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Abstract

Despite the widespread interest in the topic and a vast international literature, very lit-
tle is known about the development of intergenerational mobility in Switzerland. Based
on a new harmonized database for Switzerland (comprising various surveys such as dif-
ferent waves of the ISSP, EVS, and the ESS), we provide a systematic account of changes
in the link between social origin and destination over time (covering birth cohorts from
around 1935 to 1980). We analyze e↵ects of parental education and class on own educa-
tional achievement and social class for both men and women, using a refined variant of the
methodological approach proposed by Jann and Combet (2012). The approach is based on
the concept of proportional reduction of error (PRE) and features a number of advantages
over more traditional approaches. For example, it provides smooth estimates of changes
in social mobility that have a clear interpretation and it can easily incorporate control vari-
ables and multiple dimensions of parental characteristics. To evaluate the validity of our
approach, we employ the oft-used log-multiplicative layer e↵ect (a.k.a Unidi↵) model (Xie
1992, Erikson and Goldthorpe 1992) as a benchmark. Results indicate that our approach
performs well and produces qualitatively similar findings as Xie’s model. For both men
and women, e↵ects of social origin initially decreased, but then, towards the end of the
observation period, increased again. This u-shaped pattern, which can be observed with
respect to both education and class, appears to be more pronounced for women than for
men.
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1 Introduction

Equal opportunity is one of the main guiding principles in meritocratic societies. The basic

idea is that the social position an individual can achieve should only depend on own e↵ort and

merit, not on ascriptive characteristics such as social origin or gender. Societies in which equal

opportunity is granted are called “open.” They are characterized by a high degree of social

mobility. In the words of Hout (2004: 970): “Mobility is usually understood as ‘equality of

opportunity’—the outcomes may be unequal, but everyone, regardless of starting point, can

have the same opportunity to get a good result.”

To evaluate the openness of a society one can therefore analyze, for example, the degree to

which the achieved social position of an individual depends on the social status of one’s parents,

as is done in a vast body of international literature. International research shows that in most

countries sizable e↵ects of social origin exist and persist over time, indicating a violation of the

principle of equal opportunity. Despite the widespread interest in the topic, however, very little

is known about the development of intergenerational mobility in Switzerland. In particular,

it is unclear from the existing literature whether social mobility increased in Switzerland—as

asserted by modernization theories (e.g. Lipset and Bendix 1959, Kerr 1962, Blau et al. 1967).

Based on a new harmonized database for Switzerland, we provide a systematic account of

changes in the link between social origin and destination over time. The database comprises

multiple surveys containing information on the social position of the respondents and their

parents, such as di↵erent waves of the International Social Survey Programme (ISSP), the Eu-

ropean Values Study (EVS), or the European Social Survey (ESS), the Swiss Household Panel

(SHP), the 2011 wave of the Statistics on Income and Living Conditions (SILC), and a number

of further single-wave cross-sectional surveys. In the database we harmonized variables on ed-
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Figure 1: E↵ects of social origin

ucation and social class of respondents and their parents so that pooled analyses across surveys

are possible, covering a wide range of birth cohorts over the 20th century. In particular, as

illustrated in Figure 1, we analyze how educational attainment and social class of respondents

depend on education and class of their parents and how the strength of these dependencies

changes over time.

As a methodology to analyze the development of social mobility based on categorical vari-

ables such as class or educational attainment, Erikson and Goldthorpe (1992: 91-92) and Xie

(1992) independently proposed a variant of the log-linear model known as the uniform di↵er-

ence model (Unidi↵) or the log-multiplicative layer e↵ect model (LMLEM). The model has

been the standard tool in social mobility research since (some recent examples are Breen and

Jonsson 2005, 2007, Pfe↵er 2008, Breen et al. 2009, 2010, Lippényi et al. 2013). The pop-

ularity of the model is due to some important advantages over alternative approaches. First,

it provides a parsimonious and intuitive way to describe di↵erences in e↵ects of social origin

across time (or geography). Second, it allows testing against a null model with time-constant
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origin e↵ects within the same modeling framework. Third, despite its parsimony, it provides a

good fit to empirical data in many applications.

