 1.174 1.194 1.195 1.236  

βO (I)1 0.976 0.979 1.2 1.064 1.109 

11) COE CD βCOD βCβOED 691.43 538  5.33 -4776.79  

       10) vs. 11) 106.42 4 0    

βC (OD) 1 1.239 1.255 1.283 1.373  

βC (deviation) 1 -0.14 -0.141 -0.23 -0.473  

βO (deviation) (I) 1 -0.012 -0.014 0.154 0.03 0.093 

12) COE CD βcOD βcoED 646.59 514  5.05 -4577.69  

       11) vs. 12) 44.83 24 0.006    

βC (OD) 1 1.444 1.538 1.505 1.567  
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βco (coh.1) 1 0.908 1.094 1.178 1.142 0.908 

βco (coh.2) 1.054 0.931 0.96 1.095 0.943 0.832 

βco (coh.3) 0.783 0.924 0.75 1.107 0.978 1.251 

βco (coh.4) 0.982 0.856 0.956 0.963 0.855 0.959 

βco (coh.5) 0.433 0.512 0.481 0.795 0.562 0.746 

Note: Given that 0.12 was added to each cell, N=25,951 
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Online Appendix 7: Counterfactual Simulation Results for Men and Women, with 

LEM syntax  

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

The paper reports counterfactual simulation results for men and women pooled. This 

appendix shows the results for men and women separately. The results are basically 

similar between men and women. 

Table A7.1 LEM syntax of the counterfactual simulations 

Model LEM syntax Descriptoon 

1 mod E|CO {OE} D|COE {CD OD OE ED} 

Baseline: Saturated OE; 

changes of D by cohorts 

2 
mod E|CO {OE CE}   D|COE {CD OD 

OE ED } 

Education Expansion: 

changes of E-distribution 

included 

3 
mod E|CO {OE CE}   D|COE {CD 

OED} 

Moderation of OD by E 

included 

4 mod E|CO {COE}  D|COE {CD OED} 

Equalization: changes of 

inequality of educational 

outcomes included 

5 mod E|CO {COE}  D|COE {CD OED CED} 

Educational returns: 

Changes in class returns 

to education allowed 

6 
mod E|CO {COE}  D|COE {CD OED CED 

COD} 

Changes in moderation 

OD|E allowed 

Note that changes in the D-distribution [occupational upgrading] are included in all 

models. Valuable recommendations on this syntax were received from Louis-André 

Vallet and Florian Hertel. 

 

Table A7.2 Counterfactual simulations for men aged 25-65 (N=13,168, with valid 

origins and destinations) 

Cohorts Baseline Expansion Compositional Equalization Educ Return Direct OD 
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1938-1951 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

1952-1962 1.0028 0.9929 0.9908 1.0035 0.9795 1.1159 

1963-1973 1.0079 0.9830 0.9800 1.0004 0.9774 1.1532 

1974-1984 1.0015 0.9580 0.9549 0.9516 0.9176 1.0500 

1985-1996 1.0186 0.9651 0.9623 0.8589 0.8053 0.9491 

 

Table A7.3 Counterfactual simulations for women aged 25-65 (N=12,695, with 

origins and destinations) 

Cohorts Baseline Expansion Compositional Equalization Educ Return Direct OD 

1938-1951 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

1952-1962 0.9837 0.9904 0.9799 0.9470 0.9331 1.0242 

1963-1973 0.9768 0.9639 0.9471 0.9387 0.9234 1.0011 

1974-1984 0.9738 0.9383 0.9161 0.9046 0.8856 1.0168 

1985-1996 0.9915 0.9239 0.8928 0.8299 0.7739 0.9682 
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Online APPENDIX 8: Sensitivity Analysis on Age Effects 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

This Appendix reports a sensitivity analysis with respect to the possible confounding of 

cohort trends with aging effect.  

The paper reports on cohort differences of men and women  age 25-65, which are 

assumed to be “occupationally mature” in the sense that they experience no major shifts 

in occupational attainment. It is to be noticed that occupational maturity does not 

assume that one does not change jobs between age 25 and 65, but rather that these job 

changes will not involve much change of class. It is also to be noticed that origins O and 

education E can be safely assumed to be constant across the life-cycle. 

Unfortunately, it is not possible to enter age-controls directly into the categorical 

models, because this gives rise to empty-cells problem. Instead, we re-estimate our 

three-way for the 30-55 age range, to which the occupational maturity assumption 

should more strongly apply. Below the estimated UniDiff parameters are shown 

graphically. The graphs are virtually indistinguishable from the graphs shown in the 

paper.  

We conclude that our results on changes of OED parameters across cohorts are 

not sensitive to the definition of occupational maturity as referring to full age 

range 25-65.  
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Online APPENDIX 9: Sensitivity analysis: Model replication with EGP8 

categorization 

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

Table A9.6. EGP8. Components of Absolute Mobility by Birth Cohorts. Men and 

Women, aged 25-65 with complete origins and destinations. 