The LMLE model, however, also has a number of limitations. First, it assumes a common

baseline pattern of associations that remains constant over time and it will yield misleading

results if this assumption is violated. Although it is possible to test the assumption by com-

parison to a saturated log-linear model, it is unclear how to extend the model to incorporate

possible deviations in mobility patterns while, at the same time, preserving ease of interpreta-

tion. Second, the model builds upon simple crosstabs, making it di�cult to extend the model

to more complex settings and, for example, analyze the simultaneous e↵ects of multiple origin

variables or incorporate control variables. Third, although the pattern of social origin e↵ects

can be interpreted in a meaningful way within a single estimation, comparisons across models

are di�cult because the absolute level of origin e↵ects remains obscure.

In our study, we therefore contrast the LMLEM with a refined variant of an alternative

methodological approach proposed by Jann and Combet (2012). The approach is based on the

concept of proportional reduction of error (PRE) and overcomes some of the limitations of the

LMLEM. For example, it provides smooth estimates of changes in social mobility that have a

clear interpretation and it can easily incorporate control variables and multiple dimensions of

parental characteristics. The basic idea behind our approach is that the degree to which infor-

mation about parents’ social status can help predict their children’s status reflects the strength

of e↵ects of social origin. If the predictions based on parents’ characteristics are precise, then

origin e↵ects are strong and social mobility is low; if, however, the predictions are imprecise,

then social mobility between the generations is high.
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Our results indicate that the PRE approach performs well and produces qualitatively similar

findings as the LMLE model in situations where similar results can be expected. For both

men and women, e↵ects of social origin initially decrease, but then, towards the end of the

observation period, increase again. This u-shaped pattern, which can be observed with respect

to both education and class, appears to be more pronounced for women than for men. We

conclude that equal opportunity in Switzerland increased among the earlier birth cohorts, but

then declined again in the second half of the 20th century, particularly among women.1

The remainder of the paper is organized as follows. We describe the methodological ap-

proaches in the next section and then give a brief account of the data in Section 3. The results

section will then provide a comparison between methods and present some extended analy-

ses illustrating the flexibility of our PRE approach. We will conclude the paper with a brief

summary of our findings.

2 Methods

2.1 Log-multiplicative layer e↵ect model

Starting point of the log-multiplicative layer e↵ect model is a simple two-way table of origin

and destination, called a “mobility table.” An example of such a table is given in Table 1. More

generally, a mobility table can be conceptualized as shown in Figure 2, where i = 1, . . . , I is the

row index and j = 1, . . . , J is the column index. Fi j is the observed frequency of the cell defined

1Note, however, that social class is measured by individual characteristics in our study. Result may look

di↵erent if social class is determined based on households characteristics. This seems particularly relevant for

women, whose labor market attachment changed significantly over the observation period.
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Table 1: Mobility table of respondent’s education by parent’s education

Respondent’s education Total

compulsory secondary secondary tertiary tertiary
Parent’s education or less vocational general vocational academic

compulsory or less 170 299 12 58 63 602
secondary vocational 37 708 27 134 260 1167
secondary general 5 19 3 20 16 62
tertiary vocational 7 51 15 104 52 229
tertiary academic 14 75 12 33 293 426

Total 232 1152 70 348 683 2485

Source: see Section 3. Selection: males, birth cohorts 1969-82

1 . . . j . . . J Total
1 F11 . . . F1 j . . . F1J F1.
...

...
. . .

...
. . .

...
...

i Fi1 . . . Fi j . . . FiJ Fi.
...

...
...

...
...

...
...

I FI1 . . . FI j . . . FIJ FI.

Total F.1 . . . F. j . . . F.J F..

Figure 2: Two-dimensional mobility table

by row i and column j. Fi. and F. j denote the row and column totals, respectively. A log-linear

model expresses the cell frequencies Fi j in such a table using a multiplicative function. The

saturated model, that is, a model that exactly reproduces the observed frequencies, is given as:2

Fi j = ⌧.. · ⌧i. · ⌧. j · ⌧i j, i = 1, . . . , I, j = 1, . . . , J (1)

The model is called “log-linear” because taking the logarithm leads to a linear expression:

log(Fi j) = log(⌧..) + log(⌧i.) + log(⌧. j) + log(⌧i j) (2)

2We deviate from standard notation in that we use positioned indices instead of additional row and column

superscripts.
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In case of independence between rows and columns, all ⌧i j are equal to one. This is the situation

we would expect if origin (parent’s education) has no e↵ect on destination (child’s education),

corresponding to the ideal of a fully mobile society. As soon as, however, some ⌧i j deviate from

one, mobility is constrained. To test whether a society is fully open or not, one can therefore

perform a likelihood-ratio test of the saturated model against a restricted model in which all ⌧i j

are constrained to 1.

To find out whether mobility changed over time, we can look at a series of mobility tables

across birth cohorts, as depicted in Figure 3. This is, in fact, a three-dimensional mobility

table with an additional dimension k = 1, . . . ,K for cohorts. The saturated model for such a

three-dimensional table is given as:

Fi jk = ⌧... · ⌧i.. · ⌧. j. · ⌧..k · ⌧i.k · ⌧. jk · ⌧i j. · ⌧i jk, i = 1, . . . , I, j = 1, . . . , J, k = 1, . . . ,K (3)

In this model full mobility is granted if all ⌧i j. and all ⌧i jk are equal to one. Furthermore, the

pattern of dependency between origin and destination remains constant over cohorts if all ⌧i jk

are equal to one. To evaluate how origin e↵ects change over cohorts one could therefore inspect

the values of the ⌧i jk over k, but this would be very tedious and often inconclusive because for

each k there are I⇥J parameters that would have to be taken into account. To ease interpretation,

Xie (1992) and Erikson and Goldthorpe (1992) proposed a simplified model in which ⌧i j. · ⌧i jk

is replaced by exp( i j. · �..k). This is called the log-multiplicative layer e↵ect model (LMLEM)

and is given as:

Fi jk = ⌧... · ⌧i.. · ⌧. j. · ⌧..k · ⌧i.k · ⌧. jk · exp( i j. · �..k), i = 1, . . . , I, j = 1, . . . , J, k = 1, . . . ,K (4)

In this model, the  i j. capture the overall pattern of dependencies between origin and destina-

tion, and the �..k are cohort-specific scaling factors. That is, the higher �..k, the more pronounced

7



1 . . . j . . . J Total
1 F111 . . . F1 j1 . . . F1J1 F1.1
...

...
. . .

...
. . .

...
...

i Fi11 . . . Fi j1 . . . FiJ1 Fi.1
...

...
...

...
...

...
...

I FI11 . . . FI j1 . . . FIJ1 FI.1

Total F.11 . . . F. j1 . . . F.J1 F..1
...

1 . . . j . . . J Total
1 F11k . . . F1 jk . . . F1Jk F1.k
...

...
. . .

...
. . .

...
...

i Fi1k . . . Fi jk . . . FiJk Fi.k
...

...
...

...
...

...
...

I FI1k . . . FI jk . . . FIJk FI.k

Total F.1k . . . F. jk . . . F.Jk F..k
...

1 . . . j . . . J Total
1 F11K . . . F1 jK . . . F1JK F1.K
...

...
. . .

...
. . .

...
...

i Fi1K . . . Fi jK . . . FiJK Fi.K
...

...
...

...
...

...
...

I FI1K . . . FI jK . . . FIJK FI.K

Total F.1K . . . F. jK . . . F.JK F..K

Figure 3: Three-dimensional mobility table
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is the pattern of dependencies and, hence, the stronger is the strength of the associations be-

tween origin and destination, assuming that there is a stable basic pattern of associations across

cohorts. To identify the model, constraints have to be placed on �..k. Following Xie (1992), the

constraint we use in our implementation of the model is that the sum over �2
..k, k = 1, . . . ,K

must be equal to 1. From this constraint it is immediately clear, however, that the overall level

of the �..k in a model is primarily determined by the size of K (the number of cohorts) and does

not reflect the strength of the relation between origin and destination in an absolute sense.

2.2 PRE approach

The general idea behind the PRE approach proposed by Jann and Combet (2012) is that strong

e↵ects of social origin go hand in hand with high predictive power of the status of the parents

for the status of their children. That is, the better the position of children can be predicted

based on parents characteristics, the stronger the influence of social origin is and the lower

social mobility is. To quantify the predictive power of parents’ characteristics for the status of

children, one can use the Proportional Reduction of Error (PRE; see e.g. Costner 1965).

Formally, PRE is defined as

PRE =
E0 � E1

E0
= 1 � E1

E0
(5)

where E0 is the sum of prediction errors under limited information (i.e. excluding information

on parents) and E1 is the sum of prediction errors under full information (i.e. including in-

formation on parents). Di↵erent error rules can be applied, yielding di↵erent PRE measures.