Cohorts 
1938-

1951 

1952-

1962 

1963-

1973 

1974-

1984 

1985-

1996 
Total 

 Men 

Structural Mobility # 20,2 16,9 14,2 14,0 15,2 10,5 

Gross Mobility 73,8 73,3 72,3 72,3 74,9 73,0 

Horizontal 18,9 20,5 20,5 19,5 20,6 20,1 

Vertical Mobility 54,9 52,8 51,8 52,8 54,3 52,9 

Upward Vertical 38,3 36,0 33,1 30,3 27,4 32,7 

Downward Vertical 16,5 16,8 18,7 22,4 26,9 20,1 

UP / DV 2,3 2,1 1,8 1,4 1,0 1,6 

 Women 

Structural Mobility # 32,9 32,1 30,7 31,9 31,5 30,9 

Gross Mobility 83,2 81,0 80,3 80,5 80,0 80,7 

Horizontal 30,1 26,3 26,3 25,2 23,9 26,0 

Vertical Mobility 53,1 54,7 54,0 55,3 56,1 54,7 

Upward Vertical 32,7 33,9 31,9 30,7 28,2 31,6 

Downward Vertical 20,4 20,8 22,1 24,6 27,9 23,1 

UP / DV 1,6 1,6 1,4 1,2 1,0 1,4 

# Structural mobility measured as sum of absolute differences in marginal distributions of origins and 

destinations [dissimilarity index]. EGP8: I, II, III, IVab, V+VI, IIIb, VIIa, and IVc+VIIb 

 

Table A9.4 for EGP8. Models fitting three-way UniDiff parameters. Men aged 

25-65, with complete information on origin and destination occupations. 

(N=13175)  

Models LR DF BIC DI p:  dif. LR 

Mediation model 

OD-C: Trends in Intergenerational Class Fluidity 

Constant Association 222.82 196 -1636.82 4.29 CA vs LU  0.498 

Linear UniDiff 155.72 143 -1201.06 3.65 LU vs U  0.170 

UniDiff 217.34 192 -1604.35 4.23 CA vs U  0.241 

OE-C: Trends in Educational Inequality by Class Origins  

Constant 63.56 56 -467.68 2.31 C vs LU  0.012 

Linear UniDiff 52.31 47 -393.55 1.96 LU vs U  0.023 

UniDiff 47.70 52 -445.60 2.03 C vs U  0.003 

ED-C Trends in Class Returns to Education  
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Constant 146.34 56 -384.90 3.25 C vs LU  0.000 

Linear UniDiff 100.80 47 -345.05 2.74 LU vs U  0.025 

UniDiff 99.62 52 -393.68 2.90 C vs U  0.000 

 UniDiff parameters by Cohort 

 1938-1951 1952-1962 1963-1973 1974-1984 1985-1996 

OD (Linear -0.0128) 1 1.1288 1.1195 1.0898 0.9620 

OE (Linear -0.0498) 1 1.0566 1.0543 1.0004 0.7226 

ED (Linear -0.0821) 1 0.8939 0.8961 0.8018 0.6011 

Moderation model 

OD-E: Variations in Intergenerational Class Fluidity by Education 

Constant 121.53 98 -808.20 2.88 C vs LU  0.931 

Linear UniDiff 100.11 71 -573.66 2.70 LU vs U  0.699 

UniDiff 121.37 96 -789.38 2.87 C vs U  0.925 

 UniDiff parameters by Education Level 

 Lower Middle Higher   

OD|E (Linear  -0.0006) 1 1.0156 0.9768   

Source: Calculations from ARGMOB_2003-2023 database. Notes: In bold: lowest BIC and  

significant test, p < .05. 

 

 
 

Table A9.4 for EGP8. Models fitting three-way UniDiff parameters. Women aged 

25-65, with complete information on origin and destination occupations. 

(N=12698)  

Models LR DF BIC DI p:  dif. LR 

Mediation model 

OD-C: Trends in Intergenerational Class Fluidity 

Constant Association 224.92 196 -1627.61 4.33 CA vs LU  0.980 

Linear UniDiff 224.92 195 -1618.16 4.31 LU vs U  0.960 

UniDiff 217.34 192 -1604.35 4.23 CA vs U  0.960 

OE-C: Trends in Educational Inequality by Class Origins  
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Constant 71.48 56 -457.71 2.57 C vs LU  0.342 