Because our dependent variables, education and class, are categorical, however, an entropy-
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based definition (see Theil 1970) appears appropriate. In particular, we use

Em = �
NX

i=1

wi ln ( p̂m(Y = yi)) , m = 0, 1 (6)

where wi is the respondent’s survey weight and p̂m(Y = yi) is the predicted probability of the

dependent variable taking on observed value yi under model m. To estimate these probabilities,

we use multinomial logistic regression. That is, the probabilities under restricted information

are modeled as

p0(Y = j) =
exp(� jZi)

PJ
`=1 exp(�`Zi)

(7)

where Zi is a vector of control variables (possibly just a constant) and � j is an outcome-specific

coe�cient vector. Likewise, the probabilities under full information are modeled as

p1(Y = j) =
exp(� jZi + � jX j)

PJ
`=1 exp(�`Zi + �`Xj)

(8)

where Xi is a vector of parents’ characteristics. For each birth cohort, separate models are fit

and a separate PRE value is computed. The approach is thus fully flexible and does not assume

a single association pattern that is stable across cohorts.3

If the number of observations per birth year is small, then multiple birth years can be col-

lapsed into larger cohorts to reduce the variability of estimates, as is common practice for the

LMLE model. Such an approach will, however, only provide a crude picture of the changes

in social mobility over time. To get a more detailed picture in form of a smoothed curve we

propose to compute a PRE value for each birth year including data from surrounding years in

3If the dependent variable is continuous, say income or occupational prestige, one could define prediction

errors as squared deviations between observed values and predictions from linear regression. This would lead to

the R-squared (or the increment in R-squared if the restricted model contains control variables) as the value for

the PRE measure. The categorical error measure we use here corresponds to McFadden’s pseudo R-squared.
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the estimation by means of kernel weights. That is, computations are repeated for each birth

year with weights defined as

wi(t⇤) = wi ·
1
h

K
 
t⇤ � ti

h

!
(9)

where t⇤ is the target birth year, ti is observations i’s birth year, and K() is a kernel function

with bandwidth h. In the applications below we use the Epanechnikov kernel defined as

K(z) =

8>>>>>>>><
>>>>>>>>:

3
4 (1 � z2) if |z| < 1

0 else

(10)

and a bandwidth of h = 5. This implies that computations are based on a symmetric data

window of plus/minus 4 years where, however, observations from the target birth year receive

the highest weight (observations whose birth year is 5 or more years away from the target

birth year receive weight 0). To obtain confidence intervals for our estimates, we employ the

bootstrap method (Davison and Hinkley 1997).4

3 Data

The data required for analysis of social mobility must contain relevant status variables (educa-

tion, class) for the respondents as well as for their parents. Unfortunately, most Swiss large-

scale surveys, such as the o�cial surveys by the Swiss Federal Statistical O�ce, do not contain

information on parents. Nonetheless, we were able to identify a number of surveys that can be

used for these types of analyses. The results below are based on a selection of these surveys, as

4Stratified by survey; we use normal-approximation confidence intervals based on 500 replications.
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Table 2: Surveys included in our study

Survey Year/Wave Na Label
Les Suisses et leur société 1991 1331 CH91
Swiss Environmental Survey 1994 2233 UWS94

2007 1973 UWS07
Swiss Labor Market Survey 1998 1998 2340 SAMS98
ISSP “Social inequality” 1999 972 ISSP99
Swiss Household Panel 1999 5365 SHP99

2004 2420 SHP04
European Social Survey 2002 1450 ESS02

2004 1457 ESS04
2006 1267 ESS06
2008 1187 ESS08
2010 985 ESS10
2012 945 ESS12

MOSAiCH (ISSP) 2005 741 MOS05
2011 819 MOS11

European Values Study 2008 2008 830 EVS08
Statistics on Income and Living Conditions 2011 6753 SILC11

Total 33068
a Number of observations available for our analyses.

listed in Table 2.5 Figure 4 provides a histogram of the number of available observations from

the di↵erent surveys by birth years of respondents (age range at time of interview restricted to

30 to 69).6 Covered are birth cohorts from 1922 to 1982, although pre 1940 and post 1975 the

number of observations per birth cohort is low (< 500). The 20-year period starting in 1951 is

particularly well-covered using the SILC data.

5A few additional surveys are available (especially some older ones) and will be incorporated in a future

version of the paper.

6All Stata graphs in this paper have been produced by user command “coefplot” (Jann 2013).
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Figure 4: Number of observations by birth year

We harmonized the variables across surveys to build a common database that can be ana-

lyzed in terms of birth cohorts. The age range of respondents was restricted to 30 to 69. Our

key variables are educational attainment and social class of respondents and their parents. For

education we use a five level classification that is common in Swiss statistics and reflects the

Swiss educational system with its strong vocational track. A more detailed classification is

not possible due to the heterogeneity of the measurement instruments in the di↵erent surveys.

Table 3 provides an overview of the educational levels. For class we use a slightly simplified

EGP scheme based on Erikson et al. (1983: 307). Table 4 provides an overview of the class

definitions.
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Table 3: Classification of education

Educational level Included educational degrees

Compulsory or less No formal education; compulsory education; one year vocational training
Secondary vocational Vocational training and education; general education without baccalaureate
Secondary general General education with baccalaureate; vocational baccalaureate; college of

education (without university of education)
Tertiary vocational Professional education and training; advanced federal professional and train-

ing diploma; professional education college; university of applied sciences;
university of education

Tertiary academic University; Federal Institute of Technology

Table 4: Social class scheme (EGP)

EGP Class Description

I Upper service Higher-grade professionals, administrators and o�cials; managers
in large industrial establishments; large proprietors

II Lower service Lower-grade professionals, administrators and o�cials; higher-
grade technicians; managers in small business and industrial estab-
lishments; supervisors of non-manual employees

III Non-manual
employees

Routine non-manual employees in administration and commerce;
sales personnel; other rank-and-file service workers

IVa,b Self-employed Small proprietors, artisans, etc., with employees (IVa); without em-
ployees (IVb)

IVc, VIIb Farmers Farmers and smallholders, self-employed fishermen (IVc); Agricul-
tural workers (VIIb)

V, VI Technicians and
skilled workers

Lower-grade technicians; supervisors of manual workers; skilled
manual workers

VIIa,b Semi-/unskilled
workers

Semi- and unskilled manual workers

14
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Figure 5: Education of male and female respondents and their parents by birth cohorts

Figures 5 and 6 display the distributions of education and class for male and female re-

spondents and their parents by rough birth cohorts.7 Survey weights have been employed to

compute these statistics as well as all following results. The weights were standardized such

that the sum of weights within a survey equals the number of observations used from that survey

in a specific analysis.

The educational expansion over time is clearly visible (Figure 5). The proportion of respon-

dents with compulsory education or less decreases over birth cohorts while the proportion with

tertiary degrees expands for both men and women. A similar pattern can also be observed for

the education of parents. Tertiarization of the labor market with expanding service classes and

7Education and class of parents was determined from the better positioned parent if information from both the

father and the mother was available.
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Figure 6: Social class of male and female respondents and their parents by birth cohorts

a decrease in semi- and unskilled workers is evident for female respondents and parents, but

much less so for male respondents (Figure 6).

4 Results

4.1 Comparison of LMLEM and PRE

Figure 7 displays the results from the log-multiplicative layer e↵ect model (solid lines, left

scale) and the categorical implementation of our PRE approach (dashed lines, right scale) for

education and class by gender. For the LMLEM the �2 parameters are plotted.8 Spikes indicate

point-wise 95% confidence intervals. Dots are placed at mean birth years within cohorts, with

8The �2 parameters always group around 0.2 in the current application because—as discussed above—their

sum across the five cohorts is restricted to 1.

16



a slight horizontal o↵set to prevent the confidence spikes to be printed upon each other. The

upper plots show the e↵ects of parents’ education on respondent’s education; the lower plots

show the e↵ects of parents’ EGP class on respondent’s EGP class.

Looking at the results for education of males (upper left) we see a close fit between LMLEM

and PRE. Only for the last cohort do these curves deviate. Notably, the vertical positioning of

the two curves is arbitrary since the two statistics are on separate scales; it is the pattern across

cohorts that should be compared, not the overall level. What we can say is that both methods

yield a quite similar pattern across the first four cohorts but that for PRE there is a steeper

increase in the social origin e↵ect from the fourth to the fifth cohort. As a consequence, the

pattern of origin e↵ects exhibits more overall curvature for PRE then for LMLEM.