Linear UniDiff 69.32 55 -393.55 2.60 LU vs U  0.504 

UniDiff 66.98 52 -450.43 2.57 C vs U  0.142 

ED-C Trends in Class Returns to Education  

Constant 147.65 56 -381.55 3.35 C vs LU  0.000 

Linear UniDiff 96.95 55 -422.80 2.65 LU vs U  0.001 

UniDiff 80.45 52 -410.94 2.52 C vs U  0.000 

 UniDiff parameters by Cohort 

 1938-1951 1952-1962 1963-1973 1974-1984 1985-1996 

OD (Linear -0.0006) 1 1.0760 1.0496 1.0363 1.0482 

OE (Linear -0.0300) 1 0.9910 1.0336 0.9426 0.8630 

ED (Linear -0.0870) 1 0.8379 0.8403 0.7770 0.5540 

Moderation model 

OD-E: Variations in Intergenerational Class Fluidity by Education 

Constant 153.60 98 -772.55 3.33 C vs LU  0.200 

Linear UniDiff 151.95 97 -764.74 3.33 LU vs U  0.283 

UniDiff 150.80 96 -756.45 3.34 C vs U  0.247 

 UniDiff parameters by Education Level 

 Lower Middle Higher   

OD|E (Linear  -0.0006) 1 0.8168 0.8091   

Source: Calculations from ARGMOB_2003-2023 database. Notes: In bold: lowest BIC and  

significant test, p < .05. EGP8: I, II, III, IVab, V+VI, IIIb, VIIa, and IVc+VIIb 
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Online APPENDIX 10: Sensitivity Analysis: OLS models on Linear Variables  

Appendix to: The Role of Education in Intergenerational Class Mobility Trends in 

Argentina: Mediating and Moderating Effects across Cohorts, born 1938-1996 

 

This appendix  provides sensitivity analyses of the log-linear and log-multiplicative 

categorical models using conceptually equivalent OLS models on linear variables. 

It should be appreciated that OLS models on linear variables are conceptually 

equivalent, but not identical to the categorical models reported on in the paper. In 

particular, OLS models are not necessarily margin-free and may conflate structural 

mobility and relative mobility. In addition, linear interactions are a different way of 

constraining associations than the UniDiff constraints used in log-multiplicative 

modelling. 

At the same time, linear models allow to address some concerns about measurement, in 

particular (A) whether a relative scaling of education and (B) a more detailed 

measurement of occupations would change the result on declining returns of education. 

Both issues were raised by reviewers to the paper, but cannot be addressed in the 

framework of categorical data analysis used in the paper. Inspired by the example of the 

recent paper by Salata & Cheung (2025), we examine the influence of these 

measurement issue using OLS model on linear variables. 

The linear variables are created as follows: 

O [FEGP] and D [EGP] are expressed in the scalings of the Goodman scaled-

association model as reported in Appendix 2. FEGP11 and EGP11 refer to the most 

detailed, 11 categories versions, FEGP7 and EGP7 to the reduces categorization. E 

[EDUC] is expressed in the integer values 1 2 3 etc.; EDUC9 distinguished 9 categories, 

EDUC3 distinguishes 3 categories,  

FEGP, EGP and EDUC scalings are re-expressed in Z-values. Models were estimated 

with SPSS Regression and UniAnova. As O, E, and D are standardized, B-coefficients 

are comparable between models. Notice that regression on standardized variables with 

interactions is not the same as standardized regression. 
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COHORT is expressed in integer values 1 2 3 4 5, and in interactions re-expressed in 

COHx, which ranges between 0 and 1. COHx thus measures changes between the oldest 

and youngest cohort. 

Table A8.a estimates the OLS model for the most detailed version of measurement: 11 

categories for the occupation and 9 categories for education. Model 1 indicates that 

women hold higher scaled jobs than men, but there is little upgrading of level of 

occupation across cohorts. Model 2 reports the total effect of father’s occupation to be 

relatively strong (.378). Model 3 suggests that the total effect of father’s occupation is 

declining over cohorts, but this change is not statistically significant. In model 4 the 

effect of father’s occupation reduces to a .122 direct effect, due to the mediation by 

education that has a very strong effect on occupation. Model 5 shows that in a linear 

model the effect of education on occupation is declining over cohorts. Model 4 and 5 

also show that the direct effect of origins on destination is increasing over cohorts, once 

education and credential inflation are controlled. Model 6, finally, indicates that no 

moderation of education and origins is present in these data. 

Table A8.a: OLS models for occupational attainment with linear variables, most 

detailed measurement, men and women pooled, N=25863. 

 Metric B B B B B B 

(Constant)  -.103 -.053 -.053 .050 .056 .055 

COHORT 0..1 .023 -.069 -.068 -.184 -.192 -.192 

FEMALE 0/1 .185 .183 .183 .094 .096 .096 

FEGP11 z  .378 .393 .122 .099 .099 

FEGP11 * COHORT    -.027 .068 .109 .109 

EDUC9 z    .534 .587 .587 

EDUC9 * COHORT      -.102 -.103 

FEGP11 * EDUC9       .001 

  AdjR2  0.9% 15.1% 15.1% 38.2% 38.3% 38.3% 

B-coefficients in red not statistically significant, p < .05, two-tailed. Occupations 

measured in 11 categories, education measured in 9 categories, 
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Table A8.b reports the same models, but now for education measured in three 

categories, like used in the paper. This reduces the explained variance marginally, but 

the pattern of effects remains much the same.  

 

Table A8.b: OLS models for occupational attainment with linear variables, 

education reduced to three categories, men and women pooled, N=25863. 

 Metric B B B B B B 

(Constant)  -.103 -.053 -.053 .083 .091 .090 

COHORT 0..1 .023 -.069 -.068 -.226 -.235 -.234 

FEMALE 0/1 .185 .183 .183 .074 .075 .075 

FEGP11 z  .378 .393 .170 .136 .136 

FEGP11 * COHORT    -.027 .032 .094 .092 

EDUC3 z    .504 .592 .591 

EDUC3 * COHORT      -.165 -.165 

FEGP11 * EDUC3       .003 

  AdjR2  0.9% 15.1% 15.1% 36.2% 36.4% 36.4% 

B-coefficients in red not statistically significant, p < .05, two-tailed. Occupations 

measured in 11 categories, education measured in 3 categories, 

 

Table A8.c reports the same models, but now for occupations measured in seven 

categories, like used in the paper. This reduces the intergenerational association 

marginally, but the pattern of effects remains much the same.  

Table A8.c: OLS models for occupational attainment with linear variables, 

occupations reduced to seven categories, men and women pooled, N=25863. 

 Metric B B B B B B 

(Constant)  -.092 -.065 -.065 .055 .061 .060 

COHORT 0..1 .013 -.034 -.033 -.179 -.186 -.186 

FEMALE 0/1 .175 .170 .170 .080 .081 .081 

FEGP7 z  .344 .367 .108 .091 .090 

FEGP7 * COHORT    -.043 .048 .081 .080 

EDUC9 z    .548 .593 .593 
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EDUC9 * COHORT      -.088 -.088 

FEGP7 * EDUC9       .002 

 Adj.R2  0.8% 12.6% 12.6% 37.7% 37.7% 37.7% 

B-coefficients in red not statistically significant, p < .05, two-tailed. Occupations 

measured in 7 categories, education measured in 9 categories. 

 

Table A8.d reports the same models, but now for occupations measured in seven 

categories,  and education in three categories, like used in the paper. While both the 

intergenerational association and the ED effect weaken somewhat, the pattern of effects 

remains much the same.  

Table A8.d: OLS models for occupational attainment with linear variables, 

occupations reduced to seven categories, educations reduced to three categories, 

men and women pooled, N=25,863. 

 Metric B B B B B B 

(Constant)  -.092 -.065 -.065 .087 .096 .094 

COHORT 0..1 .013 -.034 -.033 -.218 -.227 -.227 

FEMALE 0/1 .175 .170 .170 .059 .060 .060 

FEGP7 z  .344 .367 .150 .118 .117 

FEGP7 * COHORT    -.043 .020 .077 .075 

EDUC3 z    .519 .606 .606 

EDUC3 * COHORT      -.166 -.166 

FEGP7 * EDUC7       .005 

 Adj.R2   0.8% 12.6% 12.6% 35.4% 35.6% 35.6% 

B-coefficients in red not statistically significant, p < .05, two-tailed.  

 

Finally, Table A8.e reports the same models with a relative measurement of education, 

by taking ranks within cohorts. We notice that this makes the credential inflatiom  (the 

weakening of the ED-effect) actually stronger. 

Table A8.e: OLS models for occupational attainment with linear variables, 

education measured as ranked withing cohorts, men and women pooled, 

N=25,863. 
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 Metric B B B B B B 

(Constant)  -.103 -.053 -.053 -.038 -.040 -.057 

COHORT 0..1 .023 -.069 -.068 -.017 -.017 -.010 

FEMALE 0/1 .185 .183 .183 .095 .097 .096 

FEGP11 z  .378 .393 .151 .111 .105 

FEGP11 * COHORT    -.027 .031 .100 .100 

EDUC9 z    .511 .605 .611 

EDUC9 * COHORT      -.173 -.182 

FEGP11 * EDUC9       .031 

    0.9% 15.1% 15.1% 36.6% 36.8% 36.9% 

B-coefficients in red not statistically significant, p < .05, two-tailed.  

 

While we cannot claim that these conceptually similar OLS models are conclusive 

evidence that the data aggregations used in the paper do not affect the categorical 

model estimates, they provide strong support for the robustness of our main 

findings. All the main trends found in the categorical data analysis are echoed in 

the linear models. 

 

 

 

 

 

 