Also for education of females (upper right), the pattern is more curved for PRE than for

LMLEM, the biggest di↵erences in slopes occurring from the first to second and the fourth

to fifth cohort. Comparing PRE results for males and females reveals that the origin e↵ects

with respect to education are roughly the same for both sexes with PRE values around 10%.

Furthermore, the development of origin e↵ects is quite similar between the sexes: a decrease

(i.e. an increase in social mobility) among the earlier cohorts and an increase (i.e. a decrease in

social mobility) among the latter.

For class, the results from LMLEM and PRE are very similar (lower plots; recall that only

the shape of the patterns can be compared, not the overall levels). For both males and females

the two methods reveal a u-shaped pattern of origin e↵ects that is slightly more pronounced for

females than for males. What is evident from the PRE results, however, is that origin e↵ects on

class are considerably stronger for males than for females. For males the PRE values lie around

6.5%, for females around 4%.
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Figure 7: Comparison of LMLEM and PRE results for education and class
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As discussed above, the LMLEM assumes a common structure of associations between ori-

gin and destination categories that remains stable across cohorts, an assumption that is waived

by the PRE approach. Di↵erences between the LMLEM and PRE results may thus be due to a

violation of this assumption. To evaluate this point we included, as grey bars, a cohort-specific

goodness-of-fit measure for the LMLEM in the plots. The fit measure we use is based on the

chi-squared statistic and is defined as follows:

�̄2
k =

1
Nk

IX

i=1

JX

j=1

⇣
Fi jk � F̂i jk

⌘2

F̂i jk
(11)

with Fi jk as the observed cell frequencies, F̂i jk as the cell frequencies predicted by the model

and Nk as the number of observations in cohort k. High values of �̄2
k indicate bad fit. The

scale of �̄2
k is not relevant here and is not included in the plots; what matters are the relative

di↵erences of misfit between cohorts.

Comparing the pattern of fit statistics with the deviations between LMLEM and PRE for

education (upper plots in Figure 7) reveals striking similarities. For males, it is the last cohort

where the LMLEM has a particularly bad fit; for females, it is the first and last cohorts. This is

exactly what we would expect from the di↵erences between the LMLEM and PRE results for

education discussed above. For class (lower plots), the pattern of fit statistics is less conclusive,

which does not come as a surprise as findings from LMLEM and PRE are quite similar.

4.2 Smoothed PRE results

As discussed in the methods section, the PRE results can be refined by smoothing across birth

years based on kernel weights instead of collapsing the data into broad birth cohorts. Figure 8

contrasts the categorical PRE estimates from Figure 7 with smoothed PRE curves

19



0

.02

.04

.06

.08

.1

.12

.14

.16

.18

1935 1945 1955 1965 1975 1935 1945 1955 1965 1975

Male Female

Categorical Smoothed

PR
E

Education

0

.02

.04

.06

.08

.1

1935 1945 1955 1965 1975 1935 1945 1955 1965 1975

Male Female

Categorical Smoothed

PR
E

Class

Figure 8: Smoothed PRE results

20



Overall, the smoothed curves follow the same pattern as the categorical results although,

naturally, the smoothed curves tend to fluctuate more. Most interesting are probably the results

at the boundaries of the observation window where the smoothed curves are more informative

than the categorical results. For example, for male’s education, it appears that there was an

initial increase in origin e↵ects that is not captured by the collapsed PRE.

4.3 Adding control variables

Up to now, we analyzed purely bivariate associations between parents’ and respondents’ char-

acteristics. Within the framework of the PRE approach, however, it is easy estimate partial

associations between origin and destination under control of the e↵ects of additional covari-

ates by including these variables as control variables in the Zi vector in the multinomial logit

models (7) and (8). For example, the data we use stem from di↵erent surveys and it might be a

good idea to add survey dummies to our models so that social origin e↵ects are identified only

based on within-information from the surveys. Furthermore, age at time of interview may have

a distorting e↵ect because the age distribution changes across birth cohorts.

Figure 9 compares the bivariate results for education (solid lines) with the partial origin

e↵ects on education after controlling for survey dummies and a linear age-at-time-of-interview

e↵ect (dashed lines). The upper plots in the graph display the results from the categorical PRE

approach, the lower plots contain the smoothed results. Controlling for survey and age slightly

reduces origin e↵ects, but the di↵erences are small and the overall patterns remain the same.

We therefore conclude that e↵ects of surveys and age do not substantially bias the findings.
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Figure 9: PRE results for education including control variables
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4.4 Simultaneous e↵ects of multiple origin variables

To estimate the joint e↵ect of several origin characteristics (e.g. education and class of par-

ents, characteristics of fathers as well as mothers) on a destination outcome, multiple vari-

ables can be included in the Xi vector in the multinomial logit model (8). Figure 10 displays

the smoothed PRE e↵ects of parents’ education (solid lines) and parents’ education together

with class (dashed lines) on respondents’ education (upper plots) and respondents’ class (lower

plots) (in all models, age-at-time-of-interview is included as a control variable).

Unsurprisingly, we see that parents’ class does not add much beyond parents’ education in

explaining respondents’ education, but has a strong independent e↵ect on respondents’ class.

For respondents’ education, the solid-line and dashed-line curves are close together and roughly

parallel; for respondents’ class, however, there are larger di↵erences in level and shape of the

curves. In particular for women, adding parents’ class to the model yields a more pronounced

u-shaped pattern with decreasing origin e↵ects in the beginning and increasing e↵ects among

the more recent cohorts.

4.5 Direct and indirect origin e↵ects on class

Based on the sequential nature of the attainment of educational degrees and the integration into

the labor market one would expect that respondent’s class is largely a function of respondent’s

education (see Figure 1). That is, social origin e↵ects on class operate, at least to some degree,

as indirect e↵ects through educational achievement. It may thus be interesting to decompose

the total e↵ect of social origin on class into an indirect e↵ect through education and a remaining

direct e↵ect, as depicted in Figure 11. A positive direct e↵ect indicates that social origin still

matters for class position, even if the achieved education has been taken into account.
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Figure 10: PRE results using multiple origin variables
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Figure 11: Direct and indirect e↵ects of parents’ characteristics on class

Figure 12 displays the decomposition of e↵ects of social origin (parents’ education

and class) on respondent’s class for our Swiss data (again under control of age-at-time-of-

interview). The solid lines display the total e↵ects, the dashed lines display the direct e↵ects

net of respondent’s education. The indirect e↵ects result from the di↵erence between the solid-

line and dashed-line curves. As can be seen, a significant positive direct e↵ect exists for all birth

cohorts for both men and women. That is, social origin matters beyond educational attainment.

Furthermore, the shape of the development of the total e↵ect over cohorts is mostly dominated

by the shape of the direct e↵ect. Nonetheless, there is some weak evidence that the indirect

e↵ect gained in importance, since the di↵erence between the curves widened somewhat over

time for both males and females.

5 Conclusion

In this paper we proposed a new methodological approach for studying social mobility that

is based on the statistical concept of Proportional Reduction of Error (PRE). We applied

the method to a harmonized data set of Swiss population surveys, covering a wide range of
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Figure 12: Decomposition of social origin e↵ects on class

birth cohorts across the 20th century, and contrasted the method’s results to the classic log-

multiplicative layer e↵ect model (LMLEM).

Direct comparison of results from the PRE approach to results from the LMLEM reveals

that the two methods yield qualitatively similar findings. However, the PRE approach is more

flexible in that is does not assume a stable basic association pattern across birth cohorts, and

there is evidence that the observed di↵erences between the PRE and LMLEM results are, at

least in part, due to misfit of the LMLEM. Hence, the PRE approach appears to be a viable and

flexible method for the analysis of intergenerational mobility. The method closely adapts to the

data without restrictive identifying assumptions, can easily be extended to produce smoothed

estimates across birth years and incorporate control variables or multiple origin dimensions,
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and, above all, provides estimates that have a clear substantive interpretation and whose values

can be compared across analyses in an absolute sense.

From a substantive viewpoint our analyses reveal that in Switzerland social mobility in-

creased among birth cohorts the mid 1930s to about 1960, but then decreased. This pattern can

be observed for both men and women and for both destination outcomes, education and class.

The pattern, however, is less pronounced for men’s class. Further results are that survey and

age-at-time-of-interview e↵ects do not substantially bias results, that after controlling for par-

ents’ education, parents’ class has only a weak e↵ect on respondents’ education but strongly

influences respondents’ class, and that social origin variables exert considerable direct influ-

ence on class net of respondents education, although indirect e↵ects through education seem to

have gained in significance over time.
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